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1. Abstract

Predicting ligand binding affinity is a central challenge in drug discovery. This thesis
focuses on two molecular dynamics-based approaches for estimating binding strength:
Thermal Titration Molecular Dynamics (TTMD) and Free Energy Perturbation (FEP).
TTMD, developed and optimized in this work, is a qualitatively-based, but fast and
easy to settle method that evaluates complex stability under increasing thermal stress,
allowing effective ligand ranking and binding pose validation across proteins, nucleic
acids, and fragment-based systems. In parallel, FEP methods were explored in
collaboration with Evotec to support membrane protein targets such as GPCRs. This
work focused on adapting and benchmarking protocols, with the aim of integrating
FEP for membrane proteins into Evotec’'s drug discovery pipelines. While quantitative
results using Absolute Binding Free Energy (A3FE) are not yet available, the initial
adaptation establishes a foundation for future industrial applications. Together, these
studies highlight the potential of molecular dynamics-based approaches to predict
binding affinities, providing both a fast qualitative tool (TTMD) and a framework for
rigorous quantitative calculations in drug discovery.



ABSTRACT

La predizione dell’affinita di legame dei ligandi rappresenta una sfida centrale nella
scoperta di farmaci. Questa tesi si concentra su due approcci basati sulla dinamica
molecolare per stimare la forza di legame: Thermal Titration Molecular Dynamics
(TTMD) e Free Energy Perturbation (FEP). TTMD, sviluppato e ottimizzato in
questo lavoro, € un metodo rapido e privo di parametri che valuta la stabilita dei
complessi sotto stress termico crescente, permettendo una classificazione efficace dei
ligandi e la validazione dei loro siti di legame in proteine, acidi nucleici e sistemi basati
su frammenti. Parallelamente, i metodi FEP sono stati esplorati in collaborazione con
Evotec per supportare target di proteine di membrana, come i GPCR. Questo lavoro si
e concentrato sull’adattamento e il benchmarking dei protocolli, con I'obiettivo di
integrare FEP per le proteine di membrana nelle pipeline di scoperta farmaceutica di
Evotec. Sebbene i risultati quantitativi mediante Absolute Binding Free Energy (A3FE)
non siano ancora disponibili, I'adattamento iniziale costituisce una base per future
applicazioni industriali. Complessivamente, questi studi evidenziano il potenziale degli
approcci basati sulla dinamica molecolare per predire I'affinita di legame, fornendo sia
uno strumento qualitativo rapido (T TMD) sia un quadro per calcoli quantitativi rigorosi
nella scoperta di farmaci.



2. Introduction

Discovering a new therapeutic compound from scratch is anything but simple. It usually
takes more than a decade, often 10 to 15 years, and requires the use of enormous
financial resources!=3. For a long time, drug discovery was driven by a combination of
chance and trial-error methods, with consequent major time and cost implications.
Moreover, this way of working goes hand in hand with the very high attrition that still
characterizes this field: close to 90% of candidates entering clinical trials never make
it to regulatory approval*®. Most of these failures can be caused by unexpected
problems with absorption, distribution, metabolism, excretion, and toxicity (ADMET),
or, simply, to insufficient therapeutic effects’. For this reason, the pharmaceutical
industry has been pushed toward more rational-based strategies. One of the clearest
outcomes of this shift is the growing role of Computer-Aided Drug Design (CADD).
By using computational tools to study and predict molecular behavior in silico, CADD
allows researchers to focus on the most promising parts of chemical space®?, thereby
lowering costs, and shortening drug discovery timelines by up to 50%10.

CADD emerged in the early 1980s as a branch of computational chemistry, marking a
shift from purely descriptive models toward predictive approaches, with the aim of
designing new molecules with specific biological properties!!. This change was driven
by two major developments: the rise of structural biology, which made three-
dimensional (3D) structures of biological targets widely available, and the exponential

growth in computational power!2. A notable early success was the structure-based
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design of Captopril, an ACE inhibitor approved in 19811315 The 1990s further
demonstrated the practical potential of this approach, with the discovery of HIV
protease inhibitors (Saquinavir), and the carbonic anhydrase inhibitor Dorzolamide,
both approved in 1995, highlighting the real-world impact of computation in drug
discovery!*17. From the 2000s onward, CADD has become an essential tool in the
pharmaceutical research®. Over the past decade, CADD has continued to evolve
through several innovations. Modern computational methods allow for more accurate
predictions of bioactivity, ADMET properties, and toxicity. Moreover, artificial
intelligence (Al) generative models can even assist in designing entirely new molecules
optimized for specific targets!®20. Structural biology has also made tremendous
improvements: the exponential growth of the number of experimentally determined 3D
protein structures in the Protein Data Bank (PDB), combined with Al-assisted tools
such as AlphaFold2, now allows great accuracy in protein structure prediction, opening
the door to structure-based design for targets that were previously difficult or impossible
to access?122. These advances are further supported by the increasing availability of
High-Performance Computing (HPC) clusters and Graphic Processing Units (GPUs),

which make longer and more complex simulations possiblel!:23.
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2.1 Ligand-Receptor Binding Affinity

Accurately assessing ligand-receptor binding determinants in the earliest stages of drug
discovery is essential to decide whether a molecule is likely to be active toward a central
target, and a central metric in this evaluation is binding affinity, quantified by the
equilibrium dissociation constant Kp?*.

At equilibrium, Kp is equivalent to the ligand concentration at which half of the target
molecules are bound2®. It can be calculated as the ratio between free solvate ligand
([L]) and protein ([P]), and bound complex ([PL]) concentrations:

[L][P]
- [PL]

Thermodynamically, affinity is described by the relation:

AGping = RT - InKj
where R is the gas constant, and T the temperature2®. A more negative AGpind (a
larger free energy difference between the bound and unbound states) corresponds to a
lower Kp, and, thus, tighter binding.

Equivalently, Kp can be written in terms of the kinetic rate constants:

Kofr
kon

where kofr and kon are the macroscopic association and dissociation rate constants.

Kp-

Since pharmacological activity endures only while a drug remains tethered to its
target?’, kof assumes a special role between determinants. In fact, it can be also
represented by the residence time (z), which is the time the ligand remains bound in

the pocket, and is typically represented as the inverse dissociation rate?2s:
1

kogs

T =

Consequently, binding affinity reflects both how favorably (A Gsing), and how long a
compound binds to its target (kof, 7).

Experimental techniques remain the gold standard for measuring binding affinity.
Isothermal Titration Calorimetry (ITC) directly determines A Gping®®. Surface Plasmon
Resonance (SPR) and Bio-Layer Interferometry (BLI) monitor binding in real time to
extract Kp, kon and koY, Radioligand binding assays can quantify equilibrium affinities
and dissociation rates. Fluorescence-based techniques provide both equilibrium and
kinetic data in homogeneous or live-cell formats3!.
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While these experimental methods provide very accurate thermodynamic and kinetic
data, they require each compound to be synthesized and the target protein to be
produced and validated, a process that is slow, and expensive. This is why a key aim
of computer-aided drug design is to estimate these same properties directly in silico,
allowing large virtual libraries to be screened and only the most promising candidates
to move forward to experiments32:33,

Among CADD, two main strategies are used: Ligand-Based Drug Design (LBDD) and
Structure-Based Drug Design (SBDD), each described in the following sections.

Modern CADD workflows often combine both ligand- and structure-based approaches
rather than using them in isolation. At the start of a project, ligand-based methods can
quickly narrow down huge chemical libraries by flagging scaffolds that resemble known
active compounds or that fit simple predictive modelsl434 The filtered set of
candidates can then be refined with structure-based tools, such as docking and free-
energy calculations, which provide atomic-level insight into binding modes and prioritize
the strongest leads3%:36. This stepwise integration allows researchers to balance speed
and scalability, helping to explore chemical space efficiently3”.
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2.2 LBDD Approaches for Calculating Binding Affinity

Ligand-based drug design builds on what is already known about molecules that interact
with a specific target. By analyzing the chemical patterns shared by active compounds,
it can highlight promising new structures. Since it does not require knowledge of the
target structure, LBDD can screen very large libraries quickly. However, its power on
predicting binding affinity depends strongly on having enough diverse ligands to build
reliable models®.

2.2.1 Quantitative Structure-Activity Relationships (QSAR)

QSAR modeling represents one of the most employed LBDD techniques for affinity
prediction. |t consists of translating molecular structures into a set of descriptors, such
as physicochemical, topological, or electronic properties, and correlating these with
experimentally determined binding data. Then, statistical models are trained to map
descriptor space to activity space3®. These models yield predictive equations that
approximate free-energy contributions of different molecular features, thereby guiding
chemical modifications to potentially enhance compounds affinity3°.

2.2.2 Pharmacophore Modeling

Pharmacophore approaches offer a complementary route to affinity estimation by
abstracting ligands into sets of essential chemical features, like hydrogen bond donors
or acceptors, hydrophobic groups, aromatic rings, etc., that drive molecular
recognition®941. When multiple ligands are aligned, shared pharmacophoric features can
be identified and mapped in three-dimensional space, highlighting interactions that
could be critical for binding. Screening chemical libraries against pharmacophore models
allows rapid detection of candidates expected to reproduce favorable binding
interactions3’. Although pharmacophores do not yield explicit free energy values, their
role in filtering compounds based on interaction complementarity makes them an
effective first step in affinity-based prioritization3’.

2.2.3 Machine Learning and Al Integration

Recent advances in machine learning and artificial intelligence have substantially
increased the predictive power of LBDD for binding affinity estimation*2. Such
techniques are particularly well-suited to capture dependencies between molecular
descriptors and activity data. Beyond prediction, generative models can design new
molecules optimized directly against desired affinity profiles*3.
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Although LBDD techniques cannot directly compute thermodynamic binding free
energies, they provide statistically grounded surrogates for these values. LBDD depends
critically on the quantity, and diversity of experimental data. Robust models require
sufficiently large sets of confirmed active and inactive molecules to avoid overfitting
and ensure an appropriate applicability domain. When only a few active compounds are
known, models become unreliable, and can mislead further researches®44.

10
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2.3 SBDD Approaches for Calculating Binding Affinity

Structure-based drug design (SBDD) is a rational approach that uses the three-
dimensional structure of a biological target, experimentally obtained or computationally
predicted, to design and optimize molecules by modeling their interactions within the
binding site?®. Unlike LBDD strategies, which require prior knowledge of active
compounds, SBDD can be applied even when little or no information about known
ligands is available, making it especially valuable for novel or poorly characterized
targets.

2.3.1 Docking

Molecular docking is a computational method used to predict plausible ligand poses
inside the binding site of a biological target, and to rank them with a scoring function
intended to approximate binding affinity 4047, Since this technique can nowadays
evaluate huge numbers of molecules quickly, it has become the core engine behind
Virtual Screening (VS). In a typical VS campaign, libraries containing millions, or
sometimes even billions, of structures are computationally screened against the target.
The results are ranked through their scores, allowing researchers to reduce this vast
chemical space to a manageable number of promising candidates, that can be
experimentally tested48-50.

The docking process involves two main steps: a search algorithm, which explores
possible orientations and conformations of the ligand in the binding site, and a scoring
function, which estimates how favorable each pose is°1:52. Early approaches assumed
both ligand and receptor were rigid, following a simple “lock-and-key” model. This was
quickly recognized as unrealistic, since proteins and other biomolecules are dynamic
and often adapt when binding partners interact®3. Therefore, modern docking software
accounts for ligand flexibility and, to some degree, target flexibility, capturing the so-
called “induced fit" effect®*55.

Although the docking process is efficient, scoring functions struggle to precisely
estimate binding affinities, since they are developed for prioritizing the rapid screening
speed over accurate prediction of binding affinity0:57. For this reason, docking is often
combined with more advanced methods, which provide more reliable predictions and
deeper insight into molecular interactions®8.%9,

2.3.2 Interaction Fingerprints (IFPs)

An alternative way to analyze large databases is the use of Interaction Fingerprints
(IFPs). This method translates the complex three-dimensional (3D) information of a
ligand-target complex into a simplified digital format®9. By systematically identifying all

11
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significant non-covalent contacts between a ligand and specific residues in the binding
site, IFPs generate a unique “barcode” that characterizes a particular binding mode.

In practice, each position in a one-dimensional bit vector corresponds to a specific
interaction type with a given residue. If the interaction is present, the bit is set to 1
(on); if absent, it remains 0 (off)%0. This simple binary representation enables rapid
comparison of binding modes across large datasets.

The advantages of IFPs are particularly evident in virtual screening workflows, where
they allow efficient post-processing of compounds that share similar binding features,
thereby facilitating the identification of promising scaffolds 1. Beyond static docking
results, IFPs are also invaluable in the analysis of molecular dynamics (MD) simulations,
providing insights into binding kinetics and conformational flexibility%2:93. However, it is
important to note that, as for docking scoring functions, IFPs do not provide a
quantitative estimate of binding affinity®”.

2.3.3 Molecular Dynamics (MD)

Molecular Dynamics (MD) simulations provide an atom-level way to study how
biomolecules interact, by capturing both thermodynamic and kinetic aspects®®. At its
core, MD works by applying Newton's laws to represent how atoms move and change
velocity, by following molecular mechanics force field rules that accounts for bonded
interactions (bonds, angles, dihedrals) and non-bonded interactions (van der Waals and
Coulomb forces)%%. The resulting trajectories reveal how targets, ligands, and solvent
molecules fluctuate over time®. Unlike docking approaches, MD fully captures
flexibility, allowing observation of effects like induced fit, conformational selection, and

solvent rearrangements®’.
At its core, MD is governed by Newton's equations of motion:

Fi(t)  d?x;(t)
a- = =
' m; dtz
where the acceleration a; of the atom /is computed; m; and x; are the mass and position

vector of the considered atom /, and Fjis the force exerted on the atom / at time 9869,

The force F;is derived from the gradient of the potential energy function U of the
whole system, which is computed using molecular mechanics, and depends on the
positions of all N atoms (x1,x2,...,xn) within the system:

Fi = =V U(x1, x5, .., Xy)

Thus, the trajectory of the system is obtained by integrating these equations for all N
atoms over time. The integration updates atomic positions and velocities at each
timestep, which is typically on the order of femtoseconds (2-4 fs).

12
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Molecular mechanics approximate the behavior of molecules to classical mechanics
rules, in order to reduce computational effort, for calculating the potential energy of
the system. The most commonly used potential energy function are described within
the used force field, and can be described using the following equation:

Ulx) = Ugondea T Unon-Bonded

The potential energy derived from covalent and non-covalent interactions consists of
a sum of energy contributions that are depicted in Figure 1, and represented by the
following equations:

Uponaea = ) kpb=bo)?+ > k(@ =00+ > kylcos(ng +8) £ 1]
Bonds Angles Torsions
where k, bo, and 8o terms represents all the parameters that constitutes the forcefield,

n is the multiplicity, and & the phase of the torsional periodic function?0.71,

For the non-bonded interactions, the energy contribution is calculated for each ij pair
of atoms, and is constituted by an electrostatic factor (based on Coulomb’s law), and
a Lennard-Jones 6-12 potential70.71:

B q.q9; , Aij Gy
UNon—Bonded - + 12 .6
Non-Bond Pairs J J

where g terms represent the atoms partial charges, and € represents the dielectric

constant, while A and C terms represent repulsive and attractive contributions,
respectively.

Figure 1. Schematic representation of forcefield interactions. Bonded interactions are indicated by
solid lines (1-2, 2-3, 3-4), non bonded interactions (3-5) by a dashed line™".

Therefore, MD provides the mechanistic detail required to make affinity predictions,
albeit at a significant computational cost 2776, However, the MD predictive reliability
is affected by the number of approximations characterizing molecular mechanics and
depends on the accuracy of the force field used?:78.

13
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2. Binding Affinity and Molecular Dynamics

Some biological processes are inherently slow, like large conformational rearrangements
in proteins, while others are fast, but occur only sporadically, due to their high activation
energy 3379 Conventional molecular dynamics (MD) struggles with both regimes:
typical simulations span nanoseconds, but many biologically relevant events require
millisecond or longer timescales 89, as per the binding or the unbinding of a ligand with
its biological target. Thus, it is not easy to study these processes for determining
binding affinity with classical MD simulations.

To bridge this gap, a spectrum of MD-based strategies has emerged to estimate ligand
binding affinities, each trading off speed and accuracy in different ways. The simplest
example is characterized by endpoint approaches such as MM-PBSA and MM-GBSA,
most often applied as post-processing on standard MD trajectories?6:74.75_ Instead, with
an increased computational effort, enhanced-sampling techniques, like steered MD8!,
scaled MD82, metadynamics®3, and other biased techniques, can accelerate rare binding
or unbinding events20.84.85 For more rigorous affinity predictions, umbrella sampling®®
and alchemical free-energy perturbation (FEP)26.70.87-90 explicitly reconstruct the
binding free-energy landscape. When sampling is adequate, they yield quantitative
estimates of the binding free energy.

However, binding free energy alone does not capture a drug's affinity. A compound
remains pharmacologically active only while it stays bound to its target, making
residence time equally crucial?®79. To study this kinetic dimension, specialized MD
approaches, such as T-RAMD®! deliberately accelerate unbinding, enabling
residence-time estimates far beyond the reach of conventional MD.

Taken together, these methods deliver a more complete view of the thermodynamics
and kinetics of ligand-receptor interactions, guiding the design of molecules with both
high affinity, and great ligand-target complex duration.

2.4.1 Free Energy Perturbation (FEP)

Alchemical free energy methods enable the calculation of binding free energies by
simulating non-physical transformations between two different molecular states (A, and
B)92.93, These states can be represented by potential energy functions Ua and Ug, and
their free energy difference can be calculated as

1. ZB Zwanzig Equation
AG = _ﬁ an = _ln<eXp [—B(UB _ UA)]>A
p

where f=1/RT, while Z represents the configurational partition function of the relevant
state, and the <» brackets denote an ensemble average of configurations subject to

14
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potential Ua.%%. The Zwanzig equation requires significant overlap between the
probability distributions of the two systems, Ua and Ug, to produce reliable results9.
Applying the equation directly from a single simulation using only the Ua potential is
generally ineffective, since there is not enough phase space overlap. To overcome this,
a coupling parameter A is used to create a sequence of intermediate potential functions
between the two potentials. These intermediates ensure sufficient overlap between
neighboring states, allowing the Zwanzig equation to be applied incrementally to
calculate accurate free energy differences.

In the context of computer-aided drug design, when calculating binding free energy
with free energy perturbation (FEP), state A represents the ligand of interest. This
state is transformed into the B state, which can vary depending on the specific FEP
method used.

RBFE ABFE
L @ e

AGping =
AG OLUn
AGbound - AGso]vated bound

AGyingp P AGLq=0
e e 5 %

AAGbind, ASB T

AGSO vate AG oun
ated AGbouncl - AGu.nhou.nd | bound

AGsolvated

?

Figure 2. Schematic representation of a Relative (RBFE) and Absoulte (ABFE) Binding Free Energy
calculation using the corresponding alchemical transformation approach.

Relative Binding Free Energy (RBFE) methods estimate the difference in binding free
energy between two structurally similar ligands (A and B are states with two different
ligands) by simulating the transformation of one ligand into the other%. Structural
similarity is essential to ensure sufficient overlap in phase space, thereby minimizing the
number of A intermediate states required, since a large number of intermediates would
significantly increase computational cost. This transformation is carried out in both the
bound state (ligand-target complex) and the unbound state (ligand in solvent). The
difference between the free energy changes in these two environments yields the relative
binding free energy (Figure 2A). The accuracy and efficiency of RBFE calculations are
highly dependent on the chemical similarity between the two ligands (i.e. A and B),
which need to be congener. Greater similarity facilitates better phase space overlap,
reduces sampling difficulties, and improves convergence. Because reliable results are
typically obtained only when comparing similar compounds, ligands are often organized

15
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into a perturbation network on the basis of their similarity, as illustrated in Figure 3.
Hysteresis, whether observed within cycles of the perturbation network or between
forward and backward transformations, can be monitored to identify problematic
perturbations.

RBFE is especially valuable during lead optimization, where incremental chemical
changes are introduced to a shared molecular scaffold, enabling precise comparisons of
binding affinities.

On the other hand, ABFE methods attempt to calculate the true binding free energy
value of a ligand without referencing it to a similar compound®’-98. This is achieved by
gradually decoupling the ligand from the protein binding site and solvent environment
(Figure 2B), often using a series of restrained simulations to control for translational
and rotational degrees of freedom99. A critical consideration during this process is the
solvation of the cavity previously occupied by the ligand, which can be a significant
source of error, especially in buried binding sites that are poorly accessible to solvent
molecules!®. While ABFE calculations are more computationally demanding and
sensitive to sampling challenges, they offer the advantage of being applicable to
chemically diverse ligands, including cases where RBFE Is not suitable, a feature that
can be very useful during the hit-to-lead stage of the drug discovery process.

To summarize, both RBFE and ABFE require rigorous sampling, accurate force fields,
and carefully designed protocols to produce reliable results. RBFE is generally more
efficient and well-suited for congeneric series, whereas ABFE provides a more flexible
framework, for estimating absolute binding affinities, at the cost of increased
computational effort®3101 The continued development of these methods and the
software that implements them192.103  coupled with increasing computational power,
promises to further enhance their predictive accuracy and broaden their impact on the
rational design of new medicines.

16
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Figure 3. Example of a ligand network used in Relative Binding Free Energy (RBFE) protocols.
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3. Aim of the Work

The driving question behind this research was simple: is it possible to computationally
predict how tightly a ligand binds to its target?

Thus, the central objective of this thesis was to investigate, optimize and develop new
techniques to computationally anticipate the molecular features that govern the
interaction between a ligand and its receptor, a fundamental determinant of drug
efficacy. Since nearly 90% of drug candidates fail in clinical trials because they don't
work well enough or have poor pharmacokinetics, there's a real need for computational
methods that can predict binding strength quickly and accurately.

Computational techniques available nowadays either lack accuracy, require considerable
computational power and time, or have limited spectrum of applicability. So, the current
work inserts in this context, on one side with the task of developing a novel technique,
called Thermal Titration Molecular Dynamics (TTMD), qualitatively-based, but fast
and easy to settle, and on the other to explore the applicability spectrum of a state-
of-the-art technique such as Free Energy Perturbation, with specific insight into
membrane receptors.
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3.1 Development of TTMD for Complex Stabality

Assessment

The first part of this thesis was dedicated to the development and optimization of
Thermal Titration Molecular Dynamics (TTMD), a novel enhanced-sampling method
designed to indirectly evaluate ligand binding affinity by assessing the stability of ligand-
target complexes. The core idea behind TTMD is that ligands that maintain their
native binding mode under progressive thermal stress are likely to exhibit stronger
binding affinities. By incrementally increasing the simulation temperature, TTMD
accelerates the destabilization of weaker complexes while allowing more stable ones to
persist.

One of the strengths of TTMD is its simplicity of use. Unlike other enhanced-sampling
methods that require the careful selection of collective variables, biasing schemes, or
multiple user-defined parameters, TTMD is essentially parameter-free from the user’s
perspective. Once the system is prepared, the protocol can be run in a standardized
fashion, making it accessible even to non-specialists and easily applicable across
different projects.

In the present work, TTMD was developed and tested across a broad spectrum of
molecular systems, extending beyond the classical case of protein-small molecule
interactions. The method was evaluated on protein-protein complexes, protein-nucleic
acid systems, and nucleic acid-small molecule complexes, demonstrating its versatility
in handling diverse types of biological recognition events.

The method was deployed for two different tasks: Ligand ranking, where TTMD was
used to order ligands by binding stability against the same target, and Pose validation,
where the method was able to discriminate between native-like binding poses and non-
native decoys produced by docking simulations.

Development and application of TTMD are highlighted in the Scientific Publications

section.
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3.2 Application of FEP to Membrane Protein Targets

The second part of the thesis addressed a more rigorous approach to affinity estimation,
namely Free Energy Perturbation (FEP). Conducted in collaboration with Evotec
Verona, this work focused on evaluating FEP approaches for the optimization of ligands
that recognize membrane proteins.

Membrane proteins represent a substantial portion of the human proteome. These
targets are central to many physiological processes, including signal transduction,
molecular transport, and cellular communication!=3. They are involved in many diseases,
making them important targets for drug discovery. Among these, G Protein-Coupled
Receptors (GPCRs) are particularly important, mediating diverse cellular responses to
extracellular stimuli*©. GPCRs alone are targeted by over 30% of approved drugs,
highlighting their pharmacological significance’8.

Despite their importance, membrane proteins remain particularly challenging to study
both experimentally and computationally due to their intrinsic conformational flexibility,
heterogeneity, and the influence of the surrounding lipid bilayer®10. Unlike soluble
globular proteins, which have abundant structural and thermodynamic data,
computational drug design for membrane proteins is less developed, limiting
applications in the major part of the drug discovery process stages310,

At Evotec, the Flare FEP softwarell is currently employed to perform RBFE
calculations. However, the software has not yet been validated or optimized for
membrane protein systems. Indeed, the aim of this part of the work was to establish
best practices for performing RBFE calculations in the context of membrane proteins.
A benchmark study was carried out to determine optimal simulation parameters and
identify the most reliable simulation protocols. These results, though not yet published,
are reported in the Unpublished Works section of this thesis.

While RBFE methods are well-suited for the lead optimization stage, where congeneric
ligand series are available for systematic comparison, they are not applicable to earlier
stages of drug discovery, such as hit discovery or hit-to-lead, where chemically diverse
ligands are considered. To extend the applicability of FEP methods to this earlier stage,
some preliminary work was devoted to Absolute Binding Free Energy (ABFE)
approaches.

In particular, the focus was placed on A3FE, an automated ABFE software developed
in Julien Michel’s laboratory at the University of Edinburgh. A3FE enables automatized
ABFE calculations across chemically diverse ligand sets, thus providing a means to
quantitatively evaluate binding affinities even when no congeneric series is available.
This makes it a promising tool for identifying hit compounds.
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At the start of this project, A3FE was not yet configured to handle membrane proteins
within Evotec's discovery pipelines. To fill this gap, targeted training and software
adaptation were undertaken. From February to April 2025, | joined Julien Michel's
group at the University of Edinburgh, where the software was originally developed. This
period was useful for learning in detail how A3FE operates, and for adapting its
workflows to the specific requirements of membrane proteins.

Following this training, the next step was to integrate A3FE into the industrial research
environment. Since one of the goals of this work was to establish reliable and
transferable protocols that could be routinely applied within Evotec, | carried out an
industrial internship at Verona's site between June and August 2025. There, my focus
was on exploiting and validating A3FE within the Evotec high-performance computing
(HPC) infrastructure, ensuring that the package could run efficiently, and deliver
reproducible results in a production setting. Unfortunately, here my mission was
affected by several issues, both with the software and the HPC cluster. Thus, there are
no results from this work yet. Hopefully, the collaboration with Evotec and Julien
Michel's lab will allow the full implementation and validation of the protocol in the near
future, providing a solid foundation for quantitative binding affinity predictions for
membrane protein targets in industrial drug discovery.
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Pavan, M.; Menin, S.; Bassani, D.; Sturlese, M.; Moro, S. Qualitative Estimation of
Protein—Ligand Complex Stability through Thermal Titration Molecular Dynamics
Simulations. J. Chem. Inf. Model. 2022, 62 (22), 5715-5728.
https://doi.org/10.1021/acs.jcim.2c00995.

The study introduces thermal titration molecular dynamics (T TMD) as a computational
method to assess protein-ligand binding stability. TTMD works by running molecular
dynamics simulations at progressively increasing temperatures and evaluating stability
through a scoring function based on protein—ligand interaction fingerprints. The method
was tested on four pharmaceutically relevant proteins (CK18, CK2, PDK2, and SARS-
CoV-2 main protease) with ligands of varying size, structure, and affinity. Across all
cases, T TMD effectively discriminated between high- and low-affinity compounds,
ranking ligands according to their binding strength. This demonstrates T TMD's potential
as a screening tool for prioritizing ligands in drug discovery campaigns.

Menin, S.; Pavan, M.; Salmaso, V.; Sturlese, M.; Moro, S. Thermal Titration Molecular
Dynamics (TTMD): Not Your Usual Post-Docking Refinement. International Journal
of Molecular Sciences 2023, 24 (4), 3596.

https://doi.org/10.3390/ijms24043596.

This work reports the first application of thermal titration molecular dynamics (T TMD)
as a refinement step for molecular docking. T TMD was used to distinguish the correct,
native-like binding mode from decoy poses generated by docking. T TMD evaluated the
stability of binding poses. Applied to four pharmaceutically relevant targets (CK18, CK2,
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PDK2, and SARS-CoV-2 main protease), the method successfully retrieved the native
binding mode, demonstrating T TMD's potential as a robust post-docking filter.

Costacurta, F.; Dodaro, A.; Bante, D.; Schoppe, H.; Sprenger, B.; Moghadasi, S. A_;
Fleischmann, J.; Pavan, M.; Bassani, D.; Menin, S.; Rauch, S.; Krismer, L.; Sauerwein,
A.; Heberle, A.; Rabensteiner, T.; Ho, J.; Harris, R. S.; Stefan, E.; Schneider, R;;
Kaserer, T.; Moro, S.; Laer, D. von; Heilmann, E. A Comprehensive Study of SARS-
CoV-2 Main Protease (Mpro) Inhibitor-Resistant Mutants Selected in a VSV-Based
System. bioRxiv October 4, 2023, p 2023.09.22.558628.
https://doi.org/10.1101/2023.09.22.558628.

This study investigates resistance to nirmatrelvir, the first clinically approved SARS-CoV-
2 main protease (MP) inhibitor, by selecting and characterizing Mrro mutations under
drug pressure. Mutants were analyzed using cell-based, biochemical, and replicon assays,
complemented with molecular modeling. Thermal titration molecular dynamics (T TMD)
was employed to probe the effect of mutations on drug binding, specifically by comparing
the dynamic stability of mutant MPo-inhibitor complexes relative to the wild type.
Through this, TTMD helped identify how resistance mutations alter binding stability,
providing mechanistic insights into MPre inhibitor resistance and guiding the design of
next-generation antivirals.

Dodaro, A.; Pavan, M.; Menin, S.; Salmaso, V.; Sturlese, M.; Moro, S. Thermal
Titration Molecular Dynamics (TTMD): Shedding Light on the Stability of RNA-Small
Molecule Complexes. Front. Mol. Biosci. 2023, 10.
https://doi.org/10.3389/fmolb.2023.1294543.

This study reports the first application of thermal titration molecular dynamics (T TMD)
to RNA-ligand complexes. Since RNA poses unique challenges for docking, such as high
structural flexibility and complex interaction patterns, scoring often lacks reliability. Here,
TTMD was used as a post-docking refinement tool to identify native binding modes
among decoy poses. Applied to multiple pharmaceutically relevant RNA targets, T TMD
successfully recognized the correct binding conformations, demonstrating its utility in
RNA-targeted drug discovery.

Novello, G.; Dodaro, A.; Menin, S.; Cavastracci Strascia, C.; Sturlese, M.; Salmaso,
V.; Moro, S. A Second Life for the Crystallographic Structure of Berenil-
Dodecanucleotide Complex: A Computational Revisitation Thirty Years after Its
Publication. Med Chem Res 2024.

https://doi.orq/10.1007/s00044-024-03299-9.

This study revisits the classic DNA-ligand complex of Berenil bound to a
dodecanucleotide, originally solved crystallographically by Professor Neidle and co-
workers. Using modern computational methods, we re-examined the system's structural
dynamics, with particular attention to the stabilizing role of water molecules. Thermal
titration molecular dynamics (T TMD) was applied to probe the unbinding processes of
Berenil in both the minor and major groove binding modes, allowing comparison of their
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relative strength and specificity. Combined with SuMD binding trajectories and
AquaMMapS hydration analysis, TTMD contributed to a comprehensive picture of how
water molecules shape DNA-ligand recognition and stability, extending insights beyond
the original structural studly.

Dodaro, A.; Novello, G.; Menin, S.; Cavastracci Strascia, C.; Sturlese, M.; Salmaso,
V.; Moro, S. Post-Docking Refinement of Peptide or Protein-RNA Complexes Using
Thermal Titration Molecular Dynamics (TTMD): A Stability Insight. J. Chem. Inf.
Model. 2025.

https://doi.org/10.1021/acs.jcim.4c01393.

This study extends the application of thermal titration molecular dynamics (TTMD) to
RNA-peptide complexes, building on its previous successful use in protein-ligand and
RNA-small-molecule systems. TTMD was employed as a post-docking refinement tool
to overcome the scoring limitations of docking, enabling the identification of native
binding poses among decoys. Applied to pharmaceutically relevant RNA-peptide targets,
TTMD proved effective in refining docking results and demonstrated its broader
applicability for studying complex RNA-protein interactions relevant to drug discovery.

Pavan, M.; Menin, S.; Dodaro, A.; Novello, G.; Cavastracci Strascia, C.; Sturlese, M.;
Salmaso, V.; Moro, S. Thermal Titration Molecular Dynamics: The Revenge of the
Fragments. J. Chem. Inf. Model. 2025.

https://doi.orqg/10.1021/acs.jcim.4c01681.

This study introduces a TTMD protocol tailored for fragment-based drug discovery,
addressing the challenges of predicting binding modes for very small, low-complexity
ligands. By applying TTMD as a post-docking refinement method across 12 fragment-
protein test cases on eight pharmaceutically relevant targets, the approach was able to
discriminate native binding poses from decoys. T TMD successfully retrieved the correct
binding mode in over 80% of cases, clearly outperforming docking alone. These results
demonstrate T TMD's effectiveness as a tool to improve fragment screening and guide
fragment-to-lead optimization.
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Abstract

The prediction of ligand efficacy has long been linked to thermodynamic properties
such as the equilibrium dissociation constant, which considers both the association and
the dissociation rates of a defined protein—ligand complex. In the last 15 years, there
has been a paradigm shift, with an increased interest in the determination of kinetic
properties such as the drug—target residence time since they better correlate with
ligand efficacy compared to other parameters. In this article, we present thermal
titration molecular dynamics (TTMD), an alternative computational method that
combines a series of molecular dynamics simulations performed at progressively
increasing temperatures with a scoring function based on protein—ligand interaction
fingerprints for the qualitative estimation of protein—ligand-binding stability. The
protocol has been applied to four different pharmaceutically relevant test cases,
including protein kinase CK18, protein kinase CK2, pyruvate dehydrogenase kinase 2,
and SARS-CoV-2 main protease, on a variety of ligands with different sizes, structures,
and experimentally determined affinity values. In all four cases, TTMD was successfully
able to distinguish between high-affinity compounds (low nanomolar range) and low-
affinity ones (micromolar), proving to be a useful screening tool for the prioritization
of compounds in a drug discovery campaign.

Introduction

At the beginning of the 20th century, Ehrlich’s famous quote “Corpora non agunt nisi fixata” marked a
pivotal moment in the history of modern pharmacology, molecular medicine, and drug developmentl. His
statement, combined with independent observations about “receptive substances” by Langley?2, defined the
birth of the receptor theory of drug action, which postulates that a drug can only work as long as it is
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bound to its target receptor3,4.

Although the basic ideas of this cornerstone principle were formulated more than 100 years ago5, it was
only in the 1970s that molecular receptors could be successfully isolated and purified6,7. This allowed for
the development of different biochemical and cellular assays for the direct determination of the extent to
which a drug is bound to its receptor under thermodynamic equilibrium conditions, that is, the binding
affinity8,9. Traditionally, this parameter is quantified either through the equilibrium dissociation constant
(Kd) or through other proxy metrics such as the drug concentration responsible for the half-maximal
inhibition/effect (IC50/EC50) and the inhibition constant (Ki)10.

Although, in principle, these measurements are all adequate predictors for in vivo efficacy, that is, the
capability of the drug to induce the desired response, they are all related to in vitro assays portrayed under
closed system conditionsll. Since in an open in vivo system, the drug concentration is not a fixed variable
and indeed varies over time because of various physiological processes, several authors thus suggested that
the observables related to drug—receptor binding kinetics, such as the association (kon) and dissociation
(koff) constants, could be better descriptors for drug efficacy12-15. Accordingly, while the binding affinity
only depends on the free energy difference between the bound and unbound states, which can be directly
correlated to Kd, association and dissociation rates depend on the energy barriers that separate those
states10.

Thermodynamics and kinetics of bindings are interlinked by the equation Kd = koff/kon10. While, in
theory, both kinetic constants should equally contribute to the determination of Kd, physicochemical and
pharmacological limitations on the kon valuel6 render the in vivo duration of a receptor-ligand complex
almost entirely dependent on the koff valuell. Based on this observation, Copeland et al. first suggested
that the key determinant of in vivo pharmacological activity and duration is not the binding affinity but,
instead, the lifetime of the receptor—ligand complex, defined as the residence timel2. Furthermore,
Copeland et al. proposed a mathematical formulation for the quantification of this parameter, defining it
as the reciprocal of the koff (t = 1/koff)12.

From an experimental perspective, a plethora of methods for the determination of binding kinetics are
available17-20. Each of them relies on monitoring the time-dependent evolution of a signal in response to
the binding event21. The first strategy revolves around the radio-22 and spectroscopic20-23 labeling of
ligands and includes techniques such as fluorescent resonance energy transfer24 and bioluminescence
resonance energy transfer25. An alternative approach revolves around the exploitation of label-free
approaches such as surface plasmon resonance26,27, nuclear magnetic resonance28, surface acoustic wave
methods29, and various declinations of isothermal titration calorimetry30,31. Finally, another possible
method is based on following enzymatic reactions, usually through the monitoring of spectroscopic
parameters32.

Alongside the aforementioned experimental protocols, various computational approaches exist that can
flank and expand on the information that they provide by showcasing mechanistic information about the
underlying process at an atomic level of detail21,33,34. Particularly, molecular dynamics (MD) simulations
have been exploited to estimate thermodynamic properties such as the binding affinity for protein—ligand
complexes, and due to the growing interest in the study of kinetics for drug discovery, they have recently
been applied to the estimation of kinetic properties as well35. Although it would theoretically be possible
to exploit unbiased MD simulations for the determination of kinetics’ observables, biologically relevant
events such as drug—target unbinding occur at much longer timescales than those of typical MD
simulations, heavily restricting their limitations in terms of computational resources’ availability36 and
neglecting any real-world application of the technique37. For this reason, several different methods have
been developed throughout the years that implement smart sampling strategies to reduce the required
computational effort, such as various instances of metadynamics38-41, which are based on repeatedly
“filling" the potential energy of the system by a sum of Gaussians centered along the trajectory, followed
by an appropriately chosen ensemble of collective variables (CVs)42, scaled MD, which relies on smoothing
the potential energy surface by applying an appropriate scaling factor43-45, and t-random acceleration
MD, in which a small randomly oriented force vector is applied to the ligand46—48.

In the present study, we present the first application of thermal titration MD (TTMD), an alternative
MD-based approach for the qualitative estimation of protein—ligand complex stability. The method relies
on evaluating the conservation of the native binding mode for a ligand of interest throughout a series of
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MD trajectories performed at progressively increasing temperature values. For validation purposes, the
protocol has been applied to four different biomolecular targets of pharmaceutical interest: casein kinase
18 (CK18), casein kinase 2 (CK2), pyruvate dehydrogenase kinase 2 (PDK2), and SARS-CoV-2 main
protease (Mpro).

Materials And Methods

Hardware Overview

Each general molecular modeling operation, such as the preparation of protein—ligand complex structures,
the setup for MD simulations, and trajectory analyses, was conducted on a 20 CPU Linux workstation
equipped with an Intel Core i9-9820X 3.3 GHz processor. All MD simulations were carried out on a GPU
cluster composed of 20 NVIDIA drivers ranging from GTX980 to RTX2080Ti.

Structure Preparation

The three-dimensional coordinates of the protein—ligand complexes used in this study were retrieved from
the Protein Data Bank (PDB)*® and processed before MD simulations through several tools provided by
the Molecular Operating Environment (MOE) 2019.01 suite®?. Four different macromolecular targets were
considered in this work: CK18, CK2, PDK2, and SARS-CoV-2 main protease (Mpr). For each
macromolecular target, the considered structures are reported in Table 1.

Table 1. List of the Protein-Ligand Complex Structures Used in This Work?

CK1% 3UZP5! 4TNG>? 5IH5%3 5IH6%3 5MQV>34
CK2 27 JWH5 3H30% 3PE1Y 3PE2% 6HOUS®
PDK2 4MP259 4\/2550 5J7161 5M4M82 TEAQS3
Mpro 6M2N64 7LTJ65 7M8Ps6 7N9166 7TN4467

@ Complexes are grouped by macromolecule targets.

Each protein—ligand system was simulated in the monomeric form, except for SARS-CoV-2 MP©, which
was simulated in the dimeric form by applying a symmetric crystallographic transformation to each
asymmetric unit. First, all structures were pre-processed using the “structure preparation” tool, assigning
alternates to the highest occupancy conformation, rebuilding missing loops through homology modeling,
and correcting inconsistencies between the primary sequence and the tertiary structure. Second, the
“Protonate3D” tool was exploited to add missing hydrogens to the system and to determine the most
probable protonation state of titratable residues at pH = 7.4. Finally, every non-protein and non-ligand
atom of the system was removed before saving the structure for further calculations, except for water
molecules within 4.5 A of the ligand that were not removed and were indeed considered in the simulations.
Concerning the protonation state of the ligand, the most abundant protomer at pH 7.4 according to the
“protomers” tool was considered in the calculations, besides CK2 complex 2ZJW, where two different
protonation states were considered. Particularly, in the case of 2ZJW, the predominant form at pH 7.4
should be the neutral, noncharged one. However, in the context of the binding pocket, the interaction
network of the hydroxyl in position 3 (the one facing Lys68 and the conserved water molecule W1)
suggests the prevalence of a monocharged, ionized form. Since experimental data published in the literature
does not clarify the correct protonation state for ellagic acid in the context of CK2 recognition5%68.69 e
opted to consider both hypotheses equally relevant (50/50).
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Figure 1. Computational workflow for a TTMD simulation.

System Setup for MD Simulations and Equilibration Protocol

Each protein—ligand complex is prepared as described before and further processed through various tools
from Visual Molecular Dynamics (VMD) 1.9.270 and the Ambertools147! suite. Protein atoms were
parametrized through the ff14SB72 force field, while the general Amber force field”® was utilized to
parametrize the ligands. Partial charges were attributed to the ligand through the AM1-BCC method™.
Each investigated system was solvated in a cubic box with a padding of 15 A, utilizing the TIP3P75 model
for water molecules. A proper number of sodium and chloride ions were added to neutralize the system
and reach a salt concentration of 0.154 M. Before undergoing MD simulations, each system was energy
minimized for a total of 500 steps with the conjugate-gradient algorithm to remove clashes and bad
contacts.

Afterward, each minimized system was subjected to a two-step equilibration protocol. During the first
stage, a 0.1 ns simulation in the canonical ensemble (NVT) was performed, with harmonic positional
restraints (5 kcal mol-1 A-2 force constant) applied on both protein and ligand atoms. The second stage,
instead, consisted of a 0.5 ns simulation carried out in the isothermal—isobaric ensemble (NPT), applying
the same restraints only to the ligand position and the protein backbone.

Each MD simulation presented in this work, both in the equilibration and the production stage, was
performed using an integration timestep of 2 fs, keeping the temperature at a constant value of 310 K
through a Langevin thermostat™, constraining the length of bonds involving hydrogen bonds through the
M-SHAKE algorithm™, exploiting the particle-mesh Ewald”® method to compute electrostatic interactions
using cubic spline interpolation and a 1 A grid spacing and setting a 9.0 A cutoff for the calculation of
Lennard-Jones interactions. Simulations in the NPT ensemble were carried out keeping the pressure at a
constant 1 atm value by making use of a Monte Carlo barostat.

All MD simulations were run through the ACEMD 38 engine, which is based upon the open-source library
for molecular simulations OpenMM 781,

TTMD Simulations

TTMD is an alternative enhanced sampling MD approach for the qualitative estimation of protein—ligand
complex stability. The method relies on evaluating the conservation of the native binding mode for a
ligand of interest throughout a series of MD trajectories performed at progressively increasing temperature
values. The protocol described herein is implemented as a Python 3.10 code, which relies on the NumPy,
MDAnalysis®83, Open Drug Discovery Toolkit®, and Scikit-learn libraries. The workflow for a TTMD
simulation is reported in Figure 1 and detailed hereafter.

In detail, the task is accomplished through a series of short, unbiased MD simulations performed at
different, progressively increasing temperatures in the NVT ensemble with the ACEMD3 engine. For each
TTMD run, the duration of each simulation window (defined as “TTMD-step"”) is fixed and user-defined
(10 ns, in this case). The starting and final temperature values as well as the temperature increase between
each "TTMD-step” are also defined by the user based on prior knowledge of the target, particularly
regarding the conservation of the protein fold at higher simulation temperatures (which, in the context of
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this article, is carried out by monitoring the protein backbone RMSD throughout the simulation). In this
work, the starting temperature was set to 300 K, the ending temperature was set to 450 K, while the
temperature increase between each “TTMD-step” was set to 10 K.

The progress of the simulation is monitored through a scoring function based on protein—ligand interaction
fingerprints. The scoring function, defined as IFPcs and originally described in previous scientific work
from our laboratory®®, exploits the Open Drug Discovery Toolkit Python library to calculate protein—ligand
interaction fingerprints for each frame of the TTMD trajectory and compares them through the cosine
similarity metric as implemented in the Scikit-learn Python module to a reference fingerprint based on the
last trajectory frame extracted from the second and last equilibration stage. Specifically, each protein—
ligand interaction fingerprint is an integer vector composed of r x 8 elements, where r is the number of
protein residues. Each protein residue is encoded into eight bits of information, one for each type of
intermolecular interaction considered (hydrophobic contacts, aromatic face to face, aromatic edge to face,
hydrogen bonds with the protein acting as a donor, hydrogen bonds with the protein acting as an acceptor,
salt bridge with the protein acting as the positively charged member, salt bridge with the protein acting
as the positively negative member, and an ionic bond with a metal ion, respectively). The mathematic
formulation of the IFPcs scoring function is reported in Equation 1.Equation

Equation 1. Mathematic formulation of the IFPcs scoring function.
A-B

IFPCS = ————X —
Al Bl

The IFPcs value ranges from —1, indicating a total superposition between the reference and the query
fingerprint, to zero, which indicates that every interaction determinant of the reference fingerprint is lost
in the query.

At the end of each “TTMD-step”, the average IFPcs score for the step is calculated: if the value is null,
indicating that for the whole duration of the step the original binding mode was not sampled, the TTMD
trajectory is terminated, while if the value is not null, the simulation proceeds to the next “T TMD-step.

TTMD Trajectory Analyses

Each TTMD trajectory is analyzed by making use of an in-house Python 3.10 script. The root-mean-
square deviation (RMSD) of atomic coordinates for both the ligand and the protein backbone is calculated
for each frame through the MDAnalysis package. The per-residue decomposition of the protein—ligand
interaction energy is computed for each frame by exploiting the NAMD Energy plugin (version 1.4)% for
VMD. Three different plots are then generated, making use of the Matplotlib and Seaborn Python
packages. The first plot (“titration profile”) reports the average IFPcs value for each TTMD step as a
function of the step temperature. A straight line joining the start and final states of the simulation is also
drawn in the graph, and its slope is reported in the legend and stored for further analysis. The second
graph illustrates the time-dependent per-residue decomposition of the interaction energy, with the 25 most
contacted residues alongside the TTMD trajectory being considered. The third and final plots report the
time-dependent evolution of the ligand and protein backbone RMSD and the IFPcs value.

MS Coefficient Determination
For each TTMD simulation, a proxy value for the protein—ligand complex stability based on the

conservation of the binding mode throughout the trajectory is calculated as reported in Equation 2.

Equation 2. Mathematic formulation of the MS score.

meanlFPEE™ — (—1)

Tonag — T
The MS coefficient is the slope of the straight line tﬁgi intesrglgltates the first and last points of the “titration
profile” plot described in the previous paragraph. In Equation 2, meanIFPIE™ is the average IFPcs value
for the last temperature explored in the TTMD trajectory, —1 is the IFPcs value for the initial state of
the simulation, and Tend and Tsare are the final and starting temperatures of the simulation. Values are

positive and can vary between 0 (indicative of a strong binding) and 1 (related to a weak binding).
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For each ligand, five independent TTMD simulations are performed, and the average MS coefficient is
then calculated based on three of them, discarding the highest and the lowest value.

Results

To test and validate the applicability of the TTMD protocol, we performed four different case studies on
four different pharmaceutically relevant targets of interest for our laboratory, specifically CK15, CK2,
PDK2, and SARS-CoV-2 main protease (MP®). For each protein target, five different protein—ligand
complexes were chosen based on the availability of binding affinity data. A list of all protein—ligand
complexes used in the present work can be found in Table 1 at the beginning of the Materials and Methods
section, while detailed information about the ligands utilized in each test case can be found in Tables S1—
S4 (Supporting Information). For each protein—ligand complex investigated in the article, five independent
TTMD simulations were carried out. The results for each test case are reported hereafter in separate
paragraphs and discussed aggregately in the Discussion section of the article. For each target, the
conservation of the protein fold throughout the simulation is carried out by monitoring the time-dependent
evolution of the protein backbone RMSD, as reported in the detailed analysis for each representative
replicate illustrated in Figures S1-521 (Supporting Information).

Protein Kinase CK13

Protein kinase CK13 is a serine—threonine kinase that belongs to the family of CK1 kinases (casein kinase
1)87. Due to its pleiotropic nature (about 140 substrates have been reported so far), this kinase is involved
in the regulation of several different cellular pathways®7:88. Particularly relevant from a medicinal chemistry
perspective is its involvement in several neurodegenerative diseases such as Alzheimer's disease, Parkinson's
disease, and amyotrophic lateral sclerosis by phosphorylating protein targets such as the tau protein, o-
synuclein, and TDP-43 (transactivate response DNA-binding protein 43)8. 34 crystal structures of CK18,
among which several protein—ligand complexes can be found, are deposited in the PDB, with the affinity
of co-crystallized inhibitors ranging over 3 orders of magnitude, making it a suitable target for the
application of our computational protocol. The results of TTMD simulations performed on CK18 crystal
complexes are summarized in Table 2 and Figure 2, while a detailed analysis of a representative trajectory
for each protein—ligand complex (the one highlighted in green in Table 2) is reported in Figures S1-S5 in
the Supporting Information.

Table 2. Results for the TTMD Simulations Performed on the Five Investigated CK18 Complexes®

PDB ID LIGID | ICso(nM)| MSmp1 | MSupz | MSmps | MSupa | MSups | MSaverage
3UZP 0CK 13 0.00203 | 0.00333 | 0.00228 | 0.00212 | 0.00275 | 0.0024
4TN6 PFO 39 0.00300 | 0.00345 | 0.00307 | 0.00214 | 0.00309 | 0.0031
5IHS AUE 500 0.00539 | 0.00446 | 0.00357 | 0.00909 | 0.00347 | 0.0045
SIHG AUG 2500 0.00380 | 0.00769 | 0.00420 | 0.00557 | 0.00594 | 0.0052
SMOQV D5Q 9 0.00283 | 0.00295 | 0.00317 | 0.00256 | 0.00340 | 0.0030

¢ For each protein—ligand complex, the PDB accession code, the ligand three-letter code, the
experimentally determined affinity value, the MS coefficient for each simulation, and the average MS
coefficient are reported. In each row, the lowest MS value is highlighted in red, while the highest
value is highlighted in blue: both values were discarded for the calculation of the average MS
coefficient reported in the last column. The most representative replicate, the one with the nearest
MS coefficient to the average MS, is highlighted in green.
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Figure 2. Aggregate results of the TTMD simulations performed on the five investigated CK18
complexes. On the horizontal axis, the experimentally determined affinity value (expressed as ICsp)
is reported, while on the vertical axis, the average MS coefficient is indicated. Each dot is color-coded
as green or red and classified as a tight or weak binder based on the MS cutoff value of 0.004.

As can be deduced by the analysis of the data extracted from the various TTMD simulations, the ligands
respond differently to the protocol based on the experimental affinity value. As can be noticed in Figure
5, complexes 5IH5 and 5IH6, which are characterized by the lowest affinity values (500 and 2500 pM,
respectively), are the ones with the highest MS coefficient value, indicating a loss of the native binding
mode throughout the simulations. On the contrary, ligands with a good experimental affinity toward the
target (in the low nanomolar range) are associated with good conservation of the native binding mode, as
highlighted by the lower MS coefficient value. Based on this observation, a cutoff MS value of 0.004, able
to distinguish between the tight and weak binders for CK18, can be determined. The detailed trajectory
analyses provided in Figures S1-S5 illustrate how the loss of the native binding mode is primarily driven
by the loss of crucial hydrogen bond interactions with the hinge region, particularly with Leu85 and Glu83.
This evidence is in agreement with previously published work from our laboratory, which indicates how
using an appropriate pharmacophore filter that takes into account the crucial hydrogen bond with the
backbone of Leu85 leads to good results in virtual screening8%90.91  For visual reference, a comparison
between the representative replicates for the 3UZP and 5IH6 is reported in Video S1.

Protein Kinase CK2

Protein kinase CK2 is a serine-threonine kinase and represents one of the first identified protein kinases®2.
Similar to CK18, CK2 can phosphorylate a plethora of different substrates and is therefore involved in the
regulation of several biological pathways®. The variety of biologically relevant scenarios in which CK2 is
involved makes it a hot target from a pharmaceutical perspective, being related to several types of cancer,
different neurodegenerative diseases (similarly to CK18), and also viral infections®. As of today, 214 crystal
structures of CK2, among which several protein—ligand complexes can be found, are deposited in the PDB,
with the affinity of co-crystallized inhibitors ranging over 5 orders of magnitude, making it also a suitable
target for the application of our computational protocol. The results of TTMD simulations carried out on
CK2 crystal complexes are summarized in Table 3 and Figure 3, while a detailed analysis for a
representative trajectory for each protein—ligand complex (the one highlighted in green in Table 3) is
reported in Figures S6-S11 in the Supporting Information. As explained in the Materials and Methods
section, two different ligand protonation states are considered for the 2ZJW complex: the neutral one and
the negatively charged one. Although they are reported separately in both Table 3 and Figures S6 and S7,
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they are considered as a single entity in Figure 3, where the average MS value between the two different
protonation states is reported.

Table 3. Results for the TTMD Simulations Performed on the Five Investigated CK2 Complexes®

FPDBID |LIGID |Ka(nM) | MSmor | MSwmpz | MSwmps | MSwmps | MSmps | MSaverage

2ZIW (0) | REF 40 0.00318 | 0.00282 | 0.00269 | 0.00391 | 0.00205 | 0.0029

2ZIW (-) | REF 40 0.00192 | 0.00189 | 0.00227 | 0.00205 | 0.00133 | 0.0020

3H30 RFZ 13000 | 0.00504 | 0.00484 | 0.00395 |0.00450 | 0.00453 | 0.0046

3PEl ING 1.5 0.00178 | 0.00231 | 0.00198 | 0.00219 | 0.00373 | 0.0022

3PE2 E1B 2.3 0.00179 | 0.00179 | 0.00171 | 0.00169 | 0.00170 | 0.0017

6HOU V55 53400 | 0.0035 | 0.00667 | 0.00769 | 0.00364 | 0.00667 | 0.0057

@ For each protein—ligand complex, the PDB accession code, the ligand three-letter code, the
experimentally determined affinity value, the MS coefficient for each simulation, and the average MS
coefficient are reported. In each row, the lowest MS value is highlighted in red, while the highest
value is highlighted in blue: both values were discarded for the calculation of the average MS
coefficient reported in the last column. The most representative replicate, the one with the nearest
MS coefficient to the average MS, is highlighted in green. For the complex 2ZJW, two different
protonation states were independently considered in the simulations and are reported separately.
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Figure 3. Aggregate results of the TTMD simulations performed on the five investigated CK2 complexes.
On the horizontal axis, the experimentally determined affinity value (expressed as Kq) is reported, while
on the vertical axis, the average MS coefficient is indicated. Each dot is color-coded as green or red and
classified as a tight or weak binder based on the MS cutoff value of 0.004. For the complex 2ZJW, two
different ligand protonation states were considered, but only one aggregate result (the average of the two
states) is reported in the plot.
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As in the case of CK13, the investigated ligands show a different behavior during the TTMD simulations
based on their experimental affinity value. The complexes characterized by a lower protein—ligand binding
affinity (13 uM for 3H30 and 53.4 pM for 6HOU) are also the ones characterized by the highest MS
coefficient value (0.0046 and 0.0057, respectively). On the contrary, as observed for CK13, ligands with a
binding affinity in the low nanomolar range are characterized by a conservation of the native binding mode
throughout the simulation, resulting in a lower MS coefficient (below 0.003). Once again, an empirical
threshold MS value of 0.004 can be extracted from this test set and utilized to distinguish between tight
and weak binders. As can be noticed by the evolution of the interaction pattern between ligands and the
binding pocket throughout the trajectories (Figures S6-S11), the ligands with the most stable binding
mode are the ones that tightly interact with Lys68 and 1le174: this is particularly noticeable in the case of
ellagic acid (2ZJW), for which two different protonation states have been simulated. In the neutral form,
the ellagic acid-binding mode is less stable throughout the trajectory, while in the monocharged form, the
ellagic acid-binding mode is very stable even at high simulation temperatures due to a favorable interaction
with Lys68. A comparison between the representative replicates for complexes 3PE2 and 6HOU is shown
in Video S2.

Pyruvate Dehydrogenase Kinase 2

PDK2 is a pivotal enzyme in cellular energy metabolism that has previously been implicated in cancer®.
PDK2 is a member of the GHKL ATPase/kinase superfamily and exerts its activity by phosphorylating
and regulating the pyruvate dehydrogenase complex, which is a central control point in cellular energy
metabolism since it links glycolysis with the tricarboxylic acid cycle®®97. Due to its involvement in the
regulation of the energetic metabolism of cells, it is a drug target both from a metabolic and an antitumoral
perspective. At the present moment, 33 crystal structures of PDK2, among which several protein—ligand
complexes can be found, are deposited in the PDB, with the affinity of co-crystallized inhibitors ranging
over 6 orders of magnitude, making it a suitable target for the application of our computational protocol.
The results of TTMD simulations performed on PDK2 crystal complexes are summarized in Table 4 and
Figure 4, while a detailed analysis for a representative trajectory for each protein—ligand complex (the one
highlighted in green in Table 4) is reported in Figures S12-S16 in the Supporting Information.

Table 4. Results for the TTMD Simulations Performed on the Five Investigated PDK2 Complexes®

PDBID |LIGID |KanM) | MSmp1 | MSmp2z | MSups | MSups | MSups | MSaverage

AMP2 PV1 3570 0.00603 | 0.01429 | 0.025 0.01111 | 0.00579 | D.0105
4V25 5Z6 150 0.00216 | 0.00247 | 0.00194 | 0.00221 | 0.00332 | 0.0023
5171 P35 110 0.00296 | 0.00296 | 0.00269 | 0.00243 | 0.00331 | 0.0029
SM4M TFW 1 0.0028 | 0.0025 |[0.00286 | 0.00261 | 0.00318 | 0.0027

TEAD WaeP 958000 | 0.00347 | 0.00769 | 0.00667 | 0.00769 | 0.00665 | 0.0070

¢ For each protein—ligand complex, the PDB accession code, the ligand three-letter code, the
experimentally determined affinity value, the MS coefficient for each simulation, and the average MS
coefficient are reported. In each row, the lowest MS value is highlighted in red, while the highest
value is highlighted in blue: both values were discarded for the calculation of the average MS
coefficient reported in the last column. The most representative replicate, the one with the nearest
MS coefficient to the average MS, is highlighted in green.
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Figure 4. Aggregate results of the TTMD simulations performed on the five investigated PDK2
complexes. On the horizontal axis, the experimentally determined affinity value (expressed as Kq) is
reported, while on the vertical axis, the average MS coefficient is indicated. Each dot is color-coded
as green or red and classified as a tight or weak binder based on the MS cutoff value of 0.004.

The analysis of results for the TTMD simulations performed on PDK2 protein—ligand complexes matches
the ones already shown for CK18 and CK2. Indeed, the ligands with the lowest binding affinity (3.57 pM
for 4MP2 and 958 uM for 7EAQ) are the ones with the highest MS coefficient (0.0105 and 0.007,
respectively), while on the contrary, ligands characterized by a good binding affinity are also the ones
characterized by the lowest MS coefficient (below 0.003). The same threshold value used for previous
cases (MS < 0.004) can also be utilized in this case to distinguish between the weak and tight binders.
Looking at the evolution of the interaction pattern of various ligands throughout the simulations, it can
be noticed that tight binders are characterized by persistent attractive interactions with Asp290 and
Thr354. These residues are buried within the binding pocket, which contributes to the persistence of their
interaction with the ligand compared to other more solvent-exposed residues such as Asn255, Arg258, and
Glu262 which seem to be less relevant in retaining the ligand within the binding site. Noticeably, in the
case of complex 4MP2, a repulsive interaction with Asp290 is present at the beginning of the simulation,
and this could be a possible explanation for the low persistence of the native binding mode. Moreover, as
can be noticed in Figures S14 and S15, in the case of complexes 5J71 and 5M4M, the fraction of the
ligand which interacts with Asp290 and Thr354 barely moves from the starting position, fully retaining
this interaction for the whole duration of the simulation, while partially losing the interactions with other
more exposed residues, which increases the ligand's RMSD despite most of the binding determinants being
conserved. A comparison between the representative replicate for complexes 4V25 and 4MP2 is illustrated
in Video S3.

SARS-CoV-2 Main Protease (Mpr)

SARS-CoV-2 is a betacoronavirus responsible for the COVID-19 pandemic which, to date, has caused the
death of more than 6.5 million people around the world99. A pivotal enzyme in the viruses' replication
cycle is represented by their main protease (MP™), a cysteine peptidase that is involved in the proteolytic
cleavage of the ppla/pplab polyproteins into several mature nonstructural proteins'®191. Due to its crucial
role in the ability of the virus to replicate itself, the main protease is a validated antiviral target!9? and, as
such, has become the focus of several different drug discovery campaignsi®-105 leading to 613
experimentally solved structures deposited on the PDB, a marketed drug (Paxlovid, therapeutic association
of nirmatrelvir and ritonavir)106.107 and several inhibitors, with affinity values ranging from low nanomolar
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to micromolar and beyond. Its pharmaceutical relevance and the abundance of structural data make the
SARS-CoV-2 main protease a good target for the validation of the TTMD protocol. The results of TTMD
simulations performed on SARS-CoV-2 Mpro crystal complexes are summarized in Table 5 and Figure 5,
while a detailed analysis for a representative trajectory for each protein—ligand complex (the one
highlighted in green in Table 5) is reported in Figures S17-S21 in the Supporting Information.

Table 5. Results for the TTMD Simulations Performed on the Five Investigated SARS-CoV-2 Mpro
Complexes®

PDBID |LIGID |ICso{nM)|MSmp1 | MSmpz | MSmps | MSmps | MSmps | MSaverage

6M2N 3WL 240 0.00714 | 0.00714 | 0.00557 | 0.00714 | 0.00909 | 0.0071

7LTI YD1 4200 0.00909 | 0.00642 | 0.00595 | 0.00667 | 0.00664 | 0.0066

TMEP YS8J 20 0.00401 | 0.00336 | 0.00379 | 0.00317 | 0.00254 | 0.0034
T™M91 YU4 25 0.00316 | 0.00437 | 0.00315 | 0.00313 | 0.00383 | 0.0034
TN44 Oel 42 0.00325 | 0.00598 | 0.00398 | 0.00384 | 0.00383 | 0.0039

2 For each protein—ligand complex, the PDB accession code, the ligand three-letter code, the
experimentally determined affinity value, the MS coefficient for each simulation, and the average MS
coefficient are reported. In each row, the lowest MS value is highlighted in red, while the highest
value is highlighted in blue: both values were discarded for the calculation of the average MS
coefficient reported in the last column. The most representative replicate, the one with the nearest
MS coefficient to the average MS, is highlighted in green.
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Figure 5. Aggregate results of the TTMD simulations performed on the five investigated SARS-CoV-
2 Mrro complexes. On the horizontal axis, the experimentally determined affinity value (expressed as
IC50) is reported, while on the vertical axis, the average MS coefficient is indicated. Each dot is color-
coded as green or red and classified as a tight or weak binder based on the MS cutoff value of 0.004.

The analysis of the TTMD simulations performed on MPr protein—ligand complexes matches the one
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already shown for the previous cases. Once again, the ligands characterized by the lowest experimental
binding affinity (0.94 pM for 6M2N and 4.2 uM for 7LTJ) are the ones associated with the highest MS
coefficient (0.0071 and 0.0066, respectively). Accordingly, the ligands that present the highest binding
affinity are associated with low MS coefficients, indicative of a persistent binding mode. Even for the
SARS-CoV-2 MPr, it is possible to reutilize the previously determined threshold value (MS < 0.004) to
separate the strong and the weak binders. Regarding the evolution of the interaction pattern for the
protein—ligand complexes that were investigated, it is possible to notice how the most persistent ligands
are characterized by strong and stable interactions with key residues, such as Met164—-Glul66, located in
a B-sheet that constitutes the central portion of the binding site, lining several subpockets that precede
the catalytic dyad such as S1, S2, and S3, and residues Leu141-Cys145, which line the S1 subpocket and
constitute the so-called oxyanion loop, a structure that plays a crucial role in the catalytic cycle of the
protease!®l, On the contrary, interactions with residues lining the S2 and S4 subpocket seem to not be
pivotal for the interaction with the catalytic site. As can be seen in Figures S20 and S21, for example, the
ligands partially lose their interactions with residues Asp187—GIn192: this causes a slight increase in the
ligand RMSD toward the end of the simulation without overall altering the conservation of the native
binding mode, as depicted by the interaction fingerprint analysis. Interestingly, in the case of complex
6M2N, a repulsive interaction with Glul66 is present at the beginning of the simulation: considering the
pivotal role that this residue portrays both in the dimerization process'® (it forms a salt bridge through
its side chain with the side chain of Serl of the second protomer) and in the binding of ligands, this could
well explain the low persistence of the native binding mode for this ligand throughout the simulation. A
comparison between the representative replicates for complexes 7LTJ and 7M91 is illustrated in Video S4.

Discussion

The TTMD method is an alternative protocol for the qualitative estimation of the protein—ligand complex
stability based on the persistence of the native binding mode throughout a series of MD simulations
performed at progressively increasing temperatures. To evaluate the protocol capabilities, we performed
four different case studies on an equal number of pharmaceutically relevant test cases, that is, protein
kinase CK18, protein kinase CK2, PDK2, and SARS-CoV-2 main protease (MP®). Despite its simplicity,
the TTMD workflow was able to correctly discriminate between tight binders (with affinity values in the
low nanomolar range) and weak binders (the ones with affinity values superior to the micromolar threshold)
by applying an appropriate MS coefficient cutoff. This classification was performed on ligands with
different scaffolds and different interaction features, making its application interesting in real-world drug-
discovery campaigns, where compounds from different chemical classes are usually identified in the early
stages and are then subjected to an iterative optimization of their binding affinity toward the target of
interest through chemical modification of their structures.

Contrary to most protocols that aim at predicting or estimating the drug—target residence time or other
proxy values for the ligand affinity, TTMD does not require simulating the full unbinding event. Although
this results in a rawer prediction compared to other similar protocols, this approach has two major
advantages. The first one is that the simulation time is limited and can be accurately estimated right from
the start. This is particularly useful in the case of a batch application of the protocol across a library of
different compounds resulting from a screening campaign or an optimization process. Moreover, it
facilitates the automatization of the process and its incorporation into existing drug-discovery pipelines.
The second advantage is that by determining a relative metric (the MS coefficient) rather than an absolute
one (i.e., the time required to observe the unbinding), there is no need for the definition of an arbitrary
cutoff value for the detection of the unbinding event. Concerning this, most protocols exploit geometric
descriptors such as the distance between the center of masses of the ligand and the binding site or the
distance between the ligand and the protein to define whether the ligand detached from the binding
site?346, This poses the problem of choosing the right distance because, in the case of deep and buried
binding sites, the chosen cutoff value could not consider the whole unbinding process, leading once again
to an underestimation of the residence time. On the contrary, arbitrarily increasing the distance could
elongate the simulation time without improving the prediction accuracy. Furthermore, using an interaction
fingerprint-based metric instead of the standard RMSD for monitoring the evolution of the binding mode

45



SCIENTIFIC PUBLICATIONS

throughout the simulation results in lower sensitivity toward the chemical structure of the ligand: as
highlighted in some of our trajectory analyses (Figures S14 and S15, e.g.,), the presence of some ligand
moieties that do not directly interact with the binding pocket or are slightly solvent exposed, leading to a
less stable interaction with the target, could lead to an increase in the ligand's RMSD without
compromising the key binding determinants of the compounds. This could lead to a false perception of
the unbinding event, causing errors in the evaluation of the persistence of the receptor—ligand complex,
especially if very low cutoffs are utilized; such is the case in some studies in which classic MD simulations
are used as a way to refine docking results and distinguish between native-like poses and decoys!09.110,
Another major advantage is related to the accessibility of the method. First, although the protocol in its
current form exploits the ACEMD3 program to run MD simulations, it can be easily and readily adapted
to be utilized with any other major MD engine such as OpenMM, GROMACS, or AMBER. Second,
compared to other approaches, TTMD is easier to implement. For example, contrary to metadynamics-
based approaches, where the choice of the CV to monitor is not trivial38, in the case of TTMD, the user
only needs to choose a temperature ramp that ensures the conservation of the protein fold by monitoring
a simple geometric descriptor such as the protein backbone RMSD. Although some attempts at optimizing
the temperature ramp to decrease the simulation time without reducing the accuracy of the method are
already going on in our laboratory, the temperature ramp proposed in this article should represent a good
starting point for the third-party implementation of the method. Theoretically, increasing the simulation
time for each “TTMD step” should provide an increase in the resolution of the technique, but would also
result in an increased computational effort. On the contrary, reducing the simulation time for each TTMD
step would reduce the computational effort, making the protocol more affordable, especially for those
setups where a large number of different ligands are evaluated at a given time but would also flatten the
difference in the MS coefficient between the ligands, thus decreasing the sensitivity of the technique. One
possible solution could be to use different simulation times at different temperatures, for example,
simulating longer steps at lower temperatures and shorter ones at higher temperatures. The pool of test
cases provided in this article should, in principle, aid the user in the choice of a non-default temperature
ramp since the user could compare the results of its custom temperature ramp with the ones originally
obtained and evaluate on its own the performance of a different ramp.

Other than estimating the protein—ligand binding affinity, the TTMD protocol could be easily adapted to
perform mechanistic evaluations on the unbinding event by appropriately tuning the temperature ramp
and the simulation time to carry on the simulation until the native binding mode is completely lost.
Although, in its current form, this protocol is not specifically designed for this purpose, it can already be
used to discriminate between different protein—ligand interactions based on their effect on the binding
affinity. This indication could be very useful in the generation and refinement of pharmacophore filters,
which are commonly used to reduce the false positive rates in docking-based virtual screening campaigns.
Another possible application of the TTMD protocol could be to distinguish the native binding pose from
a set of decoy ones. This could be particularly useful in the case of fragment compounds, which can have
several plausible binding modes and are usually evolved into mature ligands by rationally modifying their
scaffold to expand on their binding determinants without altering the existing interaction profile. Work in
this sense is already going on in our laboratory and will be the scope of a future paper.

The last element that needs to be addressed in the nearest future is the applicability of the method to
membrane proteins: so far, the protocol has been applied only to globular targets, but a wide variety of
pharmaceutically relevant targets are membrane systems. Membrane systems are intrinsically more
complicated to manage because, other than monitoring the protein fold throughout the simulations, one
has to decide how to manage the membrane. A possible solution could be to remove the membrane and
treat the protein as soluble, possibly with the implementation of restraints on the atomic positions of
atoms outside the binding site*3. Evaluations in this sense are already going on in our laboratory to tune
the protocol to also be utilized for this class of targets.

Conclusions

In this scientific work, we presented the first application of TTMD, an alternative protocol for the
qualitative estimation of protein—ligand complex stability, by monitoring the conservation of the native
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ligand-binding mode throughout a series of classic MD simulations performed at progressively increasing
temperatures through a scoring function based on protein—ligand interaction fingerprints. Four different
test cases regarding the application of the technique to three different pharmaceutically relevant targets
were presented. For each case, TTMD simulations were able to distinguish between tight (low nanomolar)
and weak (micromolar) binders. The simplicity of the protocol, particularly regarding the choice of user-
defined parameters to run the simulations, the agnosticism concerning the selection of the MD engine,
and the limited simulation time make it a viable choice for various medicinal chemistry projects, especially
as a screening tool in the early stages of drug discovery campaigns. Further work is needed to extend the
applicability domain of the technique to membrane proteins, and evaluations in this sense are already
going on in our laboratory.
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Abstract

Molecular docking is one of the most widely used computational approaches in the field
of rational drug design, thanks to its favorable balance between the rapidity of execution
and the accuracy of provided results. Although very efficient in exploring the
conformational degrees of freedom available to the ligand, docking programs can
sometimes suffer from inaccurate scoring and ranking of generated poses. To address
this issue, several post-docking filters and refinement protocols have been proposed
throughout the years, including pharmacophore models and molecular dynamics
simulations. In this work, we present the first application of Thermal Titration
Molecular Dynamics (TTMD), a recently developed method for the qualitative
estimation of protein-ligand unbinding kinetics, to the refinement of docking results.
TTMD evaluates the conservation of the native binding mode throughout a series of
molecular dynamics simulations performed at progressively increasing temperatures
with a scoring function based on protein-ligand interaction fingerprints. The protocol
was successfully applied to retrieve the native-like binding pose among a set of decoy
poses of drug-like ligands generated on four different pharmaceutically relevant
biological targets, including casein kinase 18, casein kinase 2, pyruvate dehydrogenase
kinase 2, and SARS-CoV-2 main protease.

Introduction

Until the 1980s, the discovery of new drugs was mainly related to empirical observations about the
symptoms-relief properties of natural products or serendipity!2. Nowadays, thanks to the high availability
of experimentally determined structures for pharmaceutically relevant biomolecules, the drug discovery
process shifted towards a more rational approach3. Specifically, novel therapeutic entities are usually
designed by taking into consideration the topological features of the interacting partner, in a process
defined as “structure-based drug design™.

Alongside advancements in the field of biophysical approaches for the experimental determination of
protein-ligand complex structures, a pivotal role in the last two decades has been played by computational
methodologies®. These “in silico” approaches not only flank experimental techniques in rationalizing the
mechanism of action of active molecules but are routinely used as a less expensive and quicker alternative
in the earliest stages of drug discovery pipelines®?7.

Among these methods, one of the most widely adopted is certainly molecular docking, a program that is
used by medicinal chemists to predict the most plausible ligand accommodation within the active site of
a target biomolecule®. Molecular docking programs are composed of two main parts: a search algorithm,
which is responsible for exploring the ligand's conformational degrees of freedom and generating a series
of possible ligand orientations within the binding site, and a scoring function, which numerically estimates
the quality of protein-ligand interactions for poses generated by the search algorithm?.
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Although search algorithms are usually very proficient in exploring the conformational space available to
the ligand, docking can sometimes produce inaccurate results, due to the limitations of scoring functions?0.
For instance, there is a natural variance in docking performances across different biological targets, since
each binding site has its peculiar interaction features, which may differ from the ones included in the
training set, thus leading to an incorrect pose ranking!!.

To mitigate these known issues of molecular docking, several refinement protocols have been proposed
throughout the years!2. A first possible strategy is to filter docking poses based on prior knowledge of the
binding features that are required for potent and selective binding to the target!3. This approach can be
carried out by creating a pharmacophore model or a protein-ligand interaction fingerprint based on the
binding pattern of known binders, i.e., true active compounds, and then retaining only those poses which
match this set of features!* Although this strategy is successful in diminishing the false positive rate in
docking calculations, it is not a first-principle method; therefore, its usage is limited to those cases where
the target and its interaction features have already been characterized®®.

Another approach is to rescore docking poses with more computationally demanding methods such as the
molecular mechanics/generalized Born surface area (MM/GBSA) method for free binding energy
determination®. This method is usually a good compromise between rapidity of execution and quality of
calculations, and it can be a useful tool for many cases. Nevertheless, its accuracy is limited by some fac-
tors, such as the implicit consideration of solvent molecules and the sensitivity to-wards the polarity and
charge properties of both the ligand and the binding sitel”18,

Finally, another commonly adopted strategy is to use short-scale molecular dynamics simulations to
evaluate the time-dependent pose stability!®. This approach has the advantage of considering both the
protein flexibility and the explicit treatment of solvent, which are usually neglected in most docking
calculations2021, Although in principle the MD-based post-docking refinement seems like a sound method
to distinguish poses based on their persistence, two aspects can impair its usefulness. First, the short
timescale that is used for most applications (tens of nanoseconds) is insufficient to sample the unbinding
event for most poses, flattening the difference between the native pose and wrong but stable enough
decoys?2. Furthermore, in most cases, simple geometric descriptors such as the ligand RMSD or the center-
of-mass distance between the ligand and the protein are used to monitor the pose evolution throughout
the simulation, for which there is no clear threshold value to define the unbinding event, other than being
heavily influenced by the geometry of the binding site and the ligand structure?3.2,

In the current work, we present the first application of Thermal Titration Molecular Dynamics (TTMD)
as an alternative MD-based post-docking refinement tool. Recently developed as an enhanced sampling
MD protocol for the qualitative estimation of protein-ligand unbinding kinetics?5, TTMD evaluates the
persistence of the native binding mode in a certain protein-ligand complex of interest by combining a series
of short MD simulations performed at progressively increasing temperatures with a scoring function based
on protein-ligand interaction fingerprints?®. The protocol has been applied to twelve different protein-
ligand complexes from four different pharmaceutically relevant biological targets, including protein kinase
CK13, protein kinase CK2, pyruvate dehydrogenase kinase 2, and SARS-CoV-2 main protease.

Results

To extend the applicability domain of the TTMD protocol as a post-docking refinement tool, 12 different
test cases on four different pharmaceutically relevant targets of interest for our laboratory were
investigated: CK18, CK2, PDK2, and MPr. Test cases were chosen coherently with the original work,
picking up two “tight binders” (1Cso/Kq values in the low nanomolar range) and one "“weak binder” (1Cs0/K4
above the low micromolar threshold). For each biomolecular target, three different protein-ligand
complexes available on the Protein Data Bank were chosen. A list of each system investigated in this work
can be found in Table 6, while details about ligands’ physicochemical properties (Tables S1, S4, S7, and
S$10) and relevant statistics for each simulated system (Table S13) can be found in the Supplementary
Materials.

At first, for each protein-ligand system, a self-docking experiment with the PLANTS docking software was
executed. The first five docking poses according to the ChemPLP scoring function were used as a starting
point for the TTMD simulations. For each investigated docking pose, five independent TTMD replicates
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were performed. The results for each test case are reported separately and discussed aggregately afterward
in the Discussion section.

Table 1. PDB accession codes for protein-ligand complex structures employed in this work®.

CK1% 3UZP%¥ 5IH6? 5MQV?
CK2 3PE230 6HOU3! 3PE1%
PDK2 4V2532 7TEA03 5M4M34
Mpro 7LTJ% 7M9136 7M8P36

iStructures are grouped by the target.
Protein Kinase CK13

The first test case regarded protein kinase 1 8, a serine-threonine kinase belonging to the family of CK1
kinases®” that is involved in several neurodegenerative illnesses like Alzheimer's disease, Parkinson's
disease, and amyotrophic lateral sclerosis®® due to its pleiotropic nature3®. The result of the TTMD
refinement carried out on docking poses generated for each CK18 protein-ligand complex is summarized
in Figures 1-3, while detailed analysis about representative replicates (Figures S1-S4), and per-replicate
reports (Tables S2 and S3) can be found in the Supplementary Materials. For reference, a comparison
between the representative TTMD trajectory for the best (pose 1, MD4), and worst (pose 5, MD5) scoring
pose for complex 5MQV, according to the MS coefficient, is highlighted in Video S1.

./" v
Reference (3UZP) Pose 1 (RMSD: 0.32 A) Pose 2 (RMSD: 1.29 A)
Mean MS: 0.0024 Mean MS: 0.0022 Mean MS: 0.0024
ChemPLP: -96.79 ChemPLP: -84.68

Pose 3 (RMSD: 6.21 A) Pose 4 (RMSD: 6.49 A) Pose 5 (RMSD: 3.01 A)

Mean MS: 0.0038 Mean MS: 0.0038 Mean MS: 0.0030
ChemPLP: -80.15 ChemPLP: -77.94 ChemPLP: -76.57

Figure 1. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand 0CK within the catalytic site of the protein kinase CK18 (PDB ID: 3UZP). Protein residues
within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in comparison
with the reference, the average MS coefficient resulting from TTMD simulations, and the ChemPLP
docking score are reported. As a reference, the experimentally determined binding mode (magenta)
is also reported, as well as the MS coefficient derived from its TTMD refinement, while the best
docking pose (according to the RMSD to the reference) is highlighted in green.
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As can be seen in Figure 1, which summarizes the results of TTMD refinement performed on docking
poses of ligand 0CK (PDB ID: 3UZP), although poses are very similar and plausible, the MS value correctly
identifies the most correct/native-like poses among the five ones. Particularly, poses 1 and 2, which are
practically indistinguishable from a binding pattern perspective (both orientations of the 2-aminopyrimidine
moiety ensure a bivalent hydrogen bond interaction with the hinge region of the kinase, while the rest of
the molecule is superimposable) have the lowest MS value, which is comparable to the one of the
experimentally determined binding mode, coherently with the low RMSD value to the reference. On the
contrary, poses 3 and 4, which insert the cyclohexyl moiety within the hydrophobic “selectivity pocket”
located behind the hinge region, in the innermost part of the binding site, present a higher MS value,
indicating a lower persistence of the native binding mode. Intriguingly, pose 5, which does not show any
interaction with the hinge region, has a better MS value compared to poses 3 and 4: this can be explained
by the fact that, due to the conserved orientation compared to poses 1 and 2, pose 5 can quite easily
interconvert into pose 2 by a slight rotation towards the hinge region, gaining the directional interaction
with the hinge without losing any hydrophobic interaction provided by the rest of the molecule.

A similar trend compared to the first case can also be observed for ligand D5Q (PDB ID: 5MQV). As
reported in Figure 2, poses 1-2, which only differ for the relative orientation of the solvent-exposed
dimethoxyphenylpyrrole moiety, present the lowest MS value, similar to the reference. Pose 3, which is
also quite similar to the reference and the first two poses, also displays a good MS coefficient, albeit
slightly higher than the first two poses. A possible explanation for this phenomenon is that, although the
relative orientation of the dimethoxyphenylpyrrole portion of the ligand is similar to the reference,
contributing to a marginally lower RMSD value compared to pose 2, the 2-carboxamide-pyridin core,
which provides the bidentate interaction with the hinge region, is mildly shifted away from the hinge. A
little rearrangement of the ligand core through the course of the simulation allows interconversion into a
reference-like pose, accompanied by an alteration of interaction pattern, which explains the reason why
the pose presents good stability but with lesser conservation of its initial binding pattern. As already seen
for ligand OCK, in this case also the MS score penalizes poses that do not insert an aromatic ring within
the hydrophobic selectivity pocket, despite having an optimal interaction with the hinge (pose 4). Finally,
the MS score heavily penalizes pose 5, which does not retain any interaction found in the reference.
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Reference (5MQV) Pose 1 (RMSD: 1.51 A) Pose 2 (RMSD: 3.01 A)
Mean MS: 0.0030 Mean MS: 0.0021 Mean MS: 0.0022
ChemPLP: -111.23 ChemPLP: -106.24

Pose 3 (RMSD: 2.89 A) Pose 4 (RMSD: 3.95 A) Pose 5 (RMSD: 11.61 A)
Mean MS: 0.0035 Mean MS: 0.0043 Mean MS: 0.0055
ChemPLP: -96.49 ChemPLP: -93.64 ChemPLP: -93.47

Figure 2. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand D5Q within the catalytic site of the protein kinase CK18 (PDB ID: 5MQV). Protein
residues within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in
comparison with the reference, the average MS coefficient resulting from TTMD simulations, and the
ChemPLP docking score are reported. As a reference, the experimentally determined binding mode
(magenta) is also reported, as well as the MS coefficient derived from its TTMD refinement, while
the best docking pose (according to the RMSD to the reference) is highlighted in green.

Differently from the first two cases, involving “tight binding” ligands, the results of the TTMD refinement
were inconclusive for ligand AUG (PDB ID: 5IH6). As can be deducted from Figure 3, the best scoring
conformation according to the MS value is pose 2, which presents a reasonable although incorrect binding
mode, characterized by three hydrogen bonds with the hinge region. This orientation of the triamine-
pteridine core, although allowing for a comparable interaction pattern with the hinge, leads to a suboptimal
burial of the hydrophobic core of the molecule within the internal portion of the pocket, especially
concerning the bromophenyl moiety. However, in this case, the TTMD refinement is not able to
discriminate between the native binding mode and other incorrect ones, as noticeable by the fact that the
crystal reference and pose 1, which are practically superimposable, present a high MS value, comparable
with pose 3, which is incorrect. Intriguingly, as denoted by Figure S4 (Supplementary Materials),
throughout the simulation, pose 1 interconverts into pose 2, which is the final state of the simulation.
Considering that the two poses have a similar quality of interaction with the target, it is possible that the
two conformations are in equilibrium and that kinetic factors influence the shift towards either of the two.
Nevertheless, another plausible explanation for this phenomenon could be that the temperature ramp
utilized, which was the same as the one employed in the original publication to discriminate between
strong and weak binders, is too aggressive for ligands with low affinity for the targets. The aggressiveness
of the ramp, which was designed to facilitate the observation of unbinding events, could flatten the
differences between different poses of the same ligand when the crystal pose itself is unstable in those
conditions. If this is the case, a different ramp for this category of binders would have to be developed.

57



SCIENTIFIC PUBLICATIONS

Reference (5MQV)
Mean MS: 0.0030

Pose 1 (RMSD: 1.51 A)
Mean MS: 0.0021
ChemPLP: -111.23

Pose 2 (RMSD: 3.01 A)
Mean MS: 0.0022
ChemPLP: -106.24

Pose 3 (RMSD: 2.89 A)
Mean MS: 0.0035
ChemPLP; -96.49

Pose 4 (RMSD: 3.95 A)
Mean MS: 0.0043
ChemPLP: -93.64

2
Pose 5 (RMSD: 11.61 A)

Mean MS: 0.0055
ChemPLP: -93.47

Figure 3. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand AUG within the catalytic site of the protein kinase CK138 (PDB ID: 5IH6). Protein residues
within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in comparison
with the reference, the average MS coefficient resulting from TTMD simulations, and the ChemPLP
docking score are reported. As a reference, the experimentally determined binding mode (magenta)
is also reported, as well as the MS coefficient derived from its TTMD refinement, while the best
docking pose (according to the RMSD to the reference) is highlighted in green.

Protein Kinase CK2

The second test case regarded protein kinase 2, a serine-threonine kinase that represents one of the first
identified protein kinases®?. Similar to CK1, thanks to its pleiotropic nature*! this kinase is involved in
several illnesses such as different types of cancer, various neurodegenerative diseases, and viral infections*2.
The result of the TTMD refinement carried out on docking poses generated for each CK2 protein-ligand
complex is summarized in Figures 4-6, while detailed analysis about representative replicates (Figures S5—
S8), and per-replicate reports (Tables S5 and S6) can be found in the Supplementary Materials. For
reference, a comparison between the representative TTMD trajectory for the best (posel, MD3) and worst
(pose4, MD4) scoring pose for complex 3PE1, according to the MS coefficient, is highlighted in Video S2.
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Reference (3PE1) Pose 1 (RMSD: 0.36 A)
Mean MS: 0.0022 Mean MS: 0.0020 Mean MS: 0.0027
ChemPLP: -117.46 ChemPLP: -96.79

Pose 3 (RMSD: 5.14 A) Pose 4 (RMSD: 6.11 A) Pose 5 (RMSD: 5.88 A)
Mean MS: 0.0044 Mean MS: 0.0048 Mean MS: 0.0034
ChemPLP: -96.55 ChemPLP: -94.40 ChemPLP; -93.70

Figure 4. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand 3NG within the catalytic site of the protein kinase CK2 (PDB ID: 3PE1). Protein residues
within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in comparison
with the reference, the average MS coefficient resulting from TTMD simulations, and the ChemPLP
docking score are reported. As a reference, the experimentally determined binding mode (magenta)
is also reported, as well as the MS coefficient derived from its TTMD refinement, while the best
docking pose (according to the RMSD to the reference) is highlighted in green.

As highlighted by Figure 4, which synthesized the results of the TTMD refinement for ligand 3NG (PDB
ID: 3PE1), a similar trend to what has been observed for CK18 can also be found. Pose 1, which is
superimposable to the crystal reference, is associated with the lowest MS value, which is practically
identical to the one of the reference. Pose 2, which differs from pose 1 for a slight shift of the naphthyridine
core away from the hinge region of the kinase and for the orientation of chlorine atom on the 3-
chlorophenyl substituent, displays the second lowest MS value overall, coherently with its suboptimal but
overall native-like orientation within the binding site. Pose 3 is penalized by the MS score due to the loss
of the pivotal network of direct and water-mediated interactions involving the ligand carboxylate and
residues deeply buried in the inner portion of the binding site such as Lys68 and Aspl75. Similarly, pose
4 is also heavily penalized by the TTMD-derived score for the blatantly incorrect ligand conformation
within the active site: in this case, interactions involving the carboxylate are lost, but the whole
naphthyridine core is misplaced. Finally, pose 5 shows an intermediate MS score between the native-like
poses and the wrong ones: a possible interpretation for this is that the naphthyridine core of the molecule
is deeply buried in a hydrophobic, solvent-shielded area of the binding site, thus compensating for the lack
of directional interactions provided by the carboxylate.
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Reference (3PE2) Pose 1 (RMSD: 0.16 A) Pose 2 (RMSD: 3.29 A)
Mean MS: 0.0017 Mean MS: 0.0020 Mean MS: 0.0021

ChemPLP: -117.60 ChemPLP: -107.49

3

L

Pose 3 (RMSD: 5.29 A) Pose 4 (RMSD: 6.32 A) Pose 5 (RMSD: 8.08 A)
Mean MS: 0.0049 Mean MS: 0.0027 Mean MS: 0.0027
ChemPLP: -94.71 ChemPLP: -94.35 ChemPLP: -94.20

Figure 5. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand E1B within the catalytic site of the protein kinase CK2 (PDB ID: 3PE2). Protein residues
within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in comparison
with the reference, the average MS coefficient resulting from TTMD simulations, and the ChemPLP
docking score are reported. As a reference, the experimentally determined binding mode (magenta)
is also reported, as well as the MS coefficient derived from its TTMD refinement, while the best
docking pose (according to the RMSD to the reference) is highlighted in green.

As illustrated in Figure 5, results for the TTMD refinement in the case of ligand E1B (PDB ID: 3PE2)
recall the ones for ligand 3NG. This is not unexpected, due to the similarities between the two ligands.
Particularly, pose 1, which is identical to the reference, presents the lowest MS value possible, which is
very similar to the value calculated for the experimentally determined binding mode. The same is true also
for pose 2, which only differs for the orientation of the ethynylphenyl substituent but has the same binding
pattern for the pyrimidoquinoline core. On the contrary, pose 3, which locates its core near the hinge
region of the kinase, as for poses 1 and 2, but presents an incorrect orientation of the carboxylate, leading
to the loss of crucial directional interactions with Lys68/Aspl75, is linked with a higher MS value.
Intriguingly, poses 4 and 5, which are the most different from the reference, present an intermediate MS
score, not much higher than the one of native-like poses. A putative explanation for this is that these
compounds, 3NG and E1B, both present very rigid and planar structures, enhancing the shape
complementarity with the active site and increasing the persistence of short-range hydrophobic and dipolar
interactions. Accordingly, despite the lack of directional interactions with the target, both poses 4 and 5
display a good shape and electrostatic complementarity with the pocket, as also indicated by the docking
score which is practically identical to that of pose 3, which contributes to the high persistence of the pose
despite the lack of the directional interactions provided by the carboxylate.

60



SCIENTIFIC PUBLICATIONS

Reference (6HOU) Pose 1 (RMSD: 3.79 A) Pose 2 (RMSD: 1.33 A)
Mean MS: 0.0057 Mean MS: 0.0159 Mean MS: 0.0148
ChemPLP: -69.46 ChemPLP: -67.33

-

{

Pose 3 (RMSD: 2.93 A) Pose 4 (RMSD: 4.78 A) Pose 5 (RMSD: 4.13 A)
Mean MS: 0.0144 Mean MS: 0.0155 Mean MS: 0.0112
ChemPLP: -67.14 ChemPLP: -66.05 ChemPLP: -65.62

Figure 6. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand V55 within the catalytic site of the protein kinase CK2 (PDB ID: 6HOU). Protein residues
within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in comparison
with the reference, the average MS coefficient resulting from TTMD simulations, and the ChemPLP
docking score are reported. As a reference, the experimentally determined binding mode (magenta)
is also reported, as well as the MS coefficient derived from its TTMD refinement, while the best
docking pose (according to the RMSD to the reference) is highlighted in green.

In agreement with the results of the TTMD refinement of the CK18 weak binder, results are inconclusive
also for CK2 homologous, ligand V55 (PDB ID: 6HOU). As observable in Figure 6, the MS value is very
high for each of the five docking poses, as it is for the reference. High MS values, such as those obtained
for V55 poses, indicate that the ligand has rapidly and completely lost its native binding mode in all cases,
as also confirmed by detailed trajectory analyses reported in Figures S7 and S8 (Supplementary Materials).
This reinforces the hypothesis that the default temperature ramp is too aggressive to be useful in the
refinement of poses for weak binders.

Pyruvate Dehydrogenase Kinase 2

The third test case involved pyruvate dehydrogenase kinase 2, a member of the GHKL ATPase/kinase
superfamily that has a central control role upon cellular energy metabolism#344 and is involved both in
metabolic and neoplastic diseases*®®. The result of the TTMD refinement carried out on docking poses
generated for each PDK2 protein-ligand complex is summarized in Figures 7-9, while detailed analysis
about representative replicates (Figures S9-S12), and per-replicate reports (Tables S8 and S9) can be
found in the Supplementary Materials. For reference, a comparison between the representative TTMD
trajectory for the best (posel, MD1) and worst (pose4, MD2) scoring pose for complex 4V25, according
to the MS coefficient, is highlighted in Video S3.
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Reference (4V25) Pose 1 (RMSD: 1.27 A) Pose 2 (RMSD: 5.63 A)
Mean MS: 0.0023 Mean MS: 0.0029 Mean MS: 0.0036
ChemPLP: -83.43 ChemPLP: -74.71

Pose 3 (RMSD: 8.99 A) Pose 4 (RMSD: 9.01 &) Pose 5 (RMSD: 4.24 A)
Mean MS: 0.0057 Mean MS: 0.0080 Mean MS: 0.0037
ChemPLP: -72.61 ChemPLP: -67.04 ChemPLP: -65.74

Figure 7. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand SZ6 within the catalytic site of the pyruvate dehydrogenase kinase 2 (PDB ID: 4V25). Protein
residues within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in
comparison with the reference, the average MS coefficient resulting from TTMD simulations, and the
ChemPLP docking score are reported. As a reference, the experimentally determined binding mode
(magenta) is also reported, as well as the MS coefficient derived from its TTMD refinement, while the

best docking pose (according to the RMSD to the reference) is highlighted in green.

As depicted in Figure 7, which reports the results for the TTMD post-docking refinement performed on
docking poses of ligand SZ6 (PDB ID: 4V25), once again the MS score can identify the native-like docking
pose among a set of decoys. Particularly, pose 1 (which is the closest to the reference), pose 2, and pose
5, all share the same correct orientation of the core (spanning from the dihydroxybenzamide moiety to
the chloromethylpyrimidine one) within the catalytic site, and present significantly lower MS value
compared to poses 3 and 4, where the binding pattern is completely divergent compared to the reference.
This can be attributed to the ability of these poses to preserve the pivotal network of direct and water-
bridged interactions between the dihydroxybenzamide moiety and residues Asp290, Thr354, and Gly294.
As mentioned when discussing some of the previous cases, poses 2 and 5, despite having an incorrect
orientation of the difluoroacetylaminomethilbenzyl tail, can easily interconvert throughout the simulation
into pose 1 and the crystal reference, because this portion of the molecule is completely solvent-exposed
and does not contribute to the interaction with the binding site.

Accordingly, like the case of complex 5SMQV, where the core of the molecule was placed correctly in most
poses and the difference was mainly related to the tail of the molecule which extended out of the binding
site, in this case the MS coefficient was also able to distinguish poses with a high RMSD but native-like
interaction pattern from poses with high RMSD but incorrect interaction features.
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Reference (SM4M) Pose 1 (RMSD: 0.97 A) Pose 2 (RMSD: 8.63 A)
Mean MS: 0.0027 Mean MS: 0.0028 Mean MS: 0.0059
ChemPLP: -87.35 ChemPLP: -80.38

Pose 3 (RMSD: 9.12 A) Pose 4 (RMSD: 2.66 A) Pose 5 (RMSD: 4.86 A)
Mean MS: 0.0052 Mean MS: 0.0030 Mean MS: 0.0036
ChemPLP: -76.55 ChemPLP: -76.45 ChemPLP: -74.59

Figure 8. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand 7TFW within the catalytic site of the pyruvate dehydrogenase kinase 2 (PDB ID: 5M4M). Protein
residues within 5 A of the ligand (orange) position are shown (violet). For each pose, the RMSD in
comparison with the reference, the average MS coefficient resulting from TTMD simulations, and the
ChemPLP docking score are reported. As a reference, the experimentally determined binding mode
(magenta) is also reported, as well as the MS coefficient derived from its TTMD refinement, while the

best docking pose (according to the RMSD to the reference) is highlighted in green.

Similar behavior can be observed also for ligand 7FW (PDB ID: 5M4M), as noticeable in Figure 8. In this
case, the two native-like poses (poses 1 and 4) outscore the other ones, according to the MS coefficient.
In both cases, the ligand's dyhydroxybenzamide moiety is correctly located within a subpocket where it
can establish multiple directional interactions with Asp290, Thr54, and Gly294, although in the case of
pose 4, the quinoxaline moiety is flipped compared to the reference and pose 1 and interacts with the
backbone of Leu330. Interestingly, pose 5 (which occupies the pocket with a similar orientation to poses
1 and 4, but inserts an undecorated phenyl ring within the aforementioned pocket instead of the
dyhydrohymethoxybenzamide) has a higher but still reasonable MS score, contrary to poses 2 and 3 where
the complementarity of shape and electrostatic properties between the ligand and the pocket are inferior,
and most of the interaction between the ligand the binding site occurs in the lower portion, the subpocket,
which in the reference pose is occupied by the quinoxaline group.
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Reference (7EAD) Pose 1 (RMSD: 0.68 A) Pose 2 (RMSD: 3.75 A)
Mean MS: 0.0070 Mean MS: 0.0073 Mean MS: 0.0071
ChemPLP: -61.87 ChemPLP: -59.84

Pose 3 (RMSD: 2.11 A) Pose 4 (RMSD: 3.72 A) Pose 5 (RMSD: 3.65 A)
Mean MS: 0.0080 Mean MS: 0.0086 Mean MS: 0.0076
ChemPLP: -53.23 ChemPLP: -52.31 ChemPLP: -50.49

Figure 9. This panel encompasses the results of the TTMD post-docking refinement of poses generated
for ligand W6P within the catalytic site of the pyruvate dehydrogenase kinase 2 (PDB ID: 7TEAOQ).
Protein residues within 5 A of the ligand (orange) position are shown (violet). For each pose, the
RMSD in comparison with the reference, the average MS coefficient resulting from TTMD
simulations, and the ChemPLP docking score are reported. As a reference, the experimentally
determined binding mode (magenta) is also reported, as well as the MS coefficient derived from its
TTMD refinement, while the best docking pose (according to the RMSD to the reference) is
highlighted in green.

Contrary to the first two complexes involving strong binders and coherently with what was observed for
complexes 5IH6 and 6HOU, the TTMD refinement was also inconclusive for poses generated for ligand
W6P (PDB ID: 7EAQ). Once again, the poses were all unstable under the chosen simulation conditions
(see also Figures S11 and S12, Supplementary Materials, for reference), leading to high MS values and
concealment of the subtle differences between different ligand conformation and interaction patterns. The
third observance of this phenomenon is a further reaffirmation that the default temperature ramp is too
aggressive for elucidating small differences in binding pose stability such as the ones of weak binders.

SARS-CoV-2 Main Protease

The fourth and final test case involved the SARS-CoV-2 main protease (MP™), an enzyme playing a pivotal
role in this virus replication cycle*® thanks to its ability to drive the maturation of several nonstructural
proteins through the proteolytic cleavage of the ppla/pplab polyproteins*’. The result of the TTMD
refinement carried out on docking poses generated for each MP™ protein-ligand complex is summarized in
Figures 10-12, while detailed analysis of representative replicates (Figures S13-S16), and per-replicate
reports (Tables S11 and S12) can be found in the Supplementary Materials. For reference, a comparison
between the representative TTMD trajectory for the best (posel, MD5) and worst (pose2, MD4) scoring
pose for complex 7TM8P, according to the MS coefficient, is highlighted in Video S4.
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i

37T
_ T D
s YANS

Y \_;\.k AY '. | \_\

Pose 3 (RMSD: 5.68 A) Pose 4 (RMSD: 8.74 A) Pose 5 (RMSD: 9.19 A)

Mean MS: 0.0063 Mean MS: 0.0068 Mean MS: 0.0099
ChemPLP: -87.90 ChemPLP: -87.45 ChemPLP: -84.45

Figure 10. This panel encompasses the results of the TTMD post-docking refinement of poses
generated for ligand YSJ within the catalytic site of the SARS-CoV-2 main protease (PDB ID:
7MS8P). Protein residues within 5 A of the ligand (orange) position are shown (violet). For each pose,
the RMSD in comparison with the reference, the average MS coefficient resulting from TTMD
simulations, and the ChemPLP docking score are reported. As a reference, the experimentally
determined binding mode (magenta) is also reported, as well as the MS coefficient derived from its
TTMD refinement, while the best docking pose (according to the RMSD to the reference) is
highlighted in green.

In the case of ligand YSJ (PDB ID: 7M8P), the MS value determined through the TTMD post-docking
refinement indicates pose 1, which is superimposable to the crystal reference, as the most stable pose (see
also Video S5, Supplementary Materials). The evident difference between the stability of pose 1 compared
to the other ones can be related to the fact that it is the only docking pose that contemporarily satisfies
both hydrogen bond interactions with the sidechain of His163 and the backbone of Glu166 (see also Figure
S$13, Supplementary Materials), which are known to be essential for binding at the catalytic site of the
protease®®. Another possible explanation for the enhanced gap in poses' stability compared to previously
discussed cases is that, in the case of kinases, the binding pocket is usually very druggable, implying that
there are several possible ligand conformations with reasonable complementarity of shape and electrostatic
properties with the cavity, hence with high stability during MD simulations. On the contrary, MP catalytic
site is very shallow and solvent-exposed*®, implying more constraints on possible ligand orientations that
lead to a stable binding. Indeed, short-range nondirectional interactions play a lesser important role in
ligand recognition at this site, with more importance being given to a reduced number of high-quality
interactions centered upon the S1 subpocket.
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Reference (7M91) Pose 1 (RMSD: 1.36 A) Pose 2 (RMSD: 5.25 A)
Mean MS: 0.0034 Mean MS: 0.0041 Mean MS: 0.0067
ChemPLP: -102.54 ChemPLP: -85.02
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Pose 3 (RMSD: 9.59 A) Pose 4 (RMSD: 8.42 A) Pose 5 (RMSD: 5.49 A)
Mean MS: 0.0068 Mean MS: 0.0054 Mean MS: 0.0068
ChemPLP: -81.50 ChemPLP: -76.68 ChemPLP: -76.35

Figure 11. This panel encompasses the results of the TTMD post-docking refinement of poses
generated for ligand YU4 within the catalytic site of the SARS-CoV-2 main protease (PDB ID:
7M91). Protein residues within 5 A of the ligand (orange) position are shown (violet). For each pose,
the RMSD in comparison with the reference, the average MS coefficient resulting from TTMD
simulations, and the ChemPLP docking score are reported. As a reference, the experimentally
determined binding mode (magenta) is also reported, as well as the MS coefficient derived from its
TTMD refinement, while the best docking pose (according to the RMSD to the reference) is
highlighted in green.

Accordingly, similar results are obtained also for ligand YU4 (PDB ID: 7M91). As depicted in Figure 11,
the MS value once again correctly discriminates between the native-like ligand conformation (pose 1) and
incorrect binding poses (2-5). Interestingly, pose 4, which presents one of the two conserved hydrogen
bonds (the one with Hisl63), is the second most stable pose under simulation conditions, further
highlighting the importance of this interaction in anchoring the ligand to the catalytic site. Furthermore,
pose 4 is more stable than poses 2, 3, and 5, despite being the only one without a hydrophobic/aromatic
ring within the S2 subpocket, another important binding feature of many crystal ligands, including natural
peptide substrates®®.
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Figure 12. This panel encompasses the results of the TTMD post-docking refinement of poses
generated for ligand YD1 within the catalytic site of the SARS-CoV-2 main protease (PDB ID:
7LTJ). Protein residues within 5 A of the ligand (orange) position are shown (violet). For each pose,
the RMSD in comparison with the reference, the average MS coefficient resulting from TTMD
simulations, and the ChemPLP docking score are reported. As a reference, the experimentally
determined binding mode (magenta) is also reported, as well as the MS coefficient derived from its
TTMD refinement, while the best docking pose (according to the RMSD to the reference) is
highlighted in green.

Finally, as observed for all previous biological targets, in this case also the TTMD refinement of docking
poses generated for the weak binder (ligand YD1, PDB ID: 7LTJ) was inconclusive. The MS values are
high and quite similar although expectable due to the similarity among this set of poses and the crystal
reference and the low experimentally determined 1Cso value.

Discussion

In the present work, we presented the first application of Thermal Titration Molecular Dynamics (TTMD),
an alternative enhanced sampling MD-based method for the qualitative estimation of protein-ligand
unbinding kinetics, as a post-docking refinement protocol. TTMD, which combines a series of molecular
dynamics simulations performed at progressively increasing temperatures with a scoring function based on
protein-ligand interaction fingerprints, was used to rank a series of docking poses based on the persistence
of the native binding mode. Four different pharmaceutically relevant biological targets, including protein
kinase CK18, protein kinase CK2, pyruvate dehydrogenase kinase 2, and SARS-CoV-2 main protease were
investigated, with three different protein-ligand complexes for each target used in this work. Test cases
were chosen among the same protein-ligand complexes used in the original paper®, as well as the same
simulation conditions, i.e., the adopted temperature ramp.

Results reported in this manuscript show how TTMD can be readily used as a post-docking refinement
tool for mature, drug-like ligands. The results of the TTMD refinement performed on docking poses
generated for this class of ligands showed how the MS score was consistently able to identify the native-
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like binding pose among the other ones. Furthermore, the MS score demonstrated a good sensitivity in
discriminating between poses with partially overlapping interaction features, which could be tricky to
evaluate based only on docking calculations.

Most MD-based post-docking refinement protocols involve performing short simulations (tens of
nanoseconds) at a fixed temperature to distinguish between stable and unstable poses. The discrimination
is usually based on simple geometric descriptors such as the ligand RMSD or the center-of-mass distance
between the ligand and the protein. Although this strategy seems legitimate and could work in some cases,
based on our experience and as can be observed by the detailed trajectory analyses provided in the
Supplementary Materials, these types of simulations are rarely successful for this purpose. First, short
windows of classic MD simulations are not sufficient to appreciate significant differences between plausible,
near-native poses and the native binding mode, since they probably satisfy a good number of interactions
with the target allowing them to occupy the binding site for a sufficient time to be considered stable, even
if incorrect. Second, there is no clear cutoff to use for a geometric descriptor to define if the starting
binding mode is lost or not: depending on the ligand structure and topological properties of the binding
site, values would have to be adjusted in a case-by-case scenario. Moreover, geometric descriptors do not
discriminate well if the deviation from the starting point of the simulation regards the whole ligand or only
a portion of it: in some cases, as shown in the Results section, some ligand moieties do not interact with
the protein active site and are therefore relatively unconstrained. These ligand chunks contribute to
increasing the ligand RMSD without causing a loss of interaction with the target, falsely leading to a
perception of pose instability.

On the contrary, thanks to its simple but effective enhanced sampling strategy based on increasing the
temperature in between each simulation window, TTMD can emphasize stability differences between
relatively similar or partially overlapping docking poses in simulation times comparable to those of classical
post-docking refinements (see Table S13 for statistics about calculation speed on each investigated
system). Moreover, the use of the fingerprint-based scoring function (IFPcs) instead of the ligand RMSD
allows for determining a clear cutoff value (zero) that can univocally define whether the loss of interactions
found in the starting protein-ligand complex happened. This threshold value is used as an early termination
criterion, avoiding spending time simulating the ligand floating around the simulation box thus increasing
the feasibility of using such an approach in a high-throughput fashion. Indeed, as can be deduced by
Tables S3, S6, S9, and S12 (Supplementary Materials), several simulations end with the total detachment
of the ligand from the binding site (considerably high RMSD values). This fact has two main consequences:
first, two poses that detach at different times/temperatures would be considered equally unstable if the
final/average RMSD would be used as a metric. Second, one would have to simulate for a long time even
in those cases where it is not necessary.

Although the TTMD protocol can be useful as is, two questions remain unaddressed still. The first issue
with the current protocol is related to the applicability to weak binders, i.e., compounds with affinity
values that are above the micromolar threshold, including fragments, which are the starting point of many
drug discovery campaigns these days. As reported in the Results section of the manuscript, the current
temperature ramp is too aggressive to be applied to weakly binding ligands. Particularly, the aggressiveness
of the ramp causes both native-like and wrong poses to rapidly lose their binding features and eventually
detach from the binding site. This situation could be addressed by using an alternative ramp, focused on
lower temperature ranges. Furthermore, as highlighted by Figure S3 (Supplementary Materials) in the
case of complex 5IH6, but also in Video S5 (Supplementary Materials) which regards complex 7M8P, it
is possible that poses interconvert between each other during the TTMD simulation, especially for low-
affinity compounds such as fragments. To better keep track of this behavior, an alternative analysis
protocol could be to analyze the frequency by which a certain pose is sampled across the whole set of
replicates for a given ligand, regardless of the starting ligand conformation. For both these latest aspects,
work in this direction is currently being carried out in our laboratory and will be the scope of a future
paper. The second problem is to make the protocol suitable also for investigating membrane proteins. The
question is not trivial, since these types of targets are difficult to simulate accurately in standard conditions
and therefore deserve special care when dealing with unusual simulation conditions such as the high
temperatures explored with the current protocol. A possible solution, which is currently being evaluated
in our laboratory, is to simulate these proteins as soluble, without introducing variables related to the
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membrane behavior.

Materials and Methods

Hardware Overview

Most of the molecular modeling tasks, like the preparation of protein and ligand structures, docking
calculations, the setup for MD simulations, and MD trajectory analyses, were carried out on a Linux
workstation, equipped with a 20 cores Intel Core i9-9820X 3.3 GHz processor, running Ubuntu 20.04 as
its operating system. An in-house GPU cluster, composed of 20 NVIDIA drivers ranging from GTX980 to
RTX2080Ti, has been exploited for carrying out each MD simulation.

Structure Preparation

The three-dimensional coordinates of each protein-ligand complex used in this study were retrieved from
the Protein Data Bank (PDB)> and processed through various tools embedded within the Molecular
Operating Environment (MOE) 2022.02 suite®2. In the present work, four different biological targets were
considered: casein kinase 1 isoform § (CK18), casein kinase 2 (CK2), pyruvate dehydrogenase kinase 2
(PDK2), and SARS-CoV-2 main protease (MP®). For each macromolecule, three different protein-ligand
complex structures were considered: the accession codes for each structure are summarized in Table 1.
Protein-ligand systems were simulated as monomers, aside from SARS-CoV-2 MP©  for which the
catalytically competent homodimer form was reconstituted through symmetric crystallographic
transformations. Initially, each structure was preprocessed through the “structure preparation” tool, to
assign residues with alternative conformations to the highest occupancy one, to rebuild broken loops
through homology modeling, and to fix inconsistencies between the aminoacidic sequence and the
experimentally solved structure. Afterward, missing hydrogen atoms were added to the system according
to the most probable protonation and tautomeric state at pH = 7.4 through the “Protonate3D" tool.
Lastly, each solvent, co-solvent, and ion atom was removed before storing the prepared complex for
subsequent calculations.

Docking Calculations

For each protein-ligand complex, a self-docking experiment was conducted. Each ligand was prepared
using the “Wash” tool of the MOE 2022.02 suite, assigning the most probable protomeric/tautomeric state
at pH = 7.4, rebuilding its three-dimensional coordinates, and attributing the correct partial charges,
according to the MMFF94 force field®3. The binding site was defined using a sphere of radius 10.5 A
centered upon the center of mass of the co-crystallized ligand in the experimentally solved structure.
Docking calculations were carried out using the Protein-Ligand ANT System (PLANTS)3*5%5 program,
which uses an Ant Colony Optimization (ACO) search algorithm and is free to use for academics. The
first five poses according to the ChemPLP5® scoring function were stored for further calculations.

System Setup for MD Simulations and Equilibration Protocol

Each protein-ligand complex obtained through docking calculations was prepared for MD simulations
through the combination of different packages included in both Visual Molecular Dynamics (VMD57) 1.9.2
and the AmberTools22%5859 suite. Parameters for protein, water molecules, and ions were attributed
according to the ff14SB% force field, while ligands were parametrized utilizing the general Amber force
field (GAFF®1). Ligand partial charges were calculated through the AM1-BCC® method. Each protein-
ligand system was solvated within a rectangular base prism, ensuring a 15 A padding value between the
box border and the nearest protein atom and using the TIP3P% model for water molecules. The proper
number of monovalent ions, i.e., sodium and chlorine, were then added to neutralize the net charge of the
box and to reach a salt concentration of 0.154 M. The prepared system was then subjected to 500 steps
of energy minimization with the conjugate-gradient algorithm before undergoing MD simulations, to
remove clashes and bad contacts.

Each MD simulation presented in this work was conducted using the ACEMD®* 3.5 engine, which is based
upon OpenMM®, an opensource Python library for molecular simulations. Both in the equilibration and
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the production stage, an integration timestep of 2 fs was used, the length of bonds involving hydrogen
atoms was constrained through the M-SHAKE algorithm, electrostatic interactions were computed through
the particle-mesh Ewald% method, using cubic spline interpolation and a 1 A grid spacing, while a 9.0 A
cutoff was used for calculating Lennard—Jones interactions.

Before productive MD simulations, each system was equilibrated in a two-step process. In the first
equilibration run, a 0.1 ns simulation in the canonical ensemble was carried out, imposing harmonic
positional restraints on both the protein and ligand atoms, leaving the water molecules and the ions
unconstrained. In the second equilibration run, a 0.5 ns simulation in the isothermal-isobaric ensemble was
performed, with harmonic positional restraints applied only on the protein backbone and on the ligand
atoms, leaving the protein sidechain unconstrained. In both cases, a force constant of 5 kcal mol—1 A-2
was applied for the whole duration of each equilibration run on each restrained atom. For both equilibration
stages, the temperature was kept at a constant 300 K value through a Langevin thermostat®, while in
the second stage, the pressure was maintained at the constant value of 1 atm through a Monte Carlo
barostat58.

Thermal Titration Molecular Dynamics (T TMD) simulations

As thoroughly described in the work of Pavan et al.?%, Thermal Titration Molecular Dynamics (TTMD)
is an alternative enhanced sampling MD approach originally developed for the qualitative estimation of
protein-ligand unbinding kinetics. The sampling method consists of a series of short classic MD simulations
(defined as TTMD-steps), performed at progressively increasing temperature values. The progress of the
simulation is monitored by evaluating the conservation of the starting binding mode for a certain protein-
ligand complex (a docking pose, in this case) through an interaction fingerprint-based scoring function®,
originally implemented in opensource Autogrow4% program, a semi-automatized workflow for de novo
drug design. The protocol described afterward is implemented as a Python 3.10 code and relies on the
NumPy, MDAnalysis?™7!, Open Drug Discovery Toolkit™, and Scikit-learn external libraries. The code to
run. TTMD simulations is available free of charge, under a permissive MIT license, at
github.com/molecularmodelingsection/ TTMD.

The user must define the “temperature ramp”, i.e., the temperature values that are sampled throughout
the simulation and the time spent simulating at each temperature. Different from the original version of
the code, in the current one, the length of each simulation window is not fixed, so different temperatures
can be sampled for a different amount of time. In the present work, for consistency with the previous
paper, the same temperature ramp was used: the starting temperature was set at 300 K, the end
temperature was set at 450 K, the temperature increment between each TTMD-step was set at 10 K,
while the length of each TTMD-step was 10 ns. The extension of the temperature ramp must be carefully
chosen based on prior knowledge of the target, especially concerning the conservation of the native protein
fold throughout the simulation (which, in this case, was carried out by monitoring the backbone RMSD).
As anticipated, the progress of the simulation is evaluated by a scoring function based on protein-ligand
interaction fingerprints. This scoring protocol, named IFPcs, exploits the Scikit-learn Python module to
calculate the cosine similarity between two vectors, i.e., the protein-ligand interaction fingerprints of a
reference and a query, where the reference is the protein-ligand complex extracted from the last frame of
the second equilibration stage, and the query is each protein-ligand complex obtained from each frame of
a certain TTMD-step. Specifically, each interaction fingerprint is an integer vector of r x 8 length, where
r represents the number of protein residues and 8 represents the possible type of protein-ligand interaction
that can be encoded in the vector (hydrophobic contacts, aromatic face-to-face, aromatic edge-to-face,
hydrogen bonds with the protein acting as a donor, hydrogen bonds with the protein acting as an acceptor,
salt bridge with the protein acting as the positively charged member, salt bridge with the protein acting
as the positively negative member, and an ionic bond with a metal ion, respectively). The cosine similarity
value is then multiplied by —1 to comply with most scoring functions, where negative values indicate high
affinity towards the target and low, near-zero, values indicate lower affinity.

The values of IFPcs can range from —1, highlighting a total convergence between the reference (the native
binding mode) and the query (the binding pose sampled at a certain time during the simulation), to zero,
indicating that each interaction feature of the reference has been lost during the simulation.

After the conclusion of each TTMD-step, the average IFPcs calculated across each frame of the step is
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calculated: if this value is null, implying that the native binding mode has not been sampled for the whole
duration of the step, the TTMD simulation is terminated; otherwise, the simulation proceeds with the
next TTMD-step.

Trajectory Analyses and MS Coefficient Determination

TTMD trajectories were analyzed through an in-house Python script. Specifically, the RMSD of the protein
backbone and the ligand are calculated at each frame by exploiting the appropriate function provided by
the MDAnalysis package. A time-dependent per-residue decomposition of the protein-ligand interaction
energy is calculated by exploiting the NAMD Energy plugin 1.473 for VMD. Afterward, three analysis plots
are generated by exploiting the Matplotlib and Seaborn Python packages.

The first plot, defined as the “titration profile”, correlates the average IFPcs value with the temperature
of each step: the slope of the straight line linking the initial and the final state of the titration is defined
as the MS coefficient and is used as a proxy measure for estimating the “residence time” of the investigated
pose.

Equation 1. Mathematical formulation of the MS Coefficient.

meanIFPEE™ — (—1)

MS = Tend — Tstart

The MS coefficient (Equation 1) ranges from zero (indicative of a tight binding/high persistence of the
native binding mode) to 1 (which, on the contrary, indicates low persistence of the starting binding pose).
For each investigated protein-ligand complex, five independent TTMD simulations are carried out, with
the average MS coefficient being calculated across three different replicates, after discarding the highest
and the lowest value.

The second plot reports the time-dependent per-residue decomposition of the protein-ligand interaction
energy for the 25 protein residues that are most frequently contacted by the ligand throughout the
trajectory (using a distance cutoff of 4.5 A). The third and final plot reports the time-dependent evolution
of the ligand and protein backbone RMSD and the IFPcs score.

Supplementary Materials

The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/ijms24043596 /s1.
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Abstract

Nirmatrelvir was the first protease inhibitor specifically developed against the SARS-
CoV-2 main protease (3CLP°/MP©) and licensed for clinical use. As SARS-CoV-2
continues to spread, variants resistant to nirmatrelvir and other currently available
treatments are likely to arise. This study aimed to identify and characterize mutations
that confer resistance to nirmatrelvir. To safely generate MP™© resistance mutations,
we passaged a previously developed, chimeric vesicular stomatitis virus (VSV-MPro) with
increasing, yet suboptimal concentrations of nirmatrelvir. Using Wuhan-1 and Omicron
MPro variants, we selected a large set of mutants. Some mutations are frequently
present in GISAID, suggesting their relevance in SARS-CoV-2. The resistance
phenotype of a subset of mutations was characterized against clinically available
protease inhibitors (nirmatrelvir and ensitrelvir) with cell-based, biochemical and SARS-
CoV-2 replicon assays. Moreover, we showed the putative molecular mechanism of
resistance based on in silico molecular modelling. These findings have implications on
the development of future generation MP™ inhibitors, will help to understand SARS-
CoV-2 protease inhibitor resistance mechanisms and show the relevance of specific
mutations, thereby informing treatment decisions.

Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), the causative agent of COVID-19
(coronavirus disease-19), has established itself as a permanent human and animal pathogen worldwide.
Vaccines, alongside monoclonal antibodies, have drastically reduced hospitalization and/or mortality,
especially in immunocompromised individuals, the elderly, and people with pre-existing medical conditions
(1). As vaccines do not confer complete immunity against infection, the virus continues to spread
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effectively due to easier host-to-host transmission (2), and immune-escaping variants, such as Beta, Delta
and Omicron (3-5).

In November 2021, the FDA granted emergency use authorization to Paxlovid, an orally administered
medication that combines nirmatrelvir (6), the active component, and ritonavir, a pharmacokinetic
enhancer. Nirmatrelvir is a highly potent protease inhibitor (Pl) against the SARS-CoV-2 3CLPr/MPro,
and is most relevant in the clinical setting, as it has been shown to decrease hospitalization, in-hospital
disease progression and death (7). One year after the licensing of Paxlovid, another protease inhibitor,
ensitrelvir, was approved in Japan through the emergency regulatory approval system under the
commercial name Xocova (8), and recently received Fast Track designation by the FDA. Recently,
leritrelvir (9) has been approved by the China National Medical Products Administration. Other oral Mpre
inhibitors that have entered clinical trials include bofutrelvir (FB2001) (10), pomotrelvir (PBI-0451 (11),
halted (12)), simnotrelvir (13), EDP-235 (14), and HS-10517 (GDDI-4405). SARS-CoV-2 continues to
spread, and it is expected that the use of protease inhibitors could eventually lead to the selection of drug-
resistant MP™ variants, with serious consequences for individuals who cannot benefit from vaccines, for
example due to immune defects or pre-existing comorbidities.

To date, several studies have addressed the issue of nirmatrelvir-resistant/escaping variants using different
approaches: highlighting mutational hotspots (15, 16), in silico investigation of specific mutations (17),
studying resistance phenotypes (18-21), addressing which mutations are the most prone to decrease
inhibitor susceptibility (22-24) or more comprehensive studies describing either mutation resistance, fitness
costs, or both (25-28). Notably, a few groups have performed gain-of-function selection experiments using
the Wuhan-1 strain of SARS-CoV-2. While this represents the most straightforward system to generate
and study drug-resistant mutants, it requires government approval, BLS-3 facilities, and demands absolute
caution to avoid biosafety breaches and potential release of these protease inhibitor-resistant variants.
Furthermore, owing to safety concerns, most of the studies that employed live SARS-CoV-2 were not
performed with the Omicron variant (18, 19, 21). This precaution was taken, because protease resistant
pre-Omicron variants would likely be unable to compete with the current Omicron strains, if released
accidentally. In a preprint by Lan et al. (29), the authors validated the antiviral resistance of certain MPr
resistant variants in the Omicron-MP™ context by using SARS-CoV-2 replicons, circumventing potential
safety issues for mutated transmissible variants. It is worth noting that the Omicron signature mutation
(P132H) does not confer resistance to common inhibitors (30-33) but alters the thermal stability of the
protease, as reported by Sacco et al. (34). This alteration, as well as other structural and biochemical
features caused by the P132H substitution, could potentially affect the mechanism of resistance
development and the relevance of mutations selected with Wuhan-1 Mp™ for Omicron.

Recently, we described a BSL-2 mutation selection system based on a MP-dependent chimeric vesicular
stomatitis virus (VSV-3CLP/VSV-MP©) (35). Replication of the chimeric VSV was effectively inhibited
by nirmatrelvir. Using this system, we were able to select a panel of mutants and characterize them
through computational and cellular methods. In the present study, we deepened our understanding of the
SARS-CoV-2 MPr resistance mutation landscape by selecting mutations in the Omicron MP®© and
increasing the resistance phenotypes of an already resistant variant, namely VSV-L167F-Mp©, By
generating and characterizing the mechanism of Omicron-MP™© and L167F-derived mutations, individually
or in combination, this study aims to advance the understanding of protease-inhibitor-resistant Mpre
variants and provide valuable information for treatment decision-making.

Results

A safe method to select protease inhibitor resistant MP© variants

In a previous study, we developed a safe alternative to using un-attenuated SARS-CoV-2 for the selection
of inhibitor-resistant variants (18, 19, 35). The technology is based on a chimeric VSV-Mpro that encodes
an artificial, non-functional polyprotein (G-Mpro-L), and relies on Mpro activity for its replication (Fig.
1A,B). In the absence of an inhibitor, the protease processes the polyprotein, releasing G and L, and the
virus can replicate. However, when a protease inhibitor is applied, the protease is inhibited, and the virus
can no longer replicate.
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Wuhan-1 and Omicron VSV-MPr variants are equally susceptible to nirmatrelvir

To gain a deeper understanding of the potential of the Omicron-MP™ to acquire resistance mutations
differently than the Wuhan-1 MP©, we introduced the Omicron-MP™ signature mutation P132H into
chimeric VSV-MP, generating VSV-Omicron-MP (VSV-O-MP) for subsequent selection experiments
with the protease inhibitor nirmatrelvir. First, we demonstrated that nirmatrelvir is equally effective against
both the wild-type and Omicron MP™ also in our system, according to literature 226, To that end, we
performed a nirmatrelvir dose response experiment and found comparable sensitivities to the inhibitor
(Figure S1).

VSV-MPro supports the main protease evolution of Omicron variant and variants with existing
resistance to escape nirmatrelvir

Following-up on our first study (35), a resistant variant of VSV-MP© (VSV-L167F-MPr), which was
previously identified in selection experiments, was used. This mutation was of particular interest, because
it was also found in resistance studies with authentic SARS-CoV-2 (18, 19, 21). Then, selection
experiments using both VSV-O-MP™ and VSV-L167F-MP© were performed (Fig. S2A). By passaging both
VSV-L167F-MP and VSV-O-MPr in the presence of suboptimal concentrations of nirmatrelvir, Mp©
mutations that were generated by the error-prone VSV polymerase were selected (36, 37). Samples from
the first two pilot experiments with VSV-L167F-MP© and VSV-O-MP®© were sequenced via Sanger
sequencing. Samples from subsequent selection experiments were deep-sequenced (Nanopore) (Fig. 1C)
on the same target region (Gcrerm-MP™-Lnterm) (Table S1). We obtained 29 distinct non-synonymous
mutations in double-, triple-, and quadruple mutated VSV-L167F-MP® variants and 47 distinct non-
synonymous single- and double-mutated VSV-O-MP™© variants, as schematically shown by the unrooted
phylogenetic tree (Fig. 1D).

To achieve multiple-mutated viruses, several interesting mutants were selected (Fig. 2A) according to
specific parameters for further selection experiments, where we increased the concentration of the inhibitor,
imposing stronger selection pressure at each passage. An overview on the MP°-genome location of the
generated mutations is displayed in Fig. S2B. Several variants were chosen for additional passaging in the
presence of nirmatrelvir according to following criteria. First, the proximity of the amino acid substitution
to the inhibitor (within 5 A of the catalytic site or near the catalytic site, within 5 — 10 A). Second, the
prevalence in the GISAID database of specific mutations (38-40). Especially for further testing and
modelling we considered substitutions whose count in the GISAID database was above 500 entries. Third,
the frequency of a specific mutation occurring in different samples independently.
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Figure 1. VSV-G-MP-L construct: molecular mechanism, sequencing workflow, and mutant lineage
phylogeny. (A) Schematic representation of SARS-CoV-2 genome, polyproteins ppla and pplab and
the VSV-based mutation selection tool. The InterGenic Region (IGR) between proteins G and L of
WT VSV was replaced with the SARS-CoV-2 MP Wuhan-1 sequence and its cognate autocleavage
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sites. MPr genome positions in SARS-CoV-2 and in VSV-MP™ are highlighted in light blue. (B) The
virus is fully dependent on MP™ for replication. Upon translation of G-MP*-L, two outcomes are
possible: 1. without an inhibitor, MP™ is free to process the polyprotein, and the transcription and
replication complexes can assemble; 2. with an inhibitor, MP™ is inhibited, the polyprotein is not
processed, and the virus is thus not able to replicate, unless it acquires a mutation rendering the MPre
less susceptible to the inhibitor. Then, the virus can replicate despite the inhibitor. (C) Selection
experiments workflow: cells are infected with VSV-MP™ and treated with a protease inhibitor
(nirmatrelvir), supernatants of cytopathic effect (CPE) positive wells are used to isolate viral RNA,
synthesize cDNA, PCR amplify the region of interest (MP™) that will be sequenced using Nanopore
sequencing. (D) Unrooted phylogenetic tree showing the relationship between original/parental
viruses and mutants. MP™ variants belonging to the same parental virus are coloured accordingly:
WT (black), F305L (sea green), L167F (blue), L167F /F305L (light sea green), L167F/P168S (light
blue), Omicron (orange), Omicron/A206T (red). For clarity, only the names of the mutants
investigated in this work are displayed. *Previously generated/investigated set of mutants in our first
study (35).

Some mutations combined more than one criterion. For example, some substitutions located in the
catalytic site were also frequent in the GISAID repository. However, residues located in this area were
generally more conserved compared to other coronavirus main proteases (Fig. S3) (41, 42), whereas
residues outside the catalytic site were more frequent in our selection experiments and more frequent in
GISAID. We found ten substitutions with more than 500 entries: T21l, P184S, K100N, T198l, F8L,
A234T, A194S, A210S, A266T, and P168S (Fig. 2B) and broke them down according to their appearance
in previous variants of concern (Table S2).

Despite not reaching 500 entries in GISAID, we also included the F305L mutation for further study. We
recently described F305L as an autocleavage site optimization mutant with similarities to T304l selected
in authentic SARS-CoV-2 resistance studies. All mutations occurred during selection experiments, except
for T21l and R222L. R222L arose during plaque purification of VSV-Omicron-R188W-Mpre. T211 appeared
during the generation of VSV-L167F/F305L/P184S from its plasmid (also referred to as “rescue” (43)).
This virus variant had to be produced from its plasmid, as it could not be plaque purified.

Based on the abovementioned parameters (proximity, GISAID frequency and/or independent occurrences),
we chose two VSV-L167F-MP™ variants, L167F/F305L and L167F/P168S for further selection
experiments. From VSV-O-MP, the variants O/A206T, O/R188W, O/Y54H, O/A210S, and O/A266T
were chosen for further study. Among these variants, we selected O/A206T for additional selection
experiments, as it occurred 17 times independently in VSV-O-MP selection experiments (Fig. 2C). To
confirm that this variant was not present in our VSV-Omicron-MP™® stocks already, Nanopore sequencing
was performed on them. We confirmed the absence of any VSV-O-MP© variant subpopulation to the
extent of sensitivity that Nanopore sequencing provides. Subsequently, the next round of selection
experiments with the variants L167F/F305L and L167F/P168S was carried out, in which we selected the
triple-mutant  variants  L167F/F305L/F8L, L167F/F305L/S144A, L167F/F305L/P184S, and
L167F/P168S/L57F. From VSV-O/A206T-MPr, the mutants O/A206T/F8L, O/A206T/K100N and
O/A206T/T198I were selected. To assess whether mutants generated from the selection experiments and
selected for further analyses were not detrimental for viral propagation, the Ultrafast Sample placement
on Existing tRee (UShER) tool was applied. Using UShER, we generated pedigrees of the most frequently
represented mutants in the GISAID database, T21I, T198l, P184S, K100N, and F8L (Fig. S4A,B). The
prevalence of these mutations before and after the Omicron surge (215t December 2021, up to 18th
January 2023) (Fig. S4C) was also examined. From this analysis we observed that MP™ variants bearing
these substitutions appear to not be harmful to the spread of the virus.
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Figure 2. MPro structure, Frequency of MP™ mutations in the GISAID database and generated
mutations. (A) 3D structure of the MP™ monomer A (PDB: 6M2Q). On the left side of the panel,
Mpro is sub-divided into domains. On the right side of the panel, the same MP™ structure is shown
highlighting residues that were found to be mutated after selection experiments: residues found
mutated in the WT background are coloured blue; mutants in the Omicron background orange. (B)
The total number of nsp5/MPro GISAID substitution entries for each mutation found after selection
experiments. Entries are coloured according to domains as displayed in panel A. WT and Omicron-
Mprre sequences are displayed in grey and orange, respectively. The dotted line at 500 represent the
cut-off value. (C) Heat map representing the number of a specific substitution’s independent
occurrences from different samples of VSV-MP™© selection experiments. Color-coded domains are
indicated as in A. The red arrow indicates the substitution A206T. Red dots indicate residues within
the catalytic site and grey dots indicate residues near the catalytic site.
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Mutations selected in VSV-G-Mpro-L confer resistance to nirmatrelvir & ensitrelvir

To quantify the resistance of the selected variants with VSV-MP© (Fig. S5A), the most interesting
mutations were introduced into two previously described live-cell-based protease activity assays, namely
3CL/MpPr-On and 3CL/MP-Off (44) (Fig. S5B,C). These two protease activity measurement tools rely
on replication-incompetent VSV-dsRed variants missing either the phosphoprotein (P) or the polymerase
(L), which were replaced with the red fluorescent protein dsRed. Briefly, cells were transfected either with
a plasmid encoding the P protein modified with an INTRAmolecular-MP™-tag (Pnterm:MP™:Pcierm) or an
INTERmolecular fusion protein made of the green fluorescent protein, MP© and L (GFP-MP™-L). The
cells were then infected with VSV-AP or VSV-AL, respectively. The Pnterm:MP™©:Pcterm intramolecular tag
in combination with VSV-AP-dsRed constitutes a gain-of-signal assay also called “MP°-On", whereas the
artificial polyprotein (or fusion protein) GFP-MP™-L in combination with VSV-AL-dsRed constitutes a
loss-of-signal assay also called “MPpro-Off".

First, the MP-On system was used to quantify the resistance phenotype of four triple mutants that arose
from the WT protease: L167F/F305L/F8L, L167F/P168S/L57F, L167F/F305L/P184S, and
L167F/F305L/S144A, against nirmatrelvir and ensitrelvir.

We also included the related single and double mutants to investigate the contribution of each mutation
to the resistance phenotype. Single substitutions conferred low resistance to protease inhibitors, but the
resistance increased by combining them. Mutations that arose during selection experiments with the
Omicron protease (P132H) were also first characterized with this gain-of-signal system. In Fig. S6, non-
linear regression analyses of MP™°-On dose-response experiments are shown. However, there were
limitations in quantifying the resistance of some WT-related combinations using the gain-of-signal assay.
This was largely observed in multiple mutant variants, where the gain in signal was completely suppressed
by the high resistance of these protease variants and |Cso values could not be quantified. Since inhibitor
concentrations of 100 pM or higher were cytotoxic, thereby interfering with signal generation, we did not
increase the inhibitor concentration further.

Instead, to attain better resistance quantification, we cloned and tested the same set of WT MP™ mutations
in the more sensitive loss-of-signal assay (Fig. S5B). As expected, while single mutants had a mild effect
on MPr susceptibility to nirmatrelvir and ensitrelvir, triple mutants showed increased resistance compared
to single mutants (Fig. S7). Initially, the most prominent differences between Pls were observed for
L167F/F305L/F8L with 18.4-fold and 40.5-fold, and L167F/P168S/L57F, with 25.8-fold changes and
34.6-fold changes for nirmatrelvir and ensitrelvir (Fig. 3A and Fig. S7), respectively. When T211 was added
to L167F/F305L/P184S, the resistance phenotype substantially increased, with 49.0- and 35.5-fold
changes in the ICso values of nirmatrelvir and ensitrelvir, respectively (Fig. 3A and Fig. S8A). Mpro-
0/A206T-Off, MPe-0/A206T /K100N-Off, MPro-0/A206T /T1981-Off, Me-0/A206T /F8L-Off and Mpro-
O/Y54H/F305L-Off showed ICsp fold-changes of 27.3, 26.0, 75, 100.2 and 11.6, respectively. Moreover,
we observed differences between responses against nirmatrelvir and ensitrelvir, in particular for Mpre-
O/Y54H/F305L-Off, which was more resistant against ensitrelvir with an 1Cso fold-change of 20.1 (Fig.
3B and Fig. S8B).

VSV-MPr selected mutations are also resistant in a non-infectious SARS-CoV-2 replicon

To support the resistance phenotypes that have been observed in the VSV-based systems, we used a
previously described SARS-CoV-2 replicon assay (45). By removing essential genes from SARS-CoV-2, the
replicon allows testing authentic viral phenotypes, such as responses to inhibitors or the effect of mutations,
without the risk of genetically altering a dangerous pathogen (Fig. 4A).

The mutations selected by VSV-MP© also conferred resistance in the SARS-CoV-2 replicon against
nirmatrelvir and ensitrelvir (Fig. 4B,C). Overall, the resistance phenotypes against nirmatrelvir in the VSV-
based system (MP©-Off) and the replicon correlated more than against ensitrelvir (Fig. 4D). Although
the patterns of resistance against nirmatrelvir were amplified in the replicon, they were in general similar
with the notable exception of S144A (Fig. 4E). Likewise, S144A displayed a stronger phenotype against
ensitrelvir in the replicon compared to VSV (Fig. 4F).
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Figure 3. Resistance data and viral replication kinetics of WT, Omicron and mutant main proteases
(A) ICs0 fold-changes of nirmatrelvir and ensitrelvir tested against WT-derived mutants. Fold-
changes were calculated by dividing the ICsp of each mutant with the ICsp of the WT protease. Data
is displayed as mean of n = 2 / n = 3 / n = 4 independent experiments. (B) ICs¢ fold-changes of
nirmatrelvir and ensitrelvir tested against WT-derived mutants. Fold-changes are calculated by
dividing the ICsp of each mutant with the ICsp of the Omicron protease. Data is displayed as mean
of n = 2 / n = 3 independent experiments. (C) Bar plot showing the TMjso (hours post infection) of
WT and derived mutants. Data is displayed as mean + SD of n = 2 to n = 5 independent experiments
(with the exception for WT with n = 8, used as internal control in each experiment). Each kinetic
experiment comprised n = 6 / n = 8 or n = 12 technical replicates, (D) Bar plot showing the TMso
(hours post infection) of Omicron and derived mutants. Data is displayed as mean + SD of n = 2 /
n = 3independent experiments (with the exception for Omicron with n = 5). Each kinetic experiment
comprised n = 6 / n = 8 or n = 12 technical replicates. (E) Scatter plot showing the relationship
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between acquired resistance and the change in replication kinetic. Mean TMso values and mean 1Csg
fold-changes are plotted on the x- and the y-axis, respectively (WT, grey; Omicron, orange; circles,
nirmatrelvir; squares, ensitrelvir).

Purification and resistance characterization of MP© variants through dose response
experiments via a fluorescent-based biochemical assay

To further support our findings, recombinant proteases of several selected mutants (WT, L57F,
L167F/P168S, L167F/P168S/L57F and Omicron, O/A206T, O/A206T/T198l) were produced as shown
in Fig. S10A,B. The activity of the purified WT proteases was tested with the recombinant proteases and
a reporter bearing the nsp4/5 or N-terminal MP™ auto-cleavage sequence of the SARS-CoV-2 polyprotein
(Fig. S10C). The amount of the proteolytically processed fragment of the reporter in a western blot
decreased with adding up mutations (Fig. S10D). Additionally, we tested the WT and catalytically inactive
Mpre C145A with nirmatrelvir and ensitrelvir in a fluorescence cleavage-based assay, where the activity of
the purified enzyme leads to an increased release of fluorescent 7-Amino-4-Methylcoumarin (AMC),
whereas inhibition blunts it (Fig. SI0E). We also applied an HPLC-based substrate cleavage assay that
facilitated higher substrate doses necessary for kinetic experiments (Fig. S10F). With the AMC-based
assay, we observed increasing resistance phenotypes of Wuhan-1 single to triple mutants against
nirmatrelvir and ensitrelvir (Fig. S11A,B, Table 1). Omicron WT and derived mutants did not show a
clear resistance in this assay (Fig. S11C,D). Kinetics performed with the HPLC-based assay revealed that
Wuhan-1 and Omicron WT processed more fluorogenic substrate than its mutants (Fig. S11E,F).
Accordingly, the ‘net output’ as determined by the ratio of kcat/Km of Wuhan-1 and Omicron WTs was
higher than their respective mutants (Table 1).

Table 1. Purified MP* dose response and kinetic data.

Protease FC FC Vmax Km Keat Keat/ K
Nir Ens  [uM*min-l] [uM] [min-] [AM-1*¥min-1]
Wildtype (WT) 1 1 74.4 329.8 37.2 0.1128
L57F 1.8 4.1 243 208.9 12.2 0.0283
L167F/P168S 94 9.8 76.5 528.1 38.2 0.0724
L167F/P168S/L57F 256 699 24 648.7 12 0.0185
Omicron 1 1 426.6 356.8 213.3 0.5978
O/A206T 2 1.3 2526 2467 252.6 0.1024
O/A206T/T198I 23 1.6 1966 1885 196.6 0.1043
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Figure 4. SARS-CoV-2 replicon dose responses of WT and mutants against nirmatrelvir (A)
Schematic view of the SARS-CoV-2 genome and the replicon system that was generated. Spike and
E and M proteins were exchanged with GFP/LUC and NEO (B) Dose responses experiments of
nirmatrelvir (left) and ensitrelvir (right) against MP* mutants tested with the replicon system. Data
is presented as + SEM of n = 3 technical replicates. (C) SARS-CoV-2 replicon ICso fold-changes
compared to WT. (D) Linear regression analysis of resistance data generated by performing Mpr-Off
and SARS-CoV-2 replicon assays. MP-Off ICsp fold-changes are plotted in the x-axis and replicon
ICs0 fold-changes are plotted on the y-axis. Pearson’s correlation coefficients are displayed below the
plots (nirmatrelvir and ensitrelvir grouped: rarr= 0.52; nirmatrelvir only: rnir = 0.80, ensitrelvir
only: rens = 0.20). Overall, the two systems have a moderate correlation. A strong correlation was
found for nirmatrelvir, whereas a moderate correlation was seen for ensitrelvir. Bar plot of the
comparison between VSV-based assay to replicon resistance phenotypes (ICso fold changes) of
nirmatrelvir (E) and ensitrelvir (F).
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Computational analyses reveal destabilization of protease-inhibitor complex formation and
provide insights on protease stability and dimerization affinity upon mutation

To provide potential mechanisms of resistance, we performed molecular modelling with Bioluminate (46—
49). This software uses already existing structural data to calculate the impact of a mutation on the
stability of a specific protein conformation. The software returned models of mutant structures and delta
stability values (A _Stability in kcal/mol), indicating whether a mutation stabilizes (negative values) or
destabilizes (positive values) the investigated conformation. Many of the investigated mutations returned
positive values, indicating destabilization of the nirmatrelvir-binding conformation in the mutant WT and
Omicron-Mpr structures, (PDB entries 8DZ2 (50) and 7TLL (51)) (Fig. S11G). The destabilization of
the overall structure by mutations correlated with the destabilization of the interaction between MP™ and
the inhibitor nirmatrelvir as well as MP™ and one of its natural substrates nsp5/6, suggesting that the
inhibitor and natural substrate preferably bind to a certain, stable confirmation of the enzyme.
Nirmatrelvir is a covalent peptidomimetic inhibitor, whereas ensitrelvir a non-covalent, non-peptide
inhibitor. Although they both bind to the active site of MP™, they locate to different subsites (N — S1, S2
and S4; E — S1, S2 and S1') and these distinct binding modes are affected differently by mutations such
as L167F (Fig. 5A) (50) (52). Indeed, when modelling the mutant L167F, we obtained a higher
A Stability value for ensitrelvir (+235.7 kcal/mol) than for nirmatrelvir (+61.9 kcal/mol). A structurally
related variant is the triple mutant L167F/F305L/F8L, which we investigated in more detail, as both N-
and C-terminal regions are mutated (F8L and F305L, respectively). The folding of MP™ causes the residues
F8 and F305 to be close one another, interacting with a pi-pi T-stack. In our MP™ assays, mutations
F305L and F8L alone did not confer resistance (Fig. S6,7), and in our previous work the F305L mutant
showed an increase in the replication kinetics (35). We observed a similar stability for F8L (41.09
kcal/mol) and an increase in stability for F305L (-5.7 kcal/mol). To investigate the effect of F305L on
MPr in more detail, we performed dimerization affinity prediction calculations using Osprey 3.3 (53). This
program exploits rotamers of residue side chains to provide an estimation of binding affinity between two
interaction partners, with higher Logio K* scores indicating stronger and lower Logio K* scores weaker
binding. An increase in the binding affinity of +9.3 in the F305L mutant was calculated compared to the
WT, suggesting an increase of MP™ dimerization affinity and formation of the mature dimer. F8L alone,
conversely, did not influence dimerization affinity (Fig. S11H). Upon mutation to L305, the shorter leucine
side chain is located further away from the backbone of 1152 on protomer A and S123 on protomer B,
potentially reducing the electronic repulsion between protomers A and B (Fig. 5B). In addition, upon
mutation of F8 to L8 and F305 to L305, the previously mentioned T-stack interaction is lost. The
simultaneous presence of mutations F8L and F305L likely causes an increase in C-terminus flexibility that
could compete with the ligand for the binding site by interfering with its entry or acting as a ‘wiper’ by
occasionally moving towards the active site (Fig. 5C, Movie S6).

A comparison of recent MP™ crystal structures harboring mutations in the domain II-lll linker (A193P,
E166V, L167F) and the Omicron signature mutation (P132H) revealed high structural variation in this
region (Fig. 5D). These conformational changes seem to allosterically affect the S1', S2 and S4 pockets,
in which several of the mutants selected in this study are located. Mutations P168S, P184S from the triple
and quadruple variants WT-L167F/P168S/L57F and WT-L167F/F305L/P184S/(T21l) as well as T198l
and A206T from O-A206T /T198I are located in or near the domain II-1ll linker, affecting the conformation
of the linker and adjacent binding pockets.

Triple mutant L167F/P168S/L57F was mildly more resistant to ensitrelvir than nirmatrelvir. Structural
modelling as well as the proximity of F57 to the S1' pocket suggest that L57F destabilizes ensitrelvir
binding preferentially. Stability calculations on L167F/P168S/L57F resulted in a large destabilization for
nirmatrelvir (235.7 kcal/mol) and even stronger destabilization of ensitrelvir (417.4 kcal/mol).

O/A206T was frequently observed in our selection experiments, prompting us to investigate it in detail.
The larger, polar side chain of the threonine mutant is not compatible with the hydrophobic local
environment, sterically clashing with the residues nearby and requiring conformational changes to
accommodate the side chain of threonine, affecting both domain Ill and the domain II-1ll linker (residues
185-200) (Fig. 5D) (54).

In addition to their impact on drug sensitivity, some mutations showed changes of their TMso (Fig. 3C,D),
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indicating impaired protease activity. Therefore, we performed overall protein stability calculations of
several interesting mutants. Thus, we predicted a moderate to high decrease of protein stability for most
mutated protein conformations, with the exception of F305L (increase), F8L (comparable/mild decrease)
and T21I (nirmatrelvir: mild increase; ensitrelvir, mild decrease) (Table S3).

A B Wildtype (WT) L1BTFIF30SLIFBL
Nirmatrelvir L167F: 8H5F Ensitrelvir WT: 8DZ0
Nirmatrelvir WT: 8DZ2

"
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Figure 5. Structural analysis of mutants. (A) Superimposition of nirmatrelvir-WT (8DZ0), ensitrelvir-
WT (8DZ2) and nirmatrelvir-L167F bound (8H5F) crystal structures. L167F is labeled in light brown
and the two L167F-affected catalytic subpockets are highlighted with dotted-boxes (B) Bar plots
showing the percentage of frames against C-term/C-term distance or C-term/P1 distance for WT
(left) and for the L167F /F305L/F8L mutant (right). (C) The F8 and F305 aromatic side chains (dark
violet) form a pi-pi T-stack and F8 in addition interacts with N151, 1152, and R298 (green sticks,
PDB entry TALI (57)). F8 is located within the homodimer interface, with chains A and B colored
light violet and blue, respectively. The conjugated p-orbitals of the F305 side chain are located nearby
of the 1152 and S123 backbone oxygen atoms, potentially leading to electronic repulsion. In the F305L
mutant, the distance of the leucine side chain (yellow sticks) to these oxygen atoms is considerably
increased. (D) Superimposition of recent MP and Omicron crystal structures harboring different
mutations (A193P (PDB entry: 8H57 (52)), or near (E166V (PDB entry: 8H5P (52)), L167F (PDB
entry: 8H5F (52)) the domain II-IIT linker loop, and the Omicron signature mutation (P132H (PDB
entry: 7TLL (51)).

To investigate the protease-ligand complex stability while considering protein dynamic effects, we
performed Thermal Titration Molecular Dynamics (TTMD) (58) simulations. These simulations
return the so-called MS coefficient, which is a measure for how long the protein-ligand complex is
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stably formed. This measure facilitates a qualitative comparison of the different protein-ligand
complex stabilities, for example, nirmatrelvir bound to different mutant MP™ variants.

Five catalytic site mutants (Fig. 2A, Fig. 3A) that arose from the WT-L167F-MP were selected for this
modelling and compared to WT MPr-nirmatrelvir. Three MPr-ensitrelvir complexes were modelled (Table
2). Each TTMD simulation was repeated five times and an average calculated from these in-silico
replicates. To illustrate the stabilities of the different complexes, we ranked the mutants according to MS
coefficients, showing that the nirmatrelvi-WT complex is the most stable, followed by
L167F/F305L/S144A > L167F/F305L/P184S/T21l > L167F/F305L/F8L > L167F/F305L/P184S and
> L167F/P168S/L57F. TTMD simulations were also performed on ensitrelvir-MP™ complexes, were again
we observed that the ensitrelvir-WT complex is the most stable, followed by L167F/P168S/L57F >
L167F/F305L/P184S > L167F/F305L/S144A.

Table 2. MS coefficients of WT and mutants. MS coefficients were determined for each TTMD
replicate. The average MS value was calculated from the replicates. Stabilities were ranked
increasingly from highest (1), which was the Wuhan-1 WT.

rank Average RUN1 RUN2 RUN3 RUN4 RUNS5

Nirmatrelvir

Wildtype (WT) 1 0.0038 0.0029  0.0028 0.0048  0.0037  0.0047
L167F/P168S/L57F 6 0.0065 0.0055  0.0069 0.0111  0.0038  0.0045
L167F/F305L/S144A 2 0.0043 0.0029  0.0044 0.0052  0.0042  0.0047
L167F/F305L/P184S 5 0.0050 0.0049 0.0071  0.0050  0.0054  0.0026
L167F/F305L/F8L 4 0.0049 0.0046  0.0041 0.0038 0.0039  0.0083
L167F/F305L/P184S/T211 3 0.0045 0.0040  0.0044 0.0052 0.0049  0.0038
Ensitrelvir

Wildtype (WT) 1 0.0029 0.0024  0.0019 0.0029 0.0026  0.0043
L167F/P168S/L57F 2 0.0033 0.0033  0.0028 0.0046  0.0023  0.0033
L167F/F305L/P184S 3 0.0038 0.0037  0.0041  0.0040  0.004 0.0032
L167F/F305L/S144A 4 0.0041 0.0061  0.0033  0.0047  0.0037  0.0027

TTMD simulations generate further useful metrics that can be visualized, most importantly ‘rainbow
plots’, root mean square deviation (RMSD) plots, titration profiles, interaction energy plots and inhibitor-
protease structures. Interaction energy plots and inhibitor-protease structures of Wuhan-1 WT MP™ show
that the interaction pattern (per-residue interaction energy) changes and the active site constantly
reshapes throughout the simulation (Fig. 6A, Movie S1). The active site reshaping is particularly strong
in the most resistant mutant structures L167F/F305L/P184S/T21l and L167F/P168S/L57F in the area
affected by the mutations (Fig. 6B-F, Movies S2-S5). As displayed in the rainbow and root mean square
deviation (RMSD) plots as well as the titration profile of Wuhan-1 WT MP™©, the interaction with
nirmatrelvir became unstable at 80 ns, 375 K (Fig. S12A). These metrics help to assess the dynamic
instability of mutated MP™ variants relative to the WT. In mutant L167F/F305L/P184S/T21l the TTMD
indicated a stabilizing effect of the T21l mutation (Fig. 6B, Movie S5). L167F/P168S/L57F led to a loss
of interaction with the backbone of crucial catalytic site residues (164-166) by altering the floor of the
binding site, causing a drag effect on nirmatrelvir (Fig. 6C and Movie S1). The resistance mechanism of
the L167F/F305L/S144A mutant combines an increased instability of the oxyanion loop (residues 138-
145) caused by S144A. This potentially increases plasticity of the floor of the binding site due to the
L167F mutation, which finally leads to the loss of the hydrogen bond between nirmatrelvir and H163,
subsequently resulting in the loss of interaction with residue Q189 (61) (Fig. S11B and Movie S2).
L167F/F305L/F8L has only one mutation within the catalytic site (L167F) and two other ones located at
the dimeric interface, F8L and F305L (Fig. S11D). As mentioned above, the C-terminus is freer to move
in the available space, potentially competing with the ligand in a ‘wiper'-like motion (Movie S6). Ensitrelvir
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binds to a different subsite of the catalytic pocket of MP©, which is reflected in its interaction energy plot
(Fig. 6D). In L167F /F305L/P184S, the P184S mutation enhances the plasticity of the loop spanning from
residue S184 to Q192, thereby reducing the ligand-pocket shape complementarity, which is essential for
both nirmatrelvir and ensitrelvir positioning. The higher plasticity of the loop affects the stability and the
number of water molecules hosted between domains 1-1I, including the stable water commonly
interacting and connecting H164, H41, and D187 residues, a water molecule that holds not only a
structural role but has also been described as a third member of the catalytic dyad (Fig. 6E and Movie
S3). The mutations L167F/P168S/L57F and L167F/F305L/S144A reshaped the catalytic pocket and
strongly destabilized ensitrelvir interactions in the S2 pocket, leading to a loss of the hydrogen bond with
E166 and the m-m stacking with H41 (Fig. 6E, Fig. S12D).

Discussion

In this study, we used a previously developed, safe, VSV-based tool to select for protease inhibitor
resistance mutations. We demonstrated the capability of our selection tool to achieve SARS-CoV-2 Mpro
variants with multiple substitutions and potential Omicron-related mutants relevant to the current
pandemic situation. We confirmed the resistance of several of our mutations in gold-standard biochemical
and SARS-CoV-2 replicon assays. Lastly, we provide comprehensive static and dynamic modelling to
suggest resistance mechanisms.

Focus on specific mutants

First, we generated a large number of mutants, which we subsequently filtered on a three-parameter basis
for further characterization: proximity to the inhibitor, prevalence in the GISAID database, and frequency
of a specific mutation in our selection experiments. Substitutions that appeared close to the inhibitor are
likely to yield a meaningful, structural explanations that can then inform structural derivatization of
inhibitors. Highly frequent substitutions in GISAID are relevant because they occur in viruses that can
efficiently propagate in humans and therefore should not be detrimental to the enzymatic activity. Lastly,
mutations that occur frequently in selection experiments could be favoured routes of evolution for the Mpre
enzyme (62) and thus the mechanism might be of interest.
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Figure 6. Thermal Titration Molecular Dynamics (TTMD) experiments of nirmatrelvir and ensitrelvir
Mpro - complexes. TTMD simulation data of the nirmatrelvir-WT-MP© (A), nirmatrelvir-
L167F /F305L/P184S/T211-MPr (B) and nirmatrelvir- L167F /P168S/L57F-MP (C) complexes. Top:
overlay of MP™ structure at the beginning (violet/purple) and at the end of the simulation (light
brown/orange); bottom: heat map of interaction energies between ligand and surrounding residues.
TTMD simulation data of the ensitrelvir-WT-MP (D), ensitrelvir- L167F/F305L/P184S-Mpro (E)
and ensitrelvir- L167F/P168S/L57F-MP (F) complexes. Top: overlay of MP® structure at the
beginning (violet/purple) and at the end of the simulation (light brown/orange); bottom: heat map
of interaction energies between ligand and surrounding residues. Mutated residues and residues that
are mentioned in the results/discussion are labelled in green and grey, respectively.

Wuhan-1 MPr resistance mutations

Based on the VSV-L167F-MPr variant, additional substitutions close to the inhibitor were selected, namely
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S144A, P184S and L57F. In some of those mutants, we observed differences in the susceptibility to the
two protease inhibitors nirmatrelvir and ensitrelvir. Interestingly, the mutant L167F/F305L/F8L
demonstrated a considerably greater degree of resistance to ensitrelvir than to nirmatrelvir. Both
L167F/F305L/P184S and L167F/F305L/L57F showed a similar trend. L167F/P168S/S144A had a
comparable resistance profile against both protease inhibitors. Mutations of S144 can simultaneously cause
an increase in drug resistance and a decrease in the catalytic activity of the protease. Consistently, in our
kinetic experiments and in the literature (18) this mutation impaired replication.

As mentioned above, the second filtering parameter we applied was the absolute frequency of a specific
nsp5/MPr substitution in the GISAID database. Residues in catalytic sites tend to be more conserved (41,
42), and we expected them to not be frequently represented. Indeed, most high-frequent mutants were
observed in positions further away from the active pocket. P184S is an exception as it is frequently
represented (4713 entries, as of 01/06/2023) and is near the catalytic pocket. During the rescue
(generation of a virus from a plasmid) of L167F/F305L/P184S, one sample had acquired an additional
mutation, namely T21l. The resistance profile of L167F/F305L/P184S changed from more resistant
against ensitrelvir to stronger resistance against nirmatrelvir upon introduction of the T21l mutation.
However, T21I alone neither conferred resistance against nirmatrelvir nor ensitrelvir in both our gain- and
loss-of-signal assays. Consistently, it has been reported in the literature as a compensatory mutation for
the fitness loss caused by other resistance mutations, such as E166V (18). T21l could support or
compensate the increased plasticity of L167F/F305L/P184S we found in TTMD simulations by an
allosteric, re-stabilizing effect (25, 63).

Taken together, it seems that L167F, P168S, S144A and P184S mutations deform the binding pocket
and loosen the electrostatic interactions between nirmatrelvir and the protease. This observation indicates
that not only mutations of residues directly interacting with the inhibitor can decrease susceptibility, but
mutations of residues within the catalytic pocket can trigger conformational changes in the enzymatic
cleft that impact in the inhibitor-protease complex formation as well, a finding that is also supported by
recent structural data (52).

The triple mutants L167F/F305L/F8L and L167F/P168S/L57F are among our most resistant MPr
variants and showed the most marked difference in susceptibility between the two inhibitors nirmatrelvir
and ensitrelvir. The residues F305 and F8 are in close contact with each other in the folded protein and
this is expected to be a stabilizing interaction for the dimer interface. However, other residues are viable
at this position, for example leucine (L) has been shown to be the preferred residue instead of phenylalanine
(F) (42). In fact, we calculated an increase in the dimerization affinity from F305 to L305, suggesting an
improved formation of the fully functional dimeric protein upon mutation. We hypothesize that the
simultaneous mutation of both F305 and F8 residues into leucines results in a modified interaction between
the C-term of the first protomer and the N-term of the second, increasing the conformational degree of
freedom of the C-term, thereby leading to a “wiper" mechanism that could compete with the inhibitor for
the catalytic site.

Omicron-MPpr resistance mutations

The Omicron-MP™ sequence has a signature substitution at amino acid position 132, exchanging proline
for histidine (P132H). This mutation has been shown to not confer resistance to approved protease
inhibitors, such as nirmatrelvir and ensitrelvir (30-33), in agreement with our findings, but altered thermal
stability (34). To reduce biosafety risks, previous studies based on authentic SARS-CoV-2 to select
resistance mutations have used early variants of SARS-CoV-2 (18, 19, 21). Protease inhibitor resistant
mutants derived from such early variants would unlikely be able to compete with Omicron variants if
released accidentally. This caveat does not apply to mutation selection performed with our VSV-Mpre
system. Consequently, we selected protease inhibitor resistant Omicron MP mutations within and outside
the catalytic site. The catalytic site mutant O/Y54H, which occurred 10 times independently, and
O/R188W showed only mild resistance alone as well as in combination with R222L. O/Y54H/F305L
showed an increased, selective resistance against ensitrelvir, with a 20-fold-change of the ICsg in the loss-
of-signal assay (MP-Off). The mutants K100N, T198l, A210S, and A266T were frequent in GISAID,
therefore we picked them for resistance characterization. Double mutants O/A206T/F8L and
O/A206T/T198I showed strong selective resistance against nirmatrelvir (up to 100-fold-change), while
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being less effective for ensitrelvir. We speculate that in O/A206T/F8L, the contribution of F8L to
resistance is the same as in mutant L167F/F305L/F8L (“wiper” effect). O/A206T and O/A206T/K100N
also showed considerable resistance (726-fold), and the computed destabilization correlated with
resistance.

Most Omicron and WT substitutions, however, occurred in the amino acid sequence that constitutes
domain Il (residues 200-306) of MP™. We chose to characterize the A206T mutation due to the unusually
high frequency in the selected VSV-O-MP™ pool of mutants. A206T only fits our third filtering parameter:
frequent selection in our experiments, as it is far from the catalytic site and scarcely represented in the
GISAID database. Likewise, some mutations may confer an advantage for viral replication only in the
presence of a protease inhibitor but could be unfavourable in an untreated individual. In a study on SARS-
CoV MPr polyprotein maturation (64), the authors proposed that despite the presence of deleterious
mutations that hinder mature dimerization, MP™ retains its ability to cleave its N-terminal cleavage site
owing to a weak, immature dimerization between two polyprotein monomers (1 and 2) catalysed by
domain Il (1) — domain Ill (2) interaction. We speculate that mutations of residues between 200 and 306,
most frequently found in VSV-O-MP©, positively contribute to this interaction. As with A206T, we
hypothesize that destabilization of the mature MP™® to which nirmatrelvir binds, is the resistance
mechanism.

Viral replication kinetics

In kinetic studies, we observed that the gain in signal was slower for some mutants, which might be an
indirect read-out of MP™ activity. The L167F/F305L/S144A mutant was among the slowest variants and
the time to reach the plateau was 1.75 times longer than for the WT MPr. However, mutations that were
described as compensatory in the literature, such as T21l (18), could partially reverse the kinetic
attenuation. T21l appeared after generating VSV-L167F-F305L-P184S-MP from its plasmid (also called
“rescue”), and R222L after plaque purification of VSV-O-R188W-Mpre. T21l and R222L are likely
compensating for substitutions that occur in the catalytic site. For example, T21l seems to compensate
for the loss of replicative fitness of the previously described, highly resistant MP-E166V variant (18).
Furthermore, T21l is a very frequently represented substitution in the GISAID database (21248 entries,
15t of June 2023). From mutations generated in the VSV-O-MPr variant, viral replication kinetics exhibited
a different behaviour in comparison to VSV-L167F-MP™ variants. Overall, mutations related to the
Omicron-MPr did not decrease the viral replication rate to the same extent as in the L167F-MPr. The
slowest variant was O/A206T /F8L, with an increase of 16 hours to reach the plateau. As expected, most
mutations that have been computationally predicted to decrease protease stability indeed had a negative
impact on viral replication, with higher TMsg values related to MP™ variants bearing such mutations.
Furthermore, they were less represented in isolates in the GISAID repository (1 or 2 digit entries), whereas
those that had similar TMsg values compared to the WT such i.e. F8L, P184S or K100N and T198lI alone,
were more frequent (3 or 4 digit entries). These correlations support the validity of computational
predictions

Phenotype validation with SARS-CoV-2 replicons and gold-standard enzymatic assays

To validate resistance phenotypes in independent assay systems, we used a previously described SARS-
CoV-2 replicon (45) and found that the resistances between the two assay systems correlated. A notable
exception was the mutation S144A, of which the resistance was underestimated by the VSV-based assays.
We suspect that this phenotype is caused by the particularly strong attenuation of this mutant MP™ that
we observed in the VSV-based kinetic Off assay. Likewise, we could observe that introducing selected
mutations into purified MP™ enzymes increases the resistance, while at the same time reducing enzymatic
fitness, as was also described before.

Caveats of the study

Chimeric VSV-Spike, where the VSV glycoprotein G was replaced by the SARS-CoV-2 spike, has been
used previously to predict antibody escape mutations (65-67). Before that, VSV was shown many times

to be promiscuous in the context of its glycoprotein, which could easily be replaced for example with those
of Ebola and Marburg viruses (EBOV, MARV) (68) or lymphocytic choriomeningitis virus (LCMV) (69).
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To replace one of the VSV intergenic regions with a protease and thereby use VSV as a protease mutation
tool, however, was a previously untapped area of research. Therefore, our resulting mutations need careful
evaluation. We observed many mutations in chimeric VSV-MP™®, some of which aligned exactly with those
identified in SARS-CoV-2 gain-of-function experiments reported in the literature (18, 19), whereas others
were completely different. One explanation may be the artificial system used in our experiments, which
uses cis-cleavage, the only requirement for MP®© processing in VSV-MP© replication. In contrast, in
experiments with authentic SARS-CoV-2, both cis- and trans-cleavage must be preserved in the
development of resistance mutations. As described above, during auto-cleavage there is an intermediate
dimerization state, different from the mature protease. This intermediate state may require specific
interactions that differ from those involved in the mature dimer. Another reason is the difference between
the natural polyprotein of coronaviruses and the artificial G-MPr°-L polyprotein expressed by chimeric VSV-
Mpre. The observed divergence between SARS-CoV-2 and VSV may also be attributed to the differences
between two viral polymerases: SARS-CoV-2 RNA-dependent RNA polymerase (RdRp) and VSV
polymerase L. It has been reported in the literature that the SARS-CoV-2 polymerase can proofread (70),
whereas VSV lacks such mechanisms (37), leading to a much higher error rate of 1/10,000 nucleotides,
as described previously (36). However, this could also be seen as an advantage as resistance mutations
may develop faster in the error prone VSV-MP replication system. Lastly, VSVs replication cycle is much
faster than that of SARS-CoV-2, in part owed to the simpler structure of the VSV genome and replication
strategy (REFs). Therefore, VSV proteins are expressed faster and in greater number in a shorter time,
which accounts for the higher amounts of MP™ inhibitor needed when treating VSV-MP™ vs. SARS-CoV-
2.

Materials and Methods
Study Design

The overall rationale of the study was to use a previously developed mutation selection tool based on VSV
to select and characterize a comprehensive collection of SARS-CoV-2 main protease inhibitor escape
mutants. The study was performed on cell lines, in biochemical settings and in-silico, and no animal
husbandry or human participants were involved. Human cell lines with replicating BSL-1 and -2 viruses
were treated with protease inhibitors to observe resistance phenotypes in appropriate facilities. Viral titres
were determined using TCID50. Measurement readouts were fluorescence-based, detected by
ELISpot/FluoroSpot and multi-well readers. Autofluorescent fibers were excluded automatically and
manually from spot counting in the ELISpot readout. Experiments were neither blinded nor randomly
distributed to experimenters. We chose sample sizes empirically based on experience from former studies.
At least two and up to four biologically independent replicates were performed per condition. Biologically
independent meant distinct wells with the same condition, not multiple measurements of the same wells
(technical replicates). Resistance phenotypes were reproduced at least twice, usually more often and in
different combinations. Representative measurements were chosen to compile graphs and figures.

Cloning strategies

The chimeric VSV variant with MP™ instead of the intergenic region between G and L was cloned as
previously described (35). VSV-G-MPr-L carrying the Omicron signature mutation, P132H (VSV-0O-Mpr)
was cloned as follows: N-terminal fragment comprising part of G and MP™ was amplified by PCR using
primers 33n-before-Kpnl-for (Q195) and Omicron rev VSV-G-MP™-L as a template, and the C-terminal
fragment comprising the remaining part of MP©and part of L was amplified by PCR using primers Omicron
for and 33n-after-Hpal-rev (Q176). N- and C-terminal fragments were ligated together by Gibson assembly
in a VSV-backbone vector digested with Kpnl and Hpal. VSV-G-MPr-L L167F (VSV-L167F-MP™) was
plaque purified as it was generated in a previous work.

Mpo-Off and -On point mutants were generated by point directed mutagenesis on parental plasmids
(GenBank accession codes: MP-Off: ON262565; MP Po-On: ON262564) with mutation primers and the
Herculase 1l Fusion DNA Polymerase. Herculase is a polymerase that can overcome difficult (GC-rich)
sequences and amplify large plasmids. However, primers could not be chosen for optimal design because
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the mutation site was fixed. For this reason, this simple point directed mutagenesis did not work for each
construct. For MP©-On and MP™-Off plasmids, where point-directed mutagenesis did not work, we used
mutagenic Gibson assembly as previously described (35). Cloning primers used in this study are shown in
Table S3.

Cell lines

BHK-21 cells (American Type Culture Collection, ATCC) were cultured in Glasgow Minimum Essential
Medium (GMEM) (Lonza) supplemented with 10 % fetal calf serum (FCS), 5 % tryptose phosphate broth,
and 100 units/ml penicillin and 0.1 mg/ml streptomycin (P/S) (Gibco). 293T cells (293tsA1609neo,
ATCC), and 293-VSV (293 expressing N, P-GFP and L of VSV) (73) were cultured in Dulbecco’s Modified
Eagle Medium (DMEM) supplemented with 10 % FCS, P/S, 2 % glutamine, 1x sodium pyruvate and 1x
non-essential amino acids (Gibco). Vero E6 (ATCC CRL-1586) was cultured in DMEM supplemented with
5 % FCS (VWR) and 1 % penicillin—streptomycin—glutamine (PSG) solution (Corning). Huh-7 cells
(ATCC) were cultured in DMEM supplemented with 10 % FCS .

Virus recovery (‘rescue’)

VSV-G-MPo-L WT and a few mutants were rescued in 293T cells by CaPOs transfection of whole-genome
VSV plasmids together with T7-polymerase, N-, P-, M-, G- and L expression plasmids as helper plasmids
(43). Briefly, genome and helper plasmids were transfected into 293T in the presence of 10 uM chloroquine
to avoid lysosomal DNA degradation. After 6 to 16 hours, chloroquine was removed, and cells were
cultured until cytopathic effects occurred. M and G proteins were used as helper plasmids; although these
proteins are optional in the recovery of VSV, they were chosen here as a precaution to support the rescue
of a potentially attenuated virus variant. After the rescue, viruses were passaged on 293-VSV cells and
plaque purified twice on BHK-21 cells. AP and AL VSV variants expressing dsRed were produced on
replication supporting 293-VSV cells. VSV-G-MP™-L was fully replication competent and produced on
BHK-21 cells.

Mutation selection assay

10% BHK-21 cells/well were seeded in a 96-well plate one day before infection with the chimeric VSV-Mpre
viruses. VSV-L167F-MP and VSV-O-MPr infected cells (MOl = 0.01) were treated with nirmatrelvir with
concentration ranging from 10 to 100 pM. The resistant variants VSV-L167F/P168S-MP©° and VSV-
L167F/F305L-MPr at MOI = 0.01 were passaged 5 times, and with increasing concentrations of inhibitor
(from 50 to 100 pM). VSV-O-MP and VSV-O/A206T-MPe at MOI ranging from 0.001 and 0.01 were
passaged only once with increasing concentrations of inhibitor (from 10 to 100 uM). Each virus variant
occupied from 24 wells to 96 of the 96-well plate. Supernatants from wells that displayed cytopathic effect
after 48-72 hours were collected for downstream viral RNA isolation, cDNA synthesis, PCR amplification
and Sanger or Nanopore sequencing as described in this section.

Viral RNA isolation, cDNA synthesis and MPr° sequencing

VSV-G-Mpro-L RNA was isolated either by using the E.Z.N.A. Viral RNA Kit (Omega Bio-Tek Inc.), the
NucleoSpin RNA Virus (Macherey-Nagel GmbH) or by semiautomated RNA extraction using the Easymag
(BioMerieux™). BHK-21 cells were infected with the respective VSV-G-MP™-L variant in 96-well plates
as described above. Virus-containing supernatants were collected from individual 96-wells and the RNA
was purified from the supernatants according to manufacturers’ instructions (Easymag). Then, cDNA was
synthesized from isolated viral RNA by RevertAid RT Reverse Transcription Kit (Thermo Fisher Scientific).
GetermMP™-Lnterm  fragment  sequence was amplified by PCR with primers (primer_for:
CTCAGGTGTTCGAACATCCTCAC and primer_rev: GATGTTGGGATGGGATTGGC) and either sent
for Sanger sequencing (MicroSynth AG) or sequenced using Nanopore (as described below). For Nanopore
sequenced samples, the fraction of mutated virus of the full population is shown in Table S4. Obtained
sequences were mapped to the L167F-MP™ or Omicron-MP© reference sequences in Geneious Prime
2023.0.1 and examined for mutations.
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Nanopore sequencing workflow

After the first two selection experiments where we sequenced our samples with Sanger sequencing
(MicroSynth AG), we used Nanopore sequencing. First, PCR amplification products of the Gcterm-MPre-
Lnterm fragments, as described above, were used. The sequencing libraries were prepared using the Rapid
Barcoding Kit SQK-RBK110.96 (Oxford Nanopore Technologies, ONT), and up to 96 samples were
multiplexed and sequenced on a MinlON Mk1B sequencer with R9.4.1 flowcells (ONT). Raw data in the
form of electrical signals are translated into nucleotide sequences (base-calling) and saved in fastq files.
Basecalling using the super high accuracy model, demultiplexing, as well as barcode and adapter sequence
trimming, was performed in Guppy (version 6.1.5, ONT).

Raw reads were filtered to a PHRED quality score of = Q15 and length between 200 bp and 1800 bp
using SeqKit (version 2.4.0) (74), aligned to the reference sequence using minimap2 (version 2.22) (75),
followed by sorting and indexing using SAMtools (version 1.13) (76). SAMtools depth was used to check
sufficient depth. To find SNVs, we used LoFreq for variant calling with --min-cov option set to 300
(v2.1.3.1) (77).

The resulting VCF files were imported to Geneious Prime 2023.0.1 and called variants manually checked
for plausibility.

Unrooted phylogenetic tree generation and visualization

Mutations had to be manually inserted into the main protease sequence for each variant. The phylogenetic
tree was generated using the online tool http://www.phylogeny.fr/ with standard parameters. The output
as .newick file was imported to Geneious Prime 2023.0.1, visualized and exported as PDF. Graphic
rearrangements and overhauls were made using Inkscape version 1.1.

Collection of GISAID frequencies of generated mutations

To obtain updated nsp5 frequencies, metadata from the EpiCoV database (correct as of 15t June 2023)
was used; specifically, the “all _mutations™ field from a JSON dump obtained with GISAID credentials.
Using Python 3.9 and the pyarrow and pandas' libraries, sequences were classified into WT (not assigned
Omicron lineage, and not carrying the P132H mutation) and Omicron (either assigned Omicron lineage
or carrying the P132H mutation). Then, for both these groups of sequences, the counts of 95 nsp5
mutations of interest were aggregated.

SARS-CoV-2 variant phylogenetic analyses using Ultrafast Sample placement on Existing
tRees (UShER)

Phylogenetic trees were generated for the resistance variants of interest using patient derived sequences
deposited in the GISAID database. For each variant of interest, viral genomes harboring the corresponding
mutation in Nsp5 were retrieved using the GISAID EpiCoV web server after filtering to consider only
viruses descending from the Omicron lineage and removing genomes with low sequence coverage. These
sequences were subsequently uploaded to the UShER (78) web server to generate phylogenetic trees using
all the sequences available in the GISAID database, visualized using the Auspice.us web application and
edited to highlight the variants of interest using Adobe lllustrator. The frequency of each resistance
mutation within Omicron and Pre-Omicron lineages was similarly determined using the GISAID EpiCoV
web server by dividing the number of occurrences of the corresponding Nsp5 mutation within Omicron or
all other SARS-CoV-2 lineages by the total number of viral genomes deposited belonging to each respective
lineage. Histograms comparing the frequency of the variants within the Omicron and Pre-Omicron lineages
were generated using GraphPad Prism 9.

Screening assay with ELISpot/FluoroSpot read-out

3 x 10° cells were seeded per well in 6-well plates and transfected one day after seeding with 3CLPr
plasmids using TransIT-PRO (Mirus Bio LLC) and incubated 8-9 hours for MP-On and 10 hours for Mpro-
Off assays. Then, cells were seeded into a 96-well plate with 2 x 10 cells per well in 50 pl complete growth
medium. Directly after seeding, compounds and virus (MOI 0.1) were added in 50 pl complete growth
medium to wells. After 48 to 72 hours, supernatants were removed, and fluorescent spots counted in a
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Fluoro/ImmunoSpot counter (CTL Europe GmbH). For experiments where FluoroBrite™ medium was
used, supernatants were not removed, and the signal was read out every 12 hours. The manufacturer-
provided software CTL switchboard 2.7.2. was used to scan 90% (70% when FluoroBrite™ medium was
used) of each well area concentrically to exclude reflection from the well edges, and counts were normalized
to the full area. Automatic fiber exclusion was applied while scanning. The excitation wavelength for dsRed
was 570 nm, and the D_F R triple band filter was used to collect fluorescence. To increase comparability
between MP©-On and -Off signals, we normalized dsRed events with the following strategies. In MP™-On,
the highest compound concentrations would not reach the same value due to the different responses of
each mutant. Therefore, we normalized to the highest mean of the experiment. In MP°-Off, we normalized
the signal to either the wild type or the Omicron proteases. For both assays, fluorescent spot count (y-
axis) data were plotted against Pl concentration (x-axis) and ICso values were extrapolated as described
later in this section.

Replication kinetic experiments

For replication kinetic experiments with WT MP®©, Omicron and mutants, we adapted the 3CL/MpP-Off
assay to enable multiple read-outs over time every 12 hours. We exchanged the standard DMEM
supplemented with 10 % FCS, P/S, 2 % L-glutamine, 1x sodium pyruvate and 1x non-essential amino
acids (Gibco), with FluoroBrite™ DMEM, equally supplemented. FluoroBrite™ DMEM has the same
composition as DMEM, except it lacks phenol red which interferes with spot recognition. We experimented
as described in the previous paragraph. After seeding 2 x 10* transfected cells in 50 pl of FluoroBrite™
complete medium into 96-well plates, only virus (MOI 0.1) was added (50 pl). The signal was read out at
12 hours intervals. As the virus starts replicating, dsRed is expressed by the infected cells, and the
expression of dsRed is correlated with the amount of viral progeny and therefore with the number of spot
count. We generally stopped signal acquisition after 84 up to 108 hpi, because the cells die due to virus-
induced cytopathy, and the spot count decreases. The manufacturer-provided software CTL switchboard
2.7.2. was used as described above (for FluoroBrite™ medium). Replication kinetic curves were normalized
individually to the highest mean of the construct. We normalized fluorescent spot count data by the
highest mean of each dataset. Then, we plotted the fluorescent dsRed signal (spot count) against time
(hpi). We then performed non-linear regression analyses using the built-in function “Sigmoidal 4PL, X is
concentration” in GraphPad Prism 9.5, where concentration was replaced with “hours” and extrapolated
the TMso (time-maximum fifty) value, which represents the time required to achieve half of the maximum
signal/plateau.

Protein expression and purification

Mpro with a C-terminal Hexahistdine tag (MP-6H) was expressed in E.coli followed by a tag removal with
the human rhinovirus 14 3C protease (HRV3C protease).

WT MPe-6H construct was codon optimized for the expression in E. coli and ordered from Thermo
Scientific (Waltham, MA, USA). Point mutations to generate the mutant variants were introduced using
the Q5®) Site-Directed Mutagenesis Kit purchased from New England Biolabs (NEB, Ipswich, MA, USA).
Primers were acquired from Sigma Aldrich (St. Louis, MO, USA).

MPre-6H variants were transformed into electrocompetent E. coli BL21(DE3) cells. An overnight culture
was inoculated 1:50 in 1L TB medium and cells were grown at 37°C, 220 rpm to an ODsgoonm of 1. After
induction with 0.4 mM lIsopropyl B-D-1-thiogalactopyranoside (IPTG) temperature was lowered to 25°C
for 4 hours. Cells were isolated by centrifugation at 3200 g, 20 minutes at 4°C, and cell pellets frozen at
-20°C.

For purification, frozen pellets were resuspended in 50 mM Tris/50mM NaCl, pH 7.5 buffer and disrupted
with a French press (Thermo Scientific). Lysed cells were centrifuged at 20000 g, 4°C, 20 min and the
clarified supernatant was adjusted to 50 mM Tris/300 mM NaCl/20 mM Imidazole. IMAC purification
was carried out with a AKTApurifier (GE Healthcare Life Sciences; Little Chalfon, United Kingdom) and
a HisTrap FF Crude 1 mL (GE Healthcare) column. Unbound proteins washed out using 4 column volumes
(CV) 50 mM Tris/300 mM NaCl/20 mM Imidazole, pH 7.5 and 1 CV 50 mM Tris/300 mM NaCl/40 mM
Imidazole, pH 7.5. The protein-containing fractions were pooled, and the buffer was changed to 50 mM
Tris/50mM NaCl, pH 7.5 using a HiTrap Desalting 5 mL (GE Healthcare) column. Protein concentration
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was determined with a NanoDrop ND-1000 Spectrometer (Thermo Scientific).

Hexahistidine Tag removal by negative IMAC

The highly soluble Hexahistidine tagged NT*-HRV3Cprotease was expressed as previously described (79)
and purified the same way as MP°. MPr-6H was incubated together with NT*-HRV3protease at 4°C
overnight followed by negative IMAC purification with a manually packed Ni-NTA column. The
flowthrough yields the mature MP™ with native N- and C-termini without His tag, because the His tag as
well as the NT*-HRV3C protease are bound to the Ni-NTA resin.

Cross validation with biochemical MP© inhibition assay

The biochemical assay used to confirm mutations was based on the 3CLP© activity assay from BPS
Biosciences, catalog number #78042-2. The MP™ in the kit was replaced by an in-house produced Mpr
and mutants thereof (L57F, L167F7P168S, L167F/P168S/L57F), as described in the MP™ purification
paragraph. Solutions of WT and mutant MP™ variants — 84.5 ng/reaction in 30 pl buffer — (20 mM
Tris/HCI pH = 8, 150 mM NaCl, bovine serum albumin 0.1 mg/ml, 1 mM dithiothreitol — DTT) were
prepared according to the kit's manual, to reach a final concentration of 50 nM in 50 pl. 10 pl of five-fold
excess to tested nirmatrelvir concentrations (180 pM) were added to the 30 pl of MP© solution and
incubated for 30 minutes. Then, 10 pl of a fluorescent substrate (Ac-Abu-Tle-Leu-GIn-MCA) were added
to get a final concentration of 40 pM. This generates a 1:5 dilution of the excess of protease inhibitors —
and therefore final concentrations — and the reactions were incubated for 4 hours. Fluorescence was
measured by excitation at 365 nm and read-out at 415-445 nm emission with a Glomax Explorer
fluorometer (Promega).

Expression constructs for MPro cutting reporter

Mpre cutting reporter: Oligonucleotides for the “short” (GCAGTGCTCCAAAGCGGATTTCGC) and the
“long” (ATCACGAGTGCAGTGCTCCAAAGCGGATTTCGCAAAATGGCC) cleavage sequence of Mpr
(nsp4/nspb autocleavage site), flanked by N-terminal Agel and a C-terminal Hpal restriction enzyme sites
were ordered at Eurofins. The annealed oligos were ligated into a vector presenting N-terminally the
fragment 1 (F[1]) and C-terminally the fragment 2 (F[2]) of the Renilla luciferase harboring the
corresponding restriction enzyme sites (pcDNA3.1 backbone vector) as previously described (80, 81).
Between each fragment and the cleavage sequence we inserted interjacent 10-aa linkers.

Preparation of lysates for western blotting

The cells expressing the MP© cutting reporter and the purified proteins were prepared as described before.
50 pl of the protein suspension (5 pg of protein) were pre-incubated with inhibitor (10pM) or DMSO for
15 minutes at room temperature (R.T.). After that, 25 pl of cell suspension were added and the mixture
was incubated for 3 hours at R.T. The cleavage reaction was stopped by the addition of 5x SDS-Loading
buffer. Before the SDS-Page the samples were cooked at 95°C for 10 minutes. Western blot images were
obtained using the ChemiDoc MP from Bio-Rad.

TCIDso assay and dose responses

For initial dose response experiments, 5 x 10* BHK-21 cells per well were seeded in 48-well plates one day
before infection. Cells were infected in duplicates with a MOI of 0.05 of VSV-MpP© WT or VSV-O-Mpre
and indicated concentrations of nirmatrelvir were added to the wells. After 48 hours, supernatants were
collected and titrated with TCIDso. For quantification, the 50 % tissue culture infective dose (TCIDso)
assay was performed as described previously (82). In short, 100 pl of serial dilutions of virus were added
in octuplicates to 103 BHK-21 cells seeded in a 96-well plate. Six days after infection, the TCIDso were
read out and titers were calculated according to the Kaerber method (83).

Construction of SARS-CoV-2 MP© mutant replicons

To introduce MP© mutations to the SARS-CoV-2 replicon, BAC recombineering was performed as
previously described (84, 85). First, pPSMARTBac-T7-SARS-CoV-2 replicon was transformed into SW102
E. coli host along with a fragment containing an ampicillin (Amp) cassette flanked by Ascl restriction sites
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and adjacent homologous sequences of MP™, resulting in the creation of pPSMARTBac-T7-SARS-CoV-2-
Mpro-Amp. Next, pPSMARTBAC-T7-SARS-CoV-2-replicon-Amp DNA was prepared using NucleoBond
BAC 100 kit (Takara). A fragment containing the MP™ mutation sequence was synthesized with a 30-bp
overlap with the upstream and downstream regions of the MP™© sequence for assembly. Following Ascl
(NEB) digestion, the pSMARTBAC-T7-SARS-CoV-2-replicon-AMP DNA was ligated to the fragment
containing the MP mutations using Gibson Assembly kit. This resulted in the generation of pPSMARTBAC-
T7-SARS-CoV-2-MP® mutants-replicons.

Protease inhibition assay using SARS-CoV-2 replicon mutants

SARS-CoV-2 replicons RNA were prepared as previously described(45). Briefly, 1 x 10% Huh-7 cells were
electroporated with 2 pg of replicon RNA and subsequently plated into 96-well plates (Corning, cat. 3904)
with a seeding density of 1 x 10%/well. Immediately after electroporation, a four-fold serial dilution of
protease inhibitors (nirmatrelvir or ensitrelvir) was added to the wells. DMSO only was added to the
control wells and served as solvent control. At 48 hours post-transfection, the reporter activities of in the
cells treated with inhibitors were measured by quantifying the number of green cells in each well using an
Acumen eX3 scanner and normalized it to the number of green cells in DMSO only wells (control wells).

Pearson’s correlation coefficient calculation of MP-Off and SARS-CoV-2 replicon data

A simple R script (R version 4.2.2) was used to calculate the Pearson’s correlation coefficients for the
whole dataset (MP-Off with nirmatrelvir and ensitrelvir, and nirmatrelvir or ensitrelvir only).

[Csp calculations

In this study, different assay systems were used to generate resistance data, namely VSV-based cellular
assays with FluoroSpot read out, a luminescence-based cellular assay that employs recombinant MP™, as
well as a peptide-MCA cleavage-based biochemical assay and SARS-CoV-2 mutant replicons assays. ICsg
calculations and statistical analysis for all assays were performed with GraphPad Prism 10. To calculate
I1Cs0s, we used GraphPad's pre-set sigmoidal models: 4PL, X is concentration.

Top — Bottom
Y = Bottom +

| .

1+ (%)Hlllslope
However, under some circumstances, slightly bell-shaped curves arise due to an initial signal in- or decrease
(On and Off, respectively), followed by a signal peak and then a de- or increase. In the On assay, the
decrease at the end occurs because of inhibitor toxicity at high concentrations. In the Off assay, the initial
increase can be attributed to the fast death of cells in the absence of any inhibitor, whereas cells die slower
at small doses, allowing for more cell division and thereby more “substrate” (cells and virus) generating
dsRed. The bell-shaped curves can cause overfitting with the sigmoidal models, leading to extremely steep
de- or increasing curves. Although in general, this does not lead to important changes in 1Csos, we still
chose to compensate for such unrealistically steep slopes by constraining the HillSlope to 3 or lower
(positive slope) for the gain-of-signal assay and minus 3 or higher (negative slope) for the loss-of signal
assay.

Hardware overview (TTMD simulations)

Most of the molecular modeling operations, such as the structure preparation, the setup for molecular
dynamics (MD) simulations, and trajectory analyses, were performed on a Linux workstation, equipped
with a 20 cores Intel Core i9-9820X 3.3 GHz processor, running the Ubuntu 20.04 operating system.
Molecular dynamics simulations were carried out on an in-house Linux GPU cluster composed of 20
NVIDIA devices ranging from GTX1080Ti to RTX3090.

Structure preparation

A computational study was conducted to rationalize the effect of SARS-CoV-2 MP™® mutations on
Nirmatrelvir resistance. In detail, a recently developed enhanced sampling molecular dynamics method
named Thermal Titration Molecular Dynamics (TTMD) (58, 60) was exploited to compare the stability
of the non-covalent complex between Nirmatrelvir and both the WT and mutated proteases, based on the
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assumption that the formation of the reversible, non-covalent complex, is the rate-determining step that
leads to the formation of the irreversible (or very slowly reversible), covalent complex (86). The top five
mutants concerning their experimentally determined drug resistance were investigated.

The experimentally determined three-dimensional coordinates of the WT nirmatrelvir-MP™ complex were
retrieved from the Protein Data Bank (PDB) (87) and prepared for further calculations exploiting various
tools provided within the Molecular Operating Environment (MOE) 2022.02 suite (88). Particularly, the
complex deposited with accession code 7TRFW (6) was used for describing the WT protease, while mutants
were generated through the “protein builder” module of MOE.

The catalytically competent dimeric conformation of the protease was reconstructed by applying symmetric
crystallographic transformations. Inconsistencies in the experimental structure were checked and fixed
through the “structure preparation” tool. Missing hydrogen atoms were added according to the
predominant tautomeric and protomeric state of each residue at pH = 7.4 through the “Protonate3D"
module. Finally, each water molecule was removed before storing the prepared complex structure for
subsequent calculations. In the end, a 1:1 protein-ligand non-covalent complex between nirmatrelvir and
various MP™ proteases was considered in the simulated systems.

System setup for MD simulations and Equilibration Protocol

Each complex obtained in the previous step was prepared for MD simulation making use of various tools
provided within Visual Molecular Dynamics 1.9.2 (VMD) (89) and the AmberTools 22 (90, 91) suite. All
parameters were attributed according to the ff14SB (92) force field, except for the ligand ones which were
instead assigned through the general Amber force field (GAFF) (93). Partial charges for the ligand were
calculated through the AM1-BCC method (94). Each one of the protein-ligand systems was solvated using
the TIP3P (95) water model into a rectangular base box, ensuring a minimum 15 A distance between the
box border and the nearest protein or ligand atom. To neutralize the net charge of the system and to
reach a salt concentration of 0.154 M, the proper number of sodium and chlorine ions was added. Finally,
to remove clashes and unfavorable contacts, 500 steps of energy minimization through the conjugate
gradient algorithm were performed.

Before the production phase, a two-step equilibration process was performed. First, 0.1 ns of simulation
in the canonical ensemble were carried out, imposing harmonic positional restraints on both the protein
and ligand atoms. Then, 0.5 ns of simulation in the isothermal-isobaric ensemble were performed, with
harmonic positional restraints applied only on the protein backbone and ligand atoms. In each case, a 5
kcal mol—1 A—2 force constant was imposed on each restrained atom for the whole duration of the
simulation, and the temperature was maintained at a constant value of 300 K through a Langevin
thermostat (96). In the second equilibration stage, the pressure was kept constant at 1 atm through a
Monte Carlo barostat (97).

All MD simulations were conducted exploiting the ACEMD16 3.5 engine, which is based upon the open-
source Python library for biomolecular simulations OpenMM (98). A 2 fs integration timestep was used,
and the M-SHAKE algorithm was used to constrain the length of bonds involving hydrogen atoms. The
particle-mesh Ewald method was used to compute electrostatic interactions, using cubic spline
interpolation and a 1 A grid spacing. A 9.0 A cutoff was applied to the computation of Lennard-Jones
interactions.

Thermal Titration Molecular Dynamics (T TMD) simulations

As thoroughly described in the work of Pavan et al. (99), Thermal Titration Molecular Dynamics (TTMD)
is an enhanced sampling MD protocol originally developed for the qualitative estimation of protein-ligand
unbinding kinetics. This approach allows the characterization in high detail of the binding mode and
residence time of a ligand within the catalytic site of a given protein-ligand complex. It thereby enables
the comparison between: 1. different ligands bound on the same protein (58); 2. different ligand
conformations within the same binding site; 3. different mutants of the same protein in complex with the
same ligand, as in the present work. The simulation consists of a series of classic molecular dynamics
simulations performed at progressively increasing temperatures. Whether the ligand remains bound or not,
is monitored through a scoring function based on protein-ligand interaction fingerprints (IFPcs) (59).

The TTMD workflow relies on a series of short classic molecular dynamics simulations, defined as “TTMD-

98



SCIENTIFIC PUBLICATIONS

steps”, performed at progressively increasing temperatures. The temperature increase is used to augment
the kinetic energy of the system, thus shortening the simulation time required to observe protein-ligand
unbinding events compared to classic MD simulations. To monitor the progress of the simulation, the
conservation of the native binding mode is evaluated through a protein-ligand interaction fingerprint
(PLIF) based scoring function (59). The protocol described hereafter is implemented as a Python 3.10
code relying on the NumPy, MDAnalysis (100, 101), Open Drug Discovery Toolkit (ODDT) (102) and
Scikit-learn packages. The code is released under a permissive MIT license and available free of charge at
github.com/molecularmodelingsection/ TTMD.

In detail, the user must define a “temperature ramp”, i.e., the number, the temperature, and the length of
each “TTMD-step”. Consistently with previous works on the target (58, 60), in this case, the starting and
end temperatures were set at 300K and 450K respectively, with a temperature increase between each
“TTMD-step” of 10K and the duration of each simulation window set at 10 ns. The extension of the
temperature ramp was determined based on the conservation of the native fold of the protein throughout
the simulation, monitored through the backbone RMSD.

Structure preparation (analyses with Bioluminate and Osprey)

The PDB entries 7ALI (57), 8DZ0 (50), 8DZ2 (50), 7DVW (54) and 7TLL (51) were used to investigate
the impact of mutations on apo WT, ensitrelvir bound WT, nirmatrelvir bound WT, NSP 5-6 bound H41A
mutant and nirmatrelvir bound Omicron dimers. All structures were prepared with the default settings of
the Protein Preparation Wizard in Maestro version 2022-3 (103) except that selenomethionines were
converted to methionines and no water molecules were deleted. Please note, only the structure 7ALI (57)
and 7DVW (54) includes residue 305 in both chains, 8DZ0 (50) and 8DZ2 (50) only includes residue 305
in chain B, and 7TLL (51) does not include residue 305 at all. Structure visualization and figure creation
were performed in PyMol (104) version 2.5.0.

Stability prediction

The stability of all the mutations was calculated starting from the WT or Omicron MP™© structures using
the default settings of the residue scanning backend.py module in Bioluminate (46—49) release 2022-3.
Mutations were introduced in combination in the two protomers.

Affinity prediction

For the affinity predictions in Osprey version 3.3 (53, 105-107) water molecules were not considered.
Osprey calculates so called Logl0 K* scores (106) which provide an estimation of binding affinity. The
required yaml and frcmod input files were created as described in detail in the Guerin et al. STAR Protocol
(108). For the dimer affinity calculations, chain B was considered as the ligand. The stability threshold
was disabled, epsilon was defined as 0.03 and WT and mutant side chain conformations were calculated
as continuously flexible. Osprey is an open source software and is available for free at
https://github.com/donaldlab/OSPREY3.

Supplementary material

Supplementary Material can be found at
A comprehensive study of SARS-CoV-2 main protease (Mpro) inhibitor-resistant mutants selected in a
VSV-based system | PLOS Pathogens
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Abstract

Ribonucleic acids are gradually becoming relevant players among putative drug targets,
thanks to the increasing amount of structural data exploitable for the rational design
of selective and potent binders that can modulate their activity. Mainly, this information
allows employing different computational techniques for predicting how well would a
ribonucleic-targeting agent fit within the active site of its target macromolecule. Due
to some intrinsic peculiarities of complexes involving nucleic acids, such as structural
plasticity, surface charge distribution, and solvent-mediated interactions, the
application of routinely adopted methodologies like molecular docking is challenged by
scoring inaccuracies, while more physically rigorous methods such as molecular
dynamics require long simulation times which hamper their conformational sampling
capabilities. In the present work, we present the first application of Thermal Titration
Molecular Dynamics (TTMD), a recently developed method for the qualitative
estimation of unbinding kinetics, to characterize RNA-ligand complexes. In this article,
we explored its applicability as a post-docking refinement tool on RNA in complex with
small molecules, highlighting the capability of this method to identify the native binding
mode among a set of decoys across various pharmaceutically relevant test cases.

Introduction

Following the “Central Dogma" of molecular biology, RNA has been historically perceived as a bridging
element between DNA genetic information and protein biosynthesis 12. However, discoveries in the last
decades completely shifted this paradigm, showcasing the strikingly complex genetic and catalytic
functions of RNA 34, Therefore, this biomolecule is no longer considered just a carrier of information,
instead, it is thought to be one of the most pluripotent chemical entities in molecular biology 3.
Considering that only a small percentage (3%) of the genome is translated into proteins ° non-coding
RNAs (ncRNAs) are under the spotlight as they are involved in epigenetics 45, playing a pivotal role in
the etiopathogenesis of both cancer and neurodegenerative diseases °.

The identification of RNAs as possible therapeutic targets and the increased availability of experimentally
solved three-dimensional structures of RNA complexes paves the way for the application of structure-
based drug design (SBDD) techniques to characterize the interaction between small molecules and RNA,
allowing the possibility of rationally discover new hits and steer their development into mature leads 24
Although being an appealing perspective, applying routinely adopted molecular modeling protocols to the
study of RNA systems is not trivial. Historically, these techniques have been optimized to study the
recognition process between small organic molecules as ligands and proteins as receptors 79. Nevertheless,
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the obvious structural differences between proteins and RNAs, such as the peculiar surface charge
properties portrayed by the polyanionic phosphate backbone, the ions' role in the structural stability and
folding of RNA, the role of the solvent in mediating structural stability and forming bridged interactions,
other than the intrinsic structural flexibility of ribonucleic acids, limited so far the possibility to repurpose
these methodologies to the study of RNA complexes 1.

One of the most successful approaches in structure-based drug design is molecular docking, a fast and
reliable protocol that provides possible binding hypotheses generated through a conformational search
algorithm and ranked through a scoring function 1011 Albeit being relatively fast to perform and
computationally effortless when compared to other techniques such as molecular dynamics, pose scoring
can suffer from inaccuracies 2. Moreover, docking neglects the role of the solvent and the flexibility of
the RNA which cannot explore its conformational landscape 12.

To overcome the limitations of a docking approach, molecular dynamics simulations can be theoretically
exploited to characterize RNA-ligand interactions with a more physically rigorous methodology. However,
the computational effort required to spontaneously sample both binding and unbinding processes during
unbiased MD simulations makes this technique incompatible with the timings of modern-day drug
discovery campaigns 3.

Enhanced sampling algorithms are therefore required to drastically cut the simulation time to observe the
desired phenomenon. These protocols rely on energetically biasing the system to increase the frequency of
observation of the desired event and have been successfully applied to the study of unbinding processes in
protein-ligand complexes 4. Among various approaches published in the literature, Thermal Titration
Molecular Dynamics (TTMD) is a recently developed pipeline that has been applied to rank protein-ligand
complexes based on the persistence of the native intermolecular interaction, allowing both to rank different
binding hypotheses for the same ligand upon a defined receptor binding site 15 or to rank different ligands
based on their dissociation rate 9. Specifically, TTMD operates through a series of short classic molecular
dynamics simulations performed at increasing temperatures while monitoring the persistence of native
receptor-ligand interactions through an interaction fingerprints-based scoring function 7.

Due to the encouraging success observed in the characterization of protein-ligand complex stability, in the
present work we aim at extending the applicability domain of the technique to the world of RNA-ligand
complexes. Particularly, we tried to understand if TTMD can be used as a post-docking filter to steer the
identification of a native-like binding pose for small organic ligands onto RNA receptor binding sites.

Materials and Methods

Hardware overview

Modeling tasks such as the structure preparation of RNA targets and respective ligands, docking, system
setup for molecular dynamics (MD) simulations and subsequent trajectory analysis were carried out on a
Linux workstation running Ubuntu 20.04 as its operating system equipped with a 20 cores Intel Core i9-
9820X 3.3 Ghz processor. MD simulations were performed exploiting an in-house GPU cluster composed
of 20 NVIDIA devices ranging from GTX1080Ti to RTX3090.

Structure preparation

The three-dimensional structures of the targets presented in this work were retrieved from the Protein
Data Bank (PDB 18), and successfully processed through different built-in modules of the Molecular
Operating Environment 9. At first, each inconsistency between the primary sequence and the tertiary
structure was fixed through the “Structure preparation” module. Then, the “Protonate3D” tool was
exploited for adding missing hydrogens according to the most probable tautomeric and protonation state
of titratable groups at pH = 7.4. Finally, every non-RNA and non-ligand residue was removed, except for
K+ ions in the G-quadruplex portion of 5BJO complex, which were retained as they play a pivotal role in
the stabilization of these non-canonical structures that shape the binding site at the monomer-monomer
interface 20,

To avoid any bias in the docking calculation that may favor a crystal-like pose, the ligands have been
prepared starting from their SMILES, exploiting Open Babel 2! and various QUACPAC OpenEye tools 2.
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Open Babel was used to generate two-dimensional and three-dimensional coordinates, while “Tautomers”
and “Fixpka" assigned the correct protomeric and tautomeric state at pH 7.00. Afterwards “Molcharge”
set the partial charges according to the MMFF94 force field. Both the RNA and ligand were stored for
docking calculations.

Docking calculation

A self-docking calculation was conducted through the Protein-Ligand ANT System (PLANTS 232
program, one of the state-of-the-art docking tools for nucleic acids-ligand docking 26. The binding site was
defined as a sphere of radius 10.5 A centered around the center of mass of the crystal ligand in the
experimentally solved complex. The first 5 poses according to the ChemPLP scoring function were stored
for refinement through the Thermal Titration Molecular Dynamics protocol.

System setup for MD Simulations and equilibration protocol

Several packages of Visual Molecular Dynamics (VMD 27) 1.9.3 and AmberTools22 2829 were used to
prepare each RNA-ligand complex for MD simulations.

Each nucleic atom was parametrized according to ff14SB force with x modification tuned for RNA (xoL3)
field 3032, while ligands parameters were assigned according to General Amber Force Field (GAFF 33).
Since the Corn Aptamer (PDB ID: 5BJO) presents a modified Uracil (15-U17), a custom preparation was
exploited following Amber's workflow to create modified residues employing antechamber and parmcheck2
tools, and assigning parameters from ff14SB and GAFF force field using parmcheck2.

Each RNA-ligand complex was solvated within a rectangular base prism box, with a 15 A padding between
the box border and the nearest RNA atom, using the TIP3P water model 3%,

Sodium and chlorine monovalent ions were added to neutralize the net charge of the box, reaching the
physiological salt concentration of 0.154M. Before equilibration, each system was then subjected to 500
steps of energy minimization with the conjugate-gradient method to remove clashes and bad contacts.
Following this preparation phase, a two-step equilibration process was performed. The first phase consisted
of a 0.5 ns simulation in canonical ensemble (NVT) imposing a 5 kcal mol~1 A =2 harmonic positional
restraint to each RNA and ligand atom, leaving water and ions unconstrained. In the second equilibration
run, a 0.5 ns simulation was conducted in the isothermal-isobaric ensemble (NPT) constraining only the
backbone atoms of RNA through the same force constant used in the first stage. For each equilibration
stage, the temperature was kept constant at the lowest value indicated in the temperature range through
a Langevin thermostat 3%, and for the second NPT simulation, the pressure was fixed at 1 atm through a
Monte Carlo barostat 36.

For each MD simulation an integration timestep of 2 fs was used. The simulations were performed
exploiting the proprietary ACEMD 3.5 engine 37, which is based on the open-source library for molecular
simulations OpenMM 38 The M-SHAKE algorithm was used to constrain the length of bonds involving
hydrogen atoms, the particle-mesh Ewald (PME 3%) method was exploited to compute electrostatic
interactions using cubic spline interpolation, and finally, a 9.0 A cutoff was used for calculating Lennard—
Jones interactions.

Thermal Titration Molecular Dynamics (T TMD) simulations

Thermal Titration Molecular Dynamics (TTMD 1516) is an enhanced sampling molecular dynamics
approach originally developed for the estimation of protein-ligand unbinding kinetics. This method consists
in a series of short MD simulations (TTMD-steps) performed at progressively increasing temperatures.
The length and the temperature for each step, defining the temperature ramp for the TTMD simulation,
are defined by the user based on the knowledge of the system of interest, especially concerning the
conservation of the native receptor fold throughout the duration of the simulation. In this work, two
different temperature ramps were used: the first one, defined as “standard”, is the same ramp described in
the original publication (starting temperature 300 K, final temperature 450 K, temperature increase 10 K,
step length 10 ns), and a second one defined as “alternative” (starting temperature 73 K, final temperature
223 K, temperature increase 10 K, step length 10 ns). An interaction fingerprint-based scoring function 17
is exploited to monitor the conservation of the native binding mode. Specifically, the IFPcs scoring function
17 is used to compare each of the binding features of each trajectory frame (encoded as protein-ligand
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interaction fingerprints) to the last frame of the second equilibration stage. In the context of this work,
two different PLIFs were employed, specifically the InteractionFingerprint function of the Open Drug
Discovery Toolkit (ODDT 4% ) and the one provided by the ProLIF package !, while the cosine similarity
metrics was used for the comparison, as implemented in the Scikit-learn Python library. The calculated
value is then multiplied by -1 to comply with the scale of most scoring functions. In the end, the resulting
score can range from -1 to 0, where -1 indicates total congruence of the PLIFs (total conservation of the
binding mode) and 0 indicates that all native binding features are lost.

The simulation continues until the end of the temperature ramp is reached, or an early termination criterion
is reached. Specifically, at the end of each TTMD-step, the average IFPcs score is calculated for the last
10% of the step: if this value is above -0.05, the simulation is stopped as the ligand lost its original binding
mode. The code for running TTMD simulations is open-source and available through the MIT license at
github.com/molecularmodelingsection/ TTMD.

Trajectory Analysis, MS and IFF Coefficients Determination

TTMD trajectories were analyzed partially through the same Python code described in the previous
paragraph and partially through the SuMD-analyzer 2 script available at
github.com/molecularmodelingsection/SuMD-analyzer. Specifically, the MDAnalysis package #2*3 was
exploited to calculate the RMSD of the receptor backbone, the ligand and a defined set of binding site
residues.

The “titration timeline”" plot reports the time-dependent evolution of both the ligand, binding site, and
receptor backbone RMSD and of the IFPcs score.

The “titration profile” plots the average IFPcs score for each TTMD-step against the temperature at which
the step was executed. In this plot, the slope of the straight line linking the first and last point of the
simulation (the MS coefficient) is extracted and used as a proxy measure for the estimation of the overall
complex stability. The mathematical formulation of the MS coefficient is reported in Equation 1.
Equation 1. MS mathematical formulation.

mean IFPEE™ — (-1

MS = Tend iSTstart( )
The MS coefficient can range from zero (indicative of a tight and persistence binding / high conservation
of the native binding mode) to 1 (indicative of a high volatility of the native pose). For each investigated
receptor-ligand complex, five independent TTMD simulations were performed, with the average MS
coefficient being calculated across three different replicates, after discarding the highest and the lowest
value.
Furthermore, to complement the MS coefficient, a second one defined as IFF was calculated as defined in
Equation 2.
Equation 2. IFF mathematical formulation.

IFF = \/ZZ(IFPC” — (IFPg))?

T
The IFF coefficient is calculated as the root mean square fluctuation of the IFPcs value across the
simulation in respect of the whole run mean IFPcs value. As the MS coefficient only takes in account only
the initial and the final state of the simulation, neglecting even significant fingerprint fluctuations that
may suggest a poor complex stability, the IFF coefficient can overcome this issue, further improving the
protocol accuracy.

Results

To extend the applicability domain of Thermal Titration Molecular Dynamics to the characterization of
RNA-ligand complexes, six different test-cases were chosen based on the chemical diversity of the ligand
and structural diversity of the receptor among the experimental complexes deposited in the Protein Data
Bank. Four out of the six test-cases were drawn out from the work of Bissaro et al. !, specifically 2LWK,
3Q50, 5BJO and 6E1U, while 1UUD and 1UUl were added because of the challenge provided by the high
conformational freedom of the P12 and P14 ligands.
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Hereinafter a brief overview of the six test cases.

Influenza A virus RNA promoter

Influenza A virus RNA promoter has an important role in the modulation of transcription and replication
of this group of viruses belonging to the Orthomyxoviridae family. Therefore, it is considered an interesting
target for the development of antiviral drugs #*. Through a fragment screening approach, 6,7-dimethoxy-
2-(1-piperazinyl)-4-quinazolinamine (DPQ) was identified by Varani's group **. This compound has a
micromolar affinity for the promoter region (Kp of 50.5 uM), and consequently, it is a scaffold for further
development of antivirals targeting Influenza A promoter region (PDB ID: 2LWK).

Corn Aptamer

The Corn aptamer is an in vitro selected aptamer that binds a fluorophore ligand (DFHO), with a
nanomolar binding affinity (Kp = 70nM) 5. Thanks to his limited cytotoxicity, the Corn-DFHO could
represent a valuable imaging tool. Despite being therapeutically less interesting than the other RNA
structures selected for this study, its peculiar three-dimensional organization in a quasi-symmetric dimer
with a non-cationic ligand buried at the monomer-monomer interface between two G-quadruplex structures
stabilized by K+ ions makes it an appealing target to apply TTMD protocol, since its stability in molecular
dynamics, and the low structural flexibility of the fluorophore ligand (3,5-difluoro-4-hydroxybenzylidene
imidazolinone-2-oxime) led Bissaro et al to optimal results when applying SuMD protocol to this system®.

Pre-queuosine 1 Riboswitch

PreQl (Pre-queosine 1, 7-aminomethyl-7-deazaguanine) is a precursor of the hypermodified guanine
nucleotide Queuosine (Q), a modified nucleoside that influences anticodon-codon stability in tRNAs, hence
increasing translational fidelity. Prokaryotes can synthesize PreQ1 molecule from a multienzyme pathway
starting from GTP. By contrast, eukaryotes do not synthesize PreQ1 de novo and need to retrieve queuoine
from the diet 6. For this reason, PreQ1 riboswitches are only found in prokaryotes, where, by binding
PreQl, they play a fundamental role in the biosynthesis and transport of this molecule. Therefore,
riboswitches are an appealing target for antibacterial drug development. Two PreQ1 riboswitch complexes
have been selected, the first one (PDB ID: 3Q50) is bound to a PreQ1 precursor with a nanomolar binding
affinity (Ko = 2nM), the second one (PDB ID6E1U) is a hybrid riboswitch aptamer bound to a synthetic
compound (HMJ) that presents a sub-micromolar affinity (Kp = 0.5uM). This complex has been obtained
through the deletion of nucleobase Al4 and the two vicinal ones, as a direct consequence, the binding site
lacks important nucleotides and, congruently to the work of Bissaro et al. 1, before running TTMD
simulations, only the ligand was retained from this complex, and the aptamer structure was retrieved from
3Q50 crystal.50 crystal.

Tar

Tat-Tar interaction modulates the transcription process in HIV-1. Therefore, targeting Tar RNA could be
an appealing pathway to follow for the development of HIV-1 therapeutics. Although combination
antiretroviral therapy (cART) can significantly suppress viral load, the eradication of this virus is still
challenging. Moreover, chronic long-term comorbidities can arise since viral reservoirs are not completely
eliminated by cART. In this scenario blocking HIV transcription could be beneficial #7. Several efforts have
been made in the characterization of this target and various small-molecule complexes have been reported
in the PDB. In this work, two Tar complexes have been reported, specifically selected to assay TTMD
behavior with challenging flexible ligands (P12, P14) with high conformational freedom.

The investigated cases are summarized in Table 1.
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Table 1. Summary of the six test-cases investigated in the present study.

PDB code Ligand PDB ID Receptor type

1UUD 48 P14 HIV-1 TAR RNA (29 bases)

1UUl 48 P12 HIV-1 TAR RNA (29 bases)

2LWK 44 0EC influenza A virus RNA promoter (32 bases)
3Q50 49 PRF PreQ1 riboswitch aptamer (33 bases)
5BJO % 747 Corn RNA aptamer (36 bases)

6E1U 50 HMJ PreQ1 riboswitch (33 bases)

For each complex, at first, a self-docking experiment was conducted using the PLANTS docking
program, since it has recently been reported as one of the best docking tools for RNA-ligand complexes
26 and it is also free for academics. The results of the self-docking calculations are summarized in
Figures 1-6.

For each complex, the top five scoring poses and the experimentally determined one were subjected to
TTMD refinement using the same conditions described in the original publications 1316, Furthermore,
another run of TTMD calculations was conducted using an alternative temperature ramp. Two different
sets of protein-ligand fingerprints were used for monitoring the evolution of the binding mode, as well as
two different metrics for the qualitative estimation of pose stability, namely the MS and IFF coefficient.
Every methodological detail is reported in the Materials and Methods section. Hereafter, each TTMD
experiment is discussed separately based on execution conditions, while aggregated considerations are
reported in the Discussion.

Pose 1 RMSD 5.84 A Pose 2 RMSD 6.78 A
ChemPLP -86.34 ChemPLP -84.98

Pose 4 RMSD 8.16 A Pose 5 RMSD 5.76 A
ChemPLP -83.74 ChemPLP -83.71 ChemPLP -82.96

Figure 1. This panel encompasses all binding modes (experimental + docking poses) investigated in
this work for complex deposited in the PDB with accession code 1UUD. For each pose, the ChemPLP
docking score and RMSD to the experimental pose are reported.
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Pose 1 RMSD 7.05 A Pose 2 RMSD 6.00 A
ChemPLP -82.64 ChemPLP -79.30

Pose 3 RMSD 7.46 A Pose 4 RMSD 6.86 A Pose 5 RMSD 7.07 A
ChemPLP -79.12 ChemPLP -78.30 ChemPLP -77.83

Figure 2.: this panel encompasses all binding modes (experimental + docking poses) investigated in
this work for complex deposited in the PDB with accession code 1UUI. For each pose, the ChemPLP
docking score and RMSD to the experimental pose are reported.
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Pose 1 RMSD 7.16 A Pose 2 RMSD 4.56 A
ChemPLP -59.84 ChemPLP -58.85

Pose 3 RMSD 7.95 A Pose 4 RMSD 429 A Pose 5 RMSD 6.93 A
ChemPLP -57.09 ChemPLP -56.60 ChemPLP -56.37

Figure 3. This panel encompasses all binding modes (experimental + docking poses) investigated in
this work for complex deposited in the PDB with accession code 2LWK. For each pose, the ChemPLP
docking score and RMSD to the experimental pose are reported.
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Pose 1 RMSD 0.69 A Pose 2 RMSD 4.58 A
ChemPLP -84.96 ChemPLP -77.76

Pose 3 RMSD 4.14 A Pose 4 RMSD 2.82 A Pose 5 RMSD 4.17 A
ChemPLP -73.68 ChemPLP -71.95 ChemPLP -67.95

Figure 4. This panel encompasses all binding modes (experimental + docking poses) investigated in
this work for complex deposited in the PDB with accession code 3Q50. For each pose, the ChemPLP
docking score and RMSD to the experimental pose are reported.
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Pose 1 RMSD 0.29 A Pose 2 RMSD 6.66 A
ChemPLP -107.30 ChemPLP -104.95

Pose 3 RMSD 3.23 A Pose 4 RMSD 1.93 A Pose 5 RMSD 8.13 A
ChemPLP -85.03 ChemPLP -83.33 ChemPLP -81.20

Figure 5. This panel encompasses all binding modes (experimental + docking poses) investigated in
this work for complex deposited in the PDB with accession code 5BJO. For each pose, the ChemPLP
docking score and RMSD to the experimental pose are reported.
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Pose 1 RMSD 2.73 A Pose 2 RMSD 7.99 A
PDB ID6E1U ChemPLP -99.21 ChemPLP -93.30

Pose 3 RMSD 0.74 A Pose 4 RMSD 5.43 A Pose 5 RMSD 2.77 A
ChemPLP -92.00 ChemPLP -88.21 ChemPLP -88.19

Figure 6. This panel encompasses all binding modes (experimental + docking poses) investigated in
this work for complex deposited in the PDB with accession code 6E1U. For each pose, the ChemPLP
docking score and RMSD to the experimental pose are reported.
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TTMD protocol 1: standard temperature ramp, ODDT fingerprints, MS coefficient

As a first attempt, we tried repurposing the same TTMD workflow described in the original
publications®16 without any modifications. We therefore used a standard temperature ramp, setting up
the starting simulation temperature at 300 K, the end temperature at 450 K, the temperature increase
between each TTMD-step to 10 K and the duration of each TTMD-step at 10 ns. Poses were then ranked
according to the MS coefficient, using ODDT interaction fingerprints for monitoring the evolution of the
binding mode. Results for this first round of TTMD simulations are summarized in Table 2.

As can be seen in Table 2, the standard TTMD protocol that was successfully applied to the
characterization of protein-ligand complexes' residence time cannot be readily repurposed to RNA-ligand
complexes. What we noticed immediately, indeed, was that several replicates presented very high MS
values (1, for example), implying that the ligands lose most or even all the native interaction features in
the first TTMD-step. By visually inspecting the trajectory and subsequent analyses, we noticed though
that this was not true, as the ligands were still in place and in a conformation within the binding site that
was compatible with a similar interaction pattern as the one of the reference frame. We carefully checked
the fingerprint calculation step, and we noticed indeed that ODDT interaction fingerprints cannot capture
most of the interactions that exists between the ligand and the RNA receptor, especially concerning
hydrogen bonds and pi stacking, which are dominant in this kind of systems, and captured just a fraction
of the hydrophobic contacts. We tried manually modifying the cutoffs for the calculation of such
interactions, to see if they were too strict, but the results did not dramatically change. We therefore
concluded that it was an atom-typing issue, with ODDT not being able to rightfully classify all RNA atoms
and depict the intermolecular interactions involving them. For this reason, we modified the TTMD code
to use a different protein-ligand interaction fingerprint, provided by the ProLIF package *!, since it supports
DNA and RNA molecules as well. TTMD protocol 2: standard temperature ramp, PROLIF fingerprints,
MS coefficient

As a second attempt, we re-analyzed existing TTMD trajectories monitoring the evolution of the receptor-
ligand interaction fingerprint through the ProLIF package instead of the ODDT one. The result of this
analysis is reported in Table 3.

As can be observed in Table 3, although the sensitivity of the fingerprint-based scoring function improved
compared to the traditional TTMD protocol thanks to the change of the package used for the PLIF
calculation, the results of the TTMD simulations are still not satisfactory. Taking aside the first three
test-cases, i.e. 1lUUD, 1UUI, and 2LWK for which the docking itself was not reliable thus justifying the
challenging nature of the task, in the other three cases the results were promising but showed margin of
improvement. Indeed, in all these three cases, the TTMD refinement would have at best excluded a couple
of wrong poses from the equation but would have attributed some other wrong poses similar scores to the
experimentally determined binding mode, resulting in an inconclusive post-docking refinement procedure.
On the other hand, in the case of complex 3Q50, where the closest poses to the crystal reference are pose
1 and 4, respectively, the MS coefficient would have awarded pose 1 and 2, giving them scores similar to
the experimentally determined binding pose, and higher scores to the other ones. Intriguingly, the pose
ranking capabilities would have been very good in the case of complexes 5BJO and 6E1U, were the closest
poses to the experimental data (1, 4 and 3 for 5BJO, and 3, 1, and 5 for 6E1U, respectively) would have
been correctly distinguished by the MS coefficient from the more incorrect ones, other than being close in
MS score to the crystal reference and being correctly ranked based on the RMSD to the native binding
mode. Based on the visual inspection of TTMD trajectories, and on previous experience accumulated
working on similar targets 12, we thought that a possible solution for improving the accuracy of the
prediction could be to use a different temperature ramp, specifically a less aggressive one, in order to
reduce the amplitude of the conformational movements of the RNA receptors to favorably decouple the
evolution of the three-dimensional structure of the receptor from the diffusion of the ligand from the
binding site.
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Table 2. This table summarizes results for TTMD simulations carried out under the protocol 1
simulation and analysis conditions. For each investigated system, the individual MS coefficient for
each TTMD replicate and the average MS value are reported.

Model Pose MD1 MD2 MD3 MD4 MD5  TrimMean
1UUD  crystal  0.00759 001960 0.01667 0.00514 0.01112
1UUD 1 0.00628 0.01200 0.00506 0.01000  0.00844
1UUD 2 003264 0.00612 0.00665 0.02471 0.01577
1UUD 3 0.00701 0.00648 0.01990 0.01661 0.01157
1UUD 4 0.09940  1.00000
1UUD 5 0.00456 0.00612 0.00421 1.00000 1.00000 0.33689
1UUI crystal  [JOOHO00N 0.01363 0.01111 0.00347 0.01037
Ul 1 001419 0.01246 0.67140
Ul 2 001429 0.09650 0.10000 0.01664 0.04435
Ul 3 1.00000
Ul 4 1.00000 003333 1.00000 0.03249 0.36093
Ul 5 0.09894 [000G0N 0.10000  0.70000
2LWK  crystal  1.00000 N/A 1.00000 1.00000 0.03330  1.00000
JLWK 1 [ 606001100000 110000000000 0.01906  1.00000
JLWK 2 1.00000 1.00000 0.00833 1.00000 N/A 1.00000
2LWK 3 0.05000 [H00000EI00000% 0.02500 [HI00000N 0.68333
JLWK 4 1.00000 0.00598 1.00000 N/A 1.00000  1.00000
2LWK 5 0.02000 0.09918 0.00714 1.00000 [0I03338H 0.05084
3Q50  crystal  0.00326 000323 0.00212 0.00168 0.00257
3Q50 1 -M 0.00271 0.00311 0.00216 0.00239
3Q50 2 0.00225 0.00137 0.00210 [0I00207 0.00198  0.00205
3Q50 3 0.00524 0.00430 0.00540 0.00233 0.00478
3Q50 4 0.00517 - 0.00368 0.00437 0.00353 0.00403
3Q50 5 0.00348 0.00440 000314 0.00393 JOW008BIN 0.00366
5BJO  crystal 0.00318  0.00463 0.00305 0.00455  0.00402
5BJO0 1 0.00273  0.00457 - 0.00471 0.00279  0.00374
5BJO0 2 000391 0.00511 0.00473 0.00431 0.00459
5BJO 3 0.00368 0.00474  0.00469 -% 0.00448
5BJO 4 FOIG03378 0.00346 000415 0.00257 0.00256  0.00313
5BJO 5 0.00371 0.00392 000520 0.00601 [0W00503N 0.00472
6EIU crystal [JOIO0207N 0.00073 000241 0.00063 0.00653  0.00174
6EIU 1 0.00182  0.09966 0.03333  0.00064 0.01987
6EIU 2 0.00650 0.00667 0.00382 0.00390  0.00500
6EIU 3 FOIB0071N 000139 000113 0.00040 0.00055  0.00080
6EIU 4 0.09758  0.04980  1.00000 0.04929  0.06579
6EIU 5 0.09838  1.00000 0.00250 - 0.00427  0.05079

TrimError

0.00554
0.00251
0.01030
0.00528
0.36024
0.48747
0.00336
0.48337
0.03989
0.00000
0.47111
0.44117
0.41859
0.39238
0.42941
0.47159
0.43042
0.38534
0.00063
0.00053
0.00031
0.00111
0.00058
0.00044
0.00069
0.00085
0.00041
0.00038
0.00060
0.00085
0.00215
0.03614
0.00124
0.00037
0.37579
0.38612
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Table 3. This table summarizes results for TTMD simulations carried out under the protocol 2
simulation and analysis conditions. For each investigated system, the individual MS coefficient for
each TTMD replicate and the average MS value are reported.

Model Pose MD1 MD?2
1UUD crystal  0.00553

1UUD 1 0.00833  0.00538
1UUD 2 0.00506 0.03247
1UUD 3 0.00585
1UUD 4 - 0.00961
1UUD 5 0.00470  0.00731
1UUI crystal  0.00769  0.01427
Ul 1 0.00534  0.00553
Ul 2 ROIGT608Y 0.00627
Ul 3 0.00692  0.00414
Ul 4 1.00000

Ul 5 1.00000  0.10000
2LWK  crystal  1.00000

2LWK 1

ALWK 2 0.00887  0.00448
2LWK 3 0.00909 [0101588Y
ALWK 4 1.00000  0.00406
2LWK 5 0.02000  0.03268
3Q50  crystal [J0I000B3N 0.00035
3Q50 1 0.00060  0.00109
3Q50 2 0.00054
3Q50 3 - 0.00340
3Q50 4 0.00154  0.00086
3Q50 5 0.00191 10160650
5BJO crystal  0.00075 0.00048
5BJO 1 0.00083
5BJO 2 0.00319
5BJO0 3 0.00141
5BJO 4 0.00089  0.00085
5BJO 5 0.00206  0.00139
6EIU crystal  0.00114  0.00039
6EIU 1 0.00035

6EIU 2 w
6EIU 3 0.00034  0.00046
6EIU 4 0.00185  0.00298
6EIU 5 0.00172  0.00076

MD3
0.01250

0.00392
0.09604
0.00420
0.01000
1.00000
0.10000
1.00000
0.02424

0.10000

0.00833
0.01246
0.01111
0.00694
0.00045
0.00070
0.00038
0.00342
0.00249
0.00115
0.00053
0.00043
0.00164
0.00078

0.00043
0.00077
0.00054
0.00033

0.00068

MD4

0.01404
0.00612
0.00666
0.01102
0.01193

MD5
0.00518
0.00991
0.01096
0.01111
0.09968
1.00000
0.00336
0.05000
0.01954
0.09760
0.00602
0.01250
0.02500
0.00833
0.00533
1.00000
0.10000
0.03307
0.00068 0.00090
0.00038
0.00049
0.00202  0.00080
0.00277
0.00085
0.00524
0.00211
0.00509
0.00083
0.00596
0.00140
0.00048
0.00464
0.00059
0.00351
0.00199

0.00865

0.00442
0.00587
0.00529

0.02438

0.00041

0.00054
0.00041
0.00057
0.00397
0.00229
0.00075
0.00627

0.00124
0.00052

0.00193

TrimMean
0.00899
0.00732
0.00838
0.00798
0.04075
0.00632
0.00909
0.02305
0.01474
0.03782
0.01245
0.04843
0.05245
1.00000
0.00644
0.01757
0.04162
0.02564
0.00055
0.00065
0.00047
0.00292
0.00208
0.00096
0.00051
0.00070
0.00274
0.00199
0.00084
0.00374
0.00069
0.00066
0.00247
0.00039
0.00235
0.00122

TrimError

0.00358
0.00160
0.01002
0.00285
0.04213
0.39769
0.00354
0.39290
0.03528
0.38984
0.39589
0.38632
0.38506
0.39667
0.00174
0.39385
0.38870
0.00962
0.00019
0.00023
0.00006
0.00105
0.00069
0.00046
0.00012
0.00185
0.00082
0.00147
0.00004
0.00200
0.00042
0.00030
0.00239
0.00010
0.00065
0.00052
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TTMD protocol 3: alternative temperature ramp, PROLIF fingerprints, MS coefficient

In the attempt of further improving the predictive capabilities of the method, we decided to test out an
alternative, less aggressive, temperature ramp. Specifically, we set up a starting temperature of 73 K and
an end temperature of 223 K, while maintaining the same temperature increase and step duration. The
ramp was purposefully chosen within a temperature interval that could be considered “extreme cold” based
on a pair of assumptions: first, with highly thermostable macromolecules such as protein receptors
investigated in previous TTMD works, working within a temperature interval that is way outside the
realistic representation of the system did not impair the ability to extract meaningful data out of the
simulation (i.e., a qualitative estimation of the residence time), second lowering the temperature of the
simulated system will reduce the atomic velocities, thus resulting in a decreased flexibility of the RNA
receptor. Although temperatures in Molecular Dynamics do not have necessarily an equivalence with real-
world ones, a similar concept of extracting meaningful data at non-physiological temperatures is commonly
applied in Molecular Biology, for example, while determining crystallographic structures with X-ray
spectroscopy and Cryo-EM techniques. The results of this set of TTMD simulations are encompassed in
Table 4.

As can be deducted from Table 4, the use of an alternative temperature ramp that operates at lower
temperature values did not necessarily improve the quality of the TTMD post-docking refinement. First,
the quality of the prediction decreased in those cases (LUUD, 1UUI, and 2LWK) where docking was not
able to generate a good docking pose: indeed, while protocol 2 was at least able to assign the lowest
scores to a pool of poses that included the experimentally determined ones, here it can be noticed how
the native binding mode is always among the ones with the worst scores in term of MS coefficient.
Speaking of the other three cases, instead, where protocol 2 performed quite decently, here the pose
ranking capabilities of TTMD stays practically identical, with the only difference being that the MS score
difference between various poses is decreased, flattening the difference in score between native-like poses
and wrong ones. Looking at the fingerprint profile, though, we noticed how lowering the temperature
ranges not only reduced the amplitude of conformational shifts in the nucleic receptor, but also decreased
the tendency of the ligand to diffuse from the binding site, thus making less efficient the protocol.
Practically speaking, although the “titration timeline” profile clearly showed a difference in the amplitude
of the changes in the fingerprint-based score throughout the TTMD simulation, the difference between
the end and starting point of the simulation was not so marked. This observation led us to conclude that,
maybe, the MS coefficient in its original formulation could not be the most sensitive metric to capture the
subtle rearrangements of the ligand within the binding site and the conservation of the binding features,
thus inducing us to introduce a different metric defined as IFF coefficient (see Materials and Methods for
a detailed explanation on how the IFF coefficient is computed).

TTMD protocol 4: alternative temperature ramp, PROLIF fingerprints, IFF coefficient

To test if an alternative metric to the MS coefficient would be able to improve the sensitivity of the
TTMD protocol using an alternative temperature ramp that operates at sub-freezing temperature, we re-
analyzed those trajectories determining the IFF coefficient. The results are summarized in Table 5.

By observing Table 5, it can be seen as even the new metric is not able to improve the results of the
TTMD refinement performed at such lower temperatures. Specifically, the performance of the method
remains like what could be observed with the old-fashioned MS coefficient. To further prove the point, we
re-analyzed also those trajectories performed with the standard temperature ramp (see Table S1,
Supplementary Materials) and we found a great level of coherence between the MS and IFF coefficient
regarding their ability to rank poses based on the persistence of native binding features throughout the
simulation.

121



SCIENTIFIC PUBLICATIONS

Table 4. This table summarizes results for TTMD simulations carried out under the protocol 3
simulation and analysis conditions. For each investigated system, the individual MS coefficient for
each TTMD replicate and the average MS value are reported.

Model Pose MD1 MD2 MD3 MD4 MD5  TrimMean
1UUD  crystal [JOI00442 0.00314 0.00493 0.00436 0.00494  0.00457
1UUD 1 0.00476  0.00090 0.00089 0.00353  0.00189
1UUD 2 0.00461 0.00397 0.00324 0.00279 0.00352
1UUD 3 0.00534 0.00159 0.00318 0.00144 0.00212
1UUD 4 0.00068 0.00221 0.00686 0.00280  0.00247
1UUD 5 0.00449 0.00189 0.00282  0.00440 0.00340
1UUl  crystal  0.00402 0.00353 0.00321 0.00191 0.00335
wur 1 0.00175 0.00167 0.00200 0.00198 0.00188
wur 2 M- 0.00058 0.00109 0.00555 0.00080
Ul 3 0.00282 0.00349 0.00135 0.00323 0.00302
Ul 4 0.00355 0.00157 0.00302 0.00230  0.00262
Ul 5 0.00205 0.00437 0.00182 0.00308 0.00259
2LWK  crystal 000336 0.00327 0.00371 0.00279 0.00332
JLWK 1 %- 0.00489 0.00118 0.00500 0.00463
JLWK 2 0.00203 0.00170 0.00506 0.00349 0.00262
JLWK 3 0.00042 0.00087 0.00437 0.00571 0.00266
JLWK 4 0.00133 0.00142 0.00089 0.00091  0.00112
2LWK 5 0.00343 0.00445 0.00199 0.00517  0.00390
3Q50  crystal  0.00072 0.00015 0.00060 0.00024 0.00037
3Q50 1 0.00017 0.00065 0.00016 0.00012 0.00016
3Q50 2 0.00024 0.00041  0.00045 0.00023  0.00032
3Q50 3 0.00029  0.00037 0.00046 0.00051  0.00041
3Q50 4 000131 0.00143 0.00164 0.00127 0.00138
3Q50 5 0.00037 0.00060 0.00055 0.00043  0.00049
5BJO  crystal  0.00028 0.00015 0.00021 0.00017 0.00019
5BJO0 1 0.00021 0.00022 0.00016 0.00017 0.00019
5BJO0 2 0.00150 0.00290 0.00221 0.00156  0.00184
5BJO 3 0.00061  0.00038 0.00049
5BJO 4 0.00099 0.00099  0.00044 0.00067  0.00079
5BJO 5 0.00095 [OIO0MEN 000037 0.00161 0.00358 0.00133
6EIU crystal - 0.00037  0.00032 0.00022 0.00016 [OBO02AN 0.00027
6EIU 1 0.00020 0.00055 [O0628N 0.00023 0.00032 0.00028
6EIU 2 0.00019 0.00053 0.00032 0.00042 [0I0003GN 0.00038
6EIU 3 10100076 0/00016% 0.00224 0.00015 0.00039  0.00024
6EIU 4 0.00103 0.00086 0.00175 0.00191  0.00149
6EIU 5 0.00059 0.00049  0.00076 w 0.00054

TrimError

0.00065
0.00159
0.00063
0.00150
0.00206
0.00099
0.00070
0.00013
0.00193
0.00075
0.00067
0.00090
0.00029
0.00143
0.00123
0.00202
0.00021
0.00107
0.00022
0.00020
0.00009
0.00008
0.00013
0.00008
0.00004
0.00002
0.00052
0.00007
0.00021
0.00108
0.00008
0.00012
0.00011
0.00082
0.00042
0.00011
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Table 5. This table summarizes results for TTMD simulations carried out under the protocol 4
simulation and analysis conditions. For each investigated system, the individual IFF coefficient for
each TTMD replicate and the average IFF value are reported.

Model
1UuUD
1UUD
1UuUD
1UUD
1UuUD
1UUD
1UUlI
1UUI
1UUlI
1UUI
1UUlI
1UUI
2LWK
2LWK
2LWK
2LWK
2LWK
2LWK
3Q50
3Q50
3Q50
3Q50
3Q50
3Q50
5BJO
5BJO
5BJO
5BJO
5BJO
5BJO
6EIU
6EIU
6EIU
6EIU
6EIU
6EIU

Pose

crystal

AW NN =

crystal

A W NN =

crystal

A w NN =

crystal

g W NN =

crystal

g W NN =

crystal

a B~ W N

MD1

0.08170
0.06440
0.20300
0.12670
0.09040
0.22860

0.14520 [}0:13200"]

0.07460
0.03630

0.12060 [0M0450% 0.09530

0.07680
0.04520

MD2

0.10090
0.02760
0.13680

0.16830

0.07600

MD3

0.13150

0.09660
0.20920
0.11650
0.10620

MD4

0.09300
0.04900
0.08850
0.05810
0.10370
0.25030
0.18700

MD5

0.04240
0.15780
0.05610

0.10570

0.06880 0.06380
0.08390 0.26680

0.12010

0.20760
0.09790
0.03890
0.19820
0.03240
0.01830
0.01190
0.01540
0.03980
0.03190
0.01500
0.01250
0.05420
0.02340

0.02510
0.02380

0.00740
0.05210
0.02720

0.07550
0.11910
0.08440

0.09620

0.06550
0.05820
0.16620

0.01460

0.02160

0.06500

0.01070
0.01070
0.08590
0.01610
0.03790
0.08120
0.02530

0.03310

0.04850

0.02240

0.09370

0.15250

0.06420 JOI070N 0.12710

0.08610
0.14570
0.16880
0.21300
0.24620
0.08010
0.01350
0.03700

0.02470
0.06080
0.03390

0.01530

0.02170
0.01630
0.05140

0.01500
0.01610
0.11340
0.08180
0.03100

0.10380
0.10430
0.06800
0.16450
0.27600
0.07680
0.11030
0.02740
0.01800
0.01570
0.01890
0.07390
0.02570
0.01690

0.08580

0.04140
0.07380
0.01210
0.03590
0.02880
0.00900
0.12690
0.03700

0.11110
0.23220
0.24650

0.06400
0.23790

0.02800

0.01470

0.02420
1006200
0.02420
0.01200
0.01180
0.05420
0.01890
0.02980
0.16150
0.01150
0.01400
0.02040
0.01950

TrimMean
0.09810
0.04513
0.14617
0.07580
0.14180
0.15707
0.12810
0.07173
0.06193
0.10980
0.10510
0.10750
0.11960
0.18437
0.12263
0.14767
0.07060
0.18550
0.01920
0.02190
0.01513
0.02230
0.06260
0.02800
0.01330
0.01213
0.06850
0.02030
0.03510
0.07840
0.02040
0.01900
0.02353
0.01453
0.06427
0.02903

TrimError

0.01653
0.01185
0.03683
0.02661
0.04341
0.06776
0.03000
0.00456
0.08601
0.02268
0.02608
0.01095
0.05244
0.05942
0.04627
0.09482
0.00806
0.04213
0.00771
0.00741
0.00318
0.00365
0.01123
0.00378
0.00220
0.00153
0.01427
0.00249
0.00899
0.03752
0.00639
0.00802
0.00613
0.04049
0.02904
0.00478
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Discussion

Molecular docking represents the state-of-the-art technique for the prediction of protein-ligand complexes,
thanks to the good compromise between accuracy and rapidity of execution 9. Although routinely used in
various structure-based drug discovery campaigns, molecular docking has been specifically designed and
optimized with protein-ligand receptor in mind, mainly due to pharmaceutical relevance and availability of
experimentally determined structures to use as a benchmark for method development 7. Despite the
growing interest of medicinal chemists towards targeting RNA macromolecules for therapeutic and
diagnostic purposes in the last decade, the field of rational design of RNA-targeting ligands is still relatively
unexplored, due to some intrinsic challenges portrayed by these molecular entities, such as their structural
plasticity which makes it difficult to obtain their experimentally determined three-dimensional structure, a
pivotal requirement for modern-days drug discovery campaigns 1.2,

Despite all these challenges, recent works have demonstrated how, despite some intrinsic limitations,
routinely used molecular docking programs such as PLANTS can be quite efficiently used for investigating
RNA-ligand complexes as well 26, Furthermore, we previously showcased how Supervised Molecular
Dynamics (SuMD) simulations can be successfully utilized to flank molecular docking in investigating the
recognition process of complexes involving RNA molecules, both as ligands 2 and as receptors 1, retrieving
useful information about the whole binding process beyond the final bound state. Critically, one of the
major problems of docking in all its iterations, both classic and dynamic based, is finding a good scoring
metric that can discriminate native-like poses from the wrong ones 2. The peculiarities of RNA molecules,
such as the distinctive surface charge distribution, exacerbate the limitations of classical scoring functions,
which have been developed specifically for protein binding sites. For all these reasons, introducing new
and improved ways of investigating RNA-ligand complexes is a very pressing issue.

In the present article, we presented the first application of Thermal Titration Molecular Dynamics
(TTMD), a recently developed MD-based protocol for the qualitative estimation of protein-ligand
unbinding kinetics, to the characterization of RNA-ligand complexes. We investigated six different
pharmaceutically relevant test-cases of different molecular complexity, both on the ligand and on the
receptor side. We performed two rounds of simulations, one with the standard temperature ramp already
described in the original publications 1516, and one with an alternative ramp operating at sub-freezing
temperatures, to investigate the effect of the temperature ramp on the accuracy of prediction. We modified
the original code to use the ProLIF package 4! for the calculation of RNA-ligand interaction fingerprint
instead of the ODDT one %9, since they exhibit a better description of these systems. We also explored a
different metric, the IFF coefficient, to use alongside the MS coefficient for monitoring the conservation
of the native binding determinants and calculating a proxy measure for the receptor-ligand residence time.
By analyzing the whole set of simulations and analysis performed upon them, it seems clear that TTMD
can be a helpful tool to refine docking results in those cases where the geometry of the binding site is well
defined and maintained throughout the simulation, in a similar way to what was already observed for
protein-ligand systems. 5BJO simulations are a proof of this concept as the binding site remains extremely
stable throughout the course of the simulation (Video V1, Table S1, Table S2 Supplementary Materials).
In those cases where the perturbation of the receptor conformation and or the receptor fold overcomes
the tendency of the ligand to diffuse from the binding site, the method accuracy drops significantly, not
improving docking results and even invalidating successful ones.

Concerning this aspect, the choice of the temperature ramp is pivotal for the success of the TTMD
rescoring process. Despite the high flexibility of RNA molecules, especially at high simulation temperatures,
the standard temperature ramp still outperformed the alternative, sub-freezing one. A plausible explanation
for this evidence is that the electrostatic component dominates the protein-ligand interaction energy,
making it very unlikely for the ligand to spontaneously detach and unbind without any external aid in the
shape of a temperature increase. Regardless of the choice of the metric used for estimating the poses
residence time (the MS or the IFF coefficient), the ranking provided by the standard ramp was more useful
than the one provided by the alternative one, due to the flattening of the score differences between good
and bad poses at lower temperatures. Despite this, the exploration of the alternative ramp allowed us to
determine that simulating in those conditions will not result in discarding a good pose, at least for those
cases where TTMD (and docking too) perform well. The possibility to tune the temperature interval with
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a certain degree of freedom based on the knowledge of the system makes it quite appealing, since in a
prospective use case one could simply start with a titration in the low-temperature range, evaluate the
separation in score between different poses, and eventually re-execute the titration at higher temperatures
based on the results provided by the first round of simulations.

Another useful expediency that the user could implement would be to carry out a TTMD “dry run” on just
the RNA molecule itself, a functionality that has been introduced purposefully in the latest version of the
TTMD code used for this article, and evaluate its behavior in terms of structural plasticity, especially at
the binding site level, before running the titration on systems including the ligand as well. It is important
to stress that it probably exists an intermediate ramp between the two that were utilized in the present
work that might be a better compromise and provide slightly better results, but at the same time we firmly
believe that in order to be adopted by the largest number of user possible a method has to be easy to
implement and setup, without spending too much time on optimizing parameters for its execution. For
this reason, we wanted to showcase that the method can perform reasonably well almost regardless of the
choice of the ramp, although the original ramp that has already proven to be successful in the case of
protein-ligand complexes is still the best one in terms of accuracy. Finally, it is worth mentioning that
working with macromolecules that have an intrinsic conformational flexibility such as RNA strongly limits
the applicability of any given MD technique in a high-throughput fashion, due to its limited sampling
capabilities, making docking still the most efficient choice for investigating these systems. On the other
hand, the ever-increasing computational power available for MD simulations will make more and more
appealing the use of pipelines like TTMD in the future, thus justifying the interests in the further
development of this and other MD-based method for the investigation of systems involving nucleic acids3.
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Abstract

This study revisits the pioneering work of Professor Neidle, and co-workers, on the
crystal structure of complexes formed between groove binders and DNA sequences.
The original research revealed a DNA-ligand complex consisting of a dodecanucleotide
bound with Berenil [1,3-bis(4'-amidinophenyl)-triazene] an anti-trypanocidal drug. This
article aims to delve deeper into the structural dynamics of this system, showcasing
the role played by water molecules in stabilizing the interaction between the ligand and
the DNA. With this work, we reevaluate the findings from the original crystallographic
study by employing modern molecular dynamics techniques, including Supervised
Molecular Dynamics (SuMD) for generating binding trajectories, Thermal Titration
Molecular Dynamics for assessing unbinding events, and AquaMMapS to identify
regions occupied by stationary water molecules. The study addresses a minor and a
major groove binding mode and assesses their strength and specificity using TTMD
simulations, generating unbinding trajectories. This comprehensive approach integrates
the understanding of the interaction of this DNA-ligand complex, which originated with
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the valuable work of Professor Neidle, resulting in an in-depth insight into the pivotal
role of water molecules with this DNA, a behavior detected and extendable even to
other nucleic acid complexes.

Introduction

In this work, we revisited one of the first central contributions of Professor Neidle ! to the field of small
groove ligand-DNA complexes crystal structures. The complex deposited in the Protein Data Bank 2 with
the ID code 2DBE, and core of the original research, consists of a dodecanucleotide d(CGCGAATTCGCG)
bound with the anti-trypanocidal drug Berenil (Figure 1), a compound extensively studied for its
applications as a cytotoxic and antiviral agent in animals 34,

Ligands, like the cited Berenil, exhibit both intercalative and minor groove binding properties with DNA
and RNA duplexes . This compound innovative crystallographic work not only showcases the complex
structure of the DNA-ligand interaction but also highlights the essential role of water molecules, for the
first time, in the recognition process between a minor-groove ligand and DNA. Coherently to the footprint
analysis reported in the past °, also the analysis performed in the study of Professor Neidle and his research
team, suggests that strong binding sequences cover at least three base pairs, leading to the hypothesis of
a possible preference for alternating AT sites. In the original published article, thanks to molecular
modeling and perturbation energy studies, it was found that the use of energy minimization emphasized
the binding mode obtained in the crystal, suggesting that Berenil's interaction with the eight-base duplex
involved a broad enthalpy well extending over the 4 bp d(. . AATT . .) sequence, rather than a single
global minimum. Building on these foundational insights, the original molecular modeling studies proposed
a structural rationale for the interaction of Berenil with B-DNA via the minor groove, spanning two base
pairs and forming preferential hydrogen bonds with adjacent thymine bases through their 02 atoms 7.
In homage to the significant contributions of Professor Neidle, this study embarks on revisiting his
landmark research, employing well-established molecular dynamics techniques developed by Professor
Stefano Moro and his research team. Techniques such as Supervised Molecular Dynamics (SuMD) 0 for
generating binding trajectories, Thermal Titration Molecular Dynamics 1112 for assessing unbinding
trajectories, and AquaMMapS 13 to identify zones occupied by stationary water molecules during MD
simulations.

HZN+/ \+N H.

Figure 1. Chemical structure of Berenil [1,3-bis(4'-amidinophenyl)-triazene].

The goal of this study is to dive deeper into the structural dynamics of the Berenil-DNA complex, giving
an insight into the role of water in the stabilization of the interaction between these two molecular objects,
while elucidating and integrating the findings from the original crystallographic study, emphasizing the
role of bridging water molecules and interactions within the DNA backbone

The focus of this work is to utilize information gathered from previous studies and reevaluate them through
the perspective of modern molecular dynamics approaches, commonly employed in nucleic acid research
1416 Employing both minor and major groove binding trajectories targeted toward the AT binding site,
assessments will be made regarding the strength and specificity of interactions using Thermal Titration
Molecular Dynamics (TTMD) simulations in unbinding trajectories. Through this comprehensive approach,
an additional advance in the understanding of Berenil's interaction with DNA was obtained, contributing
overall to the strategic and promising field of nucleic acid-small molecule interaction studies.
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Results and Discussion

Starting with the structural information provided by the Berenil crystallography complex and the
nucleotide sequences cataloged in the PDB under the 2DBE code, an attempt was made to generate a
binding trajectory that could replicate the crystallographic binding mode, and its key interactions with the
nucleic acid. To this end, Supervised Molecular Dynamics (SuMD) simulations have been conducted.
SuMD is a well-established computational technique used for investigating unbiased receptor-ligand
recognition pathways on the nanosecond timescale, by combining unbiased MD simulations and a tabu-
like algorithm 1017 This technique has been used in various studies to investigate the binding between
several biomolecular receptors, including proteins, peptides, and RNA aptamers (available references). As
depicted in Fig. 3 (Panel A), starting 95 A away from the AATT nucleotide sequence, to avoid possible
charge attraction effects, it was possible to explore the entire binding recognition in less than 16
nanoseconds (ns) of SuMD simulation.

The binding trajectory is rapid and linear. In fact, the ligand reaches the crystallographic binding site
within the first 2 ns with favorable energy values. This is followed by a second phase of recognition and
positioning extending up to 4 ns, where the ligand fully inserts into the minor groove. Despite the initial
energetic disfavor observed during the first phase of recognition, the subsequent positioning within the
minor groove is characterized by favorable and negative energetic interactions (Figure 2 and Video S1).

Interaction Energy Landscape

100 -
20
80 -
3
o
10 3
o
< 604 S
2 m
) o &
£
£ -
S 40 L-10 =
0
o
L 20 3
5
20 - .
_*.
L% —40
O_

0 2 4 6 8 10 12 14 16
Time (ns)

Figure 2. Illustration of the Interaction Energy profile of the minor groove molecular dynamics SuMD
simulation.

By supervising the ligand proximity to the AT-rich binding site across the SuMD simulation, another
stable binding mode at the level of AT-rich sequences was identified during the recognition phase. In this
case, the ligand lies within the major groove displaying an alternative binding mode. The starting point of
this simulation was identical to the one previously analyzed, but resulted in a different binding profile,
observable in Figure 3 (Panel B). In this case, the simulation runs for approximately 26 ns, and is
characterized by a less direct approach path and several interactive steps along the trajectory.
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Figure 3. Schematic representation of the binding trajectory, compared between the minor-groove
SuMD simulation (blue) and the major-groove one (orange). Panel A represents the approach of the
ligand to the binding site in terms of distance to the center of mass of the DNA minor-groove binding
site. Panel B represents the same for the major-groove binding site.

The ligand undergoes a progressive reorientation during the binding trajectory towards the AT-rich binding
site. Four predominant DNA-ligand populations are observable in the energetic profile reported in Figure
4 and Video S1. The comparison of the of minor-groove and major-groove binding trajectories and their
interactions analysis are available in Video S1 in the Supplementary information.
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Figure 4. Illustration of the Interaction Energy profile of the major groove molecular dynamics SuMD
simulation.

The final frame of the generated binding trajectories revealed favorable interactions with water molecules
in both minor and major grooves. A comparison of these binding modes and their heat maps with the
crystallographic ones is reported in Figure 5. The water molecules highlighted in the reported binding
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modes of the last frame of the molecular dynamics (panels A and B) are also present at the crystallographic
level. The heat maps illustrate the mediation of favorable electrostatic interactions with the ligand carried
by the water molecule. This data further confirms the crucial arrangement of water during the dynamics,
observable even in the deposited crystal, in which water bridges interactions between the ligand and the
nucleic acid. The interactive profile of the crystallographic binding mode (panel B) mirrors the one
generated from the final frame of the dynamics in the minor groove (panel A), both in terms of electrostatic
and hydrophobic interactions. For the major groove binding mode, the heatmap reveals reduced
electrostatic interaction with the water molecule and, compared to the other two heatmaps (panel C),
significant hydrophobic interaction differences, with several points of interaction missing.

In parallel with the exploration of the binding trajectories, we conducted a molecular dynamics study of
the unbinding event using Thermal Titration Molecular Dynamics (TTMD) to evaluate the stability of a
ligand-nucleic acid complex. This technique has been successfully applied to both protein and RNA targets
111216 For both compounds’ binding modes, five simulations were conducted, starting at 250 K, increasing
the temperature until the binding mode was lost, resulting in the ligand exiting the binding pocket. The
starting point for the molecular dynamic simulations was the last frame of the previously obtained SuMD
run. The analysis of the trajectories is shown in Figure 6.

The comparison of unbinding trajectories and their interaction analysis are available in Video S2 in
Supplementary information. For the minor groove-bound ligand (Figure 6, panel A), the pose remains
stable throughout the temperature gradient explored, for the large part of the simulation.

Elecivostatic Contributions IEqy, Electrostatic Contributions [Ey
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Figure 5. The proposed binding mode of the minor-groove last frame of the molecular dynamic
simulation (panel A), crystallographic binding mode (panel B), and major-groove last frame of the
molecular dynamic simulation (panel C); protein residues mainly involved in binding are shown as
sticks. The water molecules involved in the interactions are highlighted with a red circle.
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Figure 6. Interaction Fingerprint Similarity and RMSD values of minor-groove last frame of the
SuMD simulation (panel A). Interaction Fingerprint Similarity and RMSD values of major-groove
last frame SuMD simulation (panel B).

The Interaction Fingerprint Similarity (IFPcs) values compared to the initial reference, starting at a value
below -0.7, remain constant throughout the temperature gradient explored until the ligand exits the binding
site, at 320-330 K. There is only a first reassessment of the ligand in the first 20 ns of the simulation,
with a slight loss of the IFPcs. This steady trend is also reflected in the ligand’s RMSD values, which
remain stable during the simulation. On the contrary, the major groove-bound ligand (Figure 6, panel B)
shows a loss of interaction profile at lower temperatures. After 30 ns of simulation, the ligand loses its
starting binding mode, indicating that it may have a shorter residence time, further confirming the
preference for the minor groove. The reasons behind this propensity may be sought in a better shape
complementarity as discussed in the original work of Professor Neidle, and in a steadier interaction between
the nucleic structure and water molecules that can stabilize the binding mode. Considering that not only
the nucleic-ligand interactions but also the solvent-mediated ones are crucial for a comprehensive
understanding of both the binding and unbinding event, an insight into the stability of water molecules
was carried out. For this purpose, in addition to the fingerprint similarity analysis, the AquaMMapS tool
was used to map stable waters throughout the TTMD runs.

It is important to stress the fact that during the simulations and even in the equilibration phase, all the
waters were not constrained. This approach facilitates the system's proper solvation and, as a result,
among the most stable waters, the ones occupying a “crystal-like” position, were obtained spontaneously.
Despite the rising temperatures and the exposure of the binding sites to the solvent, AquaMMapS revealed
the persistence of the crystallographic water molecules identified along the unbinding trajectory during the
Thermal Titration Molecular Dynamics (TTMD) simulation and also observable in the abovementioned
last frame of SUMD simulation (Figure 5 panel A and C). In the selected TTMD replica of the ligand in
the minor groove, two stable water molecules were identified in the position occupied by the
crystallographic one, exhibiting a B-factor value of approximately 21, as shown in Figure 7 (panel A).
Similarly, in the simulation of the ligand in the major groove, a stable water molecule was detected with
a B-factor of approximately 25, as depicted in Figure 7 (panel B).
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Figure 7. Representation of stable-waters predicted by AquaMMapS for the TTMD simulation on minor-
groove (panel A) and major-groove (panel B). In the red circle is represent the crystallographic water
molecule, in blue the AquaMMapS's predicted stable water. Panel C and D represent the minor-groove
(C) and major-groove (D) frame count distribution of water molecules in the position highlighted in the
red circle during the TTMD simulation.

The data highlights the crucial role of these water molecules as emphasized in Professor Neidle's original
study. To further characterize the role and location of these water molecules, an in-house Python 3.10
script was used to examine the dynamic profile of water molecules that were observed to interchange in
the positions identified via AquaMMapS. This behavior can be examined in Figure 7 (panels C and D).
The analysis is specifically focused on counting distinct water molecules that interchange positions within
the radius of a single water molecule at the chosen coordinates of the crystallographic waters. For each
of these distinct water molecules, the number of simulation frames where they were detected was
considered. The lower the number of distinct water molecules interchanging positions during the dynamics,
and the more the number of frames where these water molecules are detected, the higher the hydration
stability in that position. The results reveal that the count of distinct water molecules capable of
interchanging positions in the minor groove is significantly lower compared to those in the major groove
(7750 in the minor groove versus ~1200 in the major groove), with a notably increased frame count
favoring the minor groove. This implies that these water molecules might be much more stable in the
selected position in the minor groove than the major one.

Conclusion

In conclusion, the study provides significant insights into the dynamics of ligand-nucleic acid interactions.
The simulations conducted revealed the importance of the AT-rich binding site and the role of water
molecules in mediating interactions between the ligand and the nucleic acid. Thermal Titration Molecular
Dynamics (TTMD) simulations further confirmed the stability of these interactions, with the minor groove-
bound ligand exhibiting greater stability compared to the major groove-bound ligand.

The analysis showcased the stability of crystallographic water molecules during the binding trajectory,
despite the rising temperatures and the exposure of binding sites to the solvent. The study provided a
deeper understanding of the dynamic profile of these molecules, revealing that fewer distinct waters
interchanged positions in the minor groove compared to the major groove, suggesting higher hydration
stability in the minor groove.

This work enriches the knowledge present in the field of ligand-nucleic acid interactions, specifically
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widening the expertise on the Berenil-DNA complex. In particular, the critical role of water molecules and
the relevance of investigating their dynamic behavior have been pointed out, leaving precious
considerations for further studies addressing this target and nucleic acids in general. These findings indeed
offer valuable insights for future research endeavors, especially in investigating the potential application of
Berenil or similar ligands to RNA duplex targets. They open new possibilities for probing nucleic acids'
behavior and enhancing understanding of their role in various biological processes.

Materials and Methods

Hardware overview

Molecular modeling operations for the structure preparation and the setup for molecular dynamics (MD)
were carried out on a Linux workstation (Linux 20.04) comprising a 25-core Intel Core i9-9820X 3.3 GHz
processor. Molecular dynamics simulations (TTMD and SuMD) were computed on a GPU cluster
composed of 30 NVIDIA devices ranging from GTX980 to RTX4090.

Structure preparation

The experimentally determined three-dimensional coordinates of the Berenil-Dodecanucleotide complex
were retrieved from the Protein Data Bank 2 (PDB ID: 2DBE 1). The structure was prepared by exploiting
several tools from the Molecular Operating Environment (MOE) 2022.02 suite 8. In particular, the
“Structure Preparation” tool was adopted to check and fix the inconsistencies deriving from the original
structure. Then, each water molecule was removed, and the “Protonate3D" tool was used to add missing
hydrogens according to the prevailing tautomeric and protomeric state (pH = 7.4, T =310 K, i.f. =
0.154). Finally, hydrogen atoms were energy minimized, and partial charges were assigned according to
the AMBER14:ETH force field. The prepared structure was kept for molecular dynamics and docking
calculations. The Berenil ligand underwent a comprehensive preparation process for computational
analysis, utilizing various tools from the OpenEye suite 1°. Three-dimensional coordinates of the molecule
was generated with Omega 20, and the protonation states of ionizable groups were then determined with
Fixpka 21. Lastly, partial charges were assigned to the atoms within the ligand database thanks to
Molcharge 2.

System setup and Equilibration Protocol

The systems obtained were processed for MD simulations, exploiting several tools from Visual Molecular
Dynamics (VMD) 1.9.2 23, and Ambertools22 2*. The parameters for each nucleic atom were assigned
according to the DNA OL15 force field 2. The ligand was instead parametrized according to the General
Amber force field (GAFF) 26. Each system was solvated in a rectangular box using the TIP3P water model
27 keeping a padding of 15 A. The net charge of the system was then neutralized through the addition of
Na+ and Cl— ions, reaching a salt concentration of 0.154 M. Afterwards, 500 steps of energy minimization
through the conjugate gradient algorithm were performed to reduce clashes and bad contacts.

Before entering the production phase, a two-step equilibration protocol was carried out.

The first equilibration stage of 0.1 ns was performed in the canonical ensemble (NVT), applying a 5 kcal
mol-1 A-2 harmonic positional restraint to each DNA and ligand atom. The second equilibration consists
of a 0.5 ns simulation in the isothermal-isobaric ensemble (NPT), where the same force constant is used
to constrain only the ligand and the backbone of the DNA, and the pressure is fixed at 1 atm through a
Monte Carlo barostat 28. The temperature for all the equilibration phases was kept constant through a
Langevin thermostat 29, keeping the value at 310 K for SuMD and 350 K for TTMD.

Each MD simulation was conducted by exploiting the ACEMD 3.5 engine 30 based on the open-source
Python library OpenMM 31 An integration timestep of 2 fs was used, and the M-SHAKE algorithm was
applied to constrain the length of the bonds involving hydrogen atoms. The particle-mesh Ewald method
32 was exploited to compute electrostatic interactions using cubic spline interpolation. A 9.0 A cutoff was
applied for the calculation of Lennard-Jones interactions.
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SuMD

Supervised Molecular Dynamics (SuMD) 10 is an enhanced sampling MD method used to explore ligand-
target recognition pathways on the nanosecond timescale. This unbiased technique allows for the sampling
of infrequent events, such as the binding one, reducing the simulation time and related costs of classical
MD. SuMD is based on a series of short MD simulations followed by an evaluation of the simulation
progress by a tabu-like algorithm. Every subsequent short simulation defined as a SuMD-step is computed
in the canonical ensemble at 310 K for 500 ps.

The distance between the ligand and the binding site is monitored during each step, specifically the
distance between the center of mass of the ligand and the center of mass of the user-defined binding site
residues is calculated and fitted into a linear function. If the slope of the fitted line is negative, the ligand
is approaching the binding site, and the step is considered productive and retained to generate the final
trajectory. In the opposite scenario, whenever the slope is positive, indicating the distancing between the
ligand and the binding site, the step is discarded and repeated, exploiting the Langevin thermostat to
randomly reassign particle velocities, starting from the final coordinates of the previous SuMD-step. The
supervision algorithm operates until the distance between the centers of mass reaches a threshold value
(9 A, in this case). As the distance decreases, once it crosses the threshold value, the algorithm is switched
off, and the simulation proceeds further with 10 ns of classical MD.

TTMD

Thermal Titration Molecular Dynamics (TTMD) 1112 is an enhanced sampling MD Python tool useful for
the evaluation of complex unbinding kinetics. This technique, initially developed to compare protein-ligand
complexes considering the persistence of the native intermolecular interactions, is now applicable to nucleic
acid-small molecule complexes.

TTMD is based on a series of short classical MD simulations performed at progressively increasing
temperatures, defined as TTMD-steps. The user defines the length of each step and the total explorable
temperature ramp. Throughout the simulation, the program checks for changes in the native binding mode
of the ligand through the evaluation of the interaction fingerprints of each frame. If the original binding
mode is retained, the simulation proceeds until the end temperature is reached; on the contrary, if the
binding mode is lost during a TTMD-step, the simulation is stopped.

In this work, the starting temperature, is 250 K, while the end temperature is 400 K. The temperature
increase between every TTMD-step is 10 K, and the length of each simulation window is 10 ns. ProLIF
33 interaction fingerprint Python package has been exploited to compute the interaction fingerprint of the
ligand for each frame, allowing the evaluation of the binding mode retention operated by a fingerprint-
based scoring function (IFPcs) 34.

Trajectory analysis

SuMD. SuMD trajectories were carried out exploiting the ‘NAMD Energy' plugin for VMD 3. The
interaction energy, defined as the sum of van der Waals and electrostatic contributions, was calculated
through this package according to the force field.

TTMD. During a TTMD simulation, every frame generated is computed with the ProLIF Python package,
and the interaction fingerprint of each frame is compared to the last frame of the second equilibration.
The cosine similarity metric is applied to evaluate the persistence of the original binding mode throughout
the simulation. The value obtained is multiplied by -1, following the scale of most scoring functions. The
interaction fingerprint cosine similarity (IFPcs) is a value that ranges from -1 to 0, where -1 highlights the
persistence of the original binding mode. On the other hand, 0 indicates that the native binding mode is
lost. The IFPcs is computed for the last 10% of each TTMD-step, if the value is above -0.05 the simulation
is stopped as all the native interactions are lost.

The average IFPcs score for each TTMD-step is plotted against the temperature in the “Titration Profile”
plot. In this graph, the slope of the straight line that connects the first and last IFPcs point, defined as
the “MS coefficient” is a proxy measure for the stability of the complex.

This coefficient can range from 0 to 1. Specifically, 0 is indicative of a lasting conservation of the binding
mode, and 1 indicates a labile binding mode.
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The mathematical formulation of the MS score is reported in the equation below.
mean IFPEE™ — (1)

Tend _ Tstart
For both the minor and major groove complexes, five independent TTMD simulations were carried out.
Following the calculated MS score, the two simulations with the highest and lowest values were discarded,
and the mean MS value was calculated among the three remaining trajectories, leading to the selection
of the one with the closest value to the mean.
A second graph, defined as the “Titration timeline” is generated. This plot displays the time-dependent
evolution of the IFPcs scores throughout the simulation and both the ligand and the DNA RMSD
computed by exploiting the MDAnalysis Python package 3637,
The “Titration Timeline” plot reports the time-dependent evolution of the ligand, binding site, and
receptor’s backbone RMSD and the IFPcs score.
AquaMMapS. AquaMMapS 13 is a Python tool developed to map hydration sites according to the
occupancy rate during MD simulations. This program performs a grid-based inspection of the frequency
of occupation of the water molecules by creating cells designed to accommodate only one water molecule.
For every cell, the occupancy value is computed as the ratio between the number of frames in which a
water molecule is present and the total number of frames. A second occupancy value is calculated as the
ratio between the number of frames in which the cell is occupied by a stationary water molecule (RMSF
below 1.4), and the total frames.

Supplementary material

Video S1: Comparison of SuMD minor-groove and major-groove binding trajectory of Berenil;

Video S2: Comparison of TTMD unbinding molecular dynamics trajectories of minor-groove and major-
groove SUMD last-frame binding modes of Berenil.
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Abstract

RNA-protein interactions drive and regulate fundamental cellular processes like
transcription and translation. Despite being still limited, the growing body of structural
data significantly contributes to the characterization of these interactions. However,
RNA complexes involving proteins or peptides are not always available due to the
structural determination challenges that this biopolymer entails. Consequently,
modeling approaches like molecular docking are exploited to generate complexes
relevant to structural and pharmaceutical purposes, including analysis of putative drug
targets. Docking methods, despite their widespread adoption, are often hindered by
limitations in scoring accuracy, which affects the ranking of the generated poses. Post-
docking refining methods, including Molecular Dynamics (MD) approaches, have been
developed to tackle this issue. Thermal Titration Molecular Dynamics (TTMD) is an
enhanced sampling Molecular Dynamics technique that has been previously effectively
applied to refine protein or RNA-small molecule docking poses. This study presents the
first application of TTMD to RNA-peptide complexes, validating this method on more
complex systems and extending its applicability domain. Our findings showcase the
capability of this technique to refine peptide-RNA docking poses, correctly identifying
native binding modes among decoys for different pharmaceutically relevant targets.

Introduction

Ribonucleic acid (RNA) is a crucial molecule within the cell, commonly considered a bridging element
between genetic information and protein expression. Beyond its canonical “Central Dogma” role, RNA has
emerged as a versatile biopolymer involved in several cellular processes like RNA transcription, translation,
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and splicing?23.

Remarkably, only a fraction of the genome is translated into proteins*, and non-coding RNAs are now
receiving significant attention as their dysregulation is related to conditions like cancer and
neurodegenerative diseases®.

Various proteins can bind coding or non-coding RNA®, with RBP (RNA Binding Proteins) being about
7.5% of all proteins’, and flaws in protein-RNA interactions are found in various diseases, ranging from
cancer to neurological disorders89. For these reasons, studying the interactions between RNA and proteins
could give insights into cellular processes and could be strategic for identifying new therapeutics.

An increasing, yet limited, number of high-resolution structures of RNA-protein complexes
(ribonucleoproteins, RNPs) has been solved and deposited in the last decade; however, the experimental
determination of these complexes is still a time-consuming and complex task due to the peculiar nature
of RNA. High structural flexibility, the negatively charged phosphate backbone, and the transient nature
of the interaction involving RNA-protein complexes hamper the resolution of these structures3.

Given the lack of deposited structures, modeling approaches could help predict and study these
interactions, with molecular docking being one of the most adopted methods3.

The docking procedure is composed of two stages: ranking and scoring.

The first one is the generation of possible binding modes (poses) of a molecule at a given target by
sampling its orientation and conformation, while the latter consists of ranking the generated models using
a scoring function1?,

One of the main issues associated with sampling is that the recognition process and the peptide-RNA
complex formation often involve conformational changes. While many tools perform rigid body docking,
neglecting this critical aspect in favor of speed and reducing computing costs, some semi-flexible programs
can address this conformational issue by considering local rearrangements. Still, conformational changes
involving backbone and loop rearrangements are considered a critical challenge in modeling
macromolecular complexes!0.

On the other hand, pose scoring can suffer from inaccuracies!!. Many docking tools were initially conceived
or adapted to generate protein-protein complexes, and specific protein-RNA scoring potentials are not
always available?12. A consensus-scoring approach could improve the results3, as no protein-RNA scoring
functions can now reach optimal performances. Limited knowledge of protein-RNA interactions restricts
the refinement process of these functions. In contrast, the situation is different for protein complexes not
involving RNA, as they have been extensively characterized and studied. Many structures are available in
the Protein Data Bank (PDB), and the scoring functions used to evaluate these complexes are better
tuned?3,

Given the peculiar charge distribution of RNA, another essential aspect neglected by common docking
approaches is the role of water and ions!4, which can be crucial for maintaining structural stability and
facilitating RNA-protein interactions!®.

An alternative approach based on Molecular Dynamics (MD) could solve these limitations, considering
both RNA and protein flexibility, simulating the system in explicit solvent and ions, thus providing a better
model of a biological environment.

However, due to the long computational times, classical MD is not effective in investigating the strength
of the interactions between RNA and proteins and observing infrequent events like binding and unbinding.
Enhanced sampling MD techniques, conceived to offset the time limitation of classical MD, allow the
observation of such phenomena in reduced computational time. Many of these methods rely on biasing
the energy of the simulated system!6. Among them, a collective variable (CV) free method called Thermal
Titration Molecular Dynamics (TTMD)7 has been recently applied to study the stability of RNA-small
molecule complexes'®. TTMD performs a series of MD simulations at increasing temperatures while
monitoring the persistence of the original binding mode through an interaction fingerprint-based scoring
function®®: the persistency of the pose discriminates strong binders from weak ones. TTMD is a user-
friendly program, and simulations can be easily carried out without a strong modeling background as they
are automatically performed.

As a result of the positive outcome of the application of TTMD to RNA-small molecule complexes, this
work aims to assess the applicability domain of the technique to study the stability of RNA-peptide
complexes. In particular, we evaluated the application of TTMD as a post-docking filter, capable of
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discriminating poses with native-like binding modes from decoys based on interaction stability.

Materials and Methods

Hardware overview

The molecular modeling studies, such as the preparation of RNA-peptide/protein complex structures, the
setup for MD simulations, and trajectory analyses, were conducted on a 20 CPU Linux workstation
equipped with an Intel Core i9-9820X 3.3 GHz processor. Molecular dynamics simulations were carried
out on a cluster composed of 30 NVIDIA GPUs ranging from GTX980 to RTX4090.

Structure Preparation

The three-dimensional structures of the RNA-peptide/protein complexes selected for the analysis were
retrieved from the Protein Data Bank (PDB)!°. The structures of these complexes are reported in Tables
S1-S5 (Supporting Information) with their PDB IDs reported as well in Table 1. These structures were
prepared using tools provided by the Molecular Operating Environment (MOE) suite 2022.0220.

The "Structure Preparation" tool of the MOE environment was utilized to address issues within the chosen
protein and RNA chains. This preparation process included the addition of missing atoms, capping of
N/C-termini with acetyl and N-metylamide respectively, and handling of tautomeric forms and multiple
conformations of specific residues and nucleotides. Missing loops were reconstructed using a homology-
based approach.

The "Protonate3D" tool was used to add hydrogen atoms and assign ionization states (pH = 7.4, T =
310 K, i.f. = 0.154), determining the protonation states. This tool also calculated the most probable
tautomer based on hydrogen-bonding contributions, ensuring the stability of the structure. Partial charges
were computed using the AMBER14:EHT force field, and hydrogen atoms added during reconstruction
underwent energy minimization using the same force field.

The prepared structures were then used for subsequent molecular dynamics and docking calculations,
ensuring comprehensive and accurate preparation for computational analysis.

RNA-Protein Docking

Docking calculations, performed to generate RNA-peptide/protein complexes, were carried out using two
protocols: HDOCKIite 1.1 for rigid docking and HADDOCK 2.5 for the flexible one.

Rigid Docking

HDOCKIitel.1 is a docking program derived from the HDOCK server?!. Unlike the web-based version, the
local software does not use a template-based approach. It employs the Fast Fourier Transform (FFT) to
sample potential binding modes between proteins and/or nucleic acids. For the FFT-based translational
search, an angle interval of 15° was used for rotational sampling, with a spacing of 1.2 A. The scoring
function is exploited to evaluate each rotation and the binding modes corresponding to the best-scored
translations are retained.

Flexible Docking

To incorporate the flexibility of RNA and peptide or protein counterparts, flexible docking was performed
using a locally installed version of HADDOCK2.5 was performed.

HADDOCK?2.5 is an integrative modeling docking program derived from its web server interface??. It can
combine experimental and predicted information to guide the structure prediction of biomolecular
complexes. The docking calculation is based on a triple consecutive run of docking using protocols of first
rigid-body calculation, semi-flexible refinement, and, in the end, an explicit solvent analysis.

The docking protocol follows the method developed by Charitou and co-workers?3, designating the entire
peptide or protein as passive, while defining the RNA interface based on nucleotides within a 4.5 A distance
cutoff from the target in the reference PDB structures. The three-stage docking process generates 5000
poses in the initial rigid body minimization stage, followed by 400 poses during the semi-flexible step,
terminating with the final refinement in explicit solvent. For the subsequent molecular dynamics (MD)
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simulations, we employed complexes generated during the semi-flexible refinement stage, since solvation
and refinement were performed following our standard internal protocol for MD simulation.

System Setup for MD Simulations

The RNA-peptide or protein complexes for molecular dynamics (MD) simulations were prepared utilizing
Visual Molecular Dynamics (VMD)?* 1.9.3 and AmberTools22252%6. Parameters for RNA atoms were
assigned using the ff14SB force field with x modification tuned for RNA (xOL3)?"28 while protein and
peptide ligands were parameterized employing the ff14SB2° force field. Each system was solvated in an
orthorhombic box with a padding of 15 A between the complex and the box boundary, using the TIP3P
water model30. Sodium (Na+) and chloride (Cl—) ions were added to neutralize the system and achieve a
physiological salt concentration of 0.154 M. A 500-step energy minimization using the conjugate gradient
algorithm was performed to eliminate clashes and bad contacts.

A two-step equilibration protocol was carried out before the production phase. The first step involved a 1
ns simulation in the canonical ensemble (NVT), with a 5 kcal mol-! A2 harmonic positional restraint
applied to each protein/peptide and RNA atom. The second equilibration step consisted of a simulation
of equal length in the isothermal-isobaric ensemble (NPT), where the same restraint was applied only to
the RNA and peptide/protein backbone. During the NPT phase, the pressure was maintained at 1 atm
using a Monte Carlo barostat3!, while the temperature, for all the equilibration phases, was kept constant
at the initial (i.e. lowest) TTMD temperature value through a Langevin thermostat32.

All MD simulations were conducted using the ACEMD 3.533 engine based on the open-source Python
library OpenMM34 An integration timestep of 2 fs was employed, and the M-SHAKE algorithm3® was
utilized to constrain bonds involving hydrogen atoms. Long-range electrostatic interactions were calculated
using the particle-mesh Ewald method®, applying a 9.0 A cutoff for Lennard-Jones and real-space
electrostatic interactions, and a switching distance of 7.5 A for Lennard-Jones interactions.

TTMD

Thermal Titration Molecular Dynamics (TTMD)37 is an enhanced sampling molecular dynamics
protocol, developed for evaluating complex unbinding kinetics3’, initially used for protein-ligand complexes
and also applied to RNA-small molecule structures. TTMD operates through a series of short classical
MD simulations, performed at progressively increasing temperatures, defined as "TTMD-steps". Thus, the
kinetic energy of the system is progressively increased, thereby reducing the simulation time required to
observe unbinding events compared to conventional MD simulations.

In this study, TTMD simulations were carried out using Python 3.10, employing libraries such as NumPy,
MDAnalysis339 and Scikit-learn. The starting temperature was set at 300 K, and the simulation
proceeded in 10 K increments up to the final temperature of 450 K. Each simulation window, or TTMD-
step, lasted for 10 ns.

Throughout the simulation, the preservation of the native binding mode was assessed using an interaction
fingerprint-based scoring function (IFPc)4.

TTMD Trajectory analysis

During a TTMD simulation, each frame generated is analyzed using the ProLIF*! Python package to
compute the interaction fingerprint between the two molecular entities of the complex. The fingerprint is
then compared for each frame to the last frame of the second equilibration phase using the cosine similarity
metric, which helps assess the maintenance of the original binding mode during the simulation. The
similarity value is multiplied by -1 to provide a negative score range, where O represents a complete
deviation from the reference pose, i.e. loss of the refence binding mode. The interaction fingerprint cosine
similarity (IFPcs) score thus ranges from -1 to 0, where -1 indicates complete retention of the original
binding mode, and 0 signifies a total loss of native interactions. If the IFPcs score for the last 10% of a
TTMD-step exceeds -0.05, indicating that all native interactions have been lost, the simulation is stopped.
The average IFPcs score for each TTMD-step is plotted against the temperature in the “Titration Profile”
graph. The “MS coefficient” is defined by the slope of the line connecting the first and last points of the
graph and is an indicator of the complex stability. This coefficient can range from 0 to 1, with 0
representing persistent conservation of the binding mode and 1 indicating an unstable binding mode that
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leads to the loss of the initial interactions in the first step of the simulation. The MS score is calculated
using the following equation:
Equation 1. MS formula.

s = Mmean IFPFed — (—1)

- Tend _ Tstart

Five independent TTMD simulations were executed for each examined complex, and the average MS
coefficient was computed over three replicates after discarding the ones with the highest and the lowest
values.
In addition, a "Titration Timeline" plot is generated by the automatic TTMD procedure, illustrating the
time-dependent evolution of IFPcs scores throughout the simulation. This plot also includes the root mean
square deviation (RMSD) of the protein and RNA backbone, calculated using the MDAnalysis Python
package, providing a comprehensive view of the dynamics and stability of the complex during the
simulation.

Results

To assess the applicability of TTMD to the study of RNA-peptide complexes, we applied this technique
to five test cases, selected on the basis of availability of an experimental structure in the Protein Data
Bank (PDB) and spanning over different “ligand” classes, ranging from cyclic peptides to proteins, mainly
focusing on peptides. In particular, the test cases included the following complexes: Nun protein-BoxB
RNA (PDB ID: 1HJI), TAR binding protein-HIV-1 TAR RNA (PDB ID: 6XHO0), 30S ribosomal protein
S8-RNA aptamer (PDB ID: 4PDB), REV peptide-RRE RNA (PDB ID: 1ETG) and macrocyclic peptide-
pre-miR21 (PDB ID: 5UZZ).

1HJI, 1ETG, and 5UZZ were chosen to assess the technique's performance with RNA-peptide complexes
with the latter characterized by a cyclic peptide, while 4PDB and 6XHO were used to explore the limits
of TTMD application with RNA-protein complexes.

A concise outline of the selected cases, summarized in Table 1, is reported hereafter.

Table 1. Summary of the investigated complexes.

PDB accession

Peptide/Protein RNA Technique  Resolution
code
1HJI4? Nun protein BoxB RNA NMR -
6XH043 TAR binding protein TAR Trans-Activation X-Ray 31A
Response Element
4PDB% ggs ribosomalprotein oA aptamer X-Ray 2.6 A
1ETG# REV peptide RRE Rev Responsive Element NMR )
RNA
51774 Macrocyclic Peptide ore-miR21 NMR i
(L50)
Nun protein

Bacteriophages rely on the bacteria machinery to replicate their genomes, synthesize viral proteins, and
generate offspring. They can also compete for the same host, and in this scenario some molecular
mechanisms enable a lysogenic phage to exclude superinfecting phages. In particular, HK022 and
superinfecting N phage are involved in a well-studied exclusion mechanism, where HK022-encoded Nun
protein acts as a transcription terminator for A early genes, competing with the A phage-encoded N protein
for the major groove-binding of the stem-loop RNA boxB*7. These complexes have been extensively studied
as models to elucidate protein-RNA recognition*8, as they both share on the protein side an arginine-rich
motif (ARM) like other RNA-binding proteins as Tat and Rev*. In this paper, a nun/boxB complex,
deposited under the PDB ID: 1HJI*2, has been subjected to docking and TTMD refinement.
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TAR and REV

Human immunodeficiency virus of type 1 (HIV-1) is the causative agent of the acquired immunodeficiency
syndrome (AIDS). Despite the significant efforts directed to treat and prevent this retrovirus, its
eradication is still hampered by the absence of an effective vaccine and by the limited capability of
Antiretroviral Therapy (ART) to completely remove the virus from the host®0, as the presence of latently
infected cells could be a source of persistent residual viremia®! and long term related comorbidities can
occur®2. In this scenario, transcription inhibitors could play a key role in controlling viral reactivation,
thus reducing viral reservoir. Among the targets involved in the transcription phase, the TAT-TAR complex
is one of the most attractive for drug development®3. The elongation of HIV-1 transcription is promoted
by host CDK9/cyclin T1, recruited by HIV-1 transactivation response (TAR). TAR is activated by the
Tat protein, which is essential in this process as, in its absence, the transcription results in short and
abortive transcripts®. Not surprisingly, the TAR complexes deposited in the PDB mainly include
peptidomimetics and cyclic peptides specifically designed to inhibit the formation of the TAR-Tat complex.
In this work, a complex that involves a TAR binding protein, deposited under the PDB ID: 6XH0*3, has
been selected. This case study, involving a protein-RNA complex, was chosen to assess the applicability
of TTMD to protein-RNA complexes, with proteins presenting a larger surface of contact if compared
with peptides.

TAR-TAT complex is not the only target that emerged as a potential candidate against the latent form
of HIV-1: REV-RRE complex has also gathered significant attention as it is involved in the process that
leads to the translation of structural proteins®>. HIV-1 REV is a regulatory protein that recognizes the Rev
response element (RRE), a ~350 nucleotide sequence located in unspliced and incompletely spliced viral
mRNA transcripts. The REV-RRE oligomeric recruits host Crm1/Ran-GTP nuclear export machinery to
facilitate the export of these mRNAs from the nucleus to the cytoplasm®>7. Subsequently, after the
complex dissociation in the cytoplasm, viral RNAs are packaged for new virions or translated into essential
viral proteins®6:58,

The interaction between a purine-rich bulge stem-loop llb of RRE and the arginine-rich a-helix binding
domain of REV drives the recognition between Rev and RRE. In the present study, a complex available
under PDB code 1ETG*® and presenting RRE complexed with a REV peptide portion that includes the
arginine-rich motif (ARM) has been selected, prepared, and subjected to docking and TTMD pose
refinement.

Bacillus anthracis ribosomal protein S8

The bacterial S8 ribosomal protein has been studied and taken as a model for the characterization of
RNA-protein interaction. This RNA-binding protein contributes to the correct folding of the central domain
of 16S rRNA>9. Apart from this function in the ribosome assembly, it has a role in the repression of the
translation of the genes encoded by the spc operon mRNA, including the ones of S8 itself and ten other
ribosomal proteins**. Although greater affinity is commonly attributed to the 16S rRNA site, the region
targeted on the mRNA is very similar®, and many interactions between the S8 protein and the two binding
sites are the same**. The study of the interaction between RNA and S8 has also been addressed through
aptamers: Davlieva and coworkers*, through a SELEX experiment, discovered an RNA aptamer able to
bind the Bacillus anthracis S8 protein with high affinity. They aimed to identify RNA sequences that,
while retaining the ability to bind S8 protein, do not present the conserved features of helix 21 (16S
rRNA)*, and resulted in a valuable insight into the ability of the selected aptamer to adopt a different
secondary structure upon binding, stressing the importance of RNA flexibility into RNA-protein
recognition. To investigate the impact of RNA flexibility on TTMD performances, we decided to include
this complex, registered with the PDB ID: 4PDB, performing both rigid and semi-flexible docking. The
results of a prior work from our group also guided the selection of this test case, as a binding simulation
between the aptamer and the protein was successfully performed through Supervised Molecular Dynamics
(SuMD), with the last frame of the trajectory converging to the crystal structure®l.

Pre-miR21

The overexpression of miR21 is implicated in the development of cancer. In many solid tumors, it is linked
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with cell proliferation, differentiation, and apoptosis, contributing to tumor growth, invasion, and
metastasisf2. After the first cleavage of the primary miRNA transcripts inside the nucleus, the pre-miRNA
is exported into the cytoplasm, where it is further cleaved at the apical portion of the stem-loop by another
RNAse 1l enzyme named Dicer. While the passenger strand of the obtained duplex is degraded, the guide
strand forms the miRNA-induced silencing complex%3, which targets complementary RNAs, leading to
mRNA cleavage, degradation, and translational repression5.

For these reasons, miR21 is investigated as a potential tumor biomarker for diagnostic purposes. Moreover,
targeting miRNA-21 could provide adjuvant therapy for tumors like glioblastoma, in which this RNA acts
like an oncogene capable of blocking apoptosis®2.

However, inhibition of miR-21 using small molecules has had limited success. A cyclic peptides library
screening led to the identification of a cyclic peptide that is able to bind pre-miR21 at the Dicer cleavage
site?®, and the same authors also deposited the structure of the complex under the PDB ID: 5UZZ%. In
this work, starting from different docking poses generated through HDOCKIite, the TTMD protocol has
been applied to a pharmaceutically relevant target like miR21, evaluating the behavior of the technique in
the challenging field of cyclic peptides.

For each RNA-peptide complex, different docking poses were generated by exploiting HDOCKIite and
HADDOCK programs, and the obtained structures are reported in Table S1-S5 (Supporting Information).
These two different algorithms were considered to compare a fully rigid docking procedure (HDOCKlIite)
to one including some extent of flexibility (HADDOCK). The only exception was represented by structure
5UZZ, characterized by the presence of a cyclic peptide with a D-Proline, that was not easily managed
with HADDOCK, which was thus excluded from the comparison.

The five top-scoring poses were selected for each protocol and subjected to TTMD simulations. When the
pose with lowest RMSD to the crystallographic reference (i.e. the crystal-like pose) was not included in
the top-five structures, a lower-ranked crystal-like pose was retrieved, regardless of its ranking position,
and subjected to TTMD as well. The results were compared to reference TTMD simulations performed
on the experimental structure, to assess the complexes stabilities and evaluate the capability of TTMD to
discriminate crystal and crystal-like poses from decoys.

As an example, the poses for 6XHO are reported in Table 2, while the docking poses for the remaining
test cases are reported in Tables S1-S5 (Supporting Information). In this case, as regards HDOCKlIite, the
5 top scoring poses have been selected, with the crystal-like pose being at the top of the ranking. In the
case of HADDOCK, the 5 top scoring poses were selected as well, but they did not include the crystal-
like pose, which was instead at the 212t position of the ranking, and additionally submitted to TTMD
simulations.

The docking pose of 6XHO, obtained exploiting HDOCKIite and HADDOCK, and the structure deposited
in the PDB along with its assertion code, are reported. The RNA is colored in Blue while the protein is
pictured orange.

The Prolif fingerprint package, according to the experience gained in the previous application of TTMD
to RNA-small molecule complexes!®, was adopted to compute the RNA-peptide interaction fingerprints.
In TTMD, the cosine similarity (IFPcs) between the interaction fingerprints during the simulation and the
reference position (end of equilibration) is used to monitor the persistence of the binding mode during
time. In this work, the starting temperature of the simulation was set to 300 K, the end temperature to
450K, and the duration of each TTMD-step to 10 ns with a temperature increase of 10 K between each
step. The TTMD MS coefficient, i.e. the slope of the line connecting the IFP¢ at the beginning and end
of the simulation (and deeply explained in the method section), was adopted to rank the poses and
characterize the conservation of the binding mode between the start and the end of the simulation, with
lower MS values representing more stable poses.

Tables 3-4 summarize the TTMD results, for each test case, indicating the average MS values calculated
from the TTMD simulations, while the whole set of results is reported in Tables S6-S10 (Supporting
Information).
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Table 2. Docking results of 6XHO.

HDOCKlite

PDB ID 6XHO

Pose 3 RMSD 17.6 A
Docking Score -727.8

Pose 1 RMSD 2.81 A
Docking Score - 794.3

Pose 4 RMSD 28.5 A
Docking Score -690.2

Pose 2 RMSD 25.2 A
Docking Score -735.7

Pose 5 RMSD 32.9 A
Docking Score -678.3

HADDOCK?2.5

PDB ID 6XHO

Pose 2 RMSD 15.5 A
Docking Score -91.02

Pose 5 RMSD 13.8 A
Docking Score -86.48

Pose 212 RMSD 2.32 A
Docking Score -55.71

Pose 3 RMSD 21.7 A
Docking Score -89.14

Pose 1 RMSD 12.9 A
Docking Score -91.97

Pose 4 RMSD 23.8 A
Docking Score -86.74
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Table 3. TTMD simulation results for each significant replica generated with HADDOCK.

HADDOCK

6XHO0 1ETG 1HJI 4PDB

Pose Mean MS Pose Mean MS Pose Mean MS Pose Mean MS
Crystal 0,0038 Crystal 0,0041 Crystal 0,0041 Crystal 0,0032
1 0,0048 1 0,0060 1 0,0066 1 0,0034
2 0,00516 2 0,00558 2 0,00613 2 0,00388
3 0,00529 3 0,00573 3 0,00598 3 0,00417
4 0,00488 4 0,00552 4 0,00648 4 0,00455
5 0,00580 5 0,00465 5 0,00536 5 0,00444
C-like C-like C-like C-like

(Pose212) 0,0041 (Pose247) 0,00535 (Pose73) 0,0043 (Pose317) 0.0038

The PDB accession code, the docking program used, and the average MS score calculated, are
reported for each test case simulated. The mean MS value for the crystal and crystal-like pose, the
docking protocol and the PDB code of each case are highlighted in bold.

Table 4. TTMD simulation results for each significant replica generated with HADDOCK.

HDOCKIite
6XHO 1ETG 1HJI 4PDB 5UZ7

Mean Mean Mean Mean Mean
Pose MS Pose MS Pose MS Pose MS Pose MS

Crystal 0,0038 | Crystal 0,0041 | Crystal 0,0041 | Crystal 0,0032 | Crystal 0,0052

1 0,0038 |1 0,0054 |1 0,0042 |1 00041 |1 0,0053
2 0,0053 |2 0,00589 | 2 0,00559 | 2 0,00603 | 2 0,00563
3 0,00604 | 3 0,0053 |3 0,00517 | 3 0,0061 |3 0,00558
4 0,00532 | 4 0,00532 | 4 0,00464 | 4 0,00512 | 4 0,00625
5 0,00598 | 5 0,00484 | 5 0,0040 |5 0,00627 | 5 0,00551
C-like C-like C-like C-like C-like

(Posel) 0,0038 (Pose52) 00045 (Posel) 00042 (Posel) 0.0041 (Posel) 00053

The PDB accession code, the docking program used, and the average MS score calculated, are
reported for each test case simulated. The mean MS value for the crystal and crystal-like pose, the
docking protocol and the PDB code of each case are highlighted in bold.

The application of TTMD as a post-docking refinement tool with this set of test cases has brought positive
results. In detail, all the crystal structures have lower MS values when compared to the derived docking
poses, regardless of the protocol used to generate them. The only exception is represented by pose number
5 (RMSD 5,02 A) of 1HJI, generated through the HDOCKlite rigid docking approach, which has an MS
score slightly lower than the crystal and the crystal-like structure (pose 1, RMSD 1,63 A), but still
comparable to them.

For most of the selected test cases, the technique can assign the lowest MS value, among the different
poses, to the crystal-like predicted structures. Detailed information about the docking scores for each
simulation and RMSD values for each docking pose can be found in Tables S1-S5 (Supporting
information).

Remarkably, even when exploiting a semi-flexible docking protocol, like HADDOCK, TTMD successfully
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distinguished crystal-like poses from decoys in all selected cases except for 4PDB and 1ETG.

All HADDOCK poses obtained for 30S ribosomal protein S8 (4PDB) have reasonably low and close RMSD
values as shown in Table S4 (Supporting information), and TTMD failed to discriminate their subtle
differences. In this situation, TTMD identified the crystal pose as the most stable, but, among the docking
poses, the lowest MS was assigned to pose 1 (RMSD of 2,52 A) rather than pose 317 (RMSD of 1,82 A).
Considering that both RMSD values are below the crystallographic resolution (2,60 A), the two poses can
be described as crystal-like, and TTMD still discriminated them from decoys.

In the case of REV peptide (1IETG), TTMD assigned the lowest MS score to the crystal pose, while the
second MS score was not assigned to the crystal-like pose (pose 247), RMSD of 5,62 A, but to pose 5
(RMSD of 7,28 A). However, both poses are topologically similar to the crystal structure and are assigned
the lowest MS scores among the docking poses.

Despite these situations, the technique was able to identify crystal-like poses for the remaining cases.
6XHO and 1HJI are particularly significant since, following HADDOCK's ranking, most of the top poses
are characterized by high RMSD. Therefore, the application of TTMD and the evaluation of the MS score
are valuable in rescoring HADDOCK's poses, identifying the more crystal-like poses regardless the ranking
provided by HADDOCK score.

On the other hand, when used starting from the HDOCKIite-generated poses, TTMD obtained positive
results, isolating the crystal-like pose in almost all the cases apart from 1HJI. As mentioned above, the
crystal structure, pose 1 (crystal-like pose), and pose 5, share low and close MS score values, 0,0042,
0,00423, and 0,00414 respectively. The technique still manages to identify a stable pose among the others,
but it also describes pose number 5 as the most stable. Intriguingly, pose 1 and 5 have the lowest RMSD
values among the generated ones. Moreover, as observable in the Titration Timeline graphs Figure S1
(Supporting information), the fluctuation of the IFP¢ is higher for pose 5, whereas, for pose number 1
and the crystal reference, it is steadier over time. The IFF scorel® a previously reported additional TTMD
scoring metric evaluating the fingerprint fluctuation around the mean IFP¢ value, provides further support,
suggesting a slightly stabler fingerprint fluctuation for the crystal-like pose, with an IFF value of 0,8
compared to 0,9 attributed to pose 5. The MS score is calculated on the last TTMD-step, as explained in
the Materials and Methods section. For this reason, at the end of the simulation, rearrangements can lead
the complex to assume native interactions previously lost during the initial part of the simulation, leading
to a slightly lower MS score.

Differently from the HADDOCK-originated poses of 1ETG discussed above, in the case of HDOCKlIite,
TTMD managed to identify the crystal-like pose among the others even if it was out of the five top scoring
poses.

Notably, TTMD was able to seamlessly identify the crystal-like pose among the ones generated for 4PDB,
as, in contrast with HADDOCK, they are much more diversified, as can be observed in Table S4
(Supporting Information).

This specific test case was also selected because an enhanced sampling MD technique called Supervised
Molecular Dynamics (SuMD) has already been used to simulate the binding event with this test case
reaching a near-crystal complexbl. This achievement opens the possibility of using SUMD as an alternative
tool for the complex generation, coupling it with TTMD to score the obtained structures, an approach
already tested for a Berenil-dodecanucleotide complex%.

Starting from the last frame of the SuMD trajectory retrieved from a previous study, we also performed
a TTMD simulation as a proof of concept. As shown in Table 5, despite being higher than the crystal
one, the average MS score, calculated from the TTMD simulations carried on the last frame of the SUMD
trajectory, was lower than those computed from the HDOCKIite and HADDOCK-generated crystal-like
poses. Given the encouraging result, SUMD seems able to generate stable crystal-like complexes. Despite
the need for further validation and the long computational times required, this technique could represent
a viable alternative to standard docking approaches for complex generation.
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Table 5. TTMD simulation results of the last frame from the SuMD trajectory.

Model Pose Program MD1 MD2 MD3 MD4 MD5  TrimMean TrimError
4PDB Crystal -0,00297 0,00361 0,00302 0,00341 0,0032 0,000182
4PDB Last frame SuMD 0,00335 0,00457 0,00416 0,00295 -0,0036 0,000377
4PDB 1 (C-like) HDOCKIlite 0,00429 -0,00374 0,00305 0,00458 0,0041 0,000238
4PDB C-like HADDOCK 0,00342 0,00405 0,00356 0,00417 !0,0038 0,000206

* The PDB accession code, the MD protocol or docking program used, the MS score for each
simulation, and the average MS coefficient are reported for 4APDB. The replica with the nearest MS
value to the average is highlighted in bold.

Discussion And Conclusion

This work showcases the first application of Thermal Titration Molecular Dynamics (TTMD) to RNA-
peptide complexes.

This Python-based tool was initially developed for the qualitative estimation of protein-ligand unbinding
kinetic thanks to the analysis of the conservation of the interaction fingerprint during a series of consecutive
MD simulations performed at increasing temperatures. In this paper, we employed this program, previously
adapted to the study of RNA-ligand complexes!®, as a post-docking refinement tool that identifies crystal-
like stable poses according to the conservation of the original binding mode, separating them from decoys.
Five test cases have been identified, basing the decision on structural differentiation and pharmaceutical
relevance, and state-of-the-art docking tools like HDOCKIite and HADDOCK have been used to generate
the poses starting from the selected deposited structures. We decided to carry out both rigid and semi-
flexible docking approaches to assess whether a fast posing could affect or invalidate the TTMD capability
to identify crystal-like poses, rather than a sophisticated yet slower method, like HADDOCK, that keeps
into account local flexibility and generates refined docking poses.

In a previous study, RNA-small molecule complexes were characterized through TTMD using different
temperatures and alternative Python packages to compute the interactions, resulting in the definition of
a protocol feasible for nucleic acids!®. In this work, TTMD simulations were performed adopting the same
protocol (see Materials and Methods).

Globally, examining Table S6-S10, TTMD seems capable of refining docking results, being able, in most
of the cases, to discriminate crystal or crystal-like poses, from docking poses that consistently differ from
experimental structures. As an example of the discriminatory capability of the technique, Videos S1-S4
(Supporting information) report the TTMD simulations of the crystal structure of 6XHO compared
respectively to the following poses of the same test-case: HADDOCK-generated crystal-like pose (lowest
RMSD) and pose 5 (highest MS), HDOCKlite-generated pose 1 (lowest RMSD) and pose 5 (highest MS).
As can be observed in the videos, the crystal structure and the crystal-like poses maintain structural
integrity despite the high temperatures, while the structural instability is particularly amplified by the
rising temperatures for non-crystal-like poses.

Subtle differences between the poses, such as sharing the same interactions and having low RMSD, can
reduce the technique's resolution, like in the scenario where all the poses under discussion may be described
as crystal-like, for instance, poses with RMSD below crystallographic resolution, a situation close to the
one reported for 4PDB.

The rigid docking approach seems optimal when no local rearrangements are expected upon binding, and
the structural data is available like in the current validation, even considering the short computational
times: just a few minutes in the case of HDOCKIite. In fact, with this protocol, for each case a native-like
pose with RMSD below 3 A was obtained, and, except in one case, it coincided with the top-scoring pose.
On the other side, in a hypothetical scenario where structure prediction programs are exploited due to the
absence of a deposited structure and MD pose refinement is needed®, it is not trivial to get such
outstanding performances with a rigid docking approach, thus following a semi-flexible docking procedure,
like HADDOCK, could be a better choice. Still, it is important to consider that while HADDOCK's posing
seems robust and preferable in specific situations, aside from the longer computational times required
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(hours), its scoring capabilities are not equally effective, with native-like poses poorly ranked, sometimes
even above the 100t position, as shown in Table S6-S10 (Supporting information).

In this circumstance, TTMD could be a critical resource since, as discussed previously, it can discriminate
native-like poses from decoys and refine the docking ranking results, at least for the selected test cases.
However, coupling TTMD to a docking protocol like HADDOCK, and applying it to such a high number
of docking poses in a prospective study, where no experimental structure is known, is not feasible in a
short amount of time, at least with currently available consumer GPUs.

Customizing the parameters used to execute HADDOCK could be beneficial in this scenario, but finding
the optimal protocol could be difficult.

In general, rescoring or consensus approaches are an option to reduce the number of poses to attention
and refine with TTMD, or as an alternative, the top poses generated through rigid docking, followed by
MD relaxation, could be used. Despite the long simulation time, generating only a few complexes through
enhanced sampling Molecular Dynamics binding tools like SUMD (Supervised Molecular Dynamics) could
also be a viable solution, given the encouraging results in obtaining stable near-native complexes at the
final state of the simulation, as mentioned for 4PDB in the Results section.

This work highlights the perks and the limitations of using TTMD to characterize RNA-peptide complexes,
including larger systems formed by RNA and proteins, further extending the applicability domain of this
method, already applied to the study of RNA-small molecule complexes!®. The positive and encouraging
results obtained pave the way for the future practical application of this technique as a post-docking
refinement tool. However, implementing this program in a high-throughput pipeline is still hampered by
the long computational times required to carry out MD simulations. Further testing is needed to determine
a robust docking setup, additional TTMD code optimization and hardware progress are also necessary to
reach the computational power required to execute such workflow rapidly. However, the rate of recent
tech development suggests that near-future applications of enhanced sampling methods like TTMD on a
large scale will be feasible7.
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Abstract

During the last 20 years, the Fragment-Based Drug Discovery (FBDD) approach
gained popularity both in industrial and academic settings due to its efficient exploration
of the chemical space. This bottom-up approach relies on identifying high-efficiency
small ligands (fragments) that bind to a target binding site and then rationally evolve
them into mature druglike compounds. To achieve such a task, researchers rely on
accurate information about the ligand binding mode, usually obtained through
experimental techniques such as X-ray crystallography or computer simulations.
However, the physicochemical characteristics of fragments limit the accuracy and
reliability of the computational prediction of their binding mode. This article presents
a new thermal titration molecular dynamics (T TMD) protocol, a recently developed
enhanced sampling method for qualitatively estimating protein—ligand-binding stability,
specifically tuned for the refinement of fragment docking results. The protocol has
been applied to eight pharmaceutically relevant targets on twelve different test cases,
including ligands with very low molecular weight and structural complexity (MiniFrag /
FraglLites). In more than 80% of cases, TTMD successfully identified the native
fragment binding mode among a set of docking poses, outperforming docking alone
and proving to be a useful tool to assist the fragment screening and optimization
process.

Introduction

Fragment-Based Drug Discovery (FBDD) is an emerging approach to the rational design of novel active
principles'3. It relies on the so-called ‘fragments’, i.e. small organic molecules that follow the ‘rule of
three'4, an adapted version of the famous Lipinski's ‘rule of five'®>. The main advantage of FBDD campaigns
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is the ability to cover a wider range of chemical space compared to the canonical ‘drug-like’ landscape,
thus increasing the hit success ratef8.

Due to the limited size of fragments compared to druglike molecules, the hit identification stage is only
the starting point for an iterative structure optimization process®. Although highly sensitive biophysical
techniques like isothermal titration calorimetry (ITC)!° and surface plasmon resonance (SPR)'!12 are
routinely adopted in fragment-based screening campaigns, they do not provide the structural insights
needed to steer the fragment-to-lead process. Lately, both X-ray crystallography (XRC)!31# and nuclear
magnetic resonance (NMR)1516 have been successfully used to perform screening campaigns in the frag-
like chemical space. Although these techniques can provide structural information about the interaction
between the fragment and its target, their application is limited by costs and drawbacks. For example,
NMR spectroscopy requires large quantities of soluble, labeled protein, a considerable amount of time,
and is mostly limited to the investigation of small proteins!’”. On the other hand, XRC requires
crystallization of the sample, which limits its application to those targets whose size and dynamics do not
hamper the process!®.

Parallel to the use of experimental methodologies, several in silico tools started becoming part of FBDD
campaigns, aiding the work of medicinal chemists at several stages, such as the identification of putative
binding sites, virtual screening, binding mode characterization, and hit optimization1920, Although
computer-aided drug discovery (CADD) methodologies have been a staple point of drug discovery
campaigns for a long time?"23, their application to fragments is limited so far by the peculiar
physicochemical characteristics of frag-like molecules. Indeed, these molecules are characterized by low-
affinity transient interactions with their targets that lead to a population of multiple binding modes that
are difficult to recapitulate with traditional methodologies developed for working with druglike molecules?4.
For example, molecular docking is widely used for predicting the binding mode of druglike compounds,
but its accuracy is subpar when applied to fragments. Indeed, although molecular docking can sample the
native binding mode in most cases, traditional scoring functions cannot prioritize it among a set of properly
chosen decoys?>:26,

To compensate for the weak points of docking, several strategies can be used. For example, the best
combination between the search algorithm and the scoring function can be chosen among a set of different
protocols on a case-by-case scenario by retrospectively evaluating the capabilities of said protocols to
reproduce experimentally determined binding modes for compounds that bind the target of interest, in a
process defined as self or cross-docking?327-30, Another strategy could be to use a knowledge-based
approach and filter poses based on compliance to a pharmacophore model3! or similarity to a reference
interaction fingerprint32. Furthermore, one could use a consensus approach between orthogonal docking
protocols to minimize the proneness of false positives3l. Although effective, all these strategies do not
address some underlying issues with docking, such as neglection of protein flexibility and the role of
solvent, which have a pivotal role in ligand recognition, especially in the case of fragments.

Some docking protocols can account for the presence of water molecules and significantly increase their
performance33. However, one would have to accurately assign the position and orientation of water
molecules in the binding site, either based on experimental data or computational prediction34. Although
feasible, this strategy still does not take into account the receptor flexibility, thus applying to a target
with a defined shape of the binding pocket.

Molecular Dynamics (MD) simulations can bypass this limitation and provide a more accurate biophysical
description of the binding event. Nevertheless, although a brute-force approach to fragment posing and
screening is theoretically achievable3®, the time and computational resources required to perform such a
task are limited to an academic setting and not to real-world drug discovery campaigns.

To find a compromise between the swiftness of molecular docking and the accuracy of MD simulations,
several different enhanced sampling MD protocols were developed3®. These protocols exploit various
strategies to reduce the simulation time required to sample the binding event without altering the
predictivity of the technique.

Among these methods, Supervised Molecular Dynamics (SuMD3") demonstrated to be particularly
successful when applied to both fragment posing33:38-40 and screening®l. Although different scoring
strategies were proposed for fragment posing using SuMD, including geometric clustering, qualitative
analysis of interaction features, MMGBSA scoring, persistence of the bound state, or a combination
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between residence time and energetic favorability of the pose*2, its main disadvantage is that it is
impossible to determine a priori the simulation time (i.e., the number of replicates and the length of each
one) required to sample the binding event, making its adoption troublesome.

Recently, an alternative enhanced sampling approach to the qualitative estimation of protein-ligand
binding stability was developed in our lab. Thermal Titration Molecular Dynamics (TTMD) is a protocol
that evaluates the persistence of the binding mode for a given receptor-ligand complex throughout a series
of short MD simulations performed at increasingly high temperatures through a scoring function based on
interaction fingerprints. This approach can be successfully used to rank different ligands based on their
affinity for the target*3, evaluate the effect of receptor mutations on protein-ligand complex stability**, or
successfully rescore docking poses on both protein®® and nucleic receptors*. So far, the original protocol
has demonstrated remarkable posing accuracy for druglike molecules, making it a good alternative to
traditional MD-based refinement of docking results, but it has struggled with frag-like compounds*®. The
main strong point of TTMD compared to SuMD is that the maximum required simulation time is known,
making it possible to apply it in a high-throughput fashion, facilitating its incorporation in existing
structure-based drug discovery pipelines.

In this article, we present the fine-tuning of the TTMD protocol for fragment posing on several
pharmaceutically relevant protein targets, discussing its applicability domain, its strengths and weaknesses
compared to similar methodologies.

Materials And Methods

Hardware Overview

Each general molecular modeling operation, such as the preparation of protein-ligand complex structures,
the setup for MD simulations, and trajectory analyses, was conducted on a 24 CPU Linux workstation
equipped with an Intel Core i9-12900 2.4 GHz processor. All MD simulations were carried out on a GPU
cluster composed of 29 NVIDIA drivers ranging from GTX980 to RTX3090.

Structure Preparation

The three-dimensional coordinates of the protein-ligand complexes used in this investigation were obtained
from the Protein Data Bank (PDB)* and underwent preprocessing using various tools within the Molecular
Operating Environment (MOE) 2022.01%8. This study encompassed eight distinct macromolecular targets:
Casein Kinase 1 delta (CK18), Casein Kinase 2 (CK2), Pyruvate Dehydrogenase Kinase 2 (PDK2), SARS-
CoV-2 Main Protease (MP™), Extracellular signal-Regulated Kinase (ERK2), ATPase family AAA Domain-
containing protein 2 (ATAD2), BRomoDomain-containing protein 4 (BRD4), Heat Shock Protein 90
(HSP90), tumor protein p53 (p53), and Tyrosyl-tRNA Sinthetase (TyrRS). Detailed information regarding
the structures considered for each macromolecular target is presented in Table 1.

The list of protein-ligand complex structures and ligands used in this work includes PDB IDs grouped by
macromolecule target. For each ligand, the following information is provided: PDB ID, molecular weight
(MW), the computed sum of possible hydrogen bond acceptors and donor groups (a_accdon, descriptor
from MOE2022), log octanol/water partition coefficient (SLogP descriptor from MOE2022), and its 2D
structure.

Every protein-ligand complex was simulated as a monomer, except for SARS-CoV-2 MPr, which was
simulated in its catalytically competent homodimeric form by applying a symmetric crystallographic
transformation to each asymmetric unit.

Firstly, each structure was pre-processed using the “Structure Preparation” tool, assigning alternates to
the highest occupancy conformation, rebuilding the missing loop through homology modeling, and fixing
inconsistencies between the aminoacidic sequence and the experimentally solved structure. Secondly,
missing hydrogen atoms were added to the system according to the most probable protonation and
tautomeric state at pH = 7.4 through the “Protonate 3D" tool. Lastly, each solvent, co-solvent, and ion
atom was removed before storing the prepared complex for subsequent calculations.
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Docking calculations

A self-docking experiment was conducted for each protein-ligand complex; every ligand was prepared using
the “Wash" tool of the MOE 2022.0248 suite, the most probable protomeric/tautomeric state at pH = 7.4
was assigned, then its three-dimensional coordinates were rebuilt; lastly, the correct partial charges,
according to the MMFF94 force field*, were attributed.

The binding site was defined using a sphere of radius 10.5 A centered upon the center of mass of the co-
crystallized ligand in the experimentally solved structure. Docking calculations were performed using the
Protein-Ligand ANT System (PLANTS)%05! program, which uses an Ant Colony Optimization (ACO)
search algorithm and is free to use for academics. The first five poses according to the ChemPLP52 scoring
function have been considered for further calculations.

System Setup for Equilibration Protocol and MD Simulations

Each protein-ligand complex obtained with docking calculations was prepared for MD simulations through
a combination of different packages included in both Visual Molecular Dynamics (VMD)%2 1.9.2 and the
AmberTools226364 suite. Protein atoms were parametrized through the ff14SB force field®®, while the
general Amber force field® was utilized to parametrize the ligands. The AM1-BCC® method was used to
assign partial charges to the ligand atoms. Each investigated system was solvated in a rectangular box,
with a padding of 15 A, utilizing the TIP3P% model for water molecules. A proper number of sodium and
chloride ions were added to neutralize the system and reach a salt concentration of 0.154 M. Before
undergoing MD simulations, each system was energy minimized for a total of 500 steps with the conjugate-
gradient algorithm to remove clashes and bad contacts.

Afterward, each minimized system was subjected to two equilibration steps. In the first stage the system
was simulated for 0.1 ns in the canonical ensemble (NVT), with harmonic positional restraints (5 kcal-mol-
L.A2 force constant) applied on both protein and ligand atoms, and the temperature was kept at a constant
value of 73 K, which is the TTMD ramp starting temperature, through a Langevin thermostat®. During
the second stage, a 0.5 ns simulation in the isothermal-isobaric ensemble (NPT) was performed, applying
the same restraints only to the ligand and the protein backbone atoms and using a Monte Carlo barostat”®
for keeping the pressure at a constant 1 atm value. The canonical ensamble (NVT) was employed during
the productive stage, and the temperature was kept at a constant value in each TTMD trajectory step.
For both the equilibration stages and the productive stages, an integration timestep of 2 fs was used, the
length of bonds involving hydrogen atoms was constrained with the M-SHAKE algorithm?!, electrostatic
interactions were computed through the particle-mesh Ewald method??, using cubic spline interpolation
and a 1 A grid spacing and setting a 9.0A cutoff for the calculation of Lennard-Jones interactions.

Both equilibrations and productive simulations were carried out through the ACEMD7"3 3.5 engine, which
is based upon the open-source library for molecular simulations OpenMM7 7.

TTMD simulations

Thermal Titration Molecular Dynamics (TTMD#*3) is an enhanced sampling MD approach originally
developed for the qualitative estimation of protein-ligand unbinding kinetics. Its applicability domain has
already been extended to the identification of native-like docking poses both on protein®® and RNA
complexes®®. Through a sequence of brief, unbiased MD simulations conducted at incrementally higher
temperatures, TTMD aims to examine the resilience of these complexes under varying thermal conditions.
For monitoring the TTMD trajectory, a protein-ligand interaction fingerprints-based scoring function
denoted as IFPcs, was used, which was originally implemented for the open-source Autogrow432 program,
a semi-automatized workflow for fragment-based de novo drug design. For every trajectory frame, the
protein-ligand interaction fingerprint (assumed as vectors, A) is calculated through the Open Drug
Discovery Toolkit (ODDT™) or the Protein-Ligand Interaction Fingerprint (ProLIF76) Python libraries,
and is then compared against a reference fingerprint derived from the final frame of the equilibration stage
(vector B), employing the cosine similarity metric implemented within the Scikit-learn Python module.
The resulting value is then multiplied by -1 to be comparable with most scoring functions. Indeed, the
final score can range from -1, which represents the maximum grade of similarity between the reference
and the observed fingerprint vector, and 0, which represents the complete discrepancy between the two
vectors, indicating that the initial binding mode was lost. The mathematical formulation of the IFPcs
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scoring function is reported in Equation 1.
A-B

IFPpg = — ot —
N4l 18I

1

Equation 1.

After every TTMD-step, the IFPcs calculation is performed; then, taking into account only the last 10%
("Score-Range”) frames of the trajectory, the average IFPcs value is calculated and, if it is greater than -
0.05 (“Score-Stop”, which means that the native binding mode has been almost lost at the end of the
step), the run is stopped earlier, rather than reaching the final temperature step, to save valuable
computational time.

Central to this approach is the definition of temperature ramp settings, including the maximum and
minimum temperatures, the duration of each simulation window (known as "TTMD-step"), and the
temperature increment between successive step temperatures (known as “temperature-step”). These
parameters are carefully chosen based on prior insights into the target system, particularly concerning the
protein's structural stability at elevated temperatures. Within this work, an alternative ramp, previously
developed in the work of Dodaro et al.*, was used, which consists of 17 TTMD step of 10 ns each (for a
total of 170 ns), starting from 73 to 233 K, with a temperature-step of 10 K. Notably, ice formation does
not occur under these simulation conditions due to the complexity of the biological assemblies studied,
the limited time spent at low temperatures, and the use of the TIP3P water model, which is less prone to
ice nucleation compared to models like TIP4P77.

The code to run TTMD, which is open-source and available at
https://github.com/molecularmodelingsection/ TTMD.

MS and AUC Coefficient Determination

For every trajectory, two different Python packages (ODDT7® and ProLif’®) were used to calculate IFPcs
values for every frame. Moreover, two different metrics were used to calculate a proxy value for the binding
mode conservation: the MS coefficient and the %AUC.

The MS coefficient is calculated using Equation 2 and represents the slope of the straight-line interpolating
between the trajectory's starting and ending points. The starting point is the last equilibration frame,
where the IFPcs value is -1 due to complete overlap with the reference. The ending point is the average
IFPcs value of the last 10% of frames from the final temperature step.

meanlFPLE™ — (—1)
- Tend _ Tstart

Equation 2.

An alternative metric, already used in other works’®80 to evaluate TTMD trajectories, is the %AUC
coefficient. As can be seen in Equation 3, this metric is calculated by dividing the Area Under the Curve
(AUC), derived from integrating the IFPcs score over every frame of the trajectory, by the maximum
possible AUC value, and finally by multiplying this value by 100. The maximum AUC is theoretically
obtained when the IFPcs value remains at -1 throughout the entire trajectory.

tend
CcS

%AUC = 73‘5 -
Max

Equation 3.

A %AUC value close to 100% indicates that the protein-ligand fingerprint is well-conserved during the
trajectory, whereas lower values suggest that the binding mode has been partially or completely lost.

For each ligand, five independent TTMD simulations are performed, and the four average metric
coefficients are then calculated based on three of them, discarding the highest and the lowest value.
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Table 1. Structures considered for each macromolecular target.
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Results

Rational design of the fragment-specific temperature ramp

In our previous work*, we assessed how the original TTMD protocol described in the work of Pavan et
al.*3 could be readily repurposed as a post-docking refinement tool for mature, drug-like compounds.
Specifically, we assessed how TTMD could successfully retrieve the native-like binding mode for a series
of pharmaceutically relevant protein-ligand complexes among decoy docking poses. However, when the
same protocol was applied to frag-like compounds, the results of the TTMD refinement were inconclusive,
highlighting the need for the protocol’s settings to be adapted to the weaker and more transient nature
of complexes involving these compounds. Specifically, we observed how the previously adopted temperature
ramp was too aggressive for this use case, leading to premature and spontaneous unbinding of most
investigated complexes and flattening stability differences between the native and non-native poses. For
this reason, a new fragment-specific temperature ramp was developed, and its performance was assessed
in the present work. Specifically, since complexes involving fragments show a higher intrinsic instability
under standard simulation conditions contrary to the ones involving drug-like compounds, we decided to
explore lower, subzero, temperatures. Instead of aggressively heating up the systems, we opted for slowly
thawing them, to exacerbate the stability differences between native and non-native poses for frag-like
compounds. Contrary to the original temperature ramp (300-450 K, dT = 10 K, dt = 10 ns) which
explores temperatures above the physiological threshold, the newly proposed ramp (73-233 K, dT = 10
K, dt = 10 ns) explores below freezing ones. To evaluate the performance of the new ramp, we applied
the new TTMD protocol to a series of pharmaceutically relevant test-cases, starting with the ones already
explored in the work of Menin et al.*® and including some new, challenging ones selected from the
literature. A list of each investigated system can be found in Table 1, while a complete report of results
can be found in Supplementary Material.

Previous Test Cases

To assess the potential of the new temperature ramp, we started from the four fragment test cases
examined in the previous work from Menin et al.*>, to have a direct comparison between the performance
of the old and new temperature ramp.

Protein Kinase CK18

The initial test case focused on Protein Kinase 18, a serine-threonine kinase belonging to the CK1 kinase
family®L. This kinase is implicated in various neurodegenerative diseases such as Alzheimer's, Parkinson's,
and amyotrophic lateral sclerosis®? due to its pleiotropic nature83. The results of TTMD refinement
conducted on docking poses generated for each CK18 protein-ligand complex are summarized in Figure 1
and Figure 2.
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Figure 1. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 5TH6. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 2. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 5IH6. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

In the work of Menin et al.*5, the original TTMD protocol was not able to rescue the native-like pose
(pose 1) in the case of complex 5IH6. Instead, TTMD favored a flipped ligand orientation (pose 2) within
the pocket that had a better electrostatic interaction due to forming a higher number of hydrogen bonds.
As can be seen in Figure 1 and Table 2, the same ranking is maintained even when the new temperature
ramp is adopted, regardless of the metric used for evaluating the conservation of the interaction fingerprint.
However, the difference in score between the flipped conformation and the native one decreases, while the
difference between the top two docking solutions and other wrong poses increases, suggesting a potential
improvement in the sensitivity and accuracy of the technique when the new ramp is adopted.

Protein Kinase CK2

The second test case regarded protein kinase 2, a serine-threonine kinase that represents one of the first
identified protein kinases®. Similar to CK1, thanks to its pleiotropic nature®® this kinase is involved in
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several illnesses such as different types of cancer, various neurodegenerative diseases, and viral infections8®.
The results of TTMD refinement conducted on docking poses generated for each CK2 protein-ligand
complex are summarized in Figure 3 and Figure 4.

6HOU

PDB ID: 6HOU Pose 1 . RMSD=3.79A  Pose2 RMSD = 1.33 A <

Pose 3 RMSD =2.93A Pose 4 RMSD = 4.78 A Pose § RMSD = 4.13 A

Figure 3. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 6HOU. For each
pose, the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink
with a little triangle.
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Figure 4. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 6HOU. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

In the original work, no difference in stability could be appreciated between native and non-native binding
poses sampled for complex 6HOU. Regardless of the ligand orientation, the original temperature ramp
would cause rapid unbinding. Interestingly, the new temperature ramp can correctly identify the native-
like pose (pose 2) with both adopted metrics (MS and AUC) when ODDT fingerprints are used. On the
contrary, ProLIF fingerprints would lead to identifying pose 3 as the most stable pose, which is the second-
best solution according to the RMSD to the experimental conformation. Interestingly, docking alone would
have prioritized pose 1, making 6HOU the first case where TTMD refinement outperforms docking alone.
Regardless of the discrepancy between different protein-ligand interaction fingerprints, the ability of TTMD
to correctly identify the best or second-best solution among a set of highly similar poses for such a small
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compound (MW=152.15 g/mol) is a remarkable improvement over the original protocol and a hint at the
potential of the newly developed temperature ramp. The reliability of both protein-ligand interaction
fingerprint packages will be assessed based on the aggregate results for other test cases similar to what
has been done in the case of RNA-ligand complexes explored in the work of Dodaro et al.6.

Pyruvate Dehydrogenase Kinase 2 (PDK?2)

The third test case involved pyruvate dehydrogenase kinase 2, a member of the GHKL (Gyrase, Hsp90,
histidine Kinase, MutL) ATPase/kinase superfamily that has a central control role upon cellular energy
metabolism®” and is involved both in metabolic and neoplastic diseases®®. The result of the TTMD
refinement carried out on docking poses generated for each PDK2 protein-ligand complex is summarized
in Figure 5 and Figure 6.
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Figure 5. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code TEAQ. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 6. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code TEAQ. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

In the original publication, the TTMD refinement for complex 7EAQ was unconclusive, due to the high
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instability observed for all the different poses. In this case, instead, the new ramp can easily retrieve the
native binding pose (pose 1) among other docking poses, supporting the ranking provided by the ChemPLP
scoring function regardless of the metric and fingerprint package adopted.

SARS-CoV-2 Main Protease (MPro)

The fourth and final test case derived from the work of Menin et al.*> involved the SARS-CoV-2 main
protease (MP™), an enzyme playing a pivotal role in this virus replication cycle® thanks to its ability to
drive the maturation of several nonstructural proteins through the proteolytic cleavage of the ppla/pplab
polyproteins®.

7LTJ

The result of the TTMD refinement carried out on docking poses generated for each MP protein-ligand
complex is summarized in Figure 7 and Figure 8.
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Figure 7. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 7LTJ. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 8. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 7LTJ. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

As observed for PDK2 (complex 7TEAQ), even in the case of SARS-CoV-2 MP™ the new temperature ramp
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succeeds where the original ramp failed. While the previous TTMD refinement of the pose was
inconclusive, in this case, the new ramp correctly identified pose 1 as the best pose with all used metrics
except for the ProLIF % AUC, which would have selected pose 2 instead. Interestingly, the difference in
score between the best solution and the second top-scoring one is higher when ODDT fingerprints are
used, regardless of the metric. In the case of ProLIF's fingerprint, the difference in score between pose 1
and pose 2 is small, thus explaining the discrepancy between the MS and AUC-based rankings. Due to
the way the MS and AUC metrics are calculated, the MS value weights more the comparison between the
final and starting state of the simulation, regardless of the path, while the AUC better encompasses the
fingerprint conservation across the whole duration of the simulation. Based on the observed data, it is
tempting to speculate that a consensus ranking between the two metrics could make the pose selection
process more robust.

New Test Cases

To further assess the potential of the newly proposed fragment-specific temperature ramp, we decided to
apply the TTMD refinement protocol to 8 additional protein-ligand complexes, 2 for each pharmaceutically
relevant target.

Extracellular signal-Regulated Kinase 2 (ERK2)

Extracellular signal-Regulated Kinase 2 (ERK2) is a pleiotropic serine/threonine kinase that participates
in the Ras-Raf-MEK-ERK (RAt Sarcoma- Rapidly Accelerated Fibrosarcoma kinase - MAP/ERK kinase
(Mitogen Activated Protein/ERK)) signaling pathway, thus regulating a large variety of biological
processes that are pivotal for the cell life cycle. As such, ERK2 is a hot target for treating multiple types
of cancer®92, Due to being a well-characterized target, both from a structural and functional perspective,
it has been used for a proof-of-concept crystallographic screening campaign using a library of ultra-low-
molecular-weight compounds (MiniFrags)®’. The results of the TTMD refinement carried out on docking
poses generated for each ERK2 protein-ligand complex are summarized below.

6Q7K
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Figure 9. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 6Q7K. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 10. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 6Q7K. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

As can be seen in Figure 9Figure and Figure 10, both docking alone and the TTMD refinement based on
the new ramp can prioritize the native binding pose in the case of complex 6Q7K, regardless of the scoring
metric adopted. However, differences in score between the top solution and other decoys are amplified for
TTMD compared to docking, where the close scores between the native and incorrect poses might
mistakenly lead to the conclusion that they have comparable stability, regardless of parameters like solvent
exposure. Interestingly, the TTMD refinement protocol can distinguish between pose 1 (native) and pose
3, a flipped ligand conformation that maintains a double hydrogen bond with the hinge region, a conserved
crucial interaction for most kinase inhibitors3!.
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Figure 11. This panel comprises all binding modes (experimental (pink) + docking poses (orange))

investigated in this work for complex deposited in the PDB with accession code 6QA4. For each pose,

the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 12. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 6QQA4. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

Concerning complex 6QA4 (Figure 11, Figure 12), not only can TTMD once again identify the native
binding mode (pose 3) with all adopted metrics, but for the second time (after complex 6HOU) TTMD
outperforms docking alone. Indeed, docking would have prioritized pose 1, with the native pose being
ranked as the third best. Furthermore, as for the previous case, TTMD can distinguish between the native
pose and pose 5, a pose that presents an alternative hydrogen bond pattern with the hinge region. A
comparison between the TTMD trajectory for pose 1 (docking top-scoring solution) and pose 3 (TTMD
top-scoring solution, native pose) is reported in Video 1 (Supplementary Materials).

Heat Shock Protein 90 (HSP90)

Heat Shock Protein 90 (HSP90) is a chaperone protein member of the GHKL family of ATPases® that
aids the folding of several client proteins, including multiple oncogenes and validated cancer targets®. The
most abundant cytosolic isoform is HSP90a, whose N-terminal domain is well-characterized from a
structural perspective®® and has been targeted by several drug discovery campaigns®:97, even ones involving
fragments®®8. The results of the TTMD refinement carried out on docking poses generated for each HSP90
protein-ligand complex are summarized below.
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Figure 13. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 2YE4. For each pose,
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the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 14. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 2YE4. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

As can be seen in Figure 13 and Figure 14, summarizing the results of TTMD refinement for poses related
to complex 2YE4, there is no consensus between the different metrics used. While the docking score would
prioritize pose 1 (fourth best according to the RMSD), the MS value computed using the ODDT
fingerprints would correctly identify pose 2 as the native binding mode, which would be the second-best
one by a small margin according to the ODDT AUC score. On the contrary, both metrics based on the
ProLIF's fingerprints would prioritize pose 5, with a small margin over pose 2, which would be ranked as
the second-best pose.
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Figure 15. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 2YEB. For each
pose, the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink
with a little triangle.
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Figure 16. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 2YEB. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

Concerning case 2YEB (Figure 15, Figure 16), there is no consensus between different scoring metrics.
Both the docking score and the ODDT MS value correctly identify pose 1 as being the native pose. Both
AUC values would rank pose 4 as the best one, with the native pose being ranked as the third best.
Interestingly, according to the ProLIF MS value, pose 1 would be the second-best, very close in score to
poses 4 and 3. This data not only contradicts the previous hypothesis about a possible consensus strategy
between different metrics but also seems to suggest that the MS value might be more accurate in
discriminating the pose stability compared to the AUC. This might be related to the fact that, for HSP90,
water-bridged interactions play an important role in ligand recognition, which might make the interaction
with the pocket more dynamic and increase the fingerprint's fluctuation33.

ATPase family AAA domain containing 2 Bromodomain (ATAD2)

Bromodomain-containing proteins are a class of epigenetic readers that recognize acetylated lysine
residues, often located on histones®®. Among these, ATPase family AAA domain containing 2
Bromodomain (ATAD?2) is a coactivator for several transcription factors, as well as being involved in DNA
replication®®, which has been associated with poor prognosis in several types of cancerl®,

Despite being flagged by early computational analyses as difficult-to-drug!®l, ATAD2's bromodomain has
been the target of several fragment-based screening campaigns!6102103 that paved the way for the
identification of multiple potent ligands®. The results of the TTMD refinement carried out on docking
poses generated for each ATAD2 protein-ligand complex are summarized below. In both examined cases
for ATAD2, docking would fail to prioritize the native binding pose.
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Figure 17. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 7QU7. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 18. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code TQU7. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

For complex 7TQU7 (Figure 17, and Figure 18), the native-like pose (pose 3) would be the third-ranked
according to docking, while three out of four metrics adopted by TTMD (except for the ODDT MS)
would be able to identify out over other solutions.

Failure of the ODDT MS score for complex 7QU7, contrary to the previous trend, might be related to the
slightly higher RMSD value of the most-native docking solution (2.6 A) compared to typical solutions.
Furthermore, as for HSP90, conserved water molecules represent an important feature of the binding site
for most bromodomains as well101,
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Figure 19. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 7R00. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 20. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 7TR00. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

In the case of complex 7R00 (Figure 19, and Figure 20), the native pose (pose 2) would be correctly
retrieved by all four TTMD scoring metrics. A comparison between the TTMD trajectory for pose 1
(docking top-scoring solution) and pose 2 (TTMD top-scoring solution, native pose) is reported in Video
2 (Supplementary Materials).

Bromodomain-containing protein 4 (BRD4)

Bromodomain-containing protein 4 (BRD4) is a member of the Bromodomain and Extraterminal (BET)
family. It plays a pivotal role in mediating several oncogenes expression!%, and as such it is a validated
anticancer target!0, It contains two bromodomains and is one of the most studied family members thanks
to its higher druggabilityl9, leading to several drug discovery campaignsi®’ including fragment-based
ones®. The results of the TTMD refinement carried out on docking poses generated for each BRD4
protein-ligand complex are summarized below.
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Figure 21. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 7ZE6. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 22. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 7ZE6. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

As reported in Figure 21 and Figure 22, summarizing the TTMD results for poses related to complex
TZEG, not only would docking fail to identify the native-like pose (pose 5) as the top-scoring one, but it
would also be the lowest-scoring solution. On the contrary, every TTMD scoring metric except for the
ODDT AUC, would correctly prioritize pose 5 over other binding modes. Interestingly, the ODDT AUC
value calculated for pose 5 is very close to the top-scoring solution (pose 2), which would make it the
second-best scoring solution according to this metric.
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Figure 23. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 7ZE7. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 24. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 7ZET7. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

Remarkably, even in the case of 7ZE7 (Figure 23, Figure 24), docking fails to identify pose 4 as the native
one, while all TTMD scoring metrics correctly highlight it as the native one. A comparison between the
TTMD trajectory for pose 1 (docking top-scoring solution) and pose 4 (TTMD top-scoring solution, native
pose) is reported in Video 3 (Supplementary Materials).

Tumor Suppressor p53

Tumor protein p53 (p53), also known as “the guardian of the genome”, is an onco-suppressorl® that
exerts its conservative role by binding to DNA and regulating gene expression, thus preventing genome
mutation!®. Due to its pivotal involvement in preventing cancer formation!1?, it is the most frequently
mutated gene in human tumors!!, making it an attractive target for anticancer therapy. Since mutations
can alter p53 conformation, revealing mutant-specific pockets, fragment-based screening campaigns are
an attractive way to find small molecule p53 modulators and characterize the effect of mutations on p53
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structure and function!12, The results of the TTMD refinement carried out on docking poses generated
for the examined p53 protein-ligand complex are summarized below.
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Figure 25. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 2X0U. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 26. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 2X0U. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

As depicted in Figure 25 and Figure 26, TTMD refinement of docking poses generated for complex 2X0U
would successfully identify the native pose among a set of decoys with three out of four scoring metrics,
with the only exception being the ProLIF average MS, which would classify the native pose as second best
behind pose 4. In this case, docking would also correctly identify the native pose as the top-ranked.
However, the differences in scores between native and incorrect poses would be smaller compared to the
ODDT average MS, the top-scoring TTMD metric so far, which would lower the confidence in selecting
pose 1 as the native binding mode for this ligand.

Tyrosyl-tRNA Synthetase
Tyrosine-tRNA ligase, also known as tyrosyl-tRNA synthetase is an enzyme belonging to the family of the
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aminoacyl-tRNA synthetases, a subtype of ligase that forms carbon-oxygen bonds in tRNA and related
compounds™3. Since they chemically link amino acids to their cognate tRNA, they are crucial for in vivo
translation of the genetic code!l. The results of the TTMD refinement carried out on docking poses
generated for the examined tyrosine-tRNA ligase protein-ligand complex are summarized below.
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Figure 27. This panel comprises all binding modes (experimental (pink) + docking poses (orange))
investigated in this work for complex deposited in the PDB with accession code 1Q11. For each pose,
the RMSD to the experimental pose is reported. The lowest RMSD value is highlighted in pink with
a little triangle.
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Figure 28. Results of the TTMD simulations performed on the five poses of the complex deposited in
the PDB with accession code 1Q11. The bar plot reports each evaluation metric, including the
ChemPLP score, ODDT average MS, ProLIF average MS, ODDT %AUC, and ProLIF %AUC. The
native-like pose (with the lowest RMSD to the experimental structure) is highlighted in pink, while
the top-scoring pose for each metric is marked with an asterisk (*).

As depicted in Figure 27 and 28, both docking and TTMD would be able to highlight pose 1 as the native
binding mode for this complex, regardless of the adopted metric. Concerning TTMD, the MS metric once
again outperforms the AUC metric. Indeed, the difference in score between the native pose and decoys
like pose 4 is small, despite the latest being the worst possible solution according to the RMSD to the
experimentally determined bound conformation.
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Aggregate Results
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Figure 29. The success rate for the TTMD-refinement of docking poses for test cases presented in the
paper. Success is defined as the ability of different scoring metrics to highlight the native-like pose
(defined as the one with the lowest RMSD to the experimentally determined one) as the top-ranking
solution.
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Figure 30. The success rate for the TTMD-refinement of docking poses for test cases presented in the
paper. Success is defined as the ability of different scoring metrics to highlight the native-like pose
(defined as the one with the lowest RMSD to the experimentally determined one) among the first
two top-ranking solutions.

As reported in and Figure 29 and 30, summarizing the ability of the TTMD-refinement to highlight the
native-like pose as the top or second-best scoring solution, regardless of the metric used docking is always
outperformed by TTMD. Remarkably, the ODDT MS value has nearly double the accuracy (85.7% vs
50.0%) of the ChemPLP scoring function among examined test cases, as it also outperforms every other
TTMD-related scoring metric. Notably, even when the success criterion is defined as the ability to prioritize
the native pose among the two best-scoring solutions, the ChemPLP success rate is just 71.4%, while
every TTMD-related metric is above 85% and ODDT and MS ones are above 90%.
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Figure 31. The success rate for the TTMD-refinement of docking poses for test cases presented in the
paper. Success is defined as the ability of different scoring metrics to highlight the native-like pose
(defined as the one with the lowest RMSD to the experimentally determined one) as the top-ranking
solution when a consensus ranking between the MS and AUC is used. Co-first-ranked poses are
highlighted with a little triangle.

Regarding the hypothesis of using a consensus ranking between the MS and the AUC metric, instead, as
can be seen in Figure 31 this would not improve the accuracy of the TTMD refinement protocol, even by
considering co-first-ranked solutions as a positive outcome.

Discussion

Thermal Titration Molecular Dynamics (TTMD) is an alternative enhanced sampling MD-based protocol
for the qualitative estimation of receptor-ligand complex stability®3. Initially developed to discriminate
between high and low-affinity ligands for a given target, it has been successfully used also as a post-
docking refinement tool for both protein-ligand*® and nucleic acid-ligand complexes*. In the previous work
from Menin et al.*>, we showed that TTMD could easily retrieve the native binding mode for mature,
druglike ligands across a set of docking poses. The good performances of the method for mature
compounds were also confirmed by its ability to interpret the effect of receptor mutations on complex
stability using SARS-CoV-2 MP as a case study**.

However, we also noticed that the protocol could not be readily applied as it was to the characterization
of complexes involving fragments, as the previously adopted temperature ramp was too aggressive and
would cause premature unbinding for every complex, flattening differences in complex stability.

For this reason, in the present work, we introduced a modified version of the protocol, specifically tuned
toward frag-like compounds. Specifically, in virtue of the high intrinsic instability of complexes involving
fragments under classic simulation conditions, we designed a temperature ramp that explores subzero
temperatures, slowly thawing the complex instead of aggressively heating it up. The necessity to explore
this extreme temperature range was assessed after noticing how the intermediate temperature ramp
presented in the work of Dodaro et al.*6 and applied to the study of nucleic acid-ligand complexes was
still too aggressive (data not shown).

At first, we tested the performance of the new ramp on four complexes involving low-affinity frag-like
ligands extracted from the work of Menin et al.*> For all these test cases, the original TTMD refinement
of docking poses either led to wrong or inconclusive results. With the new temperature ramp, instead,
only one out of four cases (5IH6 - CK18) was still unsuccessful (albeit slightly improved compared to the
original one), with TTMD being able to identify the native pose with at least one of the scoring metrics
adopted. Encouraged by these preliminary results, we decided to further assess the protocol's applicability
domain by considering four other challenging pharmaceutically relevant systems, examining two complexes
for each target.

As reported in the Results section, we noticed how the new TTMD ramp can easily highlight the native-
like pose for frag-like compounds, even ones characterized by very low structural complexity and molecular
weight (‘MiniFrags'>” and 'FragLites'®9), for the vast majority of examined test cases, even in those cases
where docking alone would fail. This trend is similar to the one observed by Bolcato et al.33, who noticed
how the use of Supervised Molecular Dynamics (SuMD) would outperform a state-of-the-art docking tool
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like GOLD for posing fragments with molecular weight below 150 Da.

Among the different interaction fingerprints used, we noticed how ODDT fingerprints perform
systematically better than ProLIF's ones, regardless of the metric. Among the different metrics, the original
MS score outperforms the AUC, making the MS value calculated using ODDT fingerprints the most
accurate TTMD scoring metric. This is most likely related to the higher intrinsic instability of fragment
poses, which produces ample fingerprint fluctuations even in those cases where the binding mode is retained
throughout the simulations.

Remarkably, among considered test cases, TTMD accuracy in identifying the native binding mode as the
top-ranking pose was as high as 85.7% (compared to 50.0% for docking alone). Moreover, TTMD still
outperformed docking alone when the top two scoring poses were considered (92.9 % for TTMD compared
to 71.4 % for docking alone).

The docking protocol (PLANTS-ChemPLP) adopted in the present paper was chosen due to its free-for-
academics nature, its accuracy over a wide variety of test cases, which has been demonstrated to be
comparable to one of the state-of-the-art proprietary docking tools such as Glide and GOLD and superior
to the most popular open-source docking package Vina2~29.115 and for consistency with previous TTMD-
related works. Some docking protocols (like GOLD, for example) allow the user to incorporate explicit
water molecules in the calculation, and it has been shown to improve the performance of docking for cases
where the bound water molecules in the active site make a difference33. However, despite several strategies
for predicting the placement of water molecules in the active site being available, and one can certainly
take advantage of insights from experimental structures, it is certainly a delicate process, especially when
it comes to predicting the displaceability of said water molecules. Furthermore, it would still not address
the issue of receptor flexibility. For this reason, we think that a simple MD-based method like TTMD is
competitive against other methods, especially since it requires little to no setup, and can be used effectively
even with a limited knowledge of the target.

Although the number of test cases is limited and the choice of them could suffer from cherry-picking,
demanding a more extensive validation of the technique to give statistical meaning to the results, this
proof-of-concept study clearly shows the potential for TTMD to be used as a complementary tool for
fragment posing, for validating or refining docking results.

Despite the advancements in the use of experimental techniques such as X-ray crystallography or nuclear
magnetic resonance certainly improved accessibility to high-resolution structures of complexes involving
fragments, computational tools like TTMD can flank them and make fragment-based drug discovery
campaigns more time and cost-efficient. Indeed, although the binding mode for a fragment can be
preserved throughout the fragment-to-lead process, it is also true that small structural modifications can
sometimes drastically alter the binding mode®®. Instead of relying purely on determining as many
experimental structures as possible during the early stages of fragment evolution, one could strategically
combine the experimental results with accurate computational predictions like the one provided by docking
combined with TTMD to save both time and money.

Conclusions

In the present work, we presented a modified Thermal Titration Molecular Dynamics (TTMD) post-
docking refinement protocol specifically tuned to characterize complexes involving fragments. Compared
to the original protocol, which led to wrong or inconclusive results for this class of compounds, the new
one demonstrated to be able to identify the native binding mode across a set of docking poses in more
than 85% of examined test cases, outscoring a popular and accurate free-for-academics docking protocol
like PLANTS-ChemPLP even when the top two scoring poses were considered. These results demonstrate
the usefulness of TTMD as a post-docking refinement tool for fragment posing, complementing other
existing computational and experimental methodologies in the challenging task of retrieving the correct
binding pose for compounds characterized by low molecular weight and structural complexity. The new
fragment-specific TTMD protocol can be easily implemented into existing fragment-based drug discovery
pipelines thanks to the open-source and modular nature of the code, assisting both the fragment screening
and the fragment-to-lead optimization processes.
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Menin, S.; Salmaso, V.; Bissaro, M.; Esposito, C.; Pozzan, A.; Moro, S. Decoding
GPCR-Ligand Interactions with FEP: Evaluating Key Parameters for Reliable
Predictions. In preparation.

This study benchmarks the Flare FEP relative binding free energy (RBFE)
implementation in the context of membrane proteins, focusing on GPCR targets. Using
the adenosine Aza receptor as a primary test case, we systematically evaluated the
influence of ligand placement, membrane inclusion, water treatment, and ligand force
field on predictive performance. Results highlighted ligand placement and water handling
as the dominant factors affecting accuracy, while force field choice (GAFF2 vs.
OpenFF2) had only minor effects. To broaden the scope, additional benchmarks were
conducted on alternative Aza scaffolds, mGlus, and P2Y; receptors. Overall, the work
establishes the robustness and transferability of Flare FEP across diverse GPCR systems,
while identifying the key parameters that govern predictive quality.

Salmaso, V.; Menin' S.; Moro' S.; Spalluto' G.; Federico, S. Adenosine receptors in
neuroinflammation and neurodegeneration. Submitted.

This review discusses the role of adenosine and its four receptor subtypes (A1, Aza, A2z,
and As) in neuroinflammation and neurodegenerative diseases. Neuroinflammation can
have both protective and harmful effects on the central nervous system, contributing to
the onset and progression of various brain disorders, including life-threatening
neurodegenerative conditions. The review highlights the therapeutic potential of
targeting specific adenosine receptors, noting that while some applications are already
clinically established, others remain promising areas for further research.
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Abstract

Predicting ligand binding free energies with high accuracy remains a key challenge in
drug discovery, particularly for G protein-coupled receptors (GPCRs). Relative binding
free energy (RBFE) calculations are increasingly applied, yet their performance in
membrane systems has not been systematically benchmarked. Here, we assessed the
Flare FEP RBFE implementation using a triazine antagonist series bound to the
adenosine A,A receptor, a well-characterized GPCR test case. We investigated four
key parameters: ligand placement, membrane inclusion, water treatment, and ligand
force field. Results showed that predictive quality was driven mainly by ligand placement
and water handling. Force field choice (GAFF2 vs. OpenFF2) had only minor effects.
To evaluate the impact of the forcefield choice, we extended the benchmark to three
additional ligand series: an alternative A,A scaffold, metabotropic glutamate receptor
(mGlus), and purinergic receptor P2Y;. Across systems, both force fields performed
similarly, with accuracy depending more on ligand diversity and binding environment
than on parameter choice.

Introduction

Reliable prediction of ligand binding affinities is a central goal in early-stage drug discovery, where even
modest improvements in accuracy can accelerate lead optimization and reduce experimental costs!2. Over
the past decade, alchemical free-energy methods have emerged as one of the most rigorous computational
approaches for this task3. By transforming one ligand into another in both the protein binding site and
bulk solvent, relative binding free energy (RBFE) calculations provide quantitative estimates of AAG
values that can be directly compared to experimental affinity*. These methods, when carefully applied,
have demonstrated mean unsigned errors below 1 kcal/mol across diverse soluble protein targets,
highlighting their potential to guide medicinal chemistry with predictive power®.

The practical application of RBFE has been enabled by advances in molecular dynamics force fields, GPU-
accelerated hardware, and automated workflows. Several benchmark studies on soluble proteins such as
kinases, proteases, and nuclear hormone receptors have established best practices for applying this
methodology across multiple datasets®7. Despite these successes, the extension of RBFE to membrane
proteins remains less explored. Membrane-embedded receptors, particularly G protein-coupled receptors
(GPCRs), present unique challenges: their orthosteric pockets are deeply buried within the lipid bilayer,
ligand binding often depends on structured water molecules®, and receptor flexibility is strongly coupled
to the surrounding membrane environment. These factors complicate system setup and sampling, and
small inaccuracies in water placement, lipid representation, or ligand positioning can propagate into large
errors in predicted free energies®.

Several commercial and open-source implementations of RBFE exist, with Schrodinger's FEP+ being the
most widely validated on large soluble-protein datasets®. More recently, Cresset's Flare software has
introduced an FEP-RBFE module built on the Sire framework and leveraging open-source tools such as
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BioSimSpacel?, SOMD!!, OpenMM?!2, and AmberTools!3. Flare provides automated setup, execution, and
analysis of RBFE calculations through both a graphical interface and a Python API, lowering the barrier
to entry for non-expert users. However, while Flare FEP has shown promising results on soluble proteins,
its performance on membrane-bound receptors has not yet been systematically assessed!*. Without such
validation, users face uncertainty in how to configure key aspects of membrane simulations, including lipid
bilayer representation, water placement strategies, ligand alignment, and force-field selection.

To address this gap, we carried out a Flare FEP benchmark study on the human adenosine A,a receptor,
a class A GPCR with extensive structural and pharmacological characterization. A,a is a clinically relevant
target in immuno-oncology and neurodegeneration!®16 and its triazine antagonist series provides both
high-resolution X-ray complexes and a rich set of binding affinity datal”. This well-characterized dataset
offers an ideal proving ground for testing RBFE workflows on GPCRs and allows direct comparison to
previously published studies. In our benchmark, we systematically evaluated the impact of four critical
parameters, such as ligand placement, membrane handling, water treatment, and ligand force field, on the
accuracy of predicted AAG values.

To extend this investigation beyond the initial triazine series of A,a antagonists, we further included an
additional ligand series targeting Aza, but with a different chemical scaffold, thereby testing the
transferability of optimized protocols across chemotypes.

We also broadened the scope to two other GPCR systems that have been previously used in benchmarking
studies!®19. The first was the metabotropic glutamate (mGlus) receptor, a GPCR that plays a central role
in modulating excitatory neurotransmission in the central nervous system., and have been the focus of
intense drug discovery efforts, particularly through the development of allosteric modulators that fine-tune
receptor signaling?.

The second additional system was the P2Y receptor, a purinergic GPCR activated by ADP and involved
in platelet aggregation, vascular regulation, and pain signaling?!. Importantly, structural studies have
revealed that P2Y; possesses two distinct ligand-binding sites: an orthosteric pocket within the
transmembrane bundle and an allosteric site located at the receptor-lipid bilayer interface?2. The latter is
of particular interest because it represents one of the first structurally characterized examples of a GPCR
allosteric modulator binding entirely outside the helical bundle, highlighting the challenges of modeling
lipid-exposed allosteric sites in RBFE workflows.

By incorporating these additional ligand series, we created a diverse benchmark spanning different GPCR
classes, binding site environments, and ligand series. This expanded dataset allowed us to test the
robustness of Flare FEP across a broader chemical and structural space.

Materials and Methods

This benchmark was performed using a workstation equipped with 24 CPU cores for proteins and projects
preparation, while the FEP calculations were conducted on a separate workstation equipped with four
NVIDIA RTX 4090 GPUs.

Receptor Structure Preparation

As in the study by Deflorian and colleagues!’, the crystal structure of the Adenosine receptor Aza used in
the primary section of this benchmark was obtained from the Protein Data Bank (PDB?3) under accession
code 6GT32%. To broaden the benchmark, additional receptor structures were included: a second Aaa
receptor structure (PDB ID: 4EIY?), associated with a different ligand series from the work of Lenselink
et al.?6; the metabotropic Glutamate (mGlus) receptor (PDB ID: 5CGC?°), based on the study by Guo et
al.18; and the P2Y1 receptor (PDB ID: 4XNV?"), as reported by Dickson et al.1®

Every receptor structure within this work has been prepared through the Molecular Operating Environment
(MOE?) suite: initially, co-crystallization factors were removed, except for the crystallographic ligands,
water molecules and the conserved sodium ion. Subsequently, all mutated residues were reverted to the
wildtype sequence based on the reference FASTA retrieved from the UniProt? database, and an energy
minimization step was performed on these residues, while restraining the protein backbone, using the
Protein Builder tool. After that, chimeric protein regions were deleted, and loops were rebuilt using the
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Loop Modeler tool. Following this, alternate conformations were resolved using the Structure Preparation
tool by selecting those with the highest occupancy, and the N- and C-termini were capped with ACE and
NME groups, respectively. Finally, the structures were protonated using the Protonate 3D tool, with a pH
of 7.4 and a temperature of 310 K, and missing hydrogen atoms were added. A final energy minimization,
using the Amber14 EHT Forcefield, was then performed, restraining all atoms except hydrogen. The final
step involved aligning the coordinates of the prepared structure with those of the corresponding entry
from the OPM30 database, as the Flare software requires pre-aligned structures to correctly model the
membrane environment.

Based on the protocol used for performing simulations, different contents of crystallographic water
molecules were kept in the receptor structure. The term Binding Site Water molecules (BS Water) refers
to water molecules retained from the crystallographic structure that are within 4.5 A of the ligand. The
term Sodium Water molecules (Na* Water) refers to the three crystallographic water molecules that
constitute the first solvation shell of the sodium ion located in the allosteric site3l. Further details regarding
water molecules in the system are treated in the Flare FEP Project Preparation section.

Ligand Preparation

All ligand datasets used in this work were retrieved from the corresponding target paper!”1926 and
prepared using the automatic import tool within Flare. 3D structures were generated by using one of the
method listed below:

In-Place Drawing: the crystallographic ligand from the corresponding receptor structure served as a
template. Modifications of the molecule were then made directly within the Flare Ligand Editor by
substituting atoms in place, and fixing bond lengths and angles with the dedicated tool. For triazinic
ligands containing non-symmetrical ring systems (e.g., 4j, 4k, 4l, 4m, 4r), both possible orientations were
modeled to account for ambiguity in substitution geometry. This expanded the dataset from 10 to 15
ligands and, thus, changed the size and connectivity of the alchemical network.

PLANTS Docking: To produce docked binding poses for ligands, the binding site was defined using the
center of mass of the crystallographic ligand from the corresponding receptor structure, with a spherical
search space of 15 A radius, ensuring comprehensive coverage of the orthosteric site. For each ligand, 20
poses were generated using the PLANTS32 Docking software along with the ChemPLP33 scoring function,
and the top-ranked pose was selected for further free energy calculations.

Conf Hunt and Align: The Conf Hunt and Align tool in the Flare GUI was used to generate low-energy
ligand conformations and align them to a reference structure based on a shared substructure. The
Conformation Hunt accuracy was set to "Very accurate and slow", and the alignment method to
"Substructure". As excluded volume, only the protein chain was selected, allowing crystallographic water
molecules to be potentially occupied by ligand atoms if favorable. Other settings were kept at their default
value. Ligand 4q, drawn in-place using as template the crystallographic 6GT3 ligand, and representative
of the shared triazine core, was used as the alignment reference for triazines.

For the additional test cases, the corresponding crystallographic ligand was selected as the alignment
reference, except in the Aza additional ligand set, where the pre-aligned ligand 25d was used as reference.

Flare FEP Project Preparation

Each FEP project was initialized within the Flare interface by selecting the pre-generated ligand
conformations, the primary protein chain, and any additional chains required by the specific protocol.
Upon project creation, experimental activity values were imported and associated with the ligands.
Alchemical networks were then constructed in benchmark mode, which fit the calculated values of relative
binding free energies on the entire dataset, without anchoring results to a single reference compound.
Network generation was performed using Flare’s automated workflow, with the “maximum cycle size"
parameter set to 5. The option “pay attention to 3D coordinates” was enabled to obtain best ligand pairs
formation based on their spatial alignment.

For the triazine ligand series, three different methods were used to generate input conformations, which
have been thoroughly described in the Ligand Preparation section. Accordingly, two separate networks
were built to reflect differences in the number of available ligands: a 15-node network for the drawn ligand
set, which included both orientations of asymmetric substituents, and a 10-node network used for both
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the docked and aligned ligand sets. These networks remained unchanged across all protocols to ensure
consistency in free energy comparisons.

For the additional systems (new Aza, mGlus, and P2Y1), only one input conformation method (alignment)
was applied. Thus, a single alchemical network was constructed per system, with network size
corresponding to the number of ligands available in each dataset.

Flare FEP Simulations

The final step prior to running the simulations was the selection of simulation settings. The complete
simulation parameters, along with the corresponding protein chains, are summarized in Table 1.

While specific protocol configurations varied across different setups, all other simulation settings were kept
at their default values.

For every protocol, three independent project replicas were carried out, and subsequently analyzed by
using both metrics from the Flare FEP GUI interface, and scripts relying on the MDAnalysis343> and
Matplotlib3® python packages.

Predicting binding free energy with accuracy remains a central challenge in computational drug discovery.
This is particularly true for ligands interacting with membrane-associated proteins, where the local
environment, water networks, and conformational flexibility introduce significant complexity. In the present
study, we focused on a congeneric series of triazine-based ligands, a scaffold of pharmaceutical relevance,
with available experimental binding affinities. This series has previously been employed by Deflorian and
colleagues in their RBFE benchmark studyl” (Aza study 6), providing a well-characterized dataset for
systematic evaluation of computational protocols.

To explore how methodological choices affect prediction quality, we systematically evaluated ten protocols
differing in ligand placement strategy (manual draw-in-place, docking, or alignment), forcefield choice
(GAFF2 vs. OpenFF2), membrane inclusion, and treatment of water molecules, as summarized inTable 1.
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Results and Discussion

Table 1. Simulation settings for the triazine section of the benchmark.

ID Ligand N.etwork FF Membrane  GCNCMC BS Water Na+
Placement Size Water
1 Drawing 15 GAFF2 Yes No Yes Yes
2 Drawing 15 GAFF2 Yes No No Yes
3 Drawing 15 GAFF2 Yes Yes No No
4 Drawing 15 GAFF2 Yes Yes No Yes
5 Drawing 15 GAFF2 No No Yes Yes
6 Drawing 15 OpenFF2  Yes No Yes Yes
7 Docking 10 GAFF2 Yes No Yes Yes
8 Docking 10 OpenFF2  Yes No Yes Yes
9 Alignment 10 GAFF2 Yes No Yes Yes
10 Alignment 10 OpenFF2  Yes No Yes Yes

For every protocol (ID), the following settings are reported: Ligand Placement , Network Size (the
number of nodes in the network), FF (ligand Forcefield used), Membrane (presence of the double
phospholipid layer in the system), GCNCMC (application of the GCNCMC method for enhanced
water equilibration), BS Water, and Na* Water (indicating whether binding site water molecules and
sodium-associated water molecules, respectively, are included in the system).

Performances were assessed using four complementary metrics. R? quantifies how well the computational
model captures the overall trend. Kendall's T evaluates the agreement between predicted and experimental
rankings of ligand affinities. RMSE (Root Mean Square Error) measures the typical magnitude of prediction
errors, giving insight into overall accuracy while penalizing larger deviations. MAE (Mean Absolute Error)
calculates the average absolute difference between predicted and experimental values, reflecting systematic
deviations without emphasizing outliers.

We began our analysis with the default setup (Protocol 1), which combined manual draw-in-place ligand
placement, the GAFF2 forcefield, inclusion of the membrane, crystallographic binding site waters (BS
Water), and sodium-associated water molecules (Nat Water). For some ligands, placed by in-place
drawing, two alternative bound conformations were possible due to the chemical asymmetry of certain
triazine substitutions (Figure 1).
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Figure 1. Depiction of two possible binding poses for ligand 4k.

In these cases, one conformation consistently produced better agreement with experimental affinities, and
its orientation closely matched the poses generated by docking and alignment in the subsequent protocols.
Initially, our analysis was performed by averaging the AG values obtained from both conformations of
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each ligand, and then calculating the overall mean across replicas (“Cumulative” Predicted AG). However,
it is plausible that in the biological system only one binding mode is preferentially stabilized, for example,
due to local interactions with the protein pocket, water network rearrangements, or energetic contributions
that favor one orientation over the other. For this reason, within Protocol 1 results, we repeated the
analysis considering only the mean values of the conformations yielding the lowest (i.e., most favorable)
predicted AG, hereafter referred to as the “Best” predicted AG. As can be seen in Figure 2. the “Best”
approach consistently achieved higher correlation with experimental measurements compared to the
“Cumulative” analysis, even though the latter showed slightly lower absolute errors due to averaging
predictions. This indicates that while the “Cumulative” analysis smooths out deviations, it does so at the
expense of correctly reproducing affinity trends. In contrast, the “Best” analysis better captures the
dominant binding mode, offering a more accurate description of ligand binding in this series. For this
reason, all draw-in-place results reported in this study are based on the “Best” predicted AG, which we
consider the most reliable representation of binding energetics.

“Cumulative” Predicted AG vs Experimental AG “Best” Predicted AG vs Experimental AG
Protocol 1 Protocol 1
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Figure 2. Comparison of predicted versus experimental binding affinities for the triazine ligand series.
Left: results obtained using the “Cumulative” predicted AG approach (averaging all conformations
and replicas values for each ligand). Right: results based on the “Best” predicted AG (per replica
mean value considering only the conformation with the most favorable AG for each ligand). Each
point represents a ligand, and error bars indicate the range between minimum and maximum
predicted AG values across all replicas. Key performance metrics are reported for each plot, including
R2, Kendall’s T, RMSE, and MAE.

The complete set of results for the triazine benchmark is presented in Figure 3, and the detailed protocol-
by-protocol discussion follows in the next sections.
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Triazine Benchmark Results
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Figure 3. Comparison of statistical performance across protocols. Each panel shows one performance
metric (R?, Kendall’s T, RMSE, and MAE). The x-axis reports the corresponding protocol numbers,
while the y-axis indicates the metric value. Bars are color-coded according to performance: green/blue
shades indicate better predictive quality, whereas orange shades highlight poorer performance.

Assessing the Role of Water Molecules

To evaluate the impact of hydration, we first removed all Binding Site (BS) water molecules from the
system (Protocol 2). Predictive power collapsed, with R? dropping to 0.01 and <t to 0.27, despite RMSE
(0.89) and MAE (0.57) remaining superficially similar.

We then applied GCNCMC equilibration (Protocol 3), allowing water molecules to dynamically sample
positions near the ligand. This markedly improved results compared to Protocol 1, with R2 = 0.85, T =
0.67, RMSE = 0.97, and MAE = 0.81. These values highlight the importance of including water sampling
to capture structural hydration effects. However, GCNCMC sampling is restricted to a region around the
ligand (4.5 A), which prevents equilibration of waters coordinating the sodium ion.
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!

Figure 4. Annoted distance (10.0 A) of the sodium ion (depicted in pink) from the triazine ligand
(4k, orange) closest atom within the A, receptor binding site. The Nat Waters are also shown.

To address this limitation, we retained the crystallographic sodium waters alongside GCNCMC
equilibration (Protocol 4). This combined approach delivered the best overall performance of the series,
with R2 = 0.90, Tt = 0.72, RMSE = 1.01, and MAE = 0.86. These results confirm that combining dynamic
equilibration with explicit retention of key structural waters provides the most realistic representation of
the binding environment.

To better understand the poor performance of Protocol 2, we carried out an RMSD analysis and compared
it with the best-performing setup, Protocol 4.

As shown in Figure 5, Protocol 2 displays significantly greater fluctuations in both the ligand and the
binding site residues compared to Protocol 4. This increased mobility suggests reduced structural stability
under Protocol 2 conditions.

Figure 6 illustrates a representative snapshot of the A,a binding site when a triazine antagonist is bound.
In this configuration, a buried water pocket is typically formed, where a single water molecule bridges the
pyridine nitrogen of the ligand and the side chain of His278. Under Protocol 2 conditions, however, this
water molecule is absent, resulting in a vacuum-like cavity within the binding site. In several simulations,
particularly those with elevated RMSD values, this void appears to draw in nearby sodium-coordinated
water molecules, further disrupting the local environment. Another plausible explanation is that, due to
the inaccessibility of the inner pocket once the ligand is bound, the absence of water creates an artificial
cavity that destabilizes both the ligand and surrounding residues. Together, these observations point to
structural instabilities in Protocol 2, which likely contribute to its poorer predictive performance.

In summary, in protocols where all key water molecules are correctly placed, the system remains stable
and predictive performance improves significantly. In fact, under these conditions, the results across
different protocols become more consistent and comparable, underscoring the critical role of buried water
molecules in stabilizing both the ligand and the binding site architecture.
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residues (Protein BS) and the ligand, reported separately by A-window and by network link. The

each protocol, the mean RMSD across three replicas is shown for both the protein binding-site
overall cumulative mean RMSD value is indicated in each quadrant of the graphs.

Figure 5. RMSD analysis comparing Protocol 2 (top panels) and Protocol 4 (bottom panels). For
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Figure 6. Depiction of the Asa orthosteric binding site bound to ligand 4k. Water molecules and H-
bonds are also shown.

Membrane Effects

We next examined the effect of the lipid bilayer by comparing the baseline setup (Protocol 1, R? = 0.82,
t© = 0.49, RMSE = 0.88, and MAE = 0.78) with a no-membrane configuration (Protocol 5). Removing
the membrane yielded comparable overall predictive quality (R> = 0.84, RMSE = 0.85, MAE = 0.75).
Interestingly, Protocol 5 also trended toward a slightly higher t value (0.58 vs. 0.49), but, overall, the two
T values are effectively similar. These findings indicate that while the lipid bilayer contributes to
reproducing the physiological environment of the membrane-associated protein, absolute error values are
similar between the two setups. The effect of removing the membrane, which would enable the simpler
and less computational expensive system setup, has not been systematically investigated across other
targets, but, in specific cases, such as when the binding pocket lies at the protein-membrane interface,
the bilayer forms an integral part of the ligand environment. In such cases, its removal would constitute
a substantial perturbation of the binding site.

In this specific case, despite broadly comparable predictive performance, the guideline from this analysis
is to continue using the membrane-inclusive, physiologically realistic system.

Ligand Placement and Forcefield Effects

We first compared the impact of ligand placement method, analyzing manual draw-in-place (Protocol 1),
docking-based (Protocol 7), and alignment-based (Protocol 9) setups. Draw-in-place produced the
strongest performance, with R? = 0.82, T = 0.49, RMSE = 0.88, and MAE = 0.78. Docking-based
placement yielded slightly weaker results (Protocol 7: R? = 0.79, T = 0.40, RMSE = 0.71, MAE = 0.56),
while alignment-based placement produced intermediate performance (Protocol 9: R? = 0.79, T = 0.49,
RMSE = 0.81, MAE = 0.67). These differences likely reflect not only the intrinsic accuracy of the
placement methods but also the changes in network size and topology: draw-in-place generated 15 nodes
due to multiple conformations, whereas docking and alignment involved only 10 nodes. Moreover,
simulation time is reduced in the latter protocols, which may partially explain their modest decrease in
predictive performance. A direct comparison of the three placement strategies is provided in Figure 7.

We next examined the effect of ligand forcefield choice by comparing GAFF2 and OpenFF2 within each
placement strategy. For draw-in-place, Protocol 1 (GAFF2) and Protocol 6 (OpenFF2) gave very similar
outcomes (R* = 0.82 vs. 0.84; T = 0.49 vs. 0.54; RMSE = 0.88 vs. 0.98; MAE = 0.78 vs. 0.89). For
docking, Protocol 7 (GAFF2) achieved R* = 0.79 and t = 0.40, while Protocol 8 (OpenFF2) slightly
improved to R? = 0.81 and t = 0.49, although error values increased (RMSE = 0.71 vs. 0.78; MAE =
0.56 vs. 0.69). For alignment, Protocol 9 (GAFF2) yielded R*> = 0.79, T = 0.49, RMSE = 0.81, and MAE
= 0.67, while Protocol 10 (OpenFF2) showed somewhat weaker correlation but improved ranking (R? =
0.74, T = 0.55, RMSE = 0.70, MAE = 0.63). Overall, these comparisons indicate that forcefield choice
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has only a minor influence on predictive quality within this series, with performance differences generally
smaller than those introduced by ligand placement method.

Drawn Ligands Docked Ligands Aliged Ligands

Figure 7. Depiction of results coming from different ligand placement methods.

It is also important to emphasize that the triazine ligands investigated here are relatively rigid
molecules. As such, this single series is not sufficient to fully explore the potential differences between
GAFF2 and OpenFF2.

To address this limitation and provide a broader assessment, we extended our benchmark to include three
additional targets with chemically distinct ligand series: the adenosine Aoa receptor (new Aza), investigated
here with a ligand set different from the triazine series, the metabotropic glutamate receptor (mGlu), and
the purinergic receptor P2Y1. These expanded datasets allow us to evaluate forcefield performance across
a wider range of scaffolds and binding environments, offering a more generalizable perspective on predictive
reliability.

All additional simulations were performed using the best performing protocol from the triazine part of the
benchmark (protocol 4), and ligand input conformations were generated by alignment to a reference
structure. This approach was chosen because generating accurate drawn poses for these ligands was not
feasible, and previous results had shown that aligned poses consistently outperformed docked poses in
terms of predictive accuracy.

In the new Apa test case, both forcefields achieved only moderate predictive quality, with GAFF2 yielding
R2 = 0.46, T = 0.39, RMSE = 1.34, and MAE = 1.11, while OpenFF2 produced nearly identical
performance (R? = 0.46, T = 0.39, RMSE = 1.33, MAE = 1.08). These results confirm that for this
dataset, forcefield choice has negligible influence. For this dataset, performances were weaker than in the
triazine benchmark, possibly because the chemical substitutions in this ligand series are mainly located in
the outer portion of the binding site, where they are more solvent-exposed. In such regions, binding free
energies are strongly influenced by local hydration patterns and the balance between ligand desolvation
and protein-water interactions.

For the mGlus receptor, results were somewhat stronger, with GAFF2 producing R = 0.60, T = 0.67,
RMSE = 1.51, and MAE = 1.11, while OpenFF2 improved slightly to R2 = 0.64, T = 0.67, RMSE =
1.39, and MAE = 1.01. Both forcefields captured affinity trends well, particularly for strong binders,
though predictions for weaker ligands remained less reliable. Here, OpenFF2 showed a modest but
consistent reduction in error relative to GAFF2, suggesting a potential advantage for this more modern
parametrization in certain chemical contexts.

The P2Y1 receptor benchmark further supported the notion that differences between the two forcefields
are subtle and context-dependent. GAFF2 achieved R?2 = 0.63, T = 0.62, RMSE = 1.37, and MAE =
1.13, while OpenFF2 yielded R?2 = 0.61, T = 0.60, RMSE = 1.28, and MAE = 1.06. As in the mGlus case,
OpenFF2 slightly reduced absolute errors, while GAFF2 achieved marginally higher correlation values.
Both forcefields reproduced the main binding affinity trends, though deviations remained more pronounced
than in the triazine dataset.

All discussed data can be visually inspected in Figure 8.

Crucially, predictive quality appears to be driven more by the chemical diversity of the ligand series, the
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complexity of the binding environment, and the quality of the input poses than by the specific forcefield
employed. Across all test cases, ligand pose generation exerted a greater influence on predictive
performance than forcefield choice. When high-quality conformations were available, particularly
alignment-based placements, both GAFF2 and OpenFF2 yielded accurate and consistent RBFE predictions.
No systematic advantage was observed for either forcefield; their relative performance varied with the
system and ligand set. These findings support the viability of both GAFF2 and OpenFF2 in FEP workflows,
provided that ligand poses are carefully prepared.

Force Field Benchmark Results
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Figure 8. Force field comparison across three GPCR, test cases using four statistical performance
metrics. Each force field (GAFF2 and OpenFF) is evaluated across four independent replicas for each
target, with the x-axis grouping results by system. The thin, black-edged bar in each group represents
the mean value across replicas. The four panels report R? (coefficient of determination), MUE (mean
unsigned error), © (Kendall’s rank correlation coefficient), and Linkwise RMSD, used to assess the
accuracy and stability of free energy predictions. Test cases include: new Asa, mGlus and P2Y1.

Conclusions

Our benchmark highlights that Flare FEP accuracy for GPCRs is influenced more by ligand placement,
and water treatment than by the choice of force field. Alignment-based strategies provided the most
reliable results, while inclusion of the membrane improved realism and ranking in most cases. Both GAFF2
and OpenFF2 performed comparably across all test cases, with no systematic advantage. Overall, high-
quality input poses and careful system preparation remain the primary determinants of transferable and
physically meaningful Flare RBFE predictions.
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Abstract

Adenosine plays a crucial role in various pathophysiological conditions, including
neuroinflammation and neurodegeneration. Neuroinflammation can be either beneficial
or detrimental to the central nervous system, depending on the intensity and duration
of the inflammatory response. Across a wide range of brain disorders,
neuroinflammation contributes to both the onset and progression of disease. Notably,
neuroinflammation is not limited to conditions primarily classified as neuroinflammatory
but is also a key factor in other neurological disorders, including life-threatening
neurodegenerative diseases. All four adenosine receptor subtypes (A1, A2a, A2g, and
A3z) are implicated, to varying degrees, in these conditions. This review aims to
summarize the roles of individual adenosine receptor subtypes in neuroinflammation
and neurodegenerative diseases, emphasizing their therapeutic potential. While some
therapeutic applications are well-established with clinically approved drugs, others
warrant further investigation due to their promising potential.

Introduction

Adenosine and Adenosine Receptors

Adenosine is an endogenous purine nucleoside. Beyond its role in energy metabolism (it is the final product
of the catabolism of the energetic molecule for definition, adenosine triphosphate (ATP)),
adenosine modulates numerous processes in the human organism, through the recognition of its receptors
(i.e. A1, A2a, Az, A3z), and consequent cell signaling, and behaves as a neuromodulator in the central
nervous system (CNS). It exerts a cytoprotective effect in response to stress, thus for instance limiting the
damage provoked by excessive inflammatory response; for this reason, it has been defined as a retaliatory
metabolite [1].

In physiological conditions, the extracellular concentration of adenosine falls in the 20-300 nM range, rising
to the order of 10 pM in case of metabolic stress and hypoxia, which are well-known to trigger
inflammation [2,3]. This effect has been particularly studied in the CNS, where hypoxia can lead to 30 pM
extracellular adenosine concentration [3-5]. The extracellular adenosine is produced by the enzymatic
catabolism of adenosine nucleotides by means of different ectonucleotidases [6], and it is also generated
intracellularly and exported through nucleoside transporters or as a result of cell damage [7-9].
Adenosine exerts its effects through its four adenosine receptors (ARs) that are class A G protein-coupled
receptors (GPCRs), structurally characterized by the typical 7-helices transmembrane bundle connected
by three intracellular and three extracellular loops of various lengths, an N-terminal region facing the
extracellular milieu and an intracellular C-terminal region, constituted by an amphipathic helix (helix 8)
and a disordered tail. Currently, at least one experimental tridimensional structural has been released for
each receptor subtype (some examples are reported in Figure 1), with A>a AR being the first and most
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explored one.

The four AR subtypes present high sequence identity, especially in the transmembrane helices (TM) region,
with the couple Aza-Asg characterized by the highest transmembrane sequence identity (66%), followed
by A1-As (57%), A1-Aza (55%), A1-Axg (52%), A2a-As (47%), and Azs-Az (45%) (values computed
through https://gpcrdb.org/ [10], focusing on TM1-7). The similarity among the receptors is especially
high in the orthosteric binding pocket, where Asn6.55, Phe45.52EL2, Thr3.36, Ser7.42 (replaced by Thr in
A1), , His7.43 (numbered according to Ballesteros-Weinstein [11]) are key residues for agonists binding
(Figure 1). It is worth noting that few residues discriminate the orthosteric binding pocket of ARs. For
instance, Az presents the following mutations compared to the other three AR subtypes: Val3.32Leu,
GIn3.37His, Asnb5.42Ser, Val5.47lle, His6.52Ser, Thr6.58lle. Also the following residues show some subtype
variability: Val/Ala/Ala/Val 2.57 (respectively in Ai/A2a/A2s/As ARs), Asn/Ser/Ser/Ser 2.65,
Leu/Leu/Val/Leu 6.51, Thr/Met/Met/Leu 7.35, and the residues preceding (Glu/Leu/Leu/GIn) and
following (Glu/Glu/Glu/Val) the conserved Phe45.52 on EL2. Additionally, major differences among AR
subtypes affect the extracellular and intracellular regions of the receptors. Aza presents an unusually long
C-terminal tail, more than 80 residues longer than the other subtypes. Extracellular loop 2 (EL2), which
has been observed to play a role in ligand recognition [12], is peculiarly different among the receptor
subtypes: Az is characterized by the shortest loop (24-residues) and Aog by the longest one (34-residues),
with A1 and Aza being in the middle. All EL2s are connected to TM3 through a disulfide bond between
the conserved Cys45.50EL2 and Cys3.25 on TM3, that is typical of class A GPCRs; moreover, two additional
disulfide bonds connect EL2 to EL1 in the case of Aoa AR, causing some degree of rigidity to the loop,
while the role of three additional cysteines in A2g's EL2 still needs to be fully elucidated [13,14]. A; loop
contains a long 3-turn o-helix positioned almost perpendicularly to the membrane leaflet, in Aoa EL2 forms
a 2.5-turn a-helix parallel to the membrane. In the case of A3 AR, EL2 contains a short 1.5-turn alpha
helix , while the conformation of the long Aog AR EL2 has not been solved yet. Also EL3 is longest in the
case of Aog, where it outscores by 4, 2 and 1 residues, respectively, Az, A1, A2a; and a disulfide bond
between EL3 and the tip of TM6 (Cys6.61) characterizes A1 and Aoa.

Adenosine has a different affinity towards the four ARs. As reported in Figure 2, adenosine shows an
affinity in the high nanomolar range towards A1, Axa and A3 ARs. Instead, Axg AR presents a considerable
weaker affinity (uM) as compared to the other subtypes (medium to high nM) [15]. This behavior is
observed both in humans and rats, except for A3 AR subtype, for which adenosine displays a micromolar
affinity at the rat compared to human receptor. In fact, a high interspecies difference is present between
rAs AR and hA3 AR[16].

Adenosine receptors are characterized by different tissue and cell distribution. A1AR is highly expressed in
the CNS: especially in the brain cortex, cerebellum, hippocampus. It is also highly distributed in heart
atria, eye, adrenal glands, adipose tissue, testis, kidney, liver and others. A2a AR has the highest expression
levels in spleen, thymus, leukocytes (lymphocytes and granulocytes), blood platelets, in various brain
regions such as striatum, nucleus accumbens and olfactory tubercles, olfactory bulb, heart, blood vessels,
lungs; A2g AR in cecum, colon, bladder, blood vessels [17-19]. A3 AR is expressed in diverse tissues at
relatively low levels, such as testis, spinal cord, various brain regions, bladder, lung, adipose tissue, and
whole blood [20]. Moreover, the four AR subtypes are also expressed in various immune cells [21] and
overexpressed in cancer cells [22-24].

Receptor distribution is important because both basal and induced adenosine influence cellular behavior
depending on the specific expression patterns of adenosine receptor subtype within each cell type, but also
depending on the entire dynamic (temporal) process involving the receptor expression and the adenosine
release [17,25,26]. Adenosine receptors couple to different G proteins and downstream intracellular
signaling pathways. G proteins are the primary intracellular partner of the receptors, but they are also
involved in other signaling cascades. For instance, all AR subtypes can engage mitogen-activated protein
kinase (MAPK) pathways, but the mechanisms and outcomes of MAPK activation vary depending on the
receptor subtype and cell context. Here, G proteins and further relevant interacting ARs interacting
partners are reported, together with organ distribution of the receptors [27,28].
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Figure 1. Experimental structures (Cryo-electron microscopy) of the four active-state adenosine
receptor (AR) subtypes bound to an agonist. A1 (PDB ID: 7TLD4), Asx (PDB ID: 9EES8) and Ass
(PDB ID: 8HDP) ARs are bound the endogenous agonist adenosine, while A3 AR (PDB ID: 8X17)
is bound to Namodenoson (no adenosine-bound structure available to date). The figure shows a focus
on the orthosteric binding pocket of the receptors, and it shows the conservation of key amino acids
involved on agonist binding.

A1 and A3 ARs couples to Gi proteins, whose activated Gati subunits inhibit adenylyl cyclase and decreases
intracellular cAMP levels with negative effect on downstream effectors. The GBy subunit activates
phospholipase C (PLC), with a consequent increase of inositol 1,4,5-trisphosphate (IP3) and intracellular
Ca2* levels, which stimulate protein kinase C (PKC) and other calcium-binding proteins [27-29].

Ao and Azg ARs couples to Gs proteins, which activate adenylyl cyclase, increasing cAMP levels and in
turn activating protein kinase A (PKA) and its downstream signaling pathways (such as cAMP response
element-binding protein, CREB). A2a AR couples mainly to Gs in peripheral systems, but in the striatum,
where the receptor is more abundant, it is coupled to Golf, which has a Gs-like behavior [27-29].
Pharmacological and signaling studies suggest that the Asa receptor is the major subtype accounting for
adenosine-induced mast cell tPA (tissue plasminogen activator) activity and provide valuable insights into
regulation of Aoa AR expression in macrophages in response to inflammatory stimuli [30,31].

Azp, and at high agonist concentration, Az AR can also couple to Gq protein, which activates PLC [28].
In cardiac muscles and neurons, A1 AR can activate pertussis toxin-sensitive and KaTp potassium ion
channels, and inactivate Q-, P-, and N-type calcium channels, influencing excitability [29].

ARs can also activate MAPKSs, such as ERK1/2 (extracellular regulated kinases, ERK) or p38 and JNK
(c-Jun N-terminal kinase), thus promoting cell differentiation, survival, proliferation, and death. A; can
activate ERK1/2 through Gi/oBy subunit, Aza can activate or inhibit ERK1/2 in a Gs-dependent or -
independent manner, Az can activate ERK1/2, and Azg can activate ERK1/2 and also p38 and JNK [27].
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[18]Given the many roles of adenosine and its receptors, and their broad distribution, developing drugs
against adenosine receptor is challenging [32]. Moreover, pursuing selectivity is not an easy task, but still
the availability of numerous pan-ligands provides useful pharmacological tools for these receptors: few
examples of pan-agonists (Adenosine and NECA, N-ethylcarboxamidoadenosine) and pan-antagonists
(Caffeine and Theophylline) are reported in Figure 2.

Few drugs have been approved so far acting on ARs. The Aza AR agonist Regadenoson has been approved
for myocardial perfusion imaging (MPI) and the A>a AR antagonist istradefylline for Parkinson Disease
[33].
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hA,5 = 23,400 nM; rAz, = 45,000 nM hAza = 1,710 nM; rA, = 22,000 nM
hA,p = 33,800 nM; rAgg = 30,000 nM hAzg = 9,070 nM; rA,g = 15,100 nM
hA3 = 13,300 nM; rAz = > 100,000 nM hA; = 22,300 nM; rA; = > 100,000 nM

Figure 2. Structures of the endogenous ligand adenosine and of the non-selective agonist NECA and
antagonists caffeine and theophylline.

Adenosine, the endogenous ligand of ARs is also a drug, used to treat supraventricular tachycardia (SVT),
by slowing down electrical signals at the atrioventricular (AV) node, helping to restore a normal heart
rhythm.[34] Caffeine instead, is present in different medicinal specialties as an analgesic adjuvant in
combination with other analgesics [35]. Also theophylline, a non-selective AR antagonist, is a currently
used drug in chronic obstructive pulmonary disease (COPD), but the therapeutic effect is mediated by
inhibition of phosphodiesterases [36].

Neuroinflammation

Neuroinflammation is a complex inflammatory reaction within the CNS. As any inflammatory reaction, it
is characterized by the release of mediators of inflammation, that in the case of neuroinflammation are
produced by different cell types such as resident CNS glial cells (i.e. microglia and astrocytes), endothelial
and peripheral immune cells infiltrated into CNS. Other hallmarks of neuroinflammation are the increased
permeability of blood-brain barrier (BBB) and edema[37].

Neuroinflammation is a response to several insults, like infection, stroke, brain and spinal cord injury,
traumatic and chronic stressors. It has a beneficial effect as an initial inflammatory response to insults,
acting as a protective mechanism to limit tissue damage. However, in prolonged and, even worse, chronic
neuroinflammation, there is a continuous release of inflammatory mediators which can cause neuronal
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damage over time and major infiltration of peripheral immune cells, with a progressively destructive effect
leading to neurodegenerative disease [38,39]. Hypoxia and ischemia are among the events triggering
neuroinflammation. [40] Studies have highlighted the attention on the impact of chronic cerebral
hypoperfusion (CCH) on the onset and progression of neurocognitive disorders such as Alzheimer's disease
(AD) [41,42]. Indeed, evidence suggests a connection between vascular risk and cognitive impairment [43].
Oxygen mediates a post-transcriptional modification on hypoxia-inducible factor-1 (HIF-1)-o and HIF-2a
triggering them to proteasome degradation [44,45]. In hypoxic conditions, this modification does not occur,
leading to HIFloe and HIF2a stabilization and translocation to the nucleus where they mediate
transcriptional regulation [46]. The regulated genes include those encoding enzymes involved in energy
metabolism, apoptosis, and inflammation. Notably, adenosine receptors, enzymes responsible for adenosine
metabolism (such as CD73 and CD39), and adenosine transporters are among them [47,48].Among the
main actors of neuroinflammation we mention microglia and astrocytes.

Microglia cells are innate resident CNS immune phagocytic cells, characterized by low turnover. Microglia
cells exist in a homeostatic (surveying) state in healthy conditions, but get activated upon perturbation of
homeostasis, thus changing their morphological and protein expression patterns. Microglia express many
pattern-recognition receptors (PRRs) detecting pathogen-associated (PAMPs) or danger -associated
(DAMPs) molecular patterns, including Toll-like receptors (TLRs) and their coreceptors, NOD-, LRR- and
Pyrin domain-containing protein 3 (NLRP3) inflammasome, nucleic acids receptors, C-Type Lectin Domain
Containing 7A (CLEC7A) and others [49]. Inflammasomes are multimeric protein complexes that assemble
in the cytoplasm after PAMPs and DAMPs recognition by PRRs. Inflammasomes thus recruit inactive
pro-caspase-1 proteins, whose oligomerization leads to their autoproteolytic cleavage leading to active
caspase-1, which, in turn, cleaves pro-IL-1B and pro-IL-18 generating IL-1B and IL-18. Currently, a two-
signal model suggests that a first signal is required to prime NLRP3 and then a second signal is required
to activate it. The first signal can consist of binding of lipopolysaccharide (LPS) to TLR, leading to NF-
kB activation and translocation into the nucleus, where it induces NLRP3 expression. Afterward, various
stimuli, including ATP, pore-forming toxins, nucleic acids, hyaluronan, and fungal, bacterial or viral
pathogens etc. induce NLRP3 formation [50,51].

Activation of microglia can be of the M1 type form, through TLR and interferon y (IFN-v) signaling
pathways, with microglia exerting a pro-inflammatory and neurotoxic role including: production of
proinflammatory cytokines and chemokines, such as tumor necrosis a (TNF-a), interleukin 6 (IL-6), IL-
1B, IL-12, and C-C motif chemokine ligand 2 (CCL2), and expression of nitric oxidase and nicotinamide
adenine dinucleotide phosphate (NADPH) oxidase, generating respectively nitric oxide (NO) and ROS.
The alternative form of activation, triggered by different stimuli, leads to M2 microglia, characterized by
an opposite anti-inflammatory and neuroprotective effect, with secretion of growth factors, and anti-
inflammatory cytokines such as IL-10 and transforming growth factor B (TGF-B) [49]. However, in vivo
there is no absolute separation between M1 and M2 active states, since different reactive phenotypes exist
and appear to be context dependent [52].

Another CNS resident glial cell type playing a major role in neuroinflammation is astrocyte, which also
distinguishes into Al inflammatory and neurotoxic astrocyte, and A2 neuroprotective astrocyte. Their
activity is regulated by Janus kinase-signal transducer and transcription activator 3 (JAK/STAT3), nuclear
factor kappa B (NF-kB), MAPK and calcineurin pathways [53]. In homeostatic conditions they also
contribute to maintaining CNS homeostasis, while during neuroinflammation they undergo a reactive state,
in which they participate to the release of pro-inflammatory cytokines. Moreover, astrocytes secrete various
factors affecting tight junction proteins (e.g. morphogens such as Sonic hedgehog (Shh) and retinoic acid,
growth factors such as vascular endothelial growth factor (VEGF) and many others), regulating the
integrity and permeability of BBB, which can thus be altered once astrocytes are in the reactive state
[54].

The alteration of BBB permeability let the migration of peripheral immune cells into CNS, such as
neutrophils, which contribute to BBB impairment, monocytes, natural killer cells, dendritic cells, T-cells,
and B-cells, with a consequent exacerbation of the neuroinflammation course [38].

Neurodegeneration

As previously stated, neuroinflammation, if not limited, can lead to CNS dysfunction and damage
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contributing to the complex multifactorial framework causing neurodegenerative diseases.
Neurodegenerative diseases are characterized by the progressive dysfunction and loss of neurons in the
CNS. Their mechanism is not completely clear, but includes aging, immunity, and neuroinflammation
[55].

Parkinson's disease (PD), Alzheimer's disease (AD), Huntington's disease (HD), and Amyotrophic Lateral
Sclerosis (ALS) are defined as neurodegenerative disorders, whose features are neuronal dysfunction and
death. All of them are characterized by common risk factors, such as oxidative stress, environmental
factors, aging, and protein dysfunction. Regarding proteins, misfolding and aggregation of specific proteins
is a common characteristic [56]. A brief introduction to the neurodegenerative disease under discussion in
this review is provided in the following paragraphs.

Alzheimer's disease. AD, the most common form of dementia, is characterized by synapse loss and
neuronal atrophy that predominately hits hippocampus first and then cerebral cortex [57]. The disease
leads to a progressive loss of memory, worsened cognitive functions including language, and failure in
performing simple and daily activities [58,59]. The formation of extracellular senile plaques composed of
amyloid B protein (AB) and intracellular neurofibrillary tangles (NFTs) consisting of hyperphosphorylated
tau (t) protein, are the typical hallmarks of the disease [60]. AB is generated through the proteolytic
processing of amyloid-beta precursor protein (ABPP) by B-secretase 1 (BACEL) followed by y-secretase
[57]. AD is caused by a combination of both environmental and genetic factors, thus is a complex and
multifactorial disease for which several hypotheses have been postulated, such as, along with amyloid and
tau protein, there are the cholinergic, inflammatory, glutamate excitotoxicity, oxidative stress, metal ion,
microbiota-gut-brain axis, and abnormal autophagy [61]. The neurodegeneration characterized by neuronal
loss is accompanied by the neuroinflammatory process, oxidative stress, and several cellular abnormalities
[62]. Regarding neuroinflammation, both microglia and astrocytes are activated in AD. In the early stages,
this activation is beneficial, as these glial cells help clear amyloid-beta (AB) deposits. However, as the
disease progresses, chronically activated microglia begin to exert detrimental effects, contributing to
neurodegeneration in surrounding brain regions [63]. Astrocyte reactivity also intensifies with increasing
AB accumulation and tends to co-localize with amyloid plaques. In contrast, astrocytes located away from
plaques are often atrophic, leading to reduced support for neurons and synaptic connections. This loss of
support is associated with early cognitive impairment [64].

Parkinson's disease. PD is a progressive disorder of the central nervous system that affects mobility.
The motor symptoms of PD are due to the degeneration of the dopaminergic neurons in the nigrostriatal
pathway, which in turn resulted in depletion of dopamine production [65]. The direct and indirect pathways
of the basal ganglia are essential for motor control, both originating in the striatum and modulated by
dopaminergic input. These pathways exert opposing effects on thalamic activity: the direct pathway
facilitates movement by disinhibiting thalamic neurons, while the indirect pathway suppresses movement
through increased inhibition. In Parkinson's disease (PD), the degeneration of dopaminergic neurons in
the substantia nigra pars compacta disrupts this balance—Ileading to underactivity of the direct pathway
and overactivity of the indirect pathway. This imbalance contributes to hallmark motor symptoms such
as bradykinesia, rigidity, and tremor [66,67]. Lewy Bodies are intracellular inclusions that represents one
of the hallmarks of PD and are composed mainly by a-synuclein (a-Syn) aggregates, which accumulation
contributes to the decrease of dopamine biosynthesis by inhibition of tyrosine hydroxylase [68—71].
Other neurodegenerative disease. Other neurodegenerative diseases involving ARs discussed in this
review are ALS and HD.

ALS is characterized by progressive loss and injury of motor neurons that leads to muscle weakness,
followed by paralysis, and fatal respiratory failure. The main pathogenic factors of this disorder are
represented by mutations in genes of Trans activation response DNA binding protein 43 (TDP-43),
superoxide dismutase 1 (SOD1), Chromosome 9 Open Reading Frame 72 (C90rf72) protein, and Fused in
Sarcoma (FUS, also called translocated in liposarcoma, TLP) protein [72]. These mutated proteins, and
in particular TDP-43, are found in the aggregates typic of ALS [73]. Normally, TDP-43 is in the nucleus
where it binds both DNA and RNA, regulating mRNA at different stages [74,75]. In ALS, TDP-43
mislocalizes from the nucleus to cytoplasm, leading to a deep deregulation of mRNAs in the cell. The
trigger point that determines the degeneration of motor neurons is the aggregation of this anomalous
protein in the cytoplasm within and outside stress granulates (SGs), contributing to produce oxidative
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stress and neuronal toxicity [76—79]. In ALS, neuroinflammation involves both microglia and astrocytes,
which acquire neurotoxic phenotypes that promote motor neuron death. Microglial activation has been
observed early in disease progression, with elevated cytokines such as monocyte chemoattractant protein-
1 (MCP-1) and IL-6 in the CNS and periphery. Astrocytic glutamate dysregulation and impaired support
to neurons further exacerbate excitotoxicity [80].

Finally, HD is a hereditary condition marked by neuropsychiatric symptoms, a movement disorder—most
commonly chorea—and progressive cognitive decline.[81] characterized by progressive striatal
neurodegeneration. The mutation responsible for this disease is an abnormally expanded and unstable CAG
repeat within the gene encoding huntingtin protein [82]. This is ubiquitously expressed but high levels are
present in the brain. Mutated huntingtin forms toxic mutant huntingtin oligomers. GABAergic medium
spiny neurons of the striatum are the most vulnerable cells in HD [81].

In the following pages, the single AR subtypes are discussed separately, trying to summarize the main
discoveries in terms of both general neuroinflammation and specific neurodegenerative diseases. In addition,
at the beginning of every chapter, a list of the most common and significant ligands, both agonists and
antagonists, used as tools for that specific receptor, is given with the affinity data for all the receptors,
when present, and, if available, also the data on the rat or mouse receptor, due to the usual employment
of these species as animal models. The aim is to acknowledge the effective selectivity of the tools used,
which can help to interpret data obtained from an experiment and a guide to choose the correct tool for
future experiments.

A1 AR

Being the first AR to be identified, most of the ligands for this receptor were discovered in the last century.
The most representative agonists and antagonists used as pharmacological tools for A1 AR are reported
in Figure 3, but it is important to highlight that also several allosteric modulators have been reported for
this AR subtype [77-80].

Role in neuroinflammation

A1 AR is widely expressed in the brain and particularly in neurons and microglia [83,84]. Even if microglia
activation can be considered the initial trigger of neuroinflammation[85], activation of A1 AR in these cells
was found to both promote and counteract inflammation [86—89]. Diseased A1 AR knockout (KO) mice
(e.g. by traumatic brain injury, TBI, [90] or glioblastoma [91]) showed an increased activity of microglia
and neuroinflammation, suggesting an anti-inflammatory role for the A1 AR (Figure 4). Chronic caffeine
intake, which cause A1 AR upregulation, alleviates inflammation in a model of multiple sclerosis (MS)
[88]. A1 AR agonists were found to inhibit the morphological activation of microglia, probably blocking
calcium influx triggered by ATP treatment [92].

Astrocytes express all ARs on their membrane but A1 ARs reveal the highest binding ability to adenosine,
which leads to a decrease in production of IL-12, IL-23 and chemokines, generating an immunosuppressive
effect, useful in conditions like autoimmune encephalomyelitis (Figure 4) [93]. On the contrary, recently,
Guo et al. demonstrated that A; ARs in astrocytes, and not in pericytes, microglia or oligodendrocyte
precursors cells, trigger the early stage of inflammatory response of microglia in a model of LPS-induced
sepsis-associated encephalopathy (SAE) [94]. Another crucial point highlighted by this work is that
peripheral adenosine could pass the BBB directly enhancing its central extracellular levels [95].
Noteworthy, adenosine, via A1 AR, and glutamate signaling are strictly connected, partly explaining the
adenosine-mediated neuroprotective effect [5]. In fact, presynaptic A1 AR decreases glutamate release in
synapses, while post-synaptic A1 AR activation limits N-methyl-D-aspartate (NMDA) receptor activation
and calcium current influx inward flux, suppressing excitatory action potentials (Figure 4) [86,96]. Under
hypoxic conditions, this response is thought to serve as a compensatory strategy to safeguard neurons, by
balancing the oxygen supply and its consumption [97]. In seizures, conditions characterized by neuronal
hyperexcitability, A1 AR was found neuroprotective [85]. Regarding the time course of its neuroprotective
effect, adenosine has been shown to inhibit excitatory synaptic transmission in the hippocampus, probably
via A1 AR, both during ischemia and for a significant period afterward [4].
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Figure 3. Structures of the most representative A; AR ligands. All the reported values are Ki.
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Figure 4. General neuroprotective effect mediated by A1 AR activation. Receptor activation has an
anti-inflammatory effect on both microglia and astrocytes, that along with its ability to reduce
glutamate (Glu) release at presynaptic level in neurons and to reduce postsynaptic NMDA receptor
activation, confers global neuroprotection.

The relation between adenosine and neuroinflammation has been investigated also in depression, a
psychiatric disorder. Adenosine has been found to behave antidepressant effects, especially towards Asa
AR, discussed afterwards, but also by A1 AR activation by astrocyte-derived adenosine [98-100].

As reported in the introductory part, A1 AR is expressed in heart tissue, where the use of agonists can
cause bradycardia, atrioventricular block or hemodynamic effects. Possible strategies to avoid this include
using partial agonists, positive allosteric modulators or biased agonists instead of full agonists [101,102].

Role in neurodegenerative disorders

There are several theories regarding the mechanisms of neurodegeneration. One of these is the glutamate
hypothesis, which postulates that neurodegeneration is driven by excitotoxicity resulting from excessive
glutamate signaling. Excessive recruitment of NMDA receptors, which is associated with spreading
depolarization, leads to dysregulated calcium influx, ultimately causing neuronal damage [103]. As reported
before, adenosine, mainly through A; AR, decreases this excitatory transmission [96,104], and several
studies reported a related decrease in the neurodegenerative process both in in vitro and in vivo models
[105-110]. In fact, as already highlighted, adenosine, also mainly through A; AR affects metabolism activity
not only at neurons but also at astrocytes and microglia [111-116]. These findings contrast with the
documented neuroprotective effect attributed to the AR antagonist caffeine when consumed in a chronic
but moderate way [117], even if it has been related to an A1 AR upregulation [118].

The principal drawback in using full A; AR agonists to treat neurodegenerative diseases is the on-target
side effects on heart[102],. In addition, A1 AR agonism has been reported to be protective in several non-
central tissues, suggesting a general protective mechanism that is not solely related to its role as a
neuromodulator [119]. Another important aspect to consider when evaluating A1 AR as a target in
neurodegenerative diseases is that neuroprotection has only been observed when receptor activation occurs
shortly before or simultaneously with the noxious stimulus. During such events, elevated levels of
extracellular adenosine led to A1 AR desensitization, resulting in a loss of neuroprotective effects and, in
some cases, even worsening brain damage after prolonged exposure to adenosine [120-123]. This
observation aligns with recent studies on AR KO mice, which suggest that A1 AR plays a role primarily in
the early stages of neuronal damage [110]. This supports the idea that A; AR activation may have a more
prophylactic than therapeutic effect. Additionally, adenosine released at the site of injury can diffuse to
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nearby regions, providing localized protection—a phenomenon known as brain preconditioning [124,125].
Therefore, A1 AR agonism may be beneficial in cases of acute, repetitive, and short-term brain insults.
However, in the context of chronic neurodegenerative processes, dysfunctional astrocytes lose their ability
to mediate preconditioning, contributing to the spread of neurodegeneration [126].

Alzheimer's Disease. It is important to note that the role of ARs in Alzheimer's disease is under-
investigated compared to Parkinson's disease and has been studied primarily in in vitro and in vivo models.
However, post-mortem brain samples from AD patients showed a decreased expression of A; ARs in
dentate gyrus, CAL and CA3 regions of the hippocampus, which was attributed to neuronal loss in these
brain regions, the most involved in learning and memory [127-130], even if a reduction of A; ARs in CAl
region of hippocampus has been observed also in other disorders with dementia [131]. Instead, Angulo et
al. found a non-significative difference in mMRNA levels of A1 AR in the hippocampus of AD patients respect
to healthy subjects, but they found an increase in protein levels in degenerating neurons with NFT and in
dystrophic neurites of senile plaques [132]. Concerning senile plaques, in human neuroblastoma cells, A1
AR activation increased the production of a soluble secreted form of APP, supporting the use of agonists
for the treatment of AD [132-134]. Another more recent study reported that A; AR, along with Asa AR,
showed increased expression in the frontal cortex in AD [135].

Parkinson's Disease. A1 AR is highly expressed in substantia nigra (SN), and its gene is in a locus
strongly related to PD [136]. Mutation or disfunction of A; AR are related to a worse scenario of the
disease, inhibiting dopaminergic signaling [136-138]. In fact, A1 AR co-localize with the dopamine D1
receptors on the GABA/dynorphin output neurons where they can influence each other’s function at either
the receptor or intracellular signaling cascade level.[139] A1 AR/D1 R can form functional heteromers,
where A; AR antagonistically and specifically modulate the binding and functional characteristics of
dopamine D1 receptors.[139-142] Instead, Aoa ARs are mostly highly expressed in intermediate spiny
neurons of the striatum in close association with dopamine D2 receptors (indirect pathway) and, again,
specific negative interactions have been described.[140,143,144]

As already said, chronic A1 AR stimulation may aggravate neuroinflammation and, in PD, has been also
observed to induce synucleinopathy in some rodent models [145,146]. The mechanism seems to reside in
the binding of the A1 AR to the N-terminus of a-syn promoting its misfolding [138,146], this suggests
that not only A2a AR is involved in this pathology and that further studies are needed to understand the
exact role of this receptor in the disease.

Aon AR

Aoa AR has been extensively studied, and a huge number of selective agonists and antagonists are available.
A considerable number of them reached or are still in clinical trials, in particular for the treatment of
Parkinson’s disease and cancer. Among agonists: regadenoson is an Aza AR agonist approved for
myocardial perfusion imaging, while istradefylline, is an approved antagonists as adjuvant in classical
dopaminergic PD therapy. Representative ligands are reported in Figure 5 [84,147,148].
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Figure 5. Structures of the most representative A2a AR ligands. All the reported values are Ki.

Role in neuroinflammation

In general, adenosine receptors, especially towards Aza AR, are involved in inflammasome activation; in
fact, increase of cAMP levels is followed by PKA activation that leads to anan augmented potassium
efflux that leads to activation of protein kinase A (PKA) and which triggers caspase-1 activation
[149,150]. Moreover, elevated adenosine levels in the extracellular space have been associated not only
with increased caspase-1 activity but also with enhanced IL-1B production (Figure 6) [149,151]. As for A;
AR, also A2a AR regulates both microglia and astrocytes during neuroinflammatory events, and, again,
showing both pro- and anti-inflammatory effects [85,152]. In particular, Pedata et al. reviewed the role of
Aoa ARs in brain ischemia suggesting that antagonists for these receptors are protective during acute
injury, by alleviating hyper-excitotoxicity at a central level, while agonists allow prolonged protection by
regulating leukocyte infiltration also after days from the ischemic event [153]. A sustained anti-
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inflammatory behaviour of A2a AR agonists was also observed after blunt spinal trauma, resulting in a
reduction of long-term neurologic injury [154].

As reported earlier in this review, adenosine, via A2a AR, mediated vasodilation, in fact, the agonist
Regadenoson is clinically used in imaging with this purpose. Thus, the use of A2a AR agonists for their
anti-inflammatory (or others) effect is accompanied by vasodilation and a decrease in blood pressure, that
should be taken in consideration for drug development purposes. The role of cardiac A2a AR has been
quite recently reviewed[155,156].

In particular, A>a AR was found to have a role in hyperexcitability and excitotoxicity (i.e. by increasing
glutamate release) in the CNS, not only in striatum, but also in hippocampus and cortex (Figure 6) [157—
159]. The other big role of A>a AR upregulation is that of control microglial activity (Figure 6) by 1)
promoting their proliferation; 2) mediating microglial process retraction, an important marker of
neuroinflammation [159-162]. At physiological conditions A2a AR is not highly expressed on microglia,
but its expression increases as a result of brain insults leading to the activation of signaling pathways
different to those active at the physiological state [163]. Process retraction conveys in a modification of
microglia cells from a ramified to an amoeboid shape, and specifically Aoa AR mediates activation to the
so-called M1 phenotype, which is characterized by overexpression of inflammatory enzymes and release of
pro-inflammatory mediators [160,164,165]. A2a AR antagonists seems to be beneficial in animal models of
perinatal brain injury and of Parkinson's disease [162,166]. A similar behavior has been observed in anxiety
disorders, which are also characterized by altered microglia. These disorders can be caused by prenatal
exposure to glucocorticoids, and perinatal treatment with A2a AR antagonists was able to ameliorate the
inflammatory state and the anxiety behavior [151,167].

Even if the principal effects of Apa AR activation are observed in microglia, there are some studies also on
astrocytes. This receptor regulates the uptake of both GABA and glutamate, thus fine-tuning the inhibitory
and excitatory modulation at synapses [168,169]. A2a AR antagonists were able to inhibit astrogliosis both
in vitro and in vivo, contributing to understanding the mechanism of Aoa AR blockade-mediated
neuroprotection (Figure 6) [170,171]. Due to the Aza AR upregulation observed in AD, Axa AR
overexpression in primary cortical astrocytes has been studied revealing alterations in the astrocytic
transcriptome with an important effect on genes relevant for cell-activation, immune response and also
angiogenesis [172]. Various studies concur in attributing a significant role to astrocytic Aoa AR in
regulating synaptic plasticity and memory, thereby opening new avenues for therapeutic interventions
targeting this receptor (see discussion below) [168,173,174]. It should be noted that opposite results were
instead reported by Yuan et al. in mice with CCH-induced white matter lesions, in which authors observed
an anti-inflammatory effect by Aoa AR activation, that involves STAT3/YKL-40 inhibition on astrocytes
[175]. In a model of oxygen glucose deprived (OGD) hippocampal slices Aza AR are protective by delaying
astrocyte activation along with the appearance of anoxic depolarization [176]. This is in line with the well-
known role of A2a ARs in cancer, which is involved in the tumor immune escape [177].

Finally, as anticipated, antidepressant effect of adenosine is mainly attributed to its action through the
Aoa AR [98-100], even if also Aoa AR KO or the use of antagonists, including caffeine, demonstrated
antidepressant-like effects in in vivo tests specific to predict antidepressant activity [178—180]. This effect
is principally due to the counterbalance given by A>a AR to the reduction of dopamine, via Asa AR-D2 R
heteromer regulation [178].
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Figure 6. General proinflammatory and excitotoxic effect mediated by A»>a AR activation. Receptor
activation had a pro-inflammatory effect on both microglia and astrocytes. In addition, A2a AR, via
cAMP, that after activated PKA which, by augmenting potassium efflux leads to caspase-1
activation, resulting in the increase of the proinflammatory cytokine IL1(3. At neurons, presynaptic
Asa AR activation increases glutamate (Glu) release participating to the excitotoxic effect.

Role in neurodegenerative disorders

A2a ARs, due to their ability to bind SAP102 (synapse-associated protein 102), are mainly located in
glutamatergic synapses[181], where they activate neurons in the hippocampus. Specifically, A2a AR
activation increases the entry of calcium through voltage-sensitive calcium channels, depolarizes neurons,
enhances the release of glutamate and the activity of NMDA receptors, thus promoting excitotoxicity
[121]. The use of A2a AR antagonists arose as an efficient therapeutic strategy in various models of
neurodegenerative disorders [182]. Then, the role of A>a ARs already discussed on glia cells supported this
receptor as a valuable target in neurodegeneration [183]. In addition, a correlation between Aoa AR
expression in brain with those in platelets indicated the receptor as a possible marker of AD [184].

The use of Aoa AR antagonists for neurodegenerative diseases could lead to side effects related to the
other phenomena mediated by receptors. In particular, an antagonist could potentially give
vasoconstriction, inflammation or sleep disturbance. Noteworthy, the FDA approved Istradefylline does
not exhibit these side-effects. Reasonably, the use of Axa AR antagonists should be safe. Some other side
effects that resulted in failed clinical trials for other compounds (i.e. Tozadenant for agranulocytosis) were
not clearly proved to be on-target side effects [185].

Alzheimer’s Disease. In post-mortem brains of AD patients both A1 and Axa AR levels were increased
in the frontal cortex [134,186]. In healthy subjects, Aoa AR is mainly present in striatal neurons, while in
post-mortem AD samples, it has been primarily found in glial cells, not only in cortex, but also in
hippocampus [132,187]. Thus, combining these data, along with that already reported concerning the A
AR, it can be pointed out that expression and distribution of ARs in AD are region and cell specific. In
particular, Aoa AR in AD is highly expressed in astrocytes, where it regulates Nat/K+-ATPase, responsible
to sustain several processes occurring at the membrane level, like regulation of glutamate transporter 1
(GLT-1), that controls glutamate uptake [188]. A2a AR genetic removal in astrocytes enhances memory
performance of aged mice [189]. Besides the general neuroprotective effect observed with caffeine or the
use of Aoa AR antagonists, caffeine demonstrated beneficial effect also in specific transgenic mouse models
of AD bearing mutant forms of ABPP and/or presenilin-1 (PS1) [190-192], reducing both synapsis loss
and neurotoxicity in hippocampus of rat models [193]. All these findings indicated a crucial role of A4 AR
in controlling synaptic plasticity and memory, thus suggesting that antagonists are useful to prevent
synaptic dysfunction and cognitive deficits like memory loss [194-196]. Temido-Ferreira et al. found that
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overexpression of Axa AR in rats is sufficient to impair LTD-to-LTP transition in neurons, a hallmark of
memory impairment [197].

Recent studies provide compelling evidence that neuronal Aoa ARs dysfunction, as seen in the brain of
patients, contributes to amyloid-related pathogenesis and underscores the potential of Aoa AR as a relevant
therapeutic target for mitigating cognitive impairments in this neurodegenerative disorder [198]. In
addition, very recently has been highlighted the impact of astrocytic A2a AR upregulation, as seen in
various neurological conditions, on the development of a detrimental multicellular response associated with
memory alterations and provides an additional proof-of-concept for the value of targeting this receptor in
different neurodegenerative conditions [199].

Parkinson's Disease. Aza ARs play a crucial role in the pathophysiology of PD due to their interaction
with the dopaminergic system in extrapyramidal regions. Specifically, Aza AR antagonists are
therapeutically beneficial by reducing the inhibitory output of the basal ganglia's indirect pathway, thereby
helping to restore motor function [134,200,201]. In fact, at the cell bodies of medium spiny neurons in the
striatum, A2a AR and D2 Rs are co-localized and interact antagonistically. This existence of A2a-D2
heteromeric complexes has been demonstrated on co-immunoprecipitation studies and on fluorescence
resonance energy transfer and bioluminescence resonance energy transfer analyses. It has now become
possible to show that Aoa and D> receptors also co-immunoprecipitate in striatal tissue, giving evidence
for the existence of Aza-D2 heteromeric receptor complexes also in rat striatal tissue [202].

Thus, blockade of Axa AR enforces the effect of the diminished D2R-induced stimulation by pathologically
low dopaminergic innervation from the damaged substantia nigra pars compacta. Reported effects of
blocking A2a AR in PD are improvement of motor function, attenuation of dyskinesia, reduction of a-
synuclein aggregation and, alleviation of non-motor symptoms like depression and cognitive disfunction
[203-208]. In addition, as already mentioned in the neuroinflammation section, there is a high level of
activation of microglia in the midbrain/substantia nigra in PD, and A>a AR antagonists are found to
return microglia in their resting state, decreasing neuroinflammatory response [209,210]. It is important
to note that Aza AR antagonists are effective in PD, but as an adjuvant therapy to complement dopamine
D2 R agonists treatment [211]. Several A2a AR antagonists are in human trials for Parkinson’s disease
based on their motor enhancement feature in various animal models, nevertheless only a compound named
Istradefylline (1,3-diethyl-8-(3-methoxystyryl)-7-methilxanthine, has been approved in Japan and USA for
treatment of basal ganglia disorders such as Parkinson’s disease, in association with L-DOPA [204,212].
Several studies on xanthine-based A>a AR antagonists for the treatment of PD have been reported so far,
Petzer at al. investigated if some of these compounds, including Istradefylline, were active also on
monoamine oxidase B (MAO-B). MAO-B is the major enzyme responsible for the dopamine catabolism
in CNS, thus, its inhibition is another useful strategy in PD therapy. The results showed that most
compounds inhibited MAO-B in the micromolar range, compared to their nanomolar affinity for the Aoa
AR. This suggests that both in vitro and in vivo findings should be interpreted with caution, as the
observed effects may result from multiple mechanisms of action. Results demonstrated that most of them
inhibited MAO-B in the micromolar range (respect to nM affinity at the A>a AR), revealing that results
obtained in vitro or in vivo should be cautiously interpreted because they can be ascribed to a multiple
mechanism of action. It is important to note that several Aa/MAO-B dual targeting ligands were
rationally designed in the last decades [213-216].

Huntigton's Disease. In HD, A2a AR is highly expressed in the vulnerable GABAergic enkephalin neurons
of the basal ganglia, but not in other neurons that equally express mutant and normal huntingtin
suggesting an involvement of Aa ARs in HD [217]. Experimental models of HD revealed alterations in
signaling of Aoa AR as also in their expression, last has been observed not only in neurons but also in
peripheral blood cells. This higher expression has been related more from an altered receptor turnover than
from an increased transcription, as Aoa AR mRNA levels remain unchanged [218,219]. In a mouse model
of HD, a specific altered Aoa AR phenotype has been found in the early stages of disease [219]. Instead,
in later stages, a significant decrease in Aoa AR transcription has been observed. However, conflicting data
about the potential neuroprotective and neurodegenerative effects of these receptors in the brain have
been reported, with beneficial effects shown by both A>a AR agonists and antagonists [217,220].
Amyotrophic Lateral Sclerosis. Axa AR antagonists have been reported to reduce motoneuron death in
ALS [221-223]. The purposed mechanism is that motoneurons vulnerability to excitotoxicity is due to
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tyrosine receptor kinase B (TrkB) activation by brain-derived neurotrophic factor (BDNF), and Aoa AR
transactivates TrkB. This transactivation occurs even in absence of the ligand BDNF, it is BDNF-
independent [221,222]. On the contrary, another research group advanced an opposite theory, based on
the fact that neurotrophins are potent survival factors for developing and injured neurons, and that
neurotrophins were not useful for therapy due to administration and side effect issues. Thus, they suggest
using transactivation, like that mediated by A2a AR for TrKB, to trigger a neuroprotective effect [188]. In
fact, in their work A2a ARagonists were able to delay disease onset in mice [188]. Authors also reported
the inability of BDNF to protect motoneurons, and attributed this to the overactivation of a truncated
form of the TrkB receptor rather than the full-length form transactivated by Aoa AR agonists [224,225].
In SOD1(G93A) mice, the classical animal model of ALS which bears a mutation in superoxide dismutase
1 (SOD1) gene, the effect of Aoa AR agonists has been investigated both in the pre-symptomatic and
symptomatic stage of the disease (e.g. 4 =6 weeks and 12-14 weeks old, respectively). Results indicated
a beneficial involvement of Aza AR only in pre-symptomatic individuals, which is in line with the previous
evidence discussed of the Aza agonist-delaying effect on the onset of ALS [226]. Symptomatic stage has
been related also with an impairment of long-term potentiation (LTP), suggesting that the decreased
synaptic plasticity can involve the Aoa AR over-activation of the early disease stages [227]. In another ALS
mouse model which expressed human TDP-43, Aoa AR activation rescued TDP-43 cytoplasm
mislocalization, which has been proved to be counteracted by activation of the co-localized D2R in motor
neurons of ALS patients [228,229].

Regarding disease progression, in experiments where pharmacological inhibition and partial genetic
ablation of A»a ARs were performed in SOD1(G93A) mice, a significant delay in disease progression was
observed. A study by Armida et al. aimed to clarify existing uncertainties by administering an A2a receptor
agonist or antagonist to mice starting from the presymptomatic stage. Unfortunately, in neither case was
there an improvement in motor skill deterioration or survival in SOD1(G93A) mice [230].

Conversely, in the same animal model treated with a daily intake of caffeine for 70 days, mice experienced
a significantly shortened survival [231].

In a study performed on 377 newly diagnosed ALS patients, compared to 754 controls, caffeine was found
to reduce ALS risk, while in another study on a larger cohort of patients, this association has not been
demonstrated [232,233]. A recent study aimed to investigate the effect of caffeine consumption on ALS
patients failed to found a correlation with disease progression and survival, but higher caffeine consumption
was found to improve significantly the cognitive performance in a specific cohort of patients, that carry
the minor allele T of rs2472297 and are considered as fast metabolizers [234]. [219] Thus, high discrepancy
on the role of Aoa AR in ALS is present, due to the complex role of the purinergic signaling in a
multifactorial and multisystemic disease like ALS [134]. Vincenzi et al. showed an up-regulation of Aoa
AR in lymphocytes from blood samples of ALS patients, demonstrating a positive correlation between
receptor density and the scores of the Revised Amyotrophic Lateral Sclerosis Functional Rating Scale
(ALSFRS-R) that suggest again a possible protective effect of this receptor subtype [235].

Others. As reviewed by Cunha R. A., Aca AR antagonists have been proposed also for other
neurodegenerative disorders like diabetic neuropathy, ataxia-related Machado-Joseph disease, experimental
autoimmune encephalomyelitis, and subarachnoid hemorrhage [121].

Pharmacological studies, by Chen et al, indicate that Aoa ARs play a prominent role in the development
of ischemic injury within brain and demonstrate the potential for anatomical and functional
neuroprotection against stroke by Aoa receptor antagonists [236].

Acg AR

Asg AR, which is activated only at high concentrations of adenosine, has been a challenging target for the
development of selective ligands. In fact, only in recent decades have effective pharmacological tools
become available. To date, no potent and selective Aog AR agonists are accessible. BAY60-6583, which
was initially defined as an agonist, has since been shown to behave as a partial agonist [237]. Instead,
initially several xanthines have been reported as selective antagonists (i.e. PSB603 and the xanthine-like
BAY-545), but as already said, recently, new structures have been developed (i.e. OSIP339391 and
LAS38096) [17,84,238,239]. Representative structures of ligands towards Asg AR are displayed in Figure
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7. Etrumadenant is a dual A2a AR/A2s AR antagonist currently in clinical trials for cancer [240,241], but
is reported here as an example of a dual-targeting ligand that, due to the complex regulation in the CNS
by different AR subtypes, could be an effective strategy for the treatment of neurodegenerative diseases.
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Figure 7. Structures of the most representative Aog AR ligands. All values reported are Kis, unless
stated otherwise.

Role in neuroinflammation

A2p AR are widely distributed throughout the brain [242]. In primary murine microglia, through p38 MAPK
kinase pathway, the A2g AR has been found to promote production of both anti-inflammatory cytokine
IL-10 [243], and pro-inflammatory IL-6, along with stimulation of microglia proliferation [244,245].
Downregulation of A2z AR in inflamed brain is reported [246].

Acg AR has been reported among the most highly expressed G protein-coupled receptors in astrocytes
[247], and it was found to mediate their neuronal activity-dependent metabolic activation and a consequent
involvement in sleep and memory. Some neurological diseases are characterized by an excess in excitatory
synapses and Ag AR reduces their number in postnatal development by decrease of metabotropic
glutamate receptor 5 (mGlub) expression in astrocytes [248]. On the other hand, A2s AR antagonists were
found protective in hippocampus subjected to severe hypoxic/ischemic conditions, but they were not able
to counteract glutamate-induced injury, thus revealing a mechanism of action upstream to glutamate
release [249]. Coppi et al. reviewed the role of Aog AR in brain ischemia and subsequent demyelination
injury. It is located on any cell type of the brain and on vascular and blood cells participating in both
salvage and damaging of the tissue, including protracted demyelination [250]. These findings point out
Asg AR as a possible target in neurodegenerative and neurological diseases. Its low affinity for adenosine
makes it particularly intriguing, as it becomes activated only under pathological conditions characterized
by elevated extracellular adenosine levels—offering a degree of selectivity in targeting disease states [251].
Thus, they all represent important targets for drugs having different therapeutic time-windows after stroke.

220



UNPUBLISHED WORKS

The final protective outcome for an agonist versus antagonist compound depends on the time of
administration and district of activation of the receptor targeted by the drug.

Recently, because literature points out that selective antagonism at both A2a AR and Azg AR delays the
anoxic depolarization induced by a severe OGD insult in the hippocampus, Venturini et al. investigated a
dual Aza/A2s AR antagonist, P626, which showed to be effectively neuroprotective [252]. Later, Dettori
et al., used another dual antagonist, MRS3997, on a different model, the rat model of transient middle
cerebral artery occlusion (tMCAo), obtaining a reduction in brain ischemic damage and neuroinflammation
acting at both astrocytes and microglia, thus combining the neuroprotective effect of both A>a ARs and
Aog ARs [253].

Role in neurodegenerative disorders

There are few articles concerning the role of Aog AR and A3 AR in neurodegenerative disease. Concerning
Azg AR, in mice treated with AR to infer a cognitive deficit, A2g AR has been found to be downregulated
along with impairment of mitochondrial activity that the same authors reported to be rescued by treatment
with an A2g AR agonist. Noteworthy, the agonist used is NECA, that is a well-known pan-agonist for ARs
[254,255]. One interesting involvement of Aog AR in neurodegenerative diseases comes from the leaky gut,
one of the syndromes related to AD, but also PD [256]. Recently, Ishioh et al. shown that intestinal
permeability is regulated through basal forebrain cholinergic neurons (BFCN) mediated by Az AR and
the vagal pathway [257-259]. The same group further investigated the signaling pathway finding a key
role for brain Hj receptor signaling [260]. These findings pave the way to new targets to be considered in
neurodegenerative diseases, especially for AD.

Az AR

The most representative pharmacological tools for the A3 AR subtype are reported in Figure 8 [84,261,262].
Up to now, no Az AR ligand has reached the market, but agonists IB-MECA and CI-IB-MECA are under
clinical investigations for cancer and autoimmune diseases [147]. The major challenge in investigating the
A3z AR lies in the significant interspecies differences between the receptor in standard animal models, such
as rats and mice, and in humans. Jacobson addressed this issue by developing MRS5698, a compound
that is equipotent at both the mouse and human A3 AR [263]. This makes it a valuable tool for studying
the role of Az AR at the preclinical level [264]. Concerning A3z AR antagonists, a huge number of potent
and selective compounds have been developed [265], exploring a quite wide chemical space: MRS1523,
VUF5574 and MRE3008-F20 represented those frequently used as pharmacological tools for this receptor,
with MRS1523 displaying affinity also against mouse and rat A3 AR, while the other two are completely
inactive towards rodent receptors [266].
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Figure 8. Structures of the most representative A3 AR ligands.

Role in neuroinflammation

With respect to A1 AR and Aca AR, there are few studies concerning Az AR involvement in
neuroinflammation. Although most studies attribute microglial process retraction to Aza AR activation
[162], also A3 AR was reported as mediator of this process [267]. In contrast, Choi et al. showed that A3
AR can reduce inflammatory cell migration, including that of microglia, during brain ischemic injury [268].
Furthermore, one of the mechanisms underlying A3 AR-mediated attenuation of neuropathic pain involves
inhibition of excessive microglial activation in the spinal cord dorsal horn [269,270]. A recent transcriptomic
study investigated the effects of Az AR agonists on gene regulation in activated microglia. Although the
authors identified several genes whose expression was altered by Az AR agonists, only a few showed
statistically significant changes. Moreover, it remains difficult to attribute these changes to the receptor’s
ability to mediate a transition between distinct microglial phenotypes. Therefore, further experiments are
necessary to clarify these findings [271]. Repeated episodes of hypoxia on A3 AR KO mice led to a major
vulnerability of hippocampal pyramidal neurons respect to A3 AR*/* mice, resulting in a decline in
cognitive function [272]. Pugliese et al. investigated the role of A3z AR in rat hippocampal slices under
severe ischemic conditions. Treatment with antagonists or with an agonist, but for a long time that allows
receptor-desensitization, led to a neuroprotective effect[273,274]. The group of Salvemini D. provides
support for the beneficial effects of A3 AR agonists to mitigate secondary tissue injury and cognitive
impairment following TBI [275].

The A2a AR and Az AR interact to form heteromeric complexes which expression is higher in neurons from
the striatum than from the cortex or hippocampus and it is similar in activated or resting microglia, but
it has been found up-regulated in an AD model. Between them there is a negative functional cross-talk,

222



UNPUBLISHED WORKS

thus Aoa AR antagonists make Az AR responsive to endogenous adenosine reinforcing the therapeutic
interest of A2a AR antagonists to fight AD [278].

Role in neurodegenerative disorders

A specific role of A3 AR in AD has been ascribed in relation to the generation of intracellular AB. The
mechanism involves the cell internalization of the precursor ABPP, with caffeine able to decrease ABPP
internalization and, consequently, lowering intracellular levels of AB. The effect of caffeine has been
replicated using a selective A3 AR antagonist, and not by Ai, Axa or Aog ARs antagonists, suggesting that
it is A3 AR the subtype involved [279].

Conclusions

Adenosine receptors play a complex and not yet fully understood role in neuroinflammatory and
neurodegenerative processes. Among them, A; ARs and Aa ARs are the most prominently involved,
affecting both neuronal and glial cells. The intricate cross-talk between these cell types varies not only
spatially but also temporally, making it challenging to determine whether agonists or antagonists are more
appropriate, and whether a single-target or multitarget approach should be pursued.

An intriguing area for future research is the potential role of biased agonism at these receptors in the
pathophysiology of such diseases. Additionally, we reviewed literature on Asg ARs and A3z ARs, particularly
in the context of neuroinflammation and, to a lesser extent, neurodegeneration. These receptors have been
largely underexplored in these areas. However, with the development of more effective pharmacological
tools, this gap is likely to be addressed in the coming years. This progress may lead to a more
comprehensive understanding of adenosine receptor function in central nervous system disorders and
potentially pave the way for novel therapeutic strategies for currently unmet medical needs.

Abbreviations

The following abbreviations are used in this manuscript:

o-Syn a-Synuclein

AB Amyloid beta

ABPP Amyloid-beta precursor protein

AD Alzheimer's disease

ALS Amyotrophic lateral sclerosis
ALSFRS-R Revised Amyotrophic Lateral Sclerosis Functional Rating Scale
APP Amyloid precursor protein

AR Adenosine receptor

ATP Adenosine triphosphate

AV Atrioventricular

BACE1 B-secretase 1

BBB Blood brain barrier

BDNF Brain-derived neurotrophic factor
BFCN Basal forebrain cholinergic neurons
C9orf72 Chromosome 9 open reading frame 72
CCH Chronic cerebral hypoperfusion

CCL C-C Motif Chemokine Ligand

CLEC7A C-Type Lectin Domain Containing 7A
CNS Central nervous system

COPD Chronic obstructive pulmonary disease
CREB cAMP response element-binding protein
DAMP Danger -associated molecular pattern
DNA Deoxyribonucleic acid

EL Extracellular loop

ERK Extracellular regulated kinase

FDA Food and drug administration

FUS Fused in Sarcoma, also called translocated in liposarcoma protein (TLP)

223



UNPUBLISHED WORKS

GABA Gamma-aminobutyric acid

GLT-1 Glutamate transporter 1

GPCR G protein-coupled receptor

Hi Histamine 1

HD Huntington's disease

IFN Interferon

IL Interleukin

JAK Janus kinase-

JNK C-Jun N-terminal kinase

KO Knock out

L-DOPA Levo-dioxyphenylalanine

LPS Lipopolysaccharide

LTD Long term depression

LTP Long term potentiation

MAPK Mitogen activated protein kinase

MAO-B Monoamine oxidase B

mGLU5 Metabotropic glutamate receptor 5

MPI Myocardial perfusion imaging

MS Multiple sclerosis

NADPH Nicotinamide adenine dinucleotide phosphate
NECA N-ethylcarboxamidoadenosine

NF-«kB Nuclear factor kappa B

NFT Neurofibrillary tangle

NLRP3 NOD-, LRR- and pyrin domain-containing protein 3
NMDA N-methyl-D-aspartate

NO Nitric oxide

OGD Oxygen glucose deprivation

PAMP Pathogen-associated molecular pattern

PD Parkinson's disease

PLC Phospholipase C

PKA Protein kinase A

PKC Protein kinase C

PRR Pattern-recognition receptors

PS1 Presenilin-1

RNA Ribonucleic acid; mRNA (messanger RNA)
ROS Reactive oxygen species

SAE Sepsis associated enecephalopathy
SAP102 Synapse-associated protein 102

Shh Sonic hedgehog

SN Subtantia nigra

SOD1 Superoxide dismutase 1

STAT3 Signal transducer and transcription activator 3
SVT Supraventricular tachycardia

TBI Traumatic brain injury

TDP-43 Trans activation response DNA binding protein 43
TGF-B Transforming growth factor B

TLR Toll-like receptor

tMCAo Transient middle cerebral artery occlusion
TNF Tumor Necrosis Factor

TrKB Tropomyosin receptor kinase B/tyrosine receptor kinase B
tPA Tissue plasminogen activator

USA Unites States of America

VEGF Vascular endothelial growth factor
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6. Conclusions

This thesis addresses the challenge of accelerating drug discovery through the
prediction of ligand binding affinity, with a particular focus on molecular dynamics—
based approaches capable of capturing the dynamic and thermodynamic determinants
of molecular recognition. Binding affinity represents a central driver of drug efficacy
and selectivity, yet its reliable prediction remains nontrivial. Although ligand-based and
structure-based methods are indispensable for early-stage screening, their
predominantly static or empirical nature limits their ability to describe conformational
flexibility, solvent effects, and the dynamic stability of biomolecular complexes. By
integrating  methodological ~ development with  extensive  applications to
pharmaceutically relevant targets, this work demonstrates how advanced molecular
dynamics simulations provide a more physically grounded framework, complementing,
and, in specific contexts, overcoming the limitations of traditional drug design
strategies.

The central contribution of this thesis is the development, validation, and systematic
application of Thermal Titration Molecular Dynamics (TTMD) as a qualitative
strategy for assessing biomolecular complex stability. When positioned with respect to
existing approaches, TTMD occupies an intermediate and distinctive space between
fast but static methods (such as docking and scoring functions) and computationally
demanding quantitative techniques (such as free energy methods). Unlike docking-
based approaches, TTMD explicitly accounts for time-dependent stability, protein and
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ligand flexibility, solvent effects, and the progressive weakening of interactions under
thermal stress. At the same time, it avoids the high computational cost and setup
complexity typically associated with alchemical free energy calculations, making it
particularly attractive as a post-docking refinement or prioritization tool.

Across a broad set of published studies, TTMD demonstrated consistent strengths: it
reliably discriminated high- from low-affinity ligands, identified native-like binding poses
among decoys, and proved robust across targets with diverse folds, binding site
architectures, and ligand chemotypes. Its effectiveness was particularly evident in
challenging scenarios where classical scoring functions are known to perform poorly,
including fragment-based drug discovery, systems dominated by water-mediated
interactions, and flexible or polyanionic targets such as nucleic acids. The extension of
TTMD to RNA-small molecule, RNA-peptide, and DNA-ligand complexes represents a
significant advancement, revealing the generality of stability-based criteria for molecular
recognition beyond conventional protein-small molecule paradigms.

At the same time, the results obtained in this thesis allow a critical assessment of
TTMD's limitations. By design, TTMD provides a qualitative or semi-quantitative
estimate of complex stability rather than an absolute binding free energy. Its outcomes
depend on the quality of the initial binding poses and on the definition of interaction
fingerprints, which requires informed selection and careful interpretation. Moreover,
while TTMD is computationally more efficient than rigorous free energy methods, it
remains more demanding than docking and thus is not intended for ultra-large virtual
screening campaigns. These considerations highlight that TTMD is most effective
when strategically integrated within multistage computational workflows rather than
used as a standalone solution.

In addition to TTMD, this thesis addressed quantitative binding affinity prediction
through Free Energy Perturbation (FEP), with a particular focus on membrane
proteins. The benchmarking study on GPCR targets provides valuable insights into the
practical application of FEP in complex, heterogeneous environments. The analysis
clearly shows that accurate ligand placement and explicit treatment of key water
molecules are decisive factors for predictive reliability, often outweighing the impact of
force field choice. These findings are especially relevant in the context of membrane
proteins, where anisotropic environments, slow conformational dynamics, and buried
solvation sites pose substantial challenges. While TTMD was not directly applied to
GPCRs in this work, the conceptual framework developed here suggests that stability-
based approaches could complement FEP by providing rapid qualitative insights into
pose robustness and mutation or environment-induced destabilization prior to
quantitative refinement.
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Taken together, the results of this thesis demonstrate that TTMD and FEP should be
viewed as complementary rather than competing methodologies. TTMD serves as an
efficient, interpretable tool for stability assessment, pose validation, and ligand
prioritization in early- and mid-stage drug discovery, particularly for difficult targets and
unconventional ligands. FEP, in contrast, provides rigorous quantitative estimates
suitable for late-stage optimization when chemical series are well defined. Their
combined use enables a multiscale and rational strategy for binding affinity prediction,
balancing computational cost, accuracy, and interpretability.

In conclusion, this work provides both methodological advances and practical guidelines
for the use of molecular dynamics in computational drug discovery. By critically
positioning TTMD within the broader landscape of available methods, extending its
applicability to diverse biomolecular systems, and clarifying the strengths and
limitations of dynamic approaches in complex environments such as membrane proteins,
this thesis supports a shift toward more physically grounded, mechanism-aware, and
strategically integrated computational pipelines. Such approaches are expected to play
an increasingly central role in the rational, efficient, and cost-effective design of next-
generation therapeutics.
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