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Abstract

Abstract

RADS51, a recombinase involved in DNA repair, is a promising drug target in
the anticancer strategy known as Synthetic Lethality, a paradigm that leads a cancer
cell to death by inhibiting two pathways simultaneously. RADS51 is found in fibril-like
homo-oligomers; such structure is disassembled by the eight conserved BRC repeats
of BRCA2, which recruit RAD51 monomers. RADS1 is then chaperoned to the
damaged DNA site, where it catalyzes strand exchange during homologous
recombination. The inhibition of the interaction between RADS51 and BRCA2 has
proven to be synthetically lethal in association with PARP inhibition. Many drug
discovery endeavors have been carried out to hinder the interaction between RADS1
and BRCA2, however, the details of such interface remain elusive because of the two
proteins’ high flexibility. To overcome this challenge, we combined experimental data
from Small Angle X-ray Scattering and Crosslinking Mass Spectrometry with
Molecular Dynamics simulations leveraging the Maximum Entropy principle to
reconstruct the RADS51-BRC4 complex’s conformational ensemble. Our results
indicate that such complex assumes both compact and elongated conformations, and
their interchange is guided by long range interaction between polar residues. We then
approached the issue from a wider perspective, considering all eight RADS51-BRC
complexes. We applied both end-point and alchemical perturbation based free energy
estimation methods to identify residues that are possibly responsible for the different
affinity of the BRC repeats for RADS51. Lastly, we tackled the modelling of a RADS1
filament assembly process. Our tool of election, given the availability of the filament’s
structure, was a GO model, which allowed us to simulate the assembly in a coarse-

grained setting, starting from RADS51 monomers.
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1.1 The Role of RADS51 in Homologous Recombination’s Mechanisms

1. Introduction

1.1 The Role of RADS1 in Homologous Recombination’s

Mechanisms

The recombinase RADS1 is among the proteins that have garnered attention by
drug discovery groups over the years because of its implication in DNA repair. More
specifically, RADS]1 is involved in one of the two possible pathways of DNA double-
strand break (DSB), namely homologous recombination (HR), as opposed to non-
homologous end joining (NHEJ), in which there is no RAD51 involvement!. Moreover,
while NHEJ happens during the entirety of the cell cycle, HR is restricted to S and G2
phases; the former is a rapid process which relies on DNA sequence to a lesser extent,
resulting in joints with a lesser degree of homology, while the latter requires extensive
homology between donor DNA and damaged DNA, but its results are virtually
errorless. The two pathways only share their very first step, which entails the loading
of the Ku70-Ku80 heterodimer on both ends of the DSB (Figure 1, step 1); after that

the two processes diverge.

HR’s second step entails the long-range resection of the damaged DNA, which
begins with DNA nicking at the hands of the multifactorial end recognition complex
(constituted by MRE11-RAD50-NBS1 and known as MRN). MREI11 detains both
endonucleasic and 3°-5° exonucleasic activity; resection is supported by the
phosphorylated cofactor CtIP which comes in contact with all three entities of the
complex. First, the endonuclease nicks the DNA strand in proximity to its DSB 5’ end
(Figure 1, step 2); this process is followed by exonucleolytic degradation in the 3°-5’
direction (Figure 1, step 3).

The following step in DNA resection involves either DNA2, a protein with both
nuclease and helicase activity, or the nuclease EXO1. Namely, DNA2 works together
with helicases Bloom (BLM) or Werner (WRN), which unwind DNA by moving in 3’-
5’ direction and providing ssDNA to DNA2 (Figure 1, step 4a). The latter performs
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resection through its nucleasic domain, while through its helicase domain translocates
downstream of BLM/WRN. This process is supported by the Replication Protein A
(RPA) binding to ssDNA. This final resection step involves different cofactors that
support BLM/WRN and DNAZ2 activity, namely CtIP, which in turn interacts with
BRCA1-BARDI1, and MRN. On the other hand, if resection is carried out by EXO1
(Figure 1, step 4b), there are no helicases in play; however, RPA binding and BRCA1-

BARDI interaction promote the process>.
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Figure 1. DNA long range end resection. Adapted from '

It 1s after this step that RADS51 comes into play. The ssDNA filament is
inaccessible to RADS1 thanks to the binding with RPA; because of this, the latter is
displaced from ssDNA by a recombination mediator, namely BRCA2. RADS5]1 is then

allowed to come in contact with ssDNA, effectively forming a nucleoprotein filament
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known as pre-synaptic complex and mediating strand exchange, homology search and
promoting base pairing. After the ssDNA-RADS51 fibril invades a dsSDNA donor strand,
a three-stranded DNA intermediate (synaptic complex or synapsis) is formed; once
enough homology between invading ssDNA and the complementary dsDNA strand is
reached, the other, non-paired strand of the dsDNA is displaced. After RADS51 breaks
contact with DNA, a DNA polymerase synthesizes the missing DNA starting at the 3’

end of the invading strand using the invaded one as template'?.

1.2 RADSI1 in Synthetic Lethality

Synthetic Lethality (SL) is a key concept for understanding RADS51’s growing
relevance as a pharmaceutical target. SL is defined as cell death, usually referring to a
cancer cell specifically, which occurs when two genetic mutations are present
simultaneously; however, both mutations must be present, otherwise one single genetic
alteration is not per se sufficient to cause the lethal event*. The term can also be used
to refer to the inhibition of two different proteins, usually the product of said genes: in
this case, the more accurate term “fully small-molecule-induced SL” can be

employed™S.

One of the most relevant examples of a synthetically lethal gene pairs consists
of BRCA2 and poly(ADP-ribose) polymerase (PARP).” PARP is a family made up of
several proteins, most of which catalyze the transfer of ADP-ribose to a given protein.
More specifically, PARP1 and PARP2 are involved in single strand break (SSB) repair.
However, were PARP to fail in its mechanism, a DSB would arise, and as such, HR
would be the mechanism of choice for repairing DNA. Here is where BRCA2 comes
into play, as a key factor in DSB repair through HR: were BRCA2 to fail too, the cell
would no longer be viable (Figure 2). This is the reason behind the use and
effectiveness of PARP-inhibitors (PARPi) such as olaparib, the first PARPi to be

approved, in patients bearing a disruptive BRCA2 mutation®.

However, not all patients bear the same, if any, BRCA mutations. Because of

this, PARPi alone do not cause cell death in wild type BRCA2 individuals. As PARPi
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hinder the effect of PARP, mimicking a disruptive mutation, the same can be done
hindering BRCA2’s function through modulators of its activity. Here is where RADS51
becomes a pharmaceutical target. In fact, RADS5I1 is itself a biomarker for synthetic
lethality, as low expression of it indicate synthetically lethal effect of PARPi’, while
overexpression of RADSI is linked to resistance to DNA damage and thus longer
tumor survival'®. This is supported by RAD51 being one of the primary partners of
BRCAZ2 during HR. By this logic, were the RADS51-BRCA?2 interaction to be disrupted,
SL would be obtainable. This is the case of three inhibitors of the RAD51-BRCA2
interaction, namely ARN24089'!, CAM833'? and ARN24992'3 which in combination
with PARPi induce SL leveraging the synergic effect of PARP inhibition and RADS51-
BRCAZ2 interaction disruption.

SSB
RERERRRRRR AR AR

DSB

IIIIIIIIIIIIII%‘HIIIIIIIIIIII
BRCAZ2/ BRCA2/ @
RAD51 RAD51

Synthetic Lethality

Repair ﬁ

Figure 2. PARP and BRCA2 constitute a synthetically lethal pair. If PARP’s pathway is
inhibited, HR is responsible for DNA repair. If the BRCA2/RADS]1 interaction is inhibited,

the cell is no longer viable.

1.3 RAD51-BRCAZ2 Interaction

BRCA2 and RADS]1 are essential partners in homologous recombination, yet
their interaction remains poorly understood, primarily because of their intrinsic

disorder, which complicates structural determination.



1.3 RAD51-BRCA2 Interaction

BRCAZ2 is a large, disordered protein, comprised of 3418 residues. During HR,
it interacts with RADS1 through two different domains, with different functions. The
first is a region containing eight repeat sequences with high homology, known as BRC
repeats; they are involved in recruiting RADS51 to the DNA repair site. The second is
BRCAZ2’s C-terminal domain (C-ter), known as TR2, which protects the nucleoprotein

filament from being disassembled.

RADS51 features a degree of intrinsic disorder, too. A smaller protein, compared
to its partner BRCAZ2, it is made up of 339 residues and consists of two parts: the bigger,
stabler, C-ter and the smaller, more flexible N-terminal domain (N-ter). The two are

tethered by a flexible loop region.

C-ter is made up of around 100 residues, while N-ter consists of just over 200.
Although the crystal structure of heptameric RAD51 has been obtained!*, the very
beginning of its sequence, around 20 residues, could not be resolved. This is most
likely due to such domain’s high degree of intrinsic flexibility!®. As a result, the
available crystal structure for RADS51 in its filament form is missing 20 residues from

its N-ter domain.

RADSI arranges in fibril-like homo-oligomers; in the context of DNA repair,
in order to reach the DSB site, RADS5I is recruited by BRCA2'® (Figure 3), which
makes contact with each monomer separately through the eight BRC repeats'”'8. Once
the DSB site is reached, the RADS51 monomers detach from BRCA2 and assemble on
the ssDNA, giving origin to the nucleoprotein filament. At this stage, TR2 is
dephosphorylated, allowing it to stabilize the formation of the synaptic complex,
protecting it from disassembly by the BRC repeats'®!. After the complex has been
formed, the strand exchange has been carried out and the post-synaptic complex has
been disassembled, BRCA2’s TR2 region is phosphorylated and TR2 detaches from
the complex, allowing for RADS51 monomers to be once again recruited and

chaperoned away from the repair site via the eight BRC repeats®.
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Figure 3. RAD51-BRCA? interaction during HR. BRCA2 shown in yellow, BRC repeats in
red, TR2 shown as a pentagon, RADS51 shown in blue.

The interaction between RADS51 and BRCA2 is still poorly understood. Part of
the reason for this is BRCA2’s intrinsic disorder. At present it has not yet been possible
to obtain a full crystal structure of such a protein, which is also hefty in dimension.
Partial crystals of the fourth BRC repeat (BRC4) in complex with monomeric
RAD51% as well as the TR2 domain in complex with the RAD51-DNA nucleoprotein

filament?* are available on the protein data bank.

The available crystal structure for the RAD51-BRC4 complex is one of the few
that detail RAD51-BRCA?2 interaction (PDB code 1NOW??). The different repeats
have different degrees of affinity for RAD51, and BRC4 is the one with the highest
affinity of all. Such structure, however, only features RAD51’s C-ter and BRC4, while

it completely lacks information about N-ter.
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Figure 4. Superposition of RAD51’s apo structure'¥, shown in transparent cyan, and RAD51-
BRC4’s structure?’, with RAD51 C-ter shown in opaque green and BRC4 shown in opaque
orange. Apo RADS51 N-ter would sterically clash with BRC4.

Moreover, by superposing a RAD51 monomer, taken from the deposited
heptamer (PDB code SNWL'%), and the RAD51-BRC4 structure, a strong steric clash
between RADS51 N-ter and BRC4 becomes evident. Indeed, the conformation of N-ter
in RADS1 oligomer form is incompatible with the conformation of BRC4 in the
complex: their respective positions largely overlap (Figure 4). Thus, N-ter needs to
change is conformation to accommodate BRC4. It has been theorized that BRC4
binding strongly alters RADS51 N-ter’s conformation, to the point of triggering a
rearrangement so profound that the domain can be considered intrinsically

disordered".

FXXA LFDE

5 15 20 25 30 35
BRC1 N H S F[G@ S F E'l K/LIS/EHNI[ K MF F KB I EE
BRC2 NJEIVIG F R[G F KLNVITEALQ AV KLFSDBIEN
BRC3 FIETSDTFF NISVAKESFNKIVNFFDQK[PE
BRC4 K TLLGF KVKIAKESLDKVKINL FDIEKEQ
BRC5 1/ENSALAF KITsVSQTSLLEAKKWLREG! F
BRC6 F|E V A F IVCVSHETI KKIVKDIFTDSFS
BRC7 SANTCEG I F SVQVSDASLQNARIQV FS/E!I ED
BRC8 NS S A FS[GF QVs I LEsSSLHEKV VLEEFHB.L

Figure 5. BRC repeats sequence alignment, showing the conserved FXXA and LFDE motifs.
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At the same time, the structure of RAD51-BRC4, albeit incomplete, sheds light
onto some key residues for RAD51-BRC4 interaction. Two motifs were identified and
are relatively conserved in the eight repeats (Figure 5), which allow BRC4 to interact
with RADS51’s C-ter in a bidentate fashion. The more conserved motif FXXA engages
a hydrophobic pocket which is also part of the self-assembly site of RADS51, the repeat
then wraps around C-ter and the less conserved LFDE motif interacts with a second

binding pocket (Figure 6).

Figure 6. Crystal structure of BRC4 (in orange) bound to RADS51 C-ter (in blue). FXXA and
LFDE motifs shown in yellow.

The affinity of the different BRC repeats has been experimentally found to be
bipartite, with BRCI1, -2, -3 and -4 being the ones with the highest affinity for RADS]1,
while BRCS, -6, -7 and -8 show lower affinity for RAD51’s apo form. However,
interestingly, the latter also show higher affinity for RAD51-ssDNA filament?.

1.4 Aim of the Project

The project is articulated in three sections, more specifically one main project

and two side projects. The first area that this work tackles is the interaction between

12
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RADS51 and BRCA2, namely the RADS51-BRC repeats interface. The main project
focuses on the RADS51-BRC4 complex, with the aim of characterizing its
conformational ensemble making use of both computational tools and experimental
data. Although several efforts have been made in towards drug discovery for SL
centered on PARPi and RAD51-BRCA2 inhibition!'"!3, they were only ever focused
on the known BRC4 binding pockets, the FXXA and LFDE binding sites, both located
on RADS51 C-ter. Given the lacking information regarding RADS1 N-ter, any other
interactions involving BRC4 and RADS51 N-ter were difficult to model. This project
stems from the need of a complete picture of the RAD51-BRC4 interaction, and
detailing its conformational ensemble could help foster future drug discovery
endeavors. Namely, we combined Molecular Dynamics (MD) and more specifically
the enhanced sampling methods of Steered MD (sMD) and Metadynamics (MetaD)
with experimental data obtained via Small-Angle X-ray Scattering (SAXS) and
Crosslinking Mass Spectrometry (XL-MS). Tools specifically developed for in-silico
modeling of SAXS data as well as the reweighting procedure following the Maximum
Entropy (MAXENT) principle were employed to integrate experimental data with

computational methods.

The first side project also insists on RAD51-BRCA?2 interaction, but it focuses
on the broader topic of RAD51-BRCs interfaces. Given that the only available
structure for a RAD51-BRC complex is the aforementioned RADS51-BRC4 entry, little
1s known about the other seven repeats. Since experimental data shows that they differ
in their affinity for RADSI, to the point of being split in two categories, we aimed at
finding the structural reason behind these differences through computational methods,
e.g. identifying key residues that could account for the gap in affinity. More
specifically, we focused on relative binding free energy calculation using alchemical
transformations to investigate the effect of individual residues on the binding free
energy of each of the eight BRC repeats in complex with RADS51. This could be of
interest for forthcoming drug discovery efforts, since all BRC repeats are thought to

be involved in HR.

13
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The second side project moves away from the RAD51-BRCA?2 interaction and
instead has its interest in RADS51 filament formation and its modeling via
computational means. Since the crystal structure of a RADS1 filament is available, a
G0 model was the method of choice for modelling RADS51 oligomer formation, given
its nature as a structure-based approach for protein aggregation modeling. Although
the RADSI1 filament itself is currently not a pharmacological target, were the dynamics
of its assembly to be computationally modeled, and hopefully in the future also the
dynamics of RADS5I-DNA nucleoprotein filament, they could provide helpful

information for future pharmacological research.

14



2.1 Molecular Dynamics Simulations

2. Theory

2.1 Molecular Dynamics Simulations

MD is a popular technique for exploring a biological system’s conformational
space. Namely, MD mimics the physical evolution of said system, meaning how the
atomic coordinates, the velocities at which its parts move, and the acceleration and

force they are subjected to, change over time.

The starting point for any MD simulation in a set of coordinates and a set of
velocities. Coordinates are stored in structure files that can be obtained experimentally
or in silico; starting velocities for a system at a given temperature are generated via the
Maxwell-Boltzmann distribution. The sampling engine behind MD is solving
Newton’s equation of motion (Equation 1), where F; is the force acting on each atom
i of the system. Here, a timestep df must be chosen: it is an infinitesimal amount of
time used to discretize time and split the integration in many, smaller steps. The
timestep needs to have a value lower than 10 fs, since that is the C-H bond oscillation

time, but usually does not need to be lower than 1 fs.

d’r(t) F;
dtz m;

(1)

Such force is calculated as the opposite of the gradient of the potential energy

V, as in Equation 2.

aV(r,...Ty)
L aT‘i

2)
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2.1 Molecular Dynamics Simulations

2.1.1 The Force Field

Force fields are sets of parameters and functions used to describe a system’s
potential energy. They are based on the concept of atom types, meaning the
classification of each atom according to its element, hybridization state and bonding
environment. Different atoms, even if they share the same element, will be assigned
different sets of parameters according to their atom type. Such parameters define
bonded energy terms, which describe the system’s energy as a function of bond length
and stretching, angle bending and torsion around bonds, as well as nonbonded terms,
which correlate energy and interactions between atoms, meaning electrostatic and Van
der Waals interactions. Equation 3 shows a generic force field function, with the

different terms and the respective parameters.

1 2
v@N) = Z Eki(li —lip)

bonds

1
+ Z Etsvi(f)i—ai_o)z

angles
1
+ z EVn(l + cos(nw — y))

dihedrals
33 (o) (2] r
rij Tij 4‘7T€07'l'j

i=1 j=i+1

)

Force field parameters are empirically derived sets of values whose accuracy
strongly depends on the parametrization strategy, which often includes approximations
and limited transferability. These limitations promoted optimization efforts over the
years, aiming at improving force field accuracy. Moreover, the classical-mechanics
nature of MD neglects quantum effects. Thus, electron or proton transfers, and

consequently bond formation or breakage cannot be modelled?®?’,
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2.1 Molecular Dynamics Simulations

2.1.2 Coarse-grained Representations

A core characteristic of a force field is the representation of a system that it
employs. A force field in which to each physical atom corresponds one single virtual
atom is called an all-atom force field. This type of force field strives to obtain a high
accuracy in energy computation, but can result in long simulation time or hefty
computational effort and need for computational resources in the case of longer or
more complex simulations. For this reason coarse-grained approaches were developed.
In a coarse-grained framework there is no one-to-one correspondence between atoms
and their virtual representation. On the contrary, one coarse-grained entity, with its
own set of parameters, corresponds to a multitude of physical atoms. In fact, such
entities are called pseudoatoms or beads, given that they do not represent one atom,
but two or more. Coarse-grained force fields and representations are useful for
complex systems which would require extreme computational costs were they
simulated using an all-atom force field. The reason for this is that the higher the
number of atoms (or beads), the higher the number of interactions to be computed; by
lowering the number of beads in the system, coarse-grained force fields allow for
shorter simulation time and lower resource expense, at the cost of computational
accuracy. Moreover, coarse-grained force fields are purposefully parametrized to allow

for the use of much larger timesteps, i.e. 20 to 40 fs.

In this work we relied on different coarse-grained representation frameworks,
as well as all-atom force fields, for different purposes. The MARTINI?® coarse-grained
force field is a popular choice. Originally developed for modeling lipids’, its protein
representation features residues being described by as few as one bead (e.g. alanine)

up to five beads (e.g. tryptophane).

Single bead representations are available as well. As the name suggests, they
model each amino acid using one single pseudoatom. In this work two of them were
employed. The first is a Single Bead*° representation tailored for modeling SAXS data,
the details of which will be further discussed later.

17



2.1 Molecular Dynamics Simulations

2.1.3 Go Models

The second single bead representation and force field that was used in this work
is part of the G6 model family. A Go model, named after its inventor, is a particular
type of force field, characterized by being coarse-grained and structure based in nature.
In the context of a structure based force field the energy minimum corresponds to the
native state of the system, which needs to be available in order for the force field to be
developed. This stems from the concept that, in such a force field, a negative (thus,
favorable) contact interaction energy is assigned only to pairs of beads that are in
contact in the system’s native conformation, otherwise, no energy contribution is
assigned. Originally, GO models were developed for protein folding, but they can be

used for multiprotein complex assembly as well.

The Go model we relied on is called GoCa*?, whose name stems from the
coarse graining paradigm it employs: indeed, it is a single bead representation, in
which the bead representing a residue is placed in the location corresponding to the Ca

atom (Figure 7).

Figure 7. Schematic representation of the GoCa coarse graining approach, adapted from 2. In

a single bead coarse-grained force field each residue, independently from its size and number

18



2.1 Molecular Dynamics Simulations

of atoms, is described by one bead. In this particular case, the bead’s coordinates match those

of the Ca atom.

Equation 4 describes the GoCa forcefield, which comprises bonded
interactions (harmonic bond length, harmonic bond angle as well as dihedral torsion)
and nonbonded ones (12-6 Lennard-Jones potential). Electrostatic terms are
purposefully left out of the picture: in fact, by virtue of being a structure-based force
field, thus based on the native protein’s structure, the force field implicitly takes into
account the electrostatic contribution, since electrostatic effects affect the native
conformation. However, since equilibrium values for distances and angles for each
interaction is calculated as the distance or angle present in the native conformation, the
force field will be valid only for the target structure it has been tailored on. A new force

field must then be generated for each target that needs to be modeled.

1
Véoca = z Ekb(ﬁj - bij)z

bonds

1
+ Z Eke(eijk _aijk)z

angles

4 z Z k¢ (1 + cos (n(pyju - dijkl)))

dihedrals ne{1,3}

inter ((rij ) <rij

intra. native pairs

o 12

R

+ z €Eintra <_>
Tij

non—-native pairs

0, 12 0, 6

ij ij

+ § €inter < ) - < )
rij rij

inter. native pairs

(4)

In GoCa, the sum over all bonds takes into account the beads (i,j/) whose
corresponding residues in the native structure are linked by a peptide bond (b;; is the

equilibrium distance value). In a similar fashion, the sum over all angles considers the
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2.2 Enhanced Sampling Methods

beads (i,j,k) that in their atomistic counterparts have a bond between the two pairs (i,j
and j,k), while torsion terms consider the beads (i,j,£,/) that correspond in the all atom
reference to amino acids that are pairwise connected by direct bonds (pairs are i,j, j,k

and £,/). The equilibrium value dj is also calculated from the native conformation.

Nonbonded terms are divided in native and non-native contributions. Namely,
a Van der Waals interaction-based cutoff is used to categorize amino acid pairs as either
native or non-native: the pairs that, in the native structure, are closer than the cutoff
are considered native and assigned an attractive potential, while non-native pairs,

further away from each other than the cutoff, are assigned a repulsive contribution.

2.2 Enhanced Sampling Methods

Plain MD is often not enough on its own to fully explore the conformational
landscape of a given system. Some events are difficult to sample because they are
either rare or slow: they either happen on a timescale (e.g. folding events can take
milliseconds, ligand recognition can require seconds) which is several orders of
magnitude larger than the timescale that is currently possible to simulate via MD in
reasonable amounts of time (e.g. microseconds), or they are difficult to sample because
of high energy barriers. Enhanced sampling methods are born out of the necessity of
sampling a system’s conformational landscape in a shorter amount of time and without
risking the sampling of only one set of low-energy configurations because of high

energy barriers.

Enhanced sampling methods can be divided into two categories: Collective
Variable (CV) based methods and non-CV-based methods. A CV is a reaction
coordinate which describes a slow degree of freedom of the system that is used to
expand the sampling of the configurational space. An example of non-CV-based
approaches is parallel tempering (also called replica exchange)*, while the methods

used in this work fall under the CV-based umbrella, namely sMD** and MetaD?>.
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2.2 Enhanced Sampling Methods

2.2.1 Steered Molecular Dynamics

sMD was originally developed®* to mimic the Atomic Force Microscopy
experiments to study ligand binding®, and consisted in the application of an external
force, namely a harmonic potential, to restrain the ligand in a certain point in space
and subsequently moving said point along a certain direction to allow for the sampling
of different conformations at accessible timescales®’. Since its development, its scope

has broadened, and said harmonic potential can also be applied to other, arbitrary CVs.

Two scenarios are possible: Equation 5 describes an external potential given a
single CV (x), where xy is the initial position of the restraint point moving at constant

velocity (v) and K the restraint’s stiffness.

_ K(x —xp)?
U=——F——
(5)

In this case, the external force applied to the system is described as in Equation

6, as a harmonic spring with constant stiffness.
F =K(xy+ vt —x)
(6)

In the second scenario, the spring’s stiffness is not constant, but increases with
time (K = at); on the opposite hand, the point of restraint is fixed instead of moving.

In this second case the force exerted on the system is described as in Equation 7.
F = at(xy, — x)

(7)
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2.2.2 Metadynamics

MetaD* is a CV-based enhanced sampling method developed with the purpose
of exploring a system’s configurational landscape without being stuck in a certain free
energy minimum. As such, the method consists of an external, history-dependent

biasing potential, a function of the CVs*>.

Such potential is applied on the system as a series of Gaussians, which allow
the overcoming of high energy barriers by discouraging the re-sampling of
configuration that have already been visited. Figure 8 is a popular visual

representation of the MetaD concept.

F(CV)

Ccv

Figure 8. Visual representation of the MetaD process. The free energy surface with respect to
a CV is shown. Gaussians are deposited over time 1 (from dark to light purple), gradually fill
energy wells and are able to overcome high energy barriers. The simulation starts in the central
basin, where it would remain were the biasing potential non enforced. While the simulation
time progresses, and as Gaussians are deposited, the basin on the right is filled. The last basin
to be visited is the one on the left; after it is filled completely, the simulation progresses freely,

akin to a random walk on the flattened free energy surface.

Given a set (S) of d functions of the coordinates R, the potential Vg
corresponding to the ith CV at time ¢ is described in Equation 8. This potential is the

sum of Gaussians of width o that are deposited along the trajectory in the CVs space.
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2.2 Enhanced Sampling Methods

¢ d (Si(R)—Si(R(t’)))z
T 4j=1 2

mﬂ&t)zjndﬂwe ' 20;
0

(8)

Here, w is the energy rate, described in Equation 9. It depends on the deposition

stride of the Gaussians, 7, and the height of the Gaussians, 7.

YT
)
The free energy surface can then be reconstructed as in Equation 10.
Ve(S,t > 0) ==F(S)+C
(10)

A limitation of this implementation of MetaD is the assessment of its
convergence: in fact, after the free energy wells have been visited, and more bias keep
being deposited, the system is driven towards visiting high-energy conformations. This
process can be seen as an instance of overfilling of the free energy basins. Ideally, a

simulation should be stopped as soon as they are filled, but assessing how is not trivial.

Well-tempered MetaD was developed as a response to this problem®. In this
framework, the height W of the Gaussians is not kept at a constant value, as in non-
well-tempered MetaD, but it decreases over time according to Equation 11, where ks
is the Boltzmann constant and 47 'is a parameter with a temperature’s dimension which
represents the maximum temperature at which CVs are sampled.

Vet
W = wtge kBAT

(11)
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This entails that when the system visits a new free energy basin, the Gaussian
height is restored to its original value, only to start decreasing again. This means that

the potential converges in the long run, as shown in Equation 12.

Ve (S, t > ) = —

T+ATF(S)+C

(12)

However, Gaussian height decrement must be controlled in order to avoid not
gathering enough bias in a given basin to overcome free energy barriers. This is done
through a parameter called bias factor, y in Equation 13.

THAT
V="

(13)

2.3 Integrating Experimental Data with Molecular

Simulations

MD can be used in synergy with experimental data, integrating the latter into
simulations to obtain results that comply with a given experimental observation. Two
possible approaches can be envisaged: an ensemble of structures (in this case, from a
MD trajectory) can be postprocessed through a reweighting procedure or it can be

generated through experiment-biased simulation in an on-the-fly fashion*.

When reweighting is performed, the original weights assigned to each state of
an initial ensemble, called prior, are recalculated so that the weighted-averaged of a
given observable over the ensemble matches an experimentally-measured reference
value. The resulting ensemble, generated via such reweighting procedure, is called
posterior. Since different distributions can result in the same average value, different
approaches can be used*®*!. Strategies based on the MAXENT principle aim at

maximizing the amount of information from the original ensemble by introducing the
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2.3 Integrating Experimental Data with Molecular Simulations

minimal perturbation that ensures agreement with the experimental data. Conversely,
Maximum Parsimony approaches generate a posterior featuring the least amount of
states that fit experimental data. A third paradigm, called Bayesian Inference or
MaxPrior, can be combined with wither MAXENT or Maximum Parsimony by

leveraging Bayesian statistics***?.

Agreement with experimental data can also be enforced on-the-fly during the
simulations. To achieve this, an additional bias is added to the force field, and for this
purpose several approaches can be employed. For instance, experimental restraints can
be introduced as penalty terms, either applied iteratively or through a multi-replica
approach. MAXENT and Bayesian Inference (in this context called Metainference*?)

can also be employed on-the-fly.

Both ensemble reweighting and on-the-fly enforcement have advantages and
drawbacks. A reweighting protocol starts from an ensemble and generates a new,
experimental data-compliant one; if new experimental information were to emerge, a
new reweighting instance could be carried out on the same original ensemble without
the need of performing the simulations again. This is not the case for experiment-
biased simulations, whose protocol is inherently specific to the experimental data:

because of this, new data requires a new simulation, making it a less flexible approach.

However, reweighting approaches strongly depend on the quality of the initial
ensemble, as a poor prior ensemble will not make this procedure successful. In practice,
this is typically the case when the sampling strategy is unable to explore states
compatible with the experimental ones. This can be the case of poor force fields, which
tend to sample unrealistic states, or of states that are particularly challenging to sample,
even via advanced enhanced-sampling strategies. Conversely, with on-the-fly
enforcement the system adapts to comply with the reference experimental data during
the simulation, directly generating a compatible ensemble. However, it should be also
considered that frequently computing the target observables during the simulations, i.e.

repeatedly applying the forward models to enforce experimental restraints on the fly,
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may degrade simulation performance, to an extent that depends on the computational

cost of the forward model used.

Finally, we note that the calculation of experimental observables from
structures sampled by MD simulations presents intrinsic limitations, since forward
models are, by definition, based on approximations, and that experimental

measurements are also subject to errors.

2.3.1 SAXS Spectra Modeling

SAXS is a popular experimental technique used for gaining non-atomistic
insights regarding the conformation of a system, namely its overall size and shape.
Despite its limited structural resolution, SAXS is a valuable tool, particularly when
higher-resolution approaches, e.g. X-ray crystallography or cryo-EM, are difficult to
apply. In addition, compared to these other approaches, SAXS features a relatively
simpler setup, is more robust against experimental conditions (e.g. ionic strength), and,
most importantly, measurements are performed directly in solution, thus providing
information on biological systems under near physiological conditions. Moreover, the

method does not impose a size limit on the system being analyzed**.

The protocol for conducting a SAXS analysis is schematized as in Figure 9.
To account for the solvent contributions, the measurement is conducted twice, once on
the analyte’s solution, and once on the buffer alone. Since the measurement is
performed directly in solution at a defined analyte concentration, the signal obtained
by the detector is the result of the contribution of the possibly multiple configurations
adopted by the biomolecular system. The resulting scattering pattern therefore
represents an average of many scattering instances generated by each possible
configuration of the analyte, and the resulting SAXS spectrum provides ensemble-

averaged structural information.
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Analyte
solution

Incident X-ray Trasmitted X-ray

20 \ q
Scattered X- ray

]

Buffer

Figure 9. Schematic representation of a SAXS experiment. The process is carried out both on

the solution and on the buffer.

A SAXS experiment consists of a monochromatic X-ray beam incident on the
sample, which generates a transmitted and a scattered beam. The latter is imaged by a
2D detector. The scattering vector (or momentum transfer, ¢) indicates the change in
direction, with respect to the incident beam, of the scattered one**. ¢ is defined
according to Equation 14, where 4 is the wavelength of the incident beam and 26 is the
scattering angle.

sinf
q=4m——

(14)

Since the orientation of the biomolecules in solution is random, the recorded
scattering intensity (/) can be radially averaged. It is then plotted against ¢ to obtain a
one-dimensional scattering profile. To highlight some features of this spectrum,
particularly useful for protein analysis, g°/(g) can be plotted against g: the resulting
representation is called a Kratky plot (Figure 10B), which gives qualitative
information about the overall shape of the analyte. A bell-shaped curve with a well-
defined maximum is a characteristic of a more compact, globular protein, whereas a
curve lacking such a peak and displaying a plateau at higher ¢ values indicates an

unfolded or flexible protein®.
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log I(q)
q?l(q)

Figure 10. Pictorial representation of SAXS spectra of a globular (shown in green) and an

unfolded protein (shown in grey). A) Logarithmic plot. B) Kratky plot.

The Radius of Gyration (Rg) of a biomolecule, which quantifies its degree of
structural compactness, can be obtained via the SAXS spectrum. This is achieved via
the Guinier approximation*®, according to which for low values of ¢ (¢ < 1/Rg) the
intensity / depends on two parameters only, as shown in Equation 15.

qZR 2

9
I(g) = 1(0)e 3
(15)
From a computational standpoint the SAXS spectrum of a given three-
dimensional structure can be calculated according to Equation 16:
N N .
Sln(qrij)
=1 qr

@=) > @@

i j=1 Y

(16)

where the scattered intensity / at a certain value of the momentum transfer ¢ is
obtained from the pairwise distance r; between all pairs of the N atoms in the
biomolecules and the corresponding atomic scattering factors f;(q) and f;(q) .
Scattering factors are computed starting from experimentally available atom-type

specific parameters (ax, bk, ¢) as shown in Equation 17.
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4
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k=1
(17)

However, the influence of the solvent on the system cannot be overlooked. It
can be either included through explicit solvent models, that include the solvent
molecules that surround the protein in the calculation of pairwise distances, or modeled
through implicit solvent approaches. The latter expedite the process by adding
modifications to the atom’s form factors, without computing distances for solvent

molecules.

One first additional parameter accounts for the effect of the displaced solvent:
it depends, for an atom i, on the volume of solvent displaced by it (v;) and the solvent’s

electron density (po), as shown in Equation 18.

2
a’v}

f1i(@) = £f2°™(q) — pofi™ (q) = fi(q) — vipoe™ #m
(18)

Another parameter that needs to be taken care of is the effect of the solvation

shell: in an implicit solvent framework a third term is added to the scattering factor.

Calculating the pairwise distance between each pair of atoms (Equation 16) in
a macromolecular system at atomistic resolution is computationally demanding. This
becomes particularly critical if the calculation has to be repeated many times, e.g. on
a large structural ensemble or on-the-fly during MD simulations. For this reason, a
coarse-grained representation can improve the efficiency of the calculation. This
results in a system representation comprising M beads, with typically M < N, and the

computed scattering intensity can be expressed as Equation 19.
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M M Rl
1@=Z§ﬁ@m>mmﬂ

i=1j=1
(19)

Here, R;;is the distance between pairs of beads. Notably, this implies that
scattering factors F' associated with the pseudoatoms are available, i.e. have been
purposely parameterized. Most interestingly, a great advantage of this strategy is that
it can be exploited in a hybrid coarse-grain/all-atom fashion. Specifically, the MD
simulations can be conducted at a fully atomistic resolution, while resorting to a

coarse-grained representation for the sole purpose of computing efficiently the SAXS

spectra (hySAXS scheme).

The MARTINI representation is a popular choice for this purpose. Scattering
factors of MARTINI beads have been parameterized for both protein®’ and nucleic
acid*® systems, allowing for hySAXS scheme simulations exploiting MARTINI as the
coarse-grained model (MT-hySAXS).

1

F@ =D Fil@f et

i€j kej ik
(20)

Equation 20 describes the MARTINI scattering factors for proteins: the
scattering factor for a bead (j) depends on the factors of the atoms (i, k) that are part of
said bead.

Recently, an alternative coarse-grained model for SAXS spectra calculation
was introduced, named Single-Bead®**®. In the protein context, this representation
replaces each amino acid with a single bead, hence the name. Despite being more
simplified than the MARTINI representation, thus further improving the efficiency of
SAXS spectra calculation, this model retains comparable accuracy, particularly for ¢

values lower than 0.3 A™' 3%, The Single-Bead approach (SB-hySAXS) features a
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solvent layer contribution term>® in the definition of scattering factor F that allows

accounting for the effect of solvation on solvent-exposed atoms in the biomolecule.

1
Fi(q) — [Fiatomlc + szisolvent _ pFimlxed]z

= DT atomic gy tomic g S0 ia)

Tk
kei lei ATt

+ p szsolvent(q)fsolvent( )Sln(qul)

kei lei Tt

—p ) D L@ (q)

kei lei

1
sm(qul)

solvent atomic
+ ferr (A (Q)) ——— p—

21)

Equation 21 details the scattering factors of the Single Bead® framework as
the sum of three terms. The method is particularly flexible, as it allows for the
customization of the p parameter to both account for buffering agents different from
water and to permit the use of modified solvation densities to different beads to mimic
the solvation layer’s effect according to p = py — SLC, where SLC is the solvent layer

contribution parameter.

A parameter that is typically employed to assess overfitting of a predicted

SAXS spectrum with respect to an experimental one is the reduced y*:

Iflt (QL exp (%))2
- 12( SE(1(ap)

(22)

where I1u(q;) and lep(q;) are the predicted and experimental intensities, and
SE(I(g:)) the standard error on the intensities at each of the m values ¢; of the SAXS

spectrum. ¥ values close to 0 indicate overfitting, while values around 1 indicate
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optimal fitting of the experimental data. In this work, SE(/(¢g:)) included both the

experimental and predicted uncertainties after applying error propagation.

2.3.2 Maximum Entropy Principle

The MAXENT principle is a theoretical framework that can be used to integrate
experimental data with in silico molecular simulations. In particular, the approach can
be applied to either bias an MD simulation or to reweight an already performed
simulation. This is done in the spirit of ensuring compliance with experiments while

enforcing the least possible alteration on the ensemble’s original distribution, the prior.

According to the principle, for a system consisting in a set of states, the optimal
distribution of said states that is compatible with observed data is the one that
maximizes its Shannon’s entropy, later expanded to relative entropy’. This

distribution, obtained after the input of experimental knowledge, is the posterior.

Given a set of continuous variables x, entropy is defined, for a distribution P

and relative to a prior distribution (Py), as described in Equation 23.

P(x)
Py(x)

S[P Il P)] = — f dxP(x)In

(23)

Equation 24 shows that the posterior (Pu£(x)) is obtained by maximizing the
entropy (S) (first line), while the ensemble average of M observables s; calculated on
the distribution P(x) is constrained to match the experimental values 5,7 (second line)

and the distribution is normalized (third line).

Pyr(x) = argmax S[P |l Py]
P(x)

Jdxs;(0)P(x) = (s;(x)) =s;P; i=1,....M
[dxP(x) =1

24)
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This process generates a posterior in agreement with experimental data which
is as similar as possible to the prior: this is due to the fact that the Kullback-Leibler
divergence ( Dk, [P Il Py] ), which describes the information that is gained by
substituting Po(x) with P(x), is equivalent to the negative of the relative entropy

(S[P Il Po)).

The entropy maximization problem is solved by identifying stationary points
of the Lagrange function as shown in Equation 25, where 4; and u are Lagrangian

multipliers.

S[P Il Py] — ill jdxsl(x)P(x) exp jde(x) — 1)

i=1

(25)
Equation 26 shows the derivative of £ with respect to P(x).
0L =—In PO -1 —ilisi(x) —u
@ R® L
(26)

By having such derivative equal zero = 0, the posterior is described by

> 0P(x) ( )
Equation 27.

Pyp(x) < e~ pXi Aisi(x)PO (%)
(27)

In the context of a reweighting procedure on an already available MD trajectory
comprising N, structures, the prior ensemble, new weights are assigned to each
configuration (x;). First, choosing the values of the Lagrangian multipliers A requires

minimizing the I'(4) function in Equation 28.
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Ns M
1
v st}
St=1 i=1

(28)

The last term in the equation is introduced to model experimental error, acting
as a regularization term to reduce over-fitting, and can be defined as shown in Equation

29, where a different g; value can be specified for each observable s;.

1
Lo ) =5 ) 2207
l

(29)

Once the Lagrangian multipliers are selected, new weights (w;) are computed

and assigned to each configuration (x;) as in Equation 30.
w, = e~ Zili-si(xp)
(30)
Weights are then normalized so that thstl we = 1.

In this work, the ensemble to be reweighed was generated via MetaD, thus it
featured uneven weights for each conformation, associated with MetaD bias. Equation
28 and 30 can then be rewritten as Equation 31 and 32, where Vy(x¢) is the MetaD bias
at the end of the simulation recomputed for the coordinates of the x" frame, and kzT

is the thermal energy.

Ns
1 —Y. 2t Vi (xt)
rQ) =In (ﬁze Yidi-si(xep)+ KpT >+/1 . gexDp +I—:err(/1)
St=1

€1y
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— %A i)+ 2D
Wt =e

(32)

Typically, only a fraction of the structures from the prior ensemble contribute
effectively to the reweighted ensemble. The number of such structures, that carry
significant weight, can be approximately estimated by calculating the Kish effective

sample size, shown in Equation 33.

(Z Wt)

K =
“vNs 2
2: MQ

(33)
2.4 Free Energy Estimation

The interaction between two proteins L (for the word ligand) and R (for

receptor) is described by Equation 34.
L+R=RL
(34)

Their binding constant, Kp, is related to the binding free energy AG®ina of the
complex (i.e. the difference between the free energy of the bound and unbound state).
The binding free energy can be computed as a function of the partition functions Z of
the bound and unbound state, as shown in Equation 35, where R is the gas constant
and T the temperature®'. Computing a system’s AGind is a process known as absolute

binding free energy estimation.

Z
AGEima = RTIn(K) = —RTin (22424 )

unbound

(35)
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The difference in binding affinity between congeneric ligands with respect to
the same receptor is their AAG%ing; its computation is known as relative binding free

energy estimation.

Different computational paradigms are available to estimate absolute and
relative binding free energy, namely end point methods, alchemical perturbation
methods and physical pathway methods. The latter are not discussed in this work, as

they were not employed.

2.4.1 MM-PB(GB)SA

End point methods are free energy estimation techniques based on the sampling
of the initial and final states of the binding process, unbound ligand and receptor, and
ligand-receptor complex. Although they can be carried out on single structures, they

are usually applied to MD trajectories.

Namely, in the MM-PB(GB)SA framework, the free energy of a molecule is
described by Equation 36, where Euu is its gas phase energy, GF5, + G341, is its

solvation free energy and T3 is the solvent’s configurational entropy>.
G=Eym+ G;)oBl’v + Gég;llv -TS
(36)

The gas phase energy Ea is computed via a molecular mechanics force field
as shown in Equation 3. The solvation energy is split in a polar and a nonpolar term,
modelled through implicit solvent methods. In the original version of the method,
named MM-PBSA, the polar term G5 is computed, for the transfer of a molecule
from gas phase to the solvent, via the Poisson Boltzmann equation (Equation 37),
where £ is the Boltzmann constant, 7 the temperature and the ¢, ¢, p, and x are functions

of the position vector r. Namely, ¢ is the dielectric constant, ¢ is the electrostatic

D . k . . :
potential in units of ?T, where q is the proton’s charge and p/ is the fixed charge density
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in units of ¢. The term «, the Debye-Hiickel screening parameter, is the reciprocal of

the Debye length 4, where A = 887:::1, where [ is the bulk solution’s ionic strength™.
, 4mp’
V- lemV- o] —e@x) sinh[p(m)] +——=10

(37)

In the more recent MM-GBSA version of the technique, the polar term G&5,, is

computed from an extension®* of the Generalized Born equation® (Equation 38),

where f¢% = \[r;;2 + a;;?e~P. Here ry is the distance between atoms i and j, a;; =

Jaiaj, where o; and a; are atomic radii, and D =

(38)

The nonpolar term, G4, is a sum of the favorable interactions between solute
and solvent (4G.x) and unfavorable energy required for cavity formation®® (4Gp), in
Equation 39. Here, the unfavorable energy depends on the molecule’s solvent
accessible surface area (AG,.., = ySAS + c), where y is the surface tension coefficient.
On the other hand, the favorable energy can be approximated by the Van der Waals
attractive interaction potential energy as in AGy = UYL =
Zgil [ Paw @ aw)Vait (T @) AT gy, where Ny is the number of atoms involved, 7 is the
solvent-solute distance, p is a solvent distribution function and V. is the Van dee Waals

potential®®.
Ggéqlv = AGrep + AGgye

(39)
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Lastly, the entropic term is the most difficult to compute, to the point of being

often ignored.

To compute a complex’s binding free energy a thermodynamic cycle is
considered (Figure 11) A thermodynamic cycle is a set of reactions that starts and ends
in the same state: by virtue of being a state function (meaning that its change only
depends on the initial and final state) the total change in free energy considering the
whole cycle is null. Thus, in the depicted cycle describing solvation and binding of
receptor and ligand, the free energy of binding is shown in Equation 40 as the sum of
energy and configurational entropy associated with complex formation and the
difference between complex solvation and solvation of standalone receptor and
ligand™.

AGbind — EMM + (AGcomplex _ AGligand AGreceptor) — TAS

solvation solvation ~ “Ysolvation

(40)
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Figure 11. Schematic representation of a MM-PB(GB)SA thermodynamic cycle.

Two approaches are available to carry out these calculations, namely the single

trajectory and three trajectories approach. In the single trajectory version, only the
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complex is simulated and parameters relative to ligand and receptor alone are
computed by ignoring the other partner. In the three trajectories version, three
simulations are carried out, one for the complex and one for each of its components.
The single trajectory approach is usually employed for systems where great

conformational change upon binding is not expected??.
2.1.1.1 Computational alanine scanning

Computational alanine scanning is a technique used to assess the contribution
of a particular amino acidic residue to the overall binding free energy of a protein-
protein complex®’. More specifically, given a protein consisting of N residues, N
mutants are generated by substituting, separately, an alanine to each residue (Figure

12).

Figure 12. Pictorial representation of the alanine scanning setup. Original residues shown in

blue, green and yellow, alanine shown in red.

From a practical point of view, this is identical to truncating the residue’s side
chain at Cy and substituting C, with a H. After that, the binding free energy of each
system is estimated. The difference in binding free energy between the wild type
protein and each mutant depends on the contribution of the original residue’s side chain,

with respect to alanine’s methyl side chain.
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2.4.2 Alchemical Perturbations

Alchemical perturbation based methods, albeit more computationally
expensive than the MM-PB(GB)SA approach, strive to obtain either absolute or
relative binding free energies for a complex or a congeneric series of ligands with
respect to the same receptor without the need to explicitly sample the binding process.
Here, relative binding free energy estimation through alchemical perturbation methods

will be described.

This class of methods relies on a thermodynamic cycle as well. Such cycle
(Figure 13) features the binding event of the two ligands in question to the same
receptor, both physical reactions, and two non-physical reactions, namely the
transformation of each ligand into the other, in bound and unbound state. These
transformations, albeit non-physical, are needed to construct the cycle and to be able
to more efficiently compute binding free energies without explicitly simulating the

binding event.

wt

. AGing
) - J[)-

() —_—
& r
I~

unbound bound
AGtransfc:rm l] j{ AGtransform

Ind L)

N f‘ —

—

£ mutant
U AGping

Figure 13. Schematic representation of a thermodynamic cycle. The receptor is shown in blue,
the native ligand in yellow and the mutated ligand in green. Horizontal reactions represent

binding events, while vertical reactions are alchemical transformations.
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In fact, the binding events themselves are particularly computationally
demanding to simulate: because of this, to obtain A4Gping, computing AGYY,; and
AGHEAE  following what is known as the direct path, is a very expensive strategy.
Conversely, following the alchemical path, meaning computing the free energies
associated with the transformations, AG}‘J&?&’}Z,‘%” and AG,f’r"aljl’?s‘}orm, requires less
computational effort. Indeed, thanks to the properties of the thermodynamic cycle, the
difference between the two sets of free energies have the same value. This concept is

shown in equation 41, by applying Equation 35 to a relative binding free energy

computation.

_ wt mutant
AAGmutant,wt = AGbind - AGbind

ZWt Zmutant
— —RT ln( bound“unbound )

mutant 7wt
Zbound Zunbound

— bound _ unbound
- AGtransform AGtransform

(41)

The perturbation itself consists of a series of intermediate states between one
ligand and the other; in this case, since the ligand is a protein, wild type and mutant.
These intermediate states are generated by connecting the systems through a virtual
coordinate, A, with values between 0 and 1, where its change from 0 to 1 represents
the transformation between mutant and wild type. Namely, the transformation is
usually a linear interpolation of the two ligands through A, the coupling parameter; the
result is a modified potential function shown in Equation 42, where V) is the original

potential and V7 is the perturbed one.
(42)

Two main approaches are available to set up alchemical relative binding free

energy calculations. Namely, simulations can be carried out using either a single
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topology or a dual topology. In a single topology framework, there is only one set of
coordinates, where atom types and coordinates change to reflect the end states’®.
Dummy atoms, meaning atoms that are free from nonbonded interactions, might be
present in order to have atoms appear and disappear. Conversely, in a dual topology
framework two complete sets of coordinates exist, and the atoms of the group subject
to change exist in their two end states simultaneously, albeit not interacting with each

other.

An additional tool used in this context are soft core potentials>®. They are used
to have nonbonded interactions belonging to appearing and disappearing atoms
smoothly switched on and off as shown in Equations 43 and 44; here, the o parameter

is added to adjust the potential’s softness. They were developed from the need of

removing instabilities that arise when switching on and off such interactions®,
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2.4.2.1 Thermodynamic Integration

Thermodynamic integration is one of the most popular frameworks to compute
relative binding free energies through alchemical perturbations®. Namely, the free

energy change associated with two states is obtained as shown in Equation 45.
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(45)

To perform such integration, different simulations with different A values
ranging from 0 to 1 are separately carried out. The choice of A values and the spacing
between them can significantly affect the accuracy and convergence properties of the
integral, especially for transformations involving large structural changes or the
appearance/disappearance of atoms. In the context of relative binding free energy
calculations, two sets of simulations are carried out: one in the unbound state and the

other in the bound state, both describing the alchemical transformation on the ligand.
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3 Applications

3.1 Characterization of RAD51-BRC4 Interaction

3.1.1 Methods

3.1.1.2 Steered Molecular Dynamics

All MD simulations were carried out at in all-atom mode using the GROMACS
MD engine®!, using the Amber ff19SB force field®® for the proteins, and the OPC
model for water molecules®. The complete structure of the RAD51-BRC4 complex
predicted with AlphaFold2 was inserted in a dodecahedron-shaped box, with edges
distant 15 A from the biomolecules. The box was then filled with OPC waters and the
system was neutralized and brought to physiological ionic concentration (0.15 M) with
NaCl using Joung and Cheatham ions®*. The system was energy minimized using the
steepest descent method and subsequently equilibrated via a 1.2 ns simulation in the
NVT ensemble with position restraints of 239 kcal/mol on protein heavy atoms (of
which, 400 ps were conducted at 100 K, 400 ps at 200 K, and the last 400 ps at 300 K)
and 800 ps in the NPT ensemble (of which, 400 ps were conducted with protein heavy
atoms restraints, while the last 400 ps only featured alpha carbon atoms restraints)

t65

using the V-rescale thermostat™ with time constant 0.1 for temperature control and C-

t66

rescale barostat™ with time constant of 0.1 for pressure control.

sMD simulations were carried out via the MOVINGRESTRAINTS directive
in PLUMED 2.9%78, Three replicates of 10 ns each were performed using the Martini
coarse-grained representation for SAXS spectra calculations, and three replicates of

10 ns using the single-bead model.

A set of 19 SAXS intensities computed at different values of the momentum
transfer ¢, in the range 0.00-0.30 A™!, was used as CV. During the 10 ns of sMD, the
positions of the harmonic restraints were linearly interpolated from the values of the
SAXS intensities computed on the initial structure, i.e. the AlphaFold2 model, to the
experimental ones. The SAXS experimental spectrum for the RAD51-BRC4 complex
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was taken from the Small Angle Scattering Biological Data Bank (SASBDB), under
accession code SASDQT9. To reduce the influence of experimental noise, the
experimental values were taken after performing a 51-point running average on the
experimental SAXS spectrum. The force constant was kept constant at a value of 10°

kJ/(mol*a.u.?) for the entire simulation.
3.1.1.2 Metadynamics

A 100 ns Well-Tempered MetaD*® run in the NVT ensemble was carried out
via PLUMED 2.9, using the Rg as CV. Gaussians of width 0.05 A and height 0.500
kcal/mol were deposited every 500 steps, using a bias factor of 10. The distances
between Ca atoms of the four pairs of cross-linked lysine residues, as indicated by the
XL-MS experiments, were restrained through a flat-bottom restraining potential, as
implemented in the UPPER_WALLS PLUMED directive, positioned at a value of 30
A % with a force constant of 23.90 kcal/(mol*A?). Specifically, the restrained distances
were the ones between RAD51’s K59 and BRC4’s K24, RADS51’°s K59 and BRC4’s
K29, RAD51’s K65 and BRC4’s K29, RAD51’s K71 and BRC4’s K29. MetaD

weights were computed a posteriori using the final bias.
3.1.1.3 MAXENT reweighting

MAXENT reweighting was carried out using a regularization term ¢ of 0.03.
Such figure was chosen among values between 0.005 and 0.5 because of the ¥ between
reweighted and experimental SAXS spectra associated with it, the closer to 1 among
the ones taken into consideration. This is typically recommended for a model that

adequately describes the experimental data while reducing potential overfitting’®7>,

3.1.1.4 Trajectory analysis

The trajectory obtained from the MetaD simulation was analyzed through
principal component analysis (PCA) carried out on the Cartesian coordinates of the
system’s o carbons after aligning the snapshots on the a carbons of the C-ter domain.

The first 5 PCs, explaining a cumulative variance of 93%, were used to compute a
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distance matrix on which we performed a weighted cluster analysis using the Quality
Threshold (QT) algorithm, with a cutoff of 3 and the maxent weights. The cluster
analysis, performed using the py-bussilab python package

(https://github.com/bussilab/py-bussilab), was done separately on compact and

extended structures, using an Rg value of 2.47 A to discriminate between the two
groups. All reported statistical errors were computed through standard bootstrapping
with 400 iterations, after dividing the snapshots from the MetaD-generated trajectory
into 10 blocks.

The ensemble of conformations was summarized and visualized by
constructing a conformational space network, where the representative structure of
each cluster served as a node. Edges in the network were assigned using a distance
cutoff of 5, whereas the size of the nodes is proportional to the MAXENT weights. To
better visualize the most populated clusters in the network, the weights were rescaled
using a logistic function. The Pyvis-0.1.3.1 software’ was used to represent the

network, employing the BarnesHut’* layout algorithm.

The contact analysis on the reweighted ensemble was performed using the
compute_contacts module in MDTraj’®, using the closest-heavy scheme to compute
minimum distances between pairs of residues. To define a contact, we employed a
distance cutoff of 5 A. The weighted average of the number of contacts was computed
using the weights of the maxent-reweighted ensemble. To highlight the residues
mainly involved in the interfacial interaction, we used a 2.5% probability threshold in
the reweighted ensemble, and any contacts exceeding this value were deemed as

persistent.

3.1.2 Results

3.1.2.1 Probing the Interaction between RADS51's N-ter and BRC4 by Combining
AlphaFold2? and XL-MS

As no high-resolution structure of the full RADS51 in complex with BRC4 is

available, we relied on an AlphaFold2 model generated by our colleagues, which
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would provide an initial reasonable guess of the complex structure’’”’. To ensure
compatibility with experimental data the BRC4 sequence used for generating the
model features 39 residues (instead of the aforementioned 35). The additional residues
and located at the N-ter of the peptide. In line with previous findings, we observed that
AlphaFold predicted a conformational rearrangement of the RAD51 N-ter to allow the
BRC4 peptide binding'#!>? (Figure 14). Moreover, we noted the presence of a
network of polar contacts stabilizing the interaction of the BRC4 C-ter with the
RADS51 N-ter, thus suggesting another important interface for the peptide binding, as
also highlighted by a previous work®. To test the existence of this putative interaction
between BRC4 and the protein N-ter, we relied on XL-MS, performed by our
colleagues. Indeed, this technique would provide us with useful structural information,
overcoming the difficulties of achieving a 3D crystal structure, as we observed the
presence of different lysine residues at the predicted interface between the BRC4

peptide and the RADS1 N-ter.

A B o

Figure 14. Structure of the RAD51-BRC4 complex. A) PDB entry INOW, featuring RADS51’s
C-ter (in blue) and BRC4 (in red), superposed with PDB entry SNWL, featuring RAD51’s C-
ter and N-ter (in white) and lacking the BRC4 repeat. The superposition highlights how the N-
ter domain and BRC4 are in overlap. B) The generated AlphaFold2 model, featuring RADS51’s
C-ter and N-ter (in blue) and the BRC4 repeat (in red). In the prediction, the N-ter is shifted to
preserve BRC4 binding and avoid overlap with the repeat.
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Crosslinking with bis(sulfosuccinimidyl)suberate (BS3) and XL-MS analysis
led to the identification of four high-quality crosslinks between BRC4 and RADS1
(Figure 15A, and Table 1). Specifically, we observed that Lys1536 and Lys1541, in
proximity of the BRC4 LFDE domain, were found to be crosslinked with Lys59, Lys65
and Lys71 located on the RADS51 N-ter in a region encompassing a cluster of alpha-

helices, which support RADS51 interaction with the DNA (Figure 15A, and Table 1)
81
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Figure 15. XL-MS data show crosslinks between RADS51 and BRC4. A) Sequence overview
of the BRC4 repeat of BRCA?2 and His - tagged RADS]1 illustrating the detected inter-protein
crosslinks filtered for MS quality score > 30 and Ca-Ca distances of 10 — 35 A. Connecting
lines point towards the cross-linked residues. B) Mapping of the identified crosslinks in the

AlphaFold2 prediction of the RAD51-BRC4 complex.
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Table 1. Table of detected inter-protein crosslinks and their measured Ca-Ca distances
in the AlphaFold2 prediction of the His-RADS51 / BRC4 complex (+His), exploited for
XL-MS experiments, and the RADS51 / BRC4 complex (-His), utilized in SAXS

experiments.
Position Co- Position Ca-
Position
in RADS1 Ca distance in RADS1 Ca distance
in BRCA2
(+His) (A) (+His) (-His)  (A) (-His)

1541 &9 16.80 65 16.04

1541 95 21.24 71 21.11

1541 &3 12.39 59 21.76

1536 &3 18.84 59 30.38

This result highlighted that the BRC4 C-ter is crucial to allow the binding of
the peptide to RADS]1, since it directly interacts with the RADS51 N-ter, displacing it.
Then, we aimed to verify the compliance with crosslinking data of His-RAD51/BRC4
and RAD51/BRC4 AlphaFold2 models, respectively employed for XL-MS or SAXS
experiments (Figure 15). Notably, in both predictions the identified pairs of cross-
linked lysine residues displayed Co-Ca distance compatible with the experimental XL-
MS results (Table 1) and within the limits of typical distance constraints, further
corroborating our initial observation, made on the RAD51-BRC4 AlphaFold2 model,
that a hydrogen bond network amidst the BRC4 C-ter and the RAD51 N-ter exists®’.
Additional validation of the generated AlphaFold2 predictions was provided by
distances of identified intra-RADS51 crosslinks. Indeed, the majority of identified
crosslinks matched permissive distances in the predicted structure, with only two
exhibiting long distances > 45 A. While we cannot a priori exclude that the latter are
experimental XL-MS false identifications, they may also derive from RADS51 N-ter
flexibility in solution when BRC4 is bound!®’. Indeed, the conformational
rearrangements of this domain could potentially bring the lysine residues in closer

proximity to each other, thus allowing the crosslinking reaction by BS3.
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3.1.2.2 Including the Solvent Contribution is Necessary for Generating a SAXS-
Consistent Single-Structure Model of the RAD51-BRC4 Complex

Having validated the RAD51-BRC4 AlphaFold2 prediction by XL-MS, we
then compared its computed SAXS spectrum with the experimental one recently
determined for the RAD51-BRC4 complex in solution, already available in SASBDB
15 Nevertheless, we observed a significant discrepancy between the initial AlphaFold2
guess and experimental SAXS data (Figure 16A), as the predicted spectrum indicated

an overly compact configuration compared to experiments®.
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Figure 16. A) Logarithmic scale (top) and Kratky (bottom) plots of the SAXS spectrum
computed on the AlphaFold model without (MT-hySAXS scheme, left) and with (SB-hySAXS
scheme, right) solvent contribution, compared with the experimentally measured SAXS
spectrum of the complex. B) Timeseries of the sMD bias (top) and BRC4 heavy atoms RMSD
after alignment on the C-ter (bottom), carried out without (left) and with (right) solvent

contribution.

To guide the initial guess towards a configuration in better agreement with
experimental data, we took advantage of sMD. Here, the system was driven towards
the target state, defined by the experimental SAXS spectrum, through the hySAXS
scheme. Unexpectedly, in all three replicates, the simulation invariably resulted in the
detachment of the BRC4 repeat from RADS51, as indicated by a rapid rise in the energy
and quantified by a marked increase in the RMSD of the complex (Figure 16B, left

50



3.1 Characterization of RADS51-BRC4 Interaction

top and bottom panels, respectively). Notably, this behavior is in contrast with the
experimental SAXS data, which refer to the formed complex, as it has been formerly
demonstrated!®>. We note that this set of calculations relied on a forward model that
does not take into account the contribution of the protein’s solvation layer to the SAXS
spectra (MT-hySAXS scheme). Remarkably, repeating the procedure by taking into
account solvation effects (SB-hySAXS scheme) led to the preservation of the RADS51-

BRC4 complex, as indicated by the absence of sudden rises in the energy as well as in

RMSD (Figure 16B, right panels).

Figure 17 A) One model from the single structure model from replicate 1 of the sMD

©)

AF mode|

sMD 1

RMSD (A)

sMD 2

sMD 3

simulations via the SB-hySAXS scheme (red) superposed to the AlphaFold model (blue), and
B) single structure models obtained at the end of the three replicates of sMD (red, green, and
purple for replicates 1, 2, and 3, respectively). All structures are aligned on the heavy atoms
of RADS51’s C-ter domain. C) RMSD matrix between the three single structure models
obtained at the end of the sMD replicates and the AlphaFold model; the RMSDs were
computed on the system’s a carbons after optimal alignment on the o carbons of the C-ter

domain.

Importantly, most of the conformational rearrangements required to match the
experimental SAXS spectrum involved the N-ter (Figure 17 and 18). We stress that
this result was achieved by the simulations without any prior information about
flexible regions in RADS51, nor by introducing restraint on the BRC4 repeat to prevent
detachment. Thus, in the effort to satisfy the experimental SAXS data, the system was

able to naturally adapt based on its physical properties. We refer to the configurations
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attained by the system at the target state of the sMD simulation, obtained using the SB-
hySAXS scheme, as single-structure models. Three replicates of sMD with the SB-
hySAXS scheme resulted in comparable single structure models (Figure 17 and 18).
These models were instrumental for providing a SAXS-consistent initial state for the
subsequent XL-MS-informed MetaD simulations. Here, we used the single-structure
model from the first replicate of SB-hySAXS sMD for the subsequent stage.

2_0,13_3 —— initial = —— initial = —— initial

— final 1 final 2 — final 3
experimental experimental

\."""&o—.
L]

0.000.050.100.15 0.200.25 0.000.050.100.15 0.200.25 0.00 0.05 0.10 0.15 0.20 0.25
RO q(A-h qA-1

experimental

Figure 18 SAXS spectra in the Kratky form for the three replicates of sMD using the SB-
hySAXS scheme. The three panels report the spectrum computed at the end of the simulation
(labelled final), compared with the starting structure used for the simulations, i.e. the

AlphaFold model (in blue), and the experimental SAXS spectrum (in grey).

3.1.2.3 XL-MS-Informed Simulations Enable Determination of a SAXS-Compliant
Conformational Ensemble of the RAD51-BRC4 Complex

As previously suggested, binding of the BRC4 peptide to RADS1 could trigger
a conformational re-arrangement of RADS51’s N-ter, which could behave as an
intrinsically disordered domain'. Given this scenario, an ensemble of conformations
is better suited to achieve a more realistic description of the system*>32, Therefore, we
aimed to identify a conformational ensemble of structures that would be compatible
with the experimental SAXS data'. To this end, we first generated a heterogeneous
ensemble of RAD51-BRC4 configurations, then the population weights were refined
through a reweighting procedure in order to match experimental data. For the first
stage, MD simulations did not include any information about the experimental SAXS
spectrum, except for the use of the SAXS-consistent single-structure of the RADS51-

BRC4 complex obtained from the first replicate of the sMD simulations as a starting
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configuration. Specifically, we carried out MetaD simulations; in this case, to promote
the exploration of RADS51-BRC4 configurations with varying degrees of structural
compactness, we used the Rg of the complex as a CV (Figure 19A and 19B).
Additionally, MetaD simulations were integrated with information from the XL-MS
experimental data in the form of distance restraints between RADS51’°s N-ter and the
BRC4 repeat (Figure 19C). Including such information avoided sampling of irrelevant
states that would be incompatible with the maximum distances as suggested by the
XL-MS data. This favored a more effective exploration of the system’s configurational
space and, in turn, optimized the efficiency of the simulation. Therefore, the RADS51-
BRC4 structures produced in this way were used as a prior ensemble for the subsequent
reweighting procedure according to MAXENT, using the experimental SAXS

spectrum as ground truth.
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Figure 19 Timeseries and corresponding distributions along the MetaD simulation for A) the
Rg of the system, B) RMSDs of RAD51’s N-ter and C-ter, and the BRC4 repeat, and C)
distances between lysine pairs from the XL-MS experiments. RMSDs were computed on

heavy atoms, after aligning separately on each of the three characters (N-ter, C-ter, and BRC4).

As aresult, we were able to identify an ensemble of structures with a calculated

SAXS spectrum in agreement with the experimental one within statistical error
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(Figure 20). This reweighting stage resulted in a Kish effective sample size of 7391,
out of the 20001 structures used in the analysis. This indicates that a significant portion
of structures from the prior ensemble, derived from the MetaD simulation, were
retained in the MAXENT-reweighted one and effectively contributed to the final
computed SAXS spectrum.
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Figure 20. A) Comparison of the reweighted SAXS spectrum through MAXENT with the
experimental one, in logarithmic scale (left) and Kratky form (right), for the RAD51-BRC4

complex. B) Residuals plot of the computed spectrum with respect to the experimental one.

3.1.2.4 Charged Residues at the N-ter-BRC4 Interface Bridge Compact and Extended

Structures in the Reweighted Ensemble

A closer inspection of the reweighted ensemble revealed the presence of
compact and extended conformations, with low and high values of the Rg, respectively.
The prior ensemble from MetaD showed a deeper energy well centered at Rg = 23 A,
while maxent reweighting shifted the population by assigning higher weights to the
more elongated structures in the shallower energy well at Rg =29 A (Figure 21). The
MAXENT reweighting, therefore, resulted in a more balanced ensemble, with 65%
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extended and 35% compact structures. In contrast, the MetaD population was almost

entirely composed of compact conformations (~99%).
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Figure 21. Free energy as a function of the Rg for the MetaD ensemble (red) and the
reweighted ensemble via MAXENT (green).

To better appreciate the observed MAXENT conformational heterogeneity of
the RAD51-BRC4 complex in solution, we decided to represent it as a conformational
space network as reported in Figure 22. Nodes in the network represent distinct
clusters obtained from the MetaD simulations, with their size proportional to the
corresponding MAXENT weights. The presence of edges indicates substantial
similarity among different cluster representatives. Therefore, the network topology
reflects the composition of the reconstructed conformational ensemble, allowing us to
appreciate the distinctive features of the compact and extended subsets of structures
(shown as orange and light blue nodes in Figure 22, respectively) and their mutual

relationships.
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Figure 22. Conformational space network showing the reconstructed RAD51-BRC4 ensemble.
Each node represents a cluster, whose size is proportional to the MAXENT reweighted
population. Nodes are colored based on the degree of structural compactness, as indicated by
the reweighted free energy profile in Figure 21 (orange for compact, light blue for extended).
The representative structures of selected nodes, corresponding to either the most populated
clusters or regions with peculiar network topology, are shown to highlight the conformational

heterogeneity of the reconstructed ensemble.

Most compact structures are located in a dense, highly interconnected region
of the plot, highlighting a striking conformational similarity among the representative
members of different clusters. Nodes C1, Cz, and Cs represent compact states with high
statistical weight, showing an increasing and progressive separation between RAD51’s
N-ter and BRC4. Conversely, the regions of the network representing extended
structures are more scattered, reflecting greater dissimilarity due to a higher

conformational freedom associated with the full detachment of RAD51’s N-ter and
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increased disorder. Nodes Ei, Ez, and Es, are examples of clusters with high statistical
weight belonging to the extended subset of conformations. Additionally, node Ci3
emerges as an intermediate structure connecting the compact and extended states,
showing a substantially compact conformation with a partly disordered RAD51’s N-
ter. While marginal in statistical weight, isolated compact states also appear in different
regions of the network, with node C7 being the most populated. As revealed by the
conformational space network, the difference in structural compactness is mainly
governed by configurational rearrangements of the N-ter domain with respect to the
complex between BRC4 and RADS51’°s C-ter (Figure 22). This is also reflected by
diverse distributions of the distances between the cross-linked residues within the
different clusters, with generally broader distributions shifted to lower values for the

clusters of compact structures.

To gain deeper mechanistic insights into RAD51-BRC4 complex dynamics, we
analyzed the interaction at the interface between BRC4 and RADS51’s N-ter in the
MAXENT-reweighted ensemble (Figure 23). To this end, we performed a contact
analysis between BRC4 and the N-ter, which revealed that the interaction is
predominantly mediated by charged and polar residues. In particular, the analysis
highlighted the involvement of several charged and polar residues at the interface,
including three lysines, three glutamates, one glutamine, and one serine, forming the
most persistent contacts. These findings underscore a notable enrichment of lysine and
glutamate side chains in driving the interaction. A few hydrophobic residues, such as
one leucine and one alanine, also contributed to the interface. Lys59 of RADS51’°s N-
ter, specifically, emerged as a key contact residue, frequently engaging with Glu38 and
GIn39 from the BRC4 repeat. These residues form a localized electrostatic and
hydrogen-bonding hotspot at the interface, suggesting that their interaction may act as
amolecular anchor stabilizing the compact subset of structures. The spatial distribution
and contact frequency of the residues suggest that electrostatic interactions between
RADS51’s N-ter and BRC4 can have a central role in regulating the complex's structural
dynamics. From an evolutionary perspective, the residues involved in such interaction

are conserved to different degrees. BRCA2 has homologs in all eukaryotic kingdoms,
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but has no prokaryotic homolog®’. BRC4 is one of the most conserved BRC repeats in
mammals®%; among the residues underlined here, Glu38 is conserved in dog BRCA2,
while it is substituted by lysine in monkey and pig BRCA2 and by glutamine in
hamster and mouse BRCA2. GIn39 on the other hand is conserved across human, dog,
pig and monkey BRCA2 and substituted by tyrosine in hamster and mouse BRCA2.
On the opposite hand, RADS51 is conserved in eukaryotes and prokaryotes, albeit the
latter featuring no BRCA2 counterpart. In mammals, the residues we identified as
making contact with BRC4 are conserved across human, mouse, monkey, pig and dog

RADSI.

Figure 23. Residue-wise average number of contacts for the structures in the maxent-
reweighted ensemble. The analysis focused on contacts for residues from the BRC4 repeat (in
red) and RADS51’s N-ter (in blue). In the 3D structure, residues with non-zero contacts are
displayed in licorice, colored consistently with the plots and with color ranging from white to
full solid, indicating low to maximum number of observed contacts, respectively; the C-ter,
N-ter and BRC4 are displayed in VMD’s NewCartoon representation, colored white, grey and
dark grey, respectively.

Whether the presence of both compact and elongated conformations of
RADS51-BRC4 in the reweighted ensemble points towards different mechanisms of
complex formation is hard to tell. While our analysis shed light on the complex’s

conformational dynamics in solution, a recognition mechanism between RADS1 and
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BRC4 is difficult to infer. Moreover, the presence of the other BRC repeats as well as
the whole BRCA2 protein cannot be overlooked, and any biologically relevant claim

about a recognition pathway between the two should take such complexity into account.

From a drug discovery point of view, the identification of the RADS51 N-ter-
BRC4 interface could be of interest. The available BRCA2-RADS51 disruptors have
been developed to make contact with the FXXA and LFDE pockets on RAD51 C-

terll,lZ

, which are known interaction sites for BRC4; however, given RAD51 N-ter’s
extreme flexibility, there is no evidence of such compounds making contact with it, or

of the opposite!>.

In summary, this project® relied on different computational techniques, namely
MD enriched with enhanced sampling and experimental coupling techniques to model
a complex characterized by intrinsic disorder. As mentioned in the Theory section,
these tools are not free from limitations and drawbacks. Plain MD would not
necessarily guarantee an efficient sampling of the conformational space; hence our
reliance on MetaD to visit a diverse ensemble of conformations. To ensure
experimental data compliance we purposefully selected the MAXENT reweighting
paradigm, as to retain as many conformations as possible from the original, MetaD-
generated ensemble. This reweighting strategy would have failed had the force field
been unreliable and had the MetaD protocol generated a conformational ensemble
from which no states could account for the experimental SAXS spectrum. However,
the Kish size analysis proved that a relevant share of the original ensemble could fit
the experimental data, thereby enabling the assessment of the free energy as a function
of the degree of compactness of the complex and further interpretation of the

conformational ensemble.
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3.2 Alchemical Transformations on the RADS5S1-BRCn

Complexes

3.2.1 Methods

The MD simulations were carried out at in all-atom mode using the Amber MD
engine, the Amber ff19SB force field®? for the proteins, the OPC model for water

molecules®® and Li and Merz ions.

3.2.1.1 MM-GBSA and alanine scanning

The structures of all the RADS51-BRC complexes predicted with AlphaFold2
were inserted in a truncated octahedron-shaped box, with edges distant 10 A from the
biomolecules. The box was then filled with OPC waters and the system was neutralized

with NaCl.

The system was energy minimized using the steepest descent and conjugate
gradient methods with heavy atoms position restraints of 10 kcal/(mol*A?). Then, the
system was equilibrated in three phases: first in the NVT ensemble during 400 ps, with
heavy atoms position restraints of 1 kcal/(mol*A?), gradually bringing the system’s
temperature from 0 to 300 K. The second part of the equilibration was carried out in
the NPT ensemble during 200 ps, with heavy atoms position restraints of 0.1
kcal/(mol*A?). Finally, the last equilibration phase was carried out unrestrained, in the
NPT ensemble, during 200 ps. Production runs in the NPT ensemble were carried out

for 20 ns.

MM-GBSA and alanine scanning calculations were carried out using Amber’s

MMPBSA .py module.
3.2.1.2 Thermodynamic integration

Point mutants of different BRC repeats were generated and their topologies
created through Amber’s Leap. Then, for each mutant, the wild type and mutant

topologies were merged in a single topology, and inserted in a truncated octahedral
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box with edges distant 10 A from the system. Water was added and the system was
neutralized and brough to physiological concentration (0.15 mol/L) with NaCl. The
topology was then made non redundant by removing shared atoms using Amber’s
parmed module. 21 equally spaced A values between 0 and 1 were then selected. Thus,
for each mutation, two sets (one concerning the single repeat in water, the other the

RADS51-BRC complex) of 21 simulations were carried out, each in three replicas.

Each system was thus minimized using the steepest descent method, then
heated to 300 K in the NVT ensemble during 20 ps and then equilibrated in the NPT
ensemble for 200 ps. The production simulation was conducted in the NPT ensemble

for 20 ns for each selected A value.

Soft core potentials were applied to the atoms subject to change, initially with

the default parameters, namely, o = 0.5, then switched to a = 0.2.

3.2.2 Results

3.2.2.1 MM-GBSA and alanine scanning

Given the lack of experimental structures, we once again relied on eight
RAD51-BRC AlphaFold models, generated by our colleagues. Alanine scanning was
carried out on all eight complexes (Figure 24, S1-7) relying on the MM-GBSA method

for binding free energy estimation.

Remarkably, in all eight cases, the phenylalanine residue belonging to the
FXXA motif (Phe 8) showed one of the highest contributions to the overall binding
free energy of the peptide.

Interestingly, the last acidic residue belonging to the motif corresponding to the
LFDE motif in BRC4 (residue 32) showed great contribution to the binding of BRC1
(Asp 32 in Figure 24) as well as BRC2 (Figure S1), while the residue occupying the
same position in BRC4 (Figure S3), albeit being acidic as well (Glu 32) contributes

to the binding to a much lesser extent. On the other hand, position 32 is occupied by
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an aspartate in BRC6 (Figure S5), but its contribution is not nearly as relevant as its

counterparts in BRC1 or BRC2.

Similarly, the serine occupying position 12 in BRC1 (Figure 24), as well as in
BRC3, -4, -6, -7, and -8 (Figure S2, S3, S5, S6, S7) shows a significant contribution,
while in BRCS5 (Figure S4), where the same position is occupied by a cysteine, its

contribution is negligible.
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Figure 24. Alanine scanning of BRC1 in the RAD51-BRC1 complex. The strong contribution
of the phenylalanine in the FXXA and of the phenylalanine and aspartate of the LFDE (here
FFKD) motifs is clearly visible. The residues that are not shown on the x axis are the ones for

which no contribution was computed (e.g. alanines)

3.2.2.2 Thermodynamic Integration

Since we identified these peculiar residues, namely the last acidic residue in
the LFDE-similar motif (residue 32), and Ser12, adjacent to the FXXA motif, we
focused the effort in dissecting their influence on the binding of a single repeat. We
started with BRC1 and set up three point mutations: S12C, D32E and K31T. The latter
was chosen because position 31 is occupied by a lysine residue in BRC1 and by a
threonine in BRC6, neither having much relevance for binding; however, both repeats

feature an aspartate in position 32, but it seems to contribute differently to the binding.
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We thus suppose that a change in the neighboring residue could affect the aspartate’s

behavior.

We first carried out the simulations using the default o parameter (o = 0.5).
The first mutation, S12C, yielded coherent and smooth potential energy curves (Figure
S8). This transformation is the less problematic to simulate, since there is no change
in charge between serine and cysteine. However, issues arose simulating the
transformation relative to the D32E mutation: even though the residues share the same
charge, the energy profile looks jagged (Figure S9). The same problem, to a much
greater extent, resulted from the transformation relative to the K31T mutation. Here
the transformation entails net charge change as well: a counterion was then added to
the selection of disappearing atoms to balance the net charge. Despite this

countermeasure, this transformation’s potential energy profile is completely jagged

(Figure S10).

To overcome this issue we changed the o parameter from its default value of
0.5 to a = 0.2, carrying out only one replica so far. More replicas are needed, but fine

tuning the parameter seems a promising strategy (Figure 25).
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Figure 25. Potential energy curves for the TI simulation involving wild type BRC1 and D32E

BRCI1, in complex with RADS51, comparing default and custom a parameter.

3.3 RADSI1 Filament Modeling

3.3.1 Methods

The structure of the RADS1 heptamer was taken from the Protein Data Bank
and its missing 20 residue domain on N-ter was modelled using Modeller. Such
structure also features seven ATP units. Given that GoCa currently only supports
coarse-graining of amino acids, to account for ATP’s contribution to the filament, we

treated ATP as if it were a tiny pentapeptide (Figure 26).
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Figure 26. A) Coarse-graining of RADS51; the beads are positioned in the coordinates
corresponding to Ca. B) coarse-graining of ATP; the beads are positioned in the coordinates

corresponding to the atoms circled in orange.

Hydrogen atoms were added to the structure via Amber’s Leap. GoCa’s toolbox
was used to generate coarse-grained topology and structure files; then, the starting
structure was generated using Gromacs, by randomizing the positions of the seven
monomers. A single MD instance was then carried out during 80 ns of simulation time

with a time step of 4 fs, using the Gromacs MD engine.

3.3.2 Results

The GoCa framework was successful in simulating the assembly of the RADS51
filament. To monitor any misfolding events we kept track of each monomer’s internal
RMSD; a few instances arose, but quickly resolved. At the same time, the permutation

invariant RMSD of the heptamer was computed (Figure 27). Since the filament is a
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homo-heptamer, a permutation agnostic RMSD calculation would often yield a

misleading result, since the monomers would not necessarily assemble in the specific

order in which they were indexed. This is by virtue of the GoCa architecture, which

allows for any permutation of monomers if they all share the same sequence and

folding.
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Figure 27. Internal RMSD of each RAD51 monomer (in different colors), and permutation

invariant RMSD of the heptamer to be assembled. Each monomer’s RMSD is relatively stable

at low value. The permutation invariant RMSD has two steep drops that correspond to the

formation of a intermediate hexamer and complete heptamer.

From a structural standpoint, the assembly happened stepwise (Figure 28), first

with the formation of two different oligomers that later fused giving origin to a

heptamer that finally came in contact with the last loose monomer.
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Figure 28. Schematic depiction of RADS51’s oligomer assembly. Step 0 shows the random,
initial coordinates; then a dimer forms (1), then joined by a third monomer forming a trimer
(2), followed by the formation of a second dimer (3). The trimer comes in contact with an
additional monomer forming a tetramer (4), that then binds the dimer forming a hexamer (5)

that finally binds the last free monomer completing the heptamer (6).
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4. Conclusions

These projects stemmed from the need of inquiring into the conformational
dynamics of the RAD51-BRCA2 complex, a particularly challenging target given the
intrinsic flexibility of both partners. Since the only available structure that details such
interaction features RAD51’s C-ter and BRC4, the starting point of our project was an
AlphaFold prediction of the full RAD51-BRC4 complex; we thus combined MD
simulations and experimental techniques (XL-MS and SAXS) to reconstruct the

complex’s conformational ensemble.

Albeit compatible with XL-MS data, the structure’s computed SAXS spectrum
did not match experimental results. We applied two different enhanced sampling
techniques: first, a sMD instance was carried out through the hySAXS scheme. Here,
the CV was defined as the complex’s SAXS spectrum, and the structure was driven
towards a conformation whose spectrum matched the experimental one. Interestingly,
when ignoring the protein’s solvation layer contribution to the spectrum, the
simulation resulted in BRC4 detachment from RADS51. Conversely, when taking such
solvation effect into account, the simulation was able to reach a compatible spectrum
without resorting to complex disassembly. A structure generated through sMD was
used to carry out MetaD simulations applying positional restraints to crosslinked
residues to comply with XL-MS data. Once obtained, the resulting ensemble was
reweighted using the MAXENT principle enforcing compliance with SAXS data while

preserving the original ensemble’s distribution to the maximum possible extent.

The reweighting results highlighted that, in order to match the experimental
SAXS spectrum, both compact and elongated structures need to be taken into account.
Further contact analysis between BRC4 and RADS51’s N-ter shed light on the
interaction between the two from a mechanistic standpoint. The interchange between
elongated and compact conformations, mainly due to N-ter displacement, seems to be
guided by long range interactions between charged residues on RADS1 N-ter and in

proximity of the LFDE motif on BRCA4.
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To gain more insight on RAD51-BRCA2 dynamics we broadened our scope to
include all eight BRC repeats. We tackled the issue from a relative binding free energy
perspective: indeed, all repeats have a degree of homology, but they differ significantly
in their affinity for RADS51. We first carried out computational alanine scanning to
estimate the contribution of each residue to the overall binding free energy.
Remarkably, the well-known FXXA motif always showed a great contribution
corresponding to its phenylalanine residue. Conversely, residues belonging to the
LFDE-like motif seemed to vary in their contribution within the repeats. From this
result, we inferred the FXXA motif, namely its Phe residue, to be the pivot of RADS51-
BRC:s interaction, while the LDFE-like motif could be responsible for the differences
in affinity between the eight repeats, together with other residues in proximity of the
two binding domains. To better inquire into this topic we moved to alchemical
transformations of single residues to verify what their influence is on the binding free
energy; we focused on residues in the LFDE-like motif and on residues close to the
FXXA motif. Fine tuning of the simulation parameters is ongoing and we aim at
carrying out the simulations for the selected mutations and possibly more with a solid

pipeline.

RADS]1 does not only interact with BRCAZ2, in fact, it often interacts with itself
as part of a homo-oligomer. We thus focused on reconstructing the process of RADS1
filament assembly. To do so, we relied on a GO model, given the availability of a
RADS]1 heptamer crystal structure. The simulation showed how the filament assembly
proceeds stepwise via the formation of smaller oligomers that then take contact with
each other to form the full heptamer. The project is ongoing and more replicates are

needed to gain relevant knowledge on the assembly process.
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Figure S1. Alanine scanning of BRC2 in the RAD51-BRC2 complex.

o
bl
e
——
——
—_
FH
— —
E—
——
—_—
H
——
-
————
— —
=
b
——
— —
=
o ~ < =] fea] o
| I | | —

|
(jowy/|e3) Abiaug

o~
—
I

<
—
I

Figure S2. Alanine scanning of BRC3 in the RAD51-BRC3 complex.

80



Supporting Information

———

o~ =+ O o] (=]
I | —

|
(jow/|edy) Abiaug

~
—
|

<
—
I

tsg
F Mo re
FSAT €S

rn1o ze
rdsv 1€
F3Hd o€
FNat 6z
r NSV 8¢
FSAT LT

rIvA 9z
rSAT S¢

FdSY ¥2
rnat ez

Y3s zC

FMo 1e
FSAT 0T
t6T
FI18T
FSKLT
FIUA 9T
tSAT ST
FSK v
FET
tdas 1
FIT
tYHL 0T
FAIH 6
F3Hd 8

rnatoe
ERES
rdHL v
roYd €
FMo 2
FSATT

Residue

Figure S3. Alanine scanning of BRC4 in the RAD51-BRC4 complex.
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Figure S4. Alanine scanning of BRCS in the RAD51-BRCS5 complex.
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Figure S5. Alanine scanning of BRC6 in the RAD51-BRC6 complex.
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Figure S6. Alanine scanning of BRC7 in the RAD51-BRC7 complex
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Figure S7. Alanine scanning of BRC8 in the RAD51-BRCS8 complex.
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Figure S8 Potential energy curves for the TI simulation involving wild type BRC1 and S12C
BRCI1, using the default a value. A) Peptide in water B) RADS51-BRC complex.
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Figure S9 Potential energy curves for the TI simulation involving wild type BRC1 and D32E
BRC1, using the default a value. A) Peptide in water B) RAD51-BRC complex.
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Figure S10 Potential energy curves for the TI simulation involving wild type BRC1 and K31T
BRC1, using the default a value. A) Peptide in water B) RAD51-BRC complex

86



Acknowledgements

Acknowledgements

This work wouldn’t have been possible without the vital contribution of my
superiors and colleagues, to whom I am deeply thankful; both the team in Bologna,
Professor Matteo Masetti, Mattia Bernetti, Francesco Rinaldi, Stefano Bosio, and in
Munich, Professor Martin Zacharias and Patrick Quoika. My gratitude also goes out
to those that, albeit not directly involved in this project, always offered their support,
Riccardo Ocello, Professor Federico Falchi, Riccardo Aguti, Luca Menestrina
Dominga Evangelista, Simone Romer. Thanks to my partner, my family, and my

friends, for always being there.

‘wWq

87



