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Abstract

This PhD thesis focuses on the employment of computational approaches for the study of the
interactions between biomolecules, a broad term that accounts for different molecular species
ranging from proteins to small ligands. Understanding how biomolecules recognize each other,
thus giving rise to complexes or assemblies, is a key point for the comprehension of biological
mechanisms in living organisms and for application purposes inetyaf fields, among which
drug design. These difficult and multidisciplinary issues strongly exploit in silico approaches,
which, in the last decades, have become increasingly efficient and essential for supporting and
guiding the experiments.

The research activity carried out during my PhD work mainly dealt with two projects. The first
one revolves around proteprotein interactions and concerns a specific-agse, namely the
necessity to predict how two affitins bind the human epidermaltyréagtor receptor 2 (HER2).

This project was carried out in collaboration with Dr. Alessandro Maiocchi (Bracco SapvAer
of two patents that cover the use of the two affitins as molecular probes targeting HER2), and Dr.
Elisabetta Moroni (SCITEC, Italn National Research Council).

The second project was conducted at the Computational Structural Biology group (Bijvoet
Centre for Biomolecular Research, Universiteit Utrecht) under the supervision of Prof. Alexandre
Bonvin and Dr. Marco Giulini. It aims at building a reliable protodmsed on the software
HADDOCKS3, which is developed at the CSB group, for the prediction of prgtggan
complexes.

The thesis is structured as follows.



Section1 briefly covers the role of biomolecular interactions and shows how the structure of the
complexes they form can be determined by means of experimental and computational approaches.
It is then explained how the projects discussed in the thesis fit intathework just presented.

Section 2 illustrates the theoretical foundations of the main methodologies used in the two
projects: Molecular Mechanics, Molecular Dynamics, Molecular Docking.

Section3 concerns the project focused on the prediction of the complexes affERL.

Section4 covers the project aimed at developing the protocol for the prediction of pgbyean
complexes.

Section5 aims to summarise the work done, highlighting the main results and, at the same time,

the future perspectives opened by the PhD work presented here.
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Section 1 + How do biomolecules interact? The role of

computational approaches

This section aims to illustrate the importance of a detailed knowledge of the structure of
complexes involving proteins, peptides, DNA, carbohydratesnd small molecules in
understanding the mechanisofanteractionof biomolecular system&ection1.1).

The most common experimental methods used to solve the structures of complexes will be
briefly covered Section 1.2). The essentiatontribution given byhein silicoapproaches will then
beaddressedvith a focus on how the main computational methods have advanced in recent years
and how they could be further improved to shed light on the intricate problem of biomolecular
interactiongSectin 1.3).

The necessity of adopting an integrative methodology, that combines diverse experimental tests
with both evolutior/function and physic$ased modelling procedures, will be highlighted at the
end of the section.

Finally, a paragraph will be dedicated to explaining how this PhD thesis fits into this framework

(Sectian 1.4).
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1.1 £Why and how to study biomolecular interactions

The human genoméully sequenced in 2022consists ofibout20000genesencoding at least
as many different proteifighis number however depends on how the human proteome is defined
It has been estimated thabre tharB0% of proteinsare involvedin complexesn which they
bind other protein partners. Thiaman Reference Protein Interactome Mapping Pragetcying
to reach the most comprehensive picturprofeinproteininteractions (PPI) ithe human body

To date, more than 600PPI have beemapped littp://www.interactomeatlas.org).

The formation of proteigprotein complexes idrivenby the free energy of the process, which
is mainlyrelated to physicochemical and geometriaperties of the interface. Many studibave
been performed with the aim of understandiitatthe key features of PRke

PPlare regulatedby several mechanisfthand are essential for the biological functions of the
organisms. The knowledge of how proteins interact with each other is essential for several
reason§ For example, the presence of mutations in the amino acidic sequence can lead to
conformational changes that in turn could interfere with the structure of a ppoté@in complex.
This could give rise to diseases such as cancer pathdldgiesaddition, bacteria and viruses
DWWDFN KRVW FHOOV E\ LQWHUDFW L€ufacd?. TheseVinkekactibhsF HS W R |
can also be mediated by other biomolecules, such as glycans. This is the caseSIERSI@oV-
2 spike proteinThis protein, which enters host cells by connecting to the angioteosirerting
enzyme (ACE2), is surrounded by a layer of glycans to hide from the immune s$stera.
specific glycansplay a crucial role in the movement and structure of the part of the spike protein
that binds to ACEZ. Removal of these sugars results in diminished binding to ACE2, highlighting
potential targets on the spike protein for vaccine desiggeneral, knowledge of the structure of

proteinprotein (or proteirbiomolecule) complexes is necessary for the design of modulators of
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theinteraction$®. Finally, characterization of PPI can also serve to understand the role of proteins

whose function is unknown, if the latter is known for the protein paftner

There is therefore a clear need to know as many protein structures and jpratiiim complexes
as possibleThis goal can be addressed by both experimental methods aitido approache’s
as shown graphically Figure 11.

Experimentamethods which were obviously the only possibility until around the 820s*,
allow direct observation of th@hysical phenomenonof partnersbinding thus providing
unequivocal results. However, they are linked to several limitations, from sample preparation and
proper seup of instrumentation to the time and the costs required for the analysis. Issues related
to waste treatment and the overall greess of the process should be considered too.

On the other handh silico approaches represent an increasingly powerful resource in structural
biology, among which artificial intelligence (Al) methods really are a breakthrough in the last few

years®.

Figure 11 +Overview of experimental (left) and computational (right) methods for PPI detection and determination of the structure
of protein complexes. The figure is reproduced from refefence
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The Protein Data Bank (PDB) whose birth was announced in a 1971 Nature 1é§E&ure
1.2), collects sincethen the atmic coordinates of proteins and the complexes they form with
protein partners or other biomolecules such as nucleic acids, oligosaccharides, and other small

ligands.

NATURE NEW BIOLOGY VOL. 233 OCTOBER 20 1971 223

Escape from Lysosomes

from a Comespondent

Three principal topics were discussed at
the second international conference of
the European group for the study of
Iysosomes which was held at Herceg
Novi from September 26 10 29: lyso-
somes in protozoa, in plants and their
role in immunological reactions. Evid-
ence for heterogeneity of lysosomes in
protozoa is accumulating. Dr M.
Miiller (New York) has found two
main classes of lysosomes in Tetra.
hymena, which can be separated by
isopyenic sucrose gradient centrifuga-
tion. Light lysosomes, with a density of
about 1.14 g-cm— have high concentra-
tions of proteinase, ribonuclease and
phosphatase, which are the main
enzymes added to ingested material to
form digestive vacuoles. A heavier
group of lysosomes, with a density of
sbout 1.24 g-cm=, has high amylase,
a- and f-glucosidase and g-N-acetyl:
elucosaminidase activities, and relatively
atge amounts of these enzymes are
secreted into the extracellular medium
during normal growth and starvation.

eckhout (Louvain) reported
that in the trypanosomid flagellate
Crithidia luciliae, acid phosphatase and
B-fructofuranosidase  do  nat  show
latency and other properties expected of
Iysosomal hydrolases; they are in a com-
partment of the cell accessible to sub-
strates but limited by a diffusion barrier.
Cylochemically, acid  phasphatase
activity is confined 10 the anterior in-
vagination of the plasma membrane
termed the flagellar pocket or reservoir,
which appears to play a role in endoc
tosis and digestion. This is an interest-
ing stage in the evolution of the vacuolar
system, and if the hydrolases of patho-
genic trypanosomes escape through the
flagellar reservoir into the external
medium they may play a role in patho-
genicity and antigenicity.

Digestion of reserve materials during
the course of development of fresh-
water sponges (Ephydatia mulleri and
Spongilla lacustris) from hibernation
bodies was described by Dr W, Tessenow
(Rosiock).  The reserve materials
(ribonucleaprotein, protein, lipid and

Although there is strong evidence for the
presence of hydrolytic enzymes in the
exoplasmic compartment of plant cells,
the function of secreted hydrolases has
been defined in only a few cases. These
include extracellular digestion by fungi
of proteins, DNA, RNA and phosphoric
acid esters. In germinating barley
grains, secretion of hydrolases (a-
amylase, RNAase, protease and f-
glucanase) into starchy endosperm is
involved in the degradation not only of
dead tissue but also of the walls of the
secreting aleurone cells. In  yeast,
f-glucanase in small vesicles derived
from the endoplasmic reticulum is dis-
charged into the wall to produce degra-
dation followed by budding at the same
site. The role of lysosome-like struc-
tures in extracellular digestien and plant
development clearly deserves further
study.

A contractile microfilament system in
the peripheral cytoplasm may play an
important role in endocytosis {phago-
cytosis of bacteria and pinocytosis of
fluid) in macrophages, and in the dis-
charge of granules containing histamine
from mast cells. Dr A. C. Allison
(MRC, Northwick Park) said that both
pracesses can be inhibited by the fungal
product cytochalasin, which disturbs
microfilament fun
chicine,

CRYSTALLOGRAPHY

Protein Data Bank

A repository system for protein
crystallographic data will be oper-
ated jointly by the Crystallographic
Data Centre, Cambridge, and the
Brookhaven National Laboratory.
The system will be responsible for
storing atomic coordinates, structure
factors and electron density maps
and will make these data available
on request. Distribution will be
on magnetic tape in machine-read-
able form whenever possible. There
will be no charge for the service
other than handling costs. Files
will be updated as new material is
received. The total holding will be
announced annually in the organic
bibliographic volumes of the refer-
ence serics “Molecular Structures
and Dimensions™ published for the
Crystallographic Data Centre and
the International Union of Crystal-
lography by Oosthoek’s, Utrecht.
The success of the proposed
system will depend on the response
of the protein crystallographers
supplying data. These will be ac-
cepted either “raw™ or refined, in
machine-readable form or as manu-
setipts.  Laboratories intending to
join the scheme should communi-
cate with Mrs Olga Kennard or Dr
. G. Watson at the University
Chemical Lab i Lensfield

microtubules.  Adjuvants, which in-
crease immune responses especially to
poorly immunogenic materials, seem to
act primarily on macrophages, although
thymus-depenident (T) lymphocytes are
required for adjuvant cffects. There is
a correlation between the potency as
adjuvants of many compounds and their
capacity to interact with membranes.
That particles (such as bacteria or silica)
are adjuvants suggests that the effects
are exerted on lysosomal rather than
plasma membranes, Such an interaction
may perhaps release material from
macrophage  lysosomes  that  can
stimulate proliferation of T lymphocytes
and so increase their participation in
immune responses,

Dr A, Trouet (Louvain) reported that

Road, Cambridge, who are respon-
sible for the organization of the
system. Data can be submitted to
Cambridge or to Dr W, C. Hamilton
at the Brookhaven National Labora-
tory, Upton, New York 11973,
where the data will be compuier
processed

The two centres will maintain
identical files and both will provide
data services. The new data bank
is intended to supplement existing
publication media so that depositing
material in this form is not a sub-
stitute for the publication of the
results of structural investigations
in a scientific journal.

Figure 12 £The page of the Nature isStwere the Protein Data Bank was first introduced.

As of the current date (October'®2023),210836structures are deposited in the PDB.
Most of them (179069) have been determined ayXcrystallography, 17202 byrgogeniq
electron microscopy (cry&M), and 14013 by nuclear magnetic resonance spectroscopy (NMR),

as reportedh Table 11.
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Multiple

Molecular Type X-ray EM NMR Neutron Other Total
methods

Protein (only) 158541 11607 12285 197 73 32 182735
Protein/Oligosaccharide 9250 2042 34 8 1 0 11335
Protein/Nucleic Acid 8277 3651 284 7 0 0 12219
Nucleic Acid (only) 2727 109 1467 13 3 1 4320
Other 164 9 32 0 0 0 205

Oligosaccharide (only) 11 0 6 1 0 4 22
Total 178970 17418 14108 226 77 37 210836

Table 11 +PDB Data Distribution by Experimental Method and Molecular Tyg#pé://www.rcsb.org/stats/summagccessed
on October 23, 2023).

As shownin Figure 13, X-ray crystallography was the only technique employetd the late
1980s, when NMR experienced significant growth that lasted until-2008. CryeEM has been
increasingly usedver the past two decades, and this trend is still growing thanks to the-atomic

level resolution that is now achievabie

S ———— e —f—

Figure 13- Number of Released PDB Structures per Yetp$://www.rcsb.org/stats/ateleasedstructures accessed on October
234, 2023).
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Some structures have also been determined by the use of multiple methods simultaneously
(Table 11), e.g., by couplingolution NMRwith solid-state NMR or with Xray diffraction, a
useful approackvhen the use of a single technique is not sufficient forghabledetermination
of a threedimensional structure.

In addition tothe structures determindy experimental methodsjnce 202dthe PDB has a
section F D O Qd¢ifputéd Structure Models (CSM) +HUH PRUH WKDQ PLOOLRAQ
collected, that isalmost 5 times the experimentally determisédicturesmainly retrieved from

the AlphaFoldDB (https://alphafold.ebi.ac.uk/Although some of them are predicted with low

confidence (around one fifth of them shows glgadicted locablistance differencLDDT)
scoe'® < 70), more than 35% have a global pLDDT > 90, corresponding to a high accuracy cut
off?%, This highlights the undoubted central roleinfsilico approaches, and especially artificial

intelligence (Al) methods, in determining biomolecular structures.

The next sections will provide a brief overview of experimentathods $ecton 1.2) andin

silico approachesSection 1.3).
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1.2 tExperimental methods

X-ray crystallography

As shownin Table 11, X-ray crystallographys by far the most employed technique. Bri€fly
thethreedimensional structure @f protein, or of a complex, is determined starting fearystal;

a highly concentrated, purified samplehsis required. The crystal iken subjected to an-kay

beam. The diffraction patterns produced are analysed, initially providing details about the
symmetry of the crystal packing and the dimensions of its repeating unit, evident from the
arrangement of diffraction spots. The briglsmeof these spots allows for the calculation of
structure factors, which in turn proaM a depiction of electron density. Through several
enhancement techniques, this electron density map is refined to a clarity level that facilitates the
construction of the molecular structure, based on the protein sequence. Finally, this derived
structureundergoes further refinement to better align with the map and to assume a conformation
that is thermodynamically optimal.

The limits of this technique are manifold. To start wikttg trystallization of the sample already
implies some difficulties in that the preparation is not always straightforward, due for example to
instability issues. Moreover, it is not granted atladitthe conformation assumed by protein in a
crystal coincides with the conformation it would assume in physiological conditions, i.e., in its
natural environment, where multiple states, equally favourable from a thermodynamic point of
view, could alsoexist. Thus, the dynamic nature of a protein is poorly accounted for wiidyX

crystallography, a limitation that does not to allow a complete view of a protein's behaviour.
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Nuclear MagneticResonance

As depicted inFigure 13, NMR spectroscopy has been extensively used in the last ten years of
the past century, before reaching a plateau.

Usually, theprocedurdor the determination of a protein structure with NMR involves the four
following stage® i) preparation of thésotopelabdled protein samplgi) NMR data collection
and analysiswith the assignment afhemical shifts ofH, N, and'*C atomsiii) calculationof
the structureand refinement using distance and/or orientation restrargsnuclear Overhauser
effect (NOB-derived restraints aresidual dipolar couplingrientation restraints; iv§tructural
guality assessment

One of the challenges in this waksessed technique involves the improvement -aklin
NMR?Z, which is used for studying macromolecules in living cells. It has been $hthai the
combination of atomitevel characterization by classical solution NMR witkcedl NMR allows
previously unreached insights into cellular processes and drug efficacy. Moreover, NMR still faces

problems related to sensitivity and timing of datalgsi$*.

Cryogenic Electron Microscopy

7KH 1REHO 3UL]JH LQ &K H P HavslbpihgZipeeleBidivridrqseopy faR U 3
thehighUHVROXWLRQ VWUXFWXUH GHWH U#®.0pdashnigu@aRbe&. RP R OH
increasingly used in the last twenty years, and this trend still is grolmi2@20, the structure of
apoferritin was determined with atomic resolution (1238. CryoEM?®is based on 3D electron
microscopy (3BEM), where biological samples are directly visualized using transmission electron
microscopy (TEM), prior to a treatment were the sample is placed on a thin support and frozen in

order to minimize the damage of tleiations. TEM images correspond to 2D projections of the
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3D particles in the samplahich containsnultiple copies of the same particle in many different
orientations.The several 2D views from various angtd@sthe sample are mergeato one 3D
imagethanks tothe projectiorslice theoremThis theorem states that the Fourier transform of a
2D projection is a central slice through the 3D Fourier transform (passing through the origin) of
the underlying structure, the projection direction being orthogonal to thetétinee, if the angles
of various 2D views arknown, their respective 2D Fourier slices can be correctly placed within
the 3D transform, allowing for the computation of the original 3D form using the inverse Fourier
transform.

One of the main advantages, at least with respectray Xrystallography, is that cryeM does
not require a crystallized sample: smaller quantities are thus necessary for performing the analysis.
On the other harif the low sample concentrationsould cause the dissociation of weakly
associated complexes, whose determination is thus more difficult. An emerging technique is the
microcrystal electron diffraction (MicroEB) which overcomes problems related to the size and

allows to study membranes and protdmg interactions.

19



1.3 #In silico approaches

To get an idea of how silicoapproaches are increasingly being applied in the study of proteins,
a search in Scopus was conducted for articles that include the terms 'docking’, 'machine learning’,
‘AlphaFold’, and 'AlphaFold2' in the title, abstract or keywords. The trend in the occurrence of
these terms, along with 'protein’ and 'structure’, is showigure 14, for the time interval 2000

2022.

—e— Docking
Machine Learning
—e+— AlphaFold/AlphaFold2

Figure 14 tNumber of occurrences in Scofdb#ips://www.scopus.cohdf the terms Docking, Machine Learning, and AlphaFold
RU $OSKD)ROG LQ FRQMXQFWLRQ ZLWK WKH WHUP USURWHLQY DO @IABVWUXFWXU'

In silico approaches can be coarsely divided into funeti@volutionbased methods and
physicsbased methodsjowever this classification is not rigid, as the two can be combined to
achieve greater accurdcfFunction/ evolutionbased methods are presented in the next paragraph,
while physicsbased methods, which are the approach adopted in this thesis, Vailefig

introduced heranddescrbed indetail inSection?2.
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Function-/ evolution-based methods

Function/ evolutionbased methodgly on the following points First, interacting proteins tend
to be encoded by genes that are located nearby in the genome, anddbeyréo similar species,
showing similar evolutionary ratesiteracting proteinare also ceexpressed in the same tissues,
at the same time. Moreover, the same prepeotein interactions occur idifferent specieshus
allowing homology modelling to be exploited for their detection. Finally, coevolution, i.e., the
process whet®y two distinct residues within a protein or between two proteins mutually influence
their evolutionary pathsstypically observed foresidues that are in direct contact

The prediction of a protein structure can thus exphatknowledge thatoevolving residues are
usually close in spaé The use ofappropriateglobal statistical methodsable toanalyse
coevolutionary signals from deep multiple sequence alignments (M8®&)led, sincéhe 11"
round of the Critical Assessment of Structure Prediction (QA®Psignificant improvement in
thede novaprediction of complex protein structufés

Further progress was achieved a few years later, whievolutional neural networks (CNNSs)
were introducedto translate MSA covariation into the likelihood of interactidmestween
residies’®.

This advancement notably increasleglaccuracyof structureprediction inspiringdeep learning
(DL)-basedmethodssuch as thdirst version of AlphaFol#f, which was the top performer in
CASP13? orRoseTTAFold. With the growth ofDL techniquesthe version 2 of AlphaFofd,
sometimes found aslphaFold2, achieved neaatomic precision in structure prediction durthg
CASP14CAPRIexperiment’. TheCASRCAPRI experiment will beovered in detail iSectim

2.3
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DL-basedmnethod for protein structure prediction, such as AlphaFold, are protiablyiggest
revolution in structural biologgince a long time. They are expected to be a key tope&sgarch
for the years to com® also considering that there is still room for improvement.

For example, a currenintitation observed in AlphaFold is the dependence of the accuracy of
the model on the depth of MSA, i.e., on the number of sequences. Although MSA information is
essential for the coarse definition of the structure, it is not the only factor that influences the
refinement of the model’

In generd, predictions may fail when the amount of coevolution informatiangsfficient or
not available at all, as is the caf®,instancewith proteinsengineeredo bind a specific target
The prediction of the binding of small ligan@gycans, small molecules and cofacjdosproteins
has not yet been solved. This probleratisently being addressed by Alpha#iliwhich adds the
ligandsto the proteimmodels predicted by AlphaFold based on sequence and structure similarity
to experimentally known structures.

In addition to predicting particularly tricky structures, one of the greatest challenges that
methodssuch as AlphaFold need to address is probably how to account for the intrinsic dynamic
nature of biomolecules, which is essential in their biological actiVhg. problem lies in the data
used to train the neural netwsr@n which these methods are basBdese data, which consist
mainly of the atomic coordinates of experimentally determined structu®$) RYLGH RQO\ D 3V
view of the structures. déWewer, it is known that proteins and biomolecules in general should be
better represented as an ensemble of conformations.

Therefore eventhoughwe are in the era of Al methods, physbzsed methodare still

necessary to address the abowentioned issues
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Physicsbased methods

Physicsbased methodstudy the interactions between biomolecules by modelling the physical
forces that are responsible for the biding between the two partners. These melhais a
classical description of th&ystem and include molecular mechanics (MM), molecular dynamics
(MD), andmolecular dockingthey are described ohetail inSection2.

Their peculiarity, compared tonethods baseohly on evolutionary informatians that theycan
take intoaccount the dynaminature of biomolecules atiger interactiors, whichin many cases

is not negligibé.

To conclude, dinction/ evolutionbased methods and physleased methods can beupled to
achieve greateaccuracy’. This has been donégr instance, withiScoré’, which combines
HADDOCK energy term®, accounting for the empirical / physical pawith a score obtained
using a graph representation of prot@irotein interfaces and a measure of evolutionary
conservation ,QVWHDG L &%) MD difnulaidRsake usedmong other thinggo refine

AlphaFold models.
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1.4 +Thesis framework

As remarked in a very recent Nature Viewpoint arffcleach of the most common experimental
techniques provides an incomplete picture of the biomolecule one tries to visualise. On the other
hand, in silico approaches, while showing increasinggpressiveperformance, cannot give
unambiguous answers to the intricate puzzle of biomolecular interactions. Therefore, they cannot
substitute experiments.

Instead, different methodboth experimental anid silico, should be combined, thus applying
an integrative approaththat would provide a more comprehensive view of the object of the study.

This PhD thesis fits in the picture just drawn, in the sense that pihasesl computational
studies of different biomolecules and their interactions are carried out, while at the same time
accounting for some experimentally derived information.

This certainly applies to th@ojectconducted in collaboration wiBracco S.p.AWith the aim
of understanithg howtwo affitins bind the humanepidermalgrowth factorreceptor 2 (HER2)
information on competition for specific HER2 sites is exploited to guide docking calculations.
Once docking models are obtained, the availability of tdieensional structures of HER2 with
other protein partners is used to perform targeted experintesta) which are necessary for an
unambiguous determination of thedbing interface.

The projectcarried out at th&€omputational Structural Biology group (Universiteit Utrecht)
aims to builda reliableprotocol for the prediction of proteiglycan complexeby making use of
the inhouse developed HADDOCKS3 docking programme. Here, docking calculations are not fully
blind either: thestudy isconductedn a dataset of known complex#sus information about the

protein interface is used as a restraint to drive the docking calculations. In a realistic scenario,
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where the thredimensional structures would not beadable, the interface residues could be

identified experimentallyby, for examplethe analysis of NMR chemical shift perturbation.
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Section 2 +Methods

This section covers the main physlmased computationapproaches used in the projects
discussed in this PhD thesis. They are all based on a classical description of the systems, an
approximation needed to deal with proteins, which consists of thousands of atoms. Ther size makes
them not suitable for a compégtquantum mechanitsased description, which would have to
account for electrons explicitly. However, such an approximation is suitable when the object of
the study is not directly affected by electrons behaviour, as it happens for example in chemical
reactions or processes where electron transfers occur. The study of ymatiim or protein
glycans interactions, on the other hand, can be safely performed with approaches based on classical
physics. Norcovalent interactions between (bio)molecules aranpariven by van der Waals
and electrostatics contributions, which, although governed by electrons, can be described with
simple potentials.

Molecular Mechanics (MM) and Molecular Dynamics (MD), used to study the dynamic
behaviour of molecular systems at the atomic level, are first discuSeetiof2.1 and Section
2.2, respectively).

Molecular docking, a method widely used for the prediction of biomolecular complexes, such

as proteirprotein or proteirglycan complexes, is then introduc&e¢€tion2.3).
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2.1 +Molecular Mechanics

The BorrnOppenheimer approximation states that the {il@pendent wave function of a
molecular system can be treated separately for electrons and nuclei. This is a consequence of the
much smaller masses of electrons compared to the masses of nucleicausel them to move
on different time scales, with electrons obviously moving faster. It can therefore be assumed that
the electrons follow the motion of nuclei instantaneously. With the -Bgmmenheimer
approximation, only the nuclear motion can be cargid, while electronic degrees of freedom
influence the dynamics of nuclei in the form of a potential energy surface (PES).

In the Molecular Mechanics (MM) approach, the PES is described by means of a set of functions,
empirically derived, that present mathematical forms typical of classical mechanics. The MM
method is a natural development of the concepts and formalismsrafiatital spectroscopy. A
molecule is considered as a set of bond lengths, bond angles, and torsional angles. The energy of
the molecule is associated with the geometric deformations described in terms of these coordinates
plus the contribution of the varedWaals forces acting between Amonded atoms. The basic
LGHD RI 00 LV WKDW WKHUH DUH 2QDWXUDO” YDOXHV RI WKH
LOQWHUDFWLRQV EHWZHHQ DWRPV L H LQ DQ 2LGHDO” PROH
DVVXPH LWV 3QDW XldlbcOlar 3yBténs HeachQtdohHhniefacts with all other atoms in
the molecule; the values of the geometric parameters will then be deformed compared to their
natural values: it is said that the molecule hasan. The MM method assumes that it is possible
to calculate the energy associated with these deformations.

The set of functions used to describe the PES and the empirical parameters that appear in the
functions are called force fields (f.f.). The parameters used in the functions to calculate potential

energy are adjustable parameters; they are optimized todieg@ a range of experimental or
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calculated molecular properties, such as geometries, conformational energies, heats of formation,
vibrational frequencies, and so on.

The basic assumption of MM is that the parameters optimized for a certain molecular fragment,
for example, the parameter related to th&€ ®ond distance, are transferable, for the same
fragment, from one molecule to another; in other words, the paranaergtrieved from a
reduced set of simple molecules and then used in the calculation of more complex molecular
systems.

The parameter transferability assumption cannot be proved a priori, but it finds its validity in the
results obtained, generally in good agreement with experimental evidence, thus justifying a
posteriori the hypothesis that individual molecular fragmeiatge hsimilar properties in both
simple and complex molecular systems. Furthermore, parameter transferability allows the f.f. to
be extended from a set of already optimized parameters to include new molecular fragments or
new classes of molecules. A singlaralard transferable value, the natural value, corresponds to a
certain type of bond or bond angle and the equilibrium geometry is found relaxing the molecule to
its minimum energy value. In MM, all possible internal coordinates plus those concerning non
bonded interactions are used. Each coordinate (bond distance, bond angle, torsional angle and non
bonded distance) tries to assume its natural value: the equilibrium geometry derives from the
balance of the forces associated with each coordinate.

OROHFXOHYVY DUH YLHZHG DV 3PHFKDQLFDO PRGHOV™ LQ ZKLF

SRLQW SDUWLFOHY OLQNHG WRJHWKHU E\ VSULQJV ERQGYV
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When a molecule consisting of n atoms and defined in terms af@wordinates is deformed
with respect to its reference geometry,ifx€orresponding to a minimum of potential energy, V

its potential energy can be written as Taylor series expansion:

9, EI |08 ATyE~ | F—668 G ATATE &
S&rlw 94 S OTUp U t(‘g'( TP T Ak
4 4

The W term is a constant for a particular molecule and can be considered as a reference value,
which is equivalent to setting it equal to zero. The first derivative of V, calculated for the
equilibrium geometry, is zero by definition. Moreover, considering lstingblacements, terms of
higher than second order can also be neglected (harmonic approximation). In first approximation,
therefore, the potential energy will depend only on the third term of the expansion, that is, on the
second derivative of V whtrespect to the coordinates¥x

Substituting the expression of the second derivatives, which are the force constants, with the

symbol f;, we obtain the relationship corresponding to a simple harmonic force field:
s 74
&rlwy | BATAT
v
This equation exactly defines, within the harmonic approximation, a system of coupled harmonic
oscillators. The force constants are typically represented as a matrix in which the diagonal terms

correspond to i = j. If all offliagonal terms are zero, thaf if the set of oscillators is totally

GHFRXSOHG WKH UHODWLRQ VLPSOLILHV WR WKH +RRNHTfV O

74

Srbpl BATS

u

However, to obtain a better description of nuclear motions, and consequentguigi

equilibrium molecular geometries, it is necessary to add a number of mixed terms to the harmonic
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equations; the inclusion of mixed terms is a necessary condition for the development of

transferable force fields.

In the MM method, the energy of the molecule is defined as the steric engrgiel by the
sum of M different potential energy functions, V, each dependent on the value of N geometric

coordinatesof W\SH ERQG DQJGH WRUVLRQ « T

£ Co daax 0auRg caaxUaa
‘el I T 8MeL I 8ecamyetM E | 8gaxdMOE | &aamoabbiE
u b Uab Y@b P@b

E&oxopo0rk 8roocaaxbEoitivs =

Within the harmonic approximation, a generic potential function V is expressed by the

JHQHUDOL]J]HG +RRNHfV ODZ

G
BiMs L I < - 0N oF M

b

where K are the force constantsi tp the value of the-kh geometric coordinate, andig’ the
SQDWXUDO™ Y R xrdinekvDuld take<if-straiins were absent.

The interactions generally considered in the potential energy function are:

- 1-2 interactions (bond lengths, stretching)

- 1-3 interactions (bond angles, bending)

- 1-4 interactions (dihedral angles between pairs of bonds, twist)

- Interactions between ndsonded atoms, or between atoms separated by more than two bonds.

Generally, they include a van der Waals contribution and an electrostatic contribution.
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The steric energy is given by:
Es = Vstretchingt Vbending Vtorsionait Vnonbondedt Other terms
WHWZHHQ WKH SRWKHU WorabdPtve” mixgcKtetmS b &b stvetietnding
term, Eb), can be particularly relevant.

The following paragraphs show some frequently used potential functions.

Bonded potentials
Stretching and bending potential functions
For these two potential functions, thermonic approximation is generally assumed to be valid,

and the oscillators are considered to be independent:
. S . .6
&egé@l{j@lﬂ'\t L_t - NF N

Bo0ax v LT -6 F &0
,Q WKHVH WZR H[SUHVVLRQV U DQG DUH WKH YDOXHV DVV
DQJOH ZKLOH U f DQG f DUH WKH FRUUHSr&mQGLQJ QDWXUL
7KH KDUPRQLF DSSUR[LPDWLRQ PD\ QRW EH VXIILFLHQW IR
Therefore, higher order corrective terms with thimdd sixthdegree functions were introduced
for stretching and bending, respectively.
To reproduce the stretching that occurs in bonds in response to an angle deformation, the

introduction of a mixed term (the stretchibgnding potential) is required:

S Y Y .
Becamyonooax vk -2 6NF NiiaF a;
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Torsional potential functions

The potential function must be periodic: after a 360° rotation of the torsional angle, the potential
must return to its initial value. In addition, torsional motioeguire rather small energies, when
compared to stretching and bending energies. Thus, molecules may present significant torsional
distortions from the minimum. For this reason, it is not a good practice to use a Taylor series
expansion of the torsional fmtial, but it is preferable to use a Fourier series expansion. For the
ABCD torsional angle, the torsional potential is given by:

8. 2 wuakds @772 KOR;
a@

Where n = 1 describes a periodic rotation wit period 360°; n = 2 is periodic with period 180°; n
= 3 is periodic with period 120°; and so on. The value of grmhkstant determines the height of

the barrier: depending on the case, sopeokstant can be equal to zero.

Non-bonded potentials
The interaction energy between Aeonded atoms is calculated as the sum of two contributions:

the van der Waals term and the electrostatic term.

van der Waals potential function

The general form of any neébonded potential function is given by the sum of two contributions:
a repulsive one, acting at short range; an attractive one, acting at long distance and tending
asymptotically to zero as the distance r increases. The fitdsnep contribution arises from the
repulsive force that is established between the electronic distribution of two close enough atoms.

This force is also known as exchange force, or overlap force, since it is established between
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electrons with the same spin. The second attractive contribution results from molecular interactions
between instantaneous dipoles, even though the interacting fragments do not possess a permanent
dipole moment. These forces, which in quantum mechanieatntient derive from electron
correlation, are calledispersive forces or London forces.

A function frequently used to describe the van der Waals potential is the Lelumesl pair

potential (also called-&2 potential):

~

. NU586 NU:
8A®aa©?a&@a®|eeY0@NA Ft @NA

ZKHUH 0 GHILQHV WKH GHSWK RI WKH SRWHQWLDO ZHOO U
the van der Waals radii of the interacting pairs of atoms), and the exponent 12 defines the hardness
of the potential, that is, its steepness for distancesvbedjuilibrium.

The use of a pair potential means that the interaction between an atom of type A and an atom of
W\SH % ZLOO EH GHVFU L EAd Bndslottdined Koy aSpbopriateiking kilesy 0
from the parameters related to the AA and BB interactions. The rules generally adopted are as
follows:

*AB = I*aa + I*gB

Y» I— ¥Y° Y»»

Electrostatic potential function
The electrostatic contribution is generally calculated by the interaction between the net atomic

FKDUJHV XVLQJ &RXORPEYV ODZ

- MM
8@8@0@5@13&350'{;;%\?

28



ZKHUH 0 LV WKH GLHOHFWULF FRQVWDQW 7KH DWRPLF FKI
uniquely defined, nor can they be derived from experimental measurements, since they are not
physical observables of the system. In MM, the atomic charges casategdtas parameters: their
values can be determined by quantum mechanical calculations.

The classical electrostatic contribution contains only pair contributions. However, in polar
species the three bodies contribution are not negligible: these contributions can be modeled by

including a polarization term in the electrostatic potential.

Force fields
As mentioned above, force fields are the combination of the set of functions used to describe the
PES with the empirical parameters that appear in those functions. Depending on the size of the
molecular system and thevel of detail one wishes to achieve in its study, the molecular system
can be represented with one ore more of the following classes of force fields:
1) All-atom force fields. As the term suggests, molecules are treated at the atomic level, i.e., all
the atoms are considered explicitly.
2) Unitedatom force fields. In these f.f. certain groups of atoms (usuallypotar hydrogen
atoms attached to a heavy atom) are treated as single entities. This simplification reduces the
number of particles and interactions, making calculations faster.
3) Coarse grained force fields. These are even more simplified models where several atoms or
even entire functional groups are represented by single interaction sites. They are used for

the study of very large systems and/or long processes.
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Besides this classification based on the level of detail used to describe the systems, force field
can also be distinguished depending on the systems they are designed to describe, i.e., proteins,

nucleic acids, lipids, smatholecules, or oligosaccharides.
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2.2 *Molecular Dynamics

Molecular Dynamics (MD) simulations exploit the MM principles to predict the-tliey@endent
behaviour of a molecular system. In a MD simulation, Newton's laws of motion are integrated over
WLPH WR REWDLQ WUDMHFWRULHYV tAKghad¢ spdddiofHhe gystenvy L D O O

described below.

The phase space

Classical mechanics allows a complete description of a system consisting of N particles with 3N
spatial coordinates (rN) and 3N momentum coordinatps(p"). The space defined by this (3N
+ 3N) set of variables is callgghase spaceThe state of the system is defined by the values
assumed by these 6N coordinates.

In a classical description of the system, its energy is defined by the sum of the kinetic energy
K(pM), which depends on the momentum of the N particles, and of the potential enety V(
which depends on their positions.

E(, .., N, P1y .oer, ) = E N, p™) = K(PY) + V()

The energy assumes a continuous spectrum of values, for each fixed set of coordinate,values (r
ceery N, P, -...ry B), 1€, fOr each point in the phase space.

The canonical partition function Q for a system of indistinguishable particles takes the form:

Q =k 33exp[ E (N, pM)] drN dp"

where k is a normalization factor equal to 1/(NMh The double integral is shown for

convenience. In fact, there should be 6N signs of integration since the integration must be done

with respect to 3N position and 3N momentum variables.
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In the dominant configuration, the probability P*(p") of a state within the phase space is

given by the relation:

P*(rN, pN) = expf EE (", pM)]/Q

The average value of a property A, denoted by <A>, is given by the average of the values the
property takes in the various states of the system (i.e., in the phase space) weighted by the

probability of the states in the dominant configuration:

<A> = 33A(rN, pN) P*(rN, pN) dr™ dpM =

=[22A(r", p") expE B (™, p")] dr™ dp™ ]/ [ 2%expl B (™, pM)] dr™ dp"]

The problem is to calculate the values of these integrals. In general, we should calculate the
value of the energy of the system at each point (state) in the phase space. This procedure is not
feasible, because the number of variables is too high.

Moreover, it is not an efficient procedure in the sense that the calculation of the integral at the
denominator (corresponding to Q) involves the generation of a large number of states (in principle,
all). Therefore, even all the high energy states, haeogsequently low probability and low
weight in the calculation of <A>, would be calculated. In other words, all states would have equal

ZHLIJKW ZKHQ LQ UHDOLW\ WKH\ GRQYW

Molecular simulations methods, among which MD, were thus introduced for the generation of

a set of states representative of the phase space accessible to the system, which are then exploited

for the calculation of its energetic, structural, thermodynamicdynamics properties.
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General concepts of Molecular Dynamics

In the MD approach, the value of a desired property A is obtained as the average value that
property A assumes in a single system that evolves for an ideally infinite time.

Suppose we want to determine the value of a macroscopic property of the system. Its value will
depend on the positiom) and momentump() of the particles that constitute the system. The
instantaneous value of the property will thus depend on the instantaneous values of these variables
at time t, that is: A(t) = AfN(t), pN(t)]. Over time, the instantaneous value of the property will
undergo fluctuations due to the interactions between the particles. The experimentally measured
value will be the time avage of instantaneous values, denoted as {A3V WKH 3REVHUYDWLR

2 Rl WKH V\VWHP LQFUHDVHYVY WKH YDOXH RI WKH WLPH DYHU|
Area, becoming equal to 4 for an infinite observation time. The time average is given by the

relation:
Area={A}i= HEE 1 #5CR&CR@ P

In theergodic hypothesjgime average and ensemble average coincide:

c@

: “C.D4C- 5 & e o
Areal = |:|'E)glg@4 #>C'P’a_C'P’?@EEE)[;EAEL@B#>8'P1&_8-R?

and this holds true for any choice of initial conditions values.

To calculate the instantaneous values af¥&), pN(t)], it is necessary to simulatee dynamic
behaviour of the systerfor this purpose, the following operations must be performed:
1. Choice of a proper force field fahe description of intraand intermolecular interactions of
the system.
2. Calculation, using the selected force field, of the potential energy valligfa( a given initial

disposition of molecules ithe space.
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3. Calculation of the forces acting on each atom of the system by differentiating the potential
energy expression E - [ W(rN)/ w]

4. Calculation ofthe acceleratios, once theforces acting on each atoare known using
Newton{ &quation of motion = ma

5. Integrationof the equationof motion for each particleto determine changes in position,
velocity, and acceleration as a function of tinhetegrationof the equationss done by
considering M time intervals t, small enough to assume the acceleration acting on the particles
in the intervalas constantin this way, the trajectory is calculateding the equation of
uniformly accelerated motion.

6. Calculation of the propertA of thesystemas time average of the values tAassumes in the

considered M time intervals. As,{= M 't, the equation

AreaI:{A}t:|§|’E)é;icfgl #>~Q:P,é_§3:p,?@ P

becomes

£ £
S . S
#= L I—Pol #Ho "CE&C PL I—p i #y:7%&%;
e ' e

The choice of the time intervak depends on the systamder investigationGenerally a time
interval of one (or two) orders of magnitude less than the frequency of the fastest motion within
the systenshould be choseff one wants to increase thévalues to perform faster computations,
the degrees of freedom with higher frequencies can be removed from the system by means of

suitable algorithms, such as, for example, the SHAKE or the LINCS algorithms.
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Setting up a Molecular Dynamics simulation

Boundary Conditions

During MD simulations, iis necessary tensurethat the molecules at the boundes of the
V\VWHP DUH QRW DIIHFWHG E\ WKH VR FDOOH @revgnmvat® HIIHFW
molecules forrmg the solvatiorshellof a proteiffrom SHYD BB UD/M DYRLG WKHVH HIIH
molecules forrmg the system are insertedboxes surrounded by a periodic series of exact copies
of the original box (Periodic Boundary Condition, PBC). In this way, the molecules at the outer
boundaryof the original box interact with the molecules in the adjabert Moreover, to prevent
a molecuéfrom 3V idd itselfin a copybox, the Minimum Image Convention applies: each atom
sees no more than one image of every other atotime system. To speed tipe calculationof
nonbonded interactionsa threshold valués introduced for theicalculaton. The interaction
energy between two atoms is calculatetthdyare at a distance less than or equal to the threshold
value. The threshold must bess than half the length of tihex, so that a particle does not see

itself or the same molecutwice.

Initial configuration
In general, it is b& to starta MD simulation from an initial configuration that is eleseas
possible to the equilibrium situatida be describedr-or this purposegthe potential energy of the

system is initiallyminimized so that ne@xcessively3G LV W R U W &té&preserHtJ LR Q V

Initial velocities

To conduct the simulatiothe particlesnust be assignaditial velocitiescompatible with the

desired temperaturdhese areandomlyassigned to the atomwith the constraint thahe total
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linear and angular momentum of the systagreerog or, in other words, that the system does not

translate or rotate as a whole.

Thermodynamic ensemble

Performing a MD simulation requires the choice of a thermodynamic ensemble among the
canonical (N, V, T), microcanonical (N, V, E), isotherasalbaric (N, P, T), and grand canonical
HQVHPEOH 9 7 '"HSHQGLQJ RQ WKH V Ht@edHtawdstrdh@v HPEOH
constant must be checkddring the simulationTo this end, algorithms acting as computational
SWKHUPRVWDWYV™ DQ @r Hie@pprpMiaid3cMivg oDenPeRatfire and pressure,

respectively, in order tguarante¢he preletermined conditions.

Equilibration and production phases

Starting from the initial conditions, the system evolves over time and reaches equilibrium. If the
simulation is performed at constant T, velocities are scaled until the desired T is reached. During
the equilibrationthe values of various properties (E, K, V, T, #hat charactesethe selected
simulation ensemblare monitored. When these quantities asscomstant/alues the production
phase of the dynamics begins: data collected in this @inagberused to calculate the properties
of interest.If the simulation sampled all points in the phase space (ergodic trajetherygsults
would be independerff the initial configuration. However, due to the extremely laigeof the
phase space, it is not possibleottainan ergodic trajectory frora singlesimulation.For this
reasonsimulationsare usually repeatestarting from different initial configurationsn order to

improve phase spasampling enhanced/biased MD approaches can also be applied.
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2.3 xMolecular Docking

General concepts andvorkflow

Molecular docking is a widely used computational technique for the prediction of the three
dimensional structures of biomolecular assemblies, such as ppoté&in and proteHtigands
complexes. It consists of searching for the geometry of the compdeting from the unbound
forms of the two (or more) partnerdy generatig possible solutions (poseshd ranking the
resulting poses using appropriate functions.

Docking was first introduced more than 40 yearslagod has since then impressively
progressed, thanks to development of efficient algorithms and the availability of increasingly
powerful computing resources. A variety of docking approaches are available at the pre&ent date
All of them are still characterized by a nearly common workflow foreseeing the followingd.steps

1) Preparation of the thredimensional input structures

2) Generation of the poses

3) Scoring

4) Refinement

An overview of this stages is given in the following lines.

Preparation of the thredimensional input structures

The structures can be experimentally determined or, if not available, they can be predicted too,
althoughthis of course affects the reliability of the docking result. A choice also needs to be done
on the representation of the unbound structures, that can be described-atibimalliniteeatom,
coarsegrained force fields, or even with a resichased desgotion, useful for dealing with

particularly large systems. At this stagés important to consider whether the binding could result
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in a significant change in the conformation of the receptor (and/or ligand); if this could be the case,

an ensemble of conformations could be used as input.

Generation of the poses

7KLY VWHS DOVR IRXQG LQ OLWHUDWXUH DV 3VHDUFKLQJ"
dispositions of a partner with respect to the other(s). Almost all approaches, for reasons of
computational efficiency, keep the larger partner, called tbepter’, fixed, while the smaller one,
the 'ligand', is rotated and translated.

Sampling methods can be exhaustive/systematic or sto¢h&statematic approaches will be
reviewed in the following lines.

The development of tH€atchalskiKatzir algorithn?, based on thiast Fourier transform (FFT),
really accelerated the computationally onerous systematic search stage-dadedTalgorithms,
the structures of the proteins are first represented on@BBsian grid, where discrete functions
distinguishing between theigace and the interior of the proteins are used. The matching of the
surfaces is then evaluated with correlation functions that assess the degree of overlap between the
partners for every shift of the ligand with respect to the receptor. Some degresetraien
between the proteins is allowed to take into account small conformational changes. The calculation
of correlation functions is performed with the FFT. Then, the angles defining the orientation of the
ligand are varied at defined intervals; theretation function is calculated again for all the relative
orientations of the partners. The advantage of this method is that the use of correlation functions,
calculated with the FFT, allows to evaluate all possible reciprocal dispefitime two partners

in a more rapid way then previous methods for exhaustive search in six dimensions.
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In advancedFT-based methods, terms representing electrostatic, hydrophobic, and solvation
contributiors are included too.

PIPER, an FFFbased algorithm implemented in the docking programme and web server
ClusPrd®®, includes pairwise structuteased interaction potentials with the aim of improving the
systematic search.

Besides FFIbased methods, the generation of the poses can be performed in otfesuays
as via geometric hashing docking or spherical harmrbased docking, where the spherical polar
Fourier correlations are used to accelerate the search.

HADDOCK? uses instead a different approach for the generation of the poses. A randomization
stage is first performed, where the two partner proteins are positioned at 25 A from each other in
space and are randomly rotated around their centre of mass. A rigianimidyizationwith the
OPLS force fieldt is then carried out in multiple steps that foresee: i) four cycles of rotational
orientation in which each partner is allowed to rotate in order to nsaithie intermolecular
energy; ii) two cycles of rotational and translational rigid badlyimizationin which each partner

is treated as a rigid body.

Scoring

The docking poses generated at the previous steep need then to be analysed in such a way to
identify, among a large pool of models, the neative ones, i.e., the ones probably closer to the
true structure of the complex. This analysis is performed obdbis of the docking score of the
pose, calculated by a suitable scoring function.

Scoring functions are historically mainly divided in eneb@ged and knowledg®ased.
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Energybased scoring functions contain several properly weighted terms that account for the van
der Waals and electrostatics contributions of the interaction, for the desolvation energy and for
other empirical parameters such as the buried surface ardy @ the shape complementarity.
Energybased scoring functions are used in both ClusPro and HADDOCK. They are shown in
Section3.2andSection4, respectively.

Knowledgebased scoring functions, as the term suggests, use information derived from
experimentally known proteiS URWHLQ FRPSOH[HV 7KLV LQIRUPDWLRQ L
that derive from the statistical occurrences observed in the known compdgxeseans of an
inverse Boltzmann equation.

However, scoring functions can combine the different approaches at the same timeaThey
also exploit machine learning techniques for identifying the set of coefficients that leads to a better

discrimination among the docking models.

Ideally, a scoring function should perfectly correlate with model closeness to the experimental
structure. However, although scoring functions are improving, as the CAPRI rounds (see below)
have shown over the years, this is still not the case.

It is also important to note that native models are not isolated in the global energy landscape;
WKH\ LQVWHDG DUH H[SHFWHG WR IRUP 3IXQQHO%d by H JUF

similar, low energy. The pool of thabtainedmodels can thus be clustered.

Clustering of the models

Clustering for instancecan be based on the reaneansquare deviations (RMSD) between the

models, or using the fraction of common corga@CC)'? these two approaches are both
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implemented in HADDOCK. In HADDOCK3'3, they can be introduced at the desired stage of
the workflow, e.g. both after the rigid body stage, for the selection of a subset of models to be
refined, and after the (setfiexible) refinement stage (s&ction4.1).

In ClusPréd, the 1000 lowesenergy rigid body models are clustered based on the interface
RMSD (-RMSD, see below)-RMSD values are calculated among all the structures, and the one
having the highest number of neighbours within a 9 A cut off is selected as treafethe first
cluster. The structures within the given cutoff from the centre constitute the first clusters and are
thus removed from the initial pool. The process is then repeated until a maximum of 30 clusters
are produced, which are then ranked basedheir populations. This procedure is applied in

Sectin 3.2

Refinement

A force-field based refinement of the best scoring models can be included too. For example,
ClusPro performs an energynimizationof the clustered models, where backbones are kept fixed
and only the van der Waals term of the CHARMM potetttialused.

HADDOCK uses instead the OPLS force fi¢ldBesides energyninimization a flexible
refinement stage via MD simulations can be performed too, which is of essential importance when
partners characterized by a Aoegligible conformational variability are involved (sBection

4.1).

Postdocking procedures

As already mentioned, the scoring functions do not allow a single correct docking model to be

identified with absolute certainty. Instead, similar scores are often obtained for several models.

221



JURP WKLV DULVHV WIGHR FNHHGE  WSRJ RVHGSRWVWDLPHG DW WKH
scoring) docking models. Ideally, such procedures should be based on different assumptions than
those already included in the scoring phase of the docking pnoggaised, thus ensuring greater
reliability. Several web serveérare available for this purpose. The algorithms they use can be
energy, knowledge, evolution, or consensubased, like in CONSRANKE.

The evaluation and reranking of the docking models can also be carried out by performing MD
simulations. An example is the approach proposed by Jandov&,evhich is based on the idea
that the mutual positions of the partners in feative models should not change significantly
during a MD simulation, i.e., the predicted complex should show a certain degree of stability. On
the other hand, nenative poses should change along the MD trajectories, possibly leading to the
(partial) dissciation of the complex.

Finally, the rescoring of the docking models can also be carried out by comparison with the
interface residué§ which can be predicted on the basis of evolutionary, geometric, physico
chemical and interface propensity features.

One of these methods is théatrix of Local Coupling Energies method (MLCESj, which
combines both energetic and structural considerations for the prediction of the interface residues;

it is covered in detail iSection3.2.1

Data-driven docking

Docking is a complex issue. Therefore, the inclusion of informatmeferably experimentally
derived- about the interface area of the partners helps to find more reliable models.

HADDOCK, starting from the sampling stage, can incorporate information derived from NMR

chemical shift perturbation data, mutagenesis data or any kind of data providing information on
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the interface, in the form of Ambiguous Interaction Restraints (AIRs), which are used as an
additional restraint energy term. A more detailed description is givBadtion4.1

In ClusPro the docking process can be guided by assigning attraction or repulsion to residues
that are thought to be, or not to be, part of the interface. An attractive force during the docking
process is applied to the bindimyolved residues of one doth sides of the interface. On the
contrary, repulsive forces are applied to the residues that are expected not to be at the interface.

Such an approach is useddaction3.2

CAPRI evaluation

In 2001, the European Bioinformatics Institute, part of the European Molecular Biology
Laboratory (EMBI-EBI) started the Critical Assessment of PRediction of Interactions (CAPRI),
a community wide experiment aimed at the monitoring the progresses imgmaitgin docking
approaches. There have now been 54 CAPRI rounds, where the participants have been asked to
predict the structure of complexes, whose experimental structures are not released, of increasing
difficulty.

A joint initiative with the Critical Assessment of Structure Prediction (CASP) community started
in 2014, with the aim of addressing the problem of predicting single protein structures and protein
protein interactions at the same time, starting uniquely the amino acid sequences.

The first paper of the joint initiative was published in 281&here CASP 11 season was carried
out along with CAPRI round 30. Since then, there have been four more joint experiments:
CASP12CAPRF° (2018), CASP13APRP! (2019), CASP14CAPRF? (2021), and CASP15

CAPRI (2022).
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The ability of the predictors in producing good quality models, also for the most difficult targets,
has of course improved during the years. A comparison between CASKRF! and CASP14

CAPRP? rounds is shown ifFigure 21.
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Figure 21 +Figure reproduced from referene Panel (A) shows the performance score of the top 29 ranking predictor and
server groups (both CAPRI and CA8Rly groups; server groups are listed in capital letters). The height of the bar is the,Score
calculated as a weighted sum of the number of targets of, mgdium., or acceptablguality models. The total number of targets

for which at least an acceptable quality model was produced is indicated in the graph by a diamond. Panel (B) shows the sam
data from the previous CASRPTAPRI Round.

The criteria for the assessment of the quality of the structures generated by different docking

tools are still mainly the original CAPRI evaluation critéttd ligandRMSD (L-RMSD),
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interfaceRMSD (I-RMSD), and the fraction of native contacts (Fnat). Following the definition
given in referencd, they are calculated as follows.

L-RMSD. The RMSD of the ligand (the smaller of the tpartner$ in the predicted versus
target complexes after superposition of the receptors. Calculation of the RMSD and superpositions
are both computed dmackbone atoms (N, CC, O).

I-RMSD. The RMSD of backbone atoms is calculated on the interface residues only, defined as
those having at least one atom within 10 A of an atom on the other molecule.

Fnat The number of native (correct) residegsidue contacts in the predicted complex divided
by the number of contacts in the target complex. A pair of residues on different sides of the

interface are considered to be in contact if any of their atoms drie Wif.

Starting from CASP1EAPRF, the continuous parameter Dock@Qas been routinely used too
for an overall evaluation of the predictions. This parameter encompasddsSD, FRMSD, and
Fnat, thus providing a single measure of the docking performance.

DockQ is calculated as follows, yielding to a score in the range [0,1].

DockQ = (Fnat + ERMSDscaed(L-RMSD, d) + I-RMSDscaied(L-RMSD, d)) / 3
L-RMSD and {RMSD are scaled as in the following equation:
RMSDscaieds= 1/ [1 + (RMSD / d)?]

Where ¢=8.5 A for LRMSD and ¢= 1.5 A for FRMSD. d values were optimized for obtaining

DockQ values in the range [0,1] and also to ensure that RMSD values that should be considered

equally bad, e.g.;RMSD of 7 A or 14 A both obtain the same [0dRMSDscaledSCOre.
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Section 3 + Employing affitins as molecular probes towards the

receptor HER?2

Introduction

This section covers a project carried out in collaboration with Bracco S.p.Astndo di
6FLHQ]J]H H 7THFQRORJLH &KLPLFKHItaliah NadanBl Rese8VcWCOuUNcil6 & , 7 ( &
(CNR). The project is closely linked to the publicatiotved patents? concerning the application
of two small proteins, namelgffitins, as molecular probes for targeting thentanepidermal

growth factorreceptor2 (HER2).

Molecular probes are toolssed, within a molecular imaging techniqf, the visualization,
characterization, and quantification of biological processdbe molecular and cellular level in
humans and othdiving system&. Although the definition given by Mankdffentions the term
process, the target of an imaging technique can correspond to snolgleular entities, such as
proteins.Molecular probes consist oftargeting moiety, i.e., moietythat specificallyecognizes
the targetand asignal agentthe nature of which depends on the molecular imaging technique; a
linker connecting the targeting moietythe signal agercan be present thoAmong molecular
imaging techniquest is worth mentioing positron emission tomography (PET), single photon
emission computed tomography (SPECT), fluorescence imaging, and molecular magnetic
resonance imaging (mMMRMhere the signal agesdare radionuclides, fluorescent molecules, and

magnetic moleculesespectivey.
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Molecular imaging techniques anedely employed for the detection of biomarkers associated
with cancer diseaseboth at the diagnostic stage and during the thera&pymonitor its
effectiveness. Among these pathologies, breast cancer is of serious concern, considering the
estimated2.26 million new cases worldwide in 2020Studies aimedat understandinghe
molecular biology of breast cancehave allowed to identify appropriate targets for the
development of specifiargeting moieties to be includedrmolecular probesExamples of these
targetsinclude i) hormone receptors.e., progesterone and estrogeih angiogenic factorsuch
as \ascular endothelial growth factarceptors VEGFR); iii) growth factor recepta; such as the
type 1 insulinlike growth factor receptor (IGER), thehuman epidermal growth factor receptor
1 (HER1 or EGFR), and tHeumanepidermal growth factor recepto(dER2).

Thepatent$? owned by Bracco S.p.A., from which this study originates, focus on HER2, which
is oveexpressed in 205% of breast cancer casasd is therefore a wetlssessed target for both
cancer diagnosics and treatment. HER2argetedtherapies involve thaise of monoclonal
antibodies (mADbs), such as Trastuzufhaid Pertuzumapwhich have been approvéatr over
twenty and ten yearsespectively andare also used in combinati@nThe structures ofhe
complexes that thantigenbinding fragments (Fal)f Trastuzumab and Pertuzumfasm with
the extracellular domain (ECD) of HER2 have been determirigdX-ray diffractiort**?. They
are deposited in the Protein Data Bank (PBB)with the PDB IDs 1N8Z

(https://www.rcsb.org/structure/1n8z and 1S78 bttps://www.rcsb.org/structure/1s)78

respectively. The cryogenic electron microscopy (déjd) structure of HERZrastuzumab
pertuzumab  complex is available tho wunder the PDB ID 60GE

(https://www.rcsb.org/structure/60GE
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With the aim of monitoring the efficacy of a therapy based on Trastuzumab and Pertuzumab,
there is a clear need for a molecular probe that includes a targeting moiety able to recognize HER2
epitopes other than those recognized by the two mAbs. The arsweidie yetin another mAb.
However, it is known that mAbs are characterized by several drawBauisstly related to their
large size {150 kDg, which causes difficult penetration into tissues and also has an impact on
their production, due to their muliomain structure that makes them rather unstalie.
limitations associated with the usenofAbsled researchers t@uosider alternatives. First, the focus
has been on the use of mAb fragmesush as antigehinding fragments (Fab), singtdain
variable fragments (scFv), diabodies, triabodies, minibodies and single domain antibodies
(sdAbY® however, theiuse stillhassome limiations®. For this reasorantibody mimeticsi.e.,
smaltsized, stable, synthetic proteins thave nothing in common with mAbs except the ability
to specifically bind a partnenave beemonsidereéh!®,

These alternatives to mAbs, and to their fragments, lads@been considered faHER2
targeting Several examples can be found in the recent literature, ingleh affibody’, a
designed ankyrin repeat protein (DARPfhjand a repebods;

In the domain of the antibody mimetics, affitins, small (7 kDa, around 66 amino atigge
chain affinity proteinsengineered from theaturally occurring DNAbinding protein family
Sul7d®, can also be include@roteinsfrom this family, such as Sac7d and Sso7d, are expressed
by extremophile organisnfSulfolobus acidocaldariuand Sulfolobus solfataricygespectively
and act to prevent DNA denaturation thanks to their stabiNigy a widgemperature (up to 100°C)
and pH (012) range The general topology of Sac7d is that of the-foB family. Its tertiary
structure Figure 31) consistofafive VWUDQGHG LEIFRPBOHWHHVLGBHYV

- - -46), capped at the opening by a thteen G W H U P ihélilo O
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(residues 53&3). The triple VW U D Q/GHHGI-W - KDV EHHQ LGHQWLILHG DV Wi

surfacél.

40 50 60
YDDNGKTGRGAVSEKDAPKELLDMLARAEREKK

Figure 31 tRepresentation of the structure of the vi§ipe affitin Sac7d bound to DNA duplex d(GTAATTTAC)2 (PDB ID: 1AZQ).
Affitin residues are coloured following the secondary structure assignment, as shown in the legend. DNA is shown in black.

Affitins have been studied for their interesting properties such as high tissue penetration potential
and preservationof the exceptional biophysical features of the wild type, i.e., resistance to
temperature andth Engineered affitinproduced by Affilogic S.A.Swhich are commercially
known with thename Nanofitin®, have already been designed for the targeting of E&ER

The same philosophy has been embraced by Bracco S.p.A. In a study comdcaletdoration
with Affilogic S.A.S, affitins were engineered with several rounds of ribosome display by the full
randomization othe 1014 Sac7d residues responsible BMA binding in order to achieve a
high binding affinity towards HER2Two mutatedaffitins, among many consideredyere
identified as the mostuitablefor HER2 recognitionand became the subjeafttwo patent$?. In
this thesis, the two affitins will bealled Affitin_1 (patent number: W0O/2021/1227p&nd

Affitin_2 (patentnumber:W0/2021/122729).
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Competitive binding assays, which are also discussed in the patents, showed tA#itiooth
and Affitin_2 binddifferent HER2 epitopesthan those involved in the binding dfastuzumab
and Pertuzumab-urthermorethe two affitins compete for the same binding site (Bracco S.p.A.
internal communication)his implies that witlproperfunctionalizationwhich is also the subjects
of the patents the two affitins couldact as molecular probes faHER2 detectionduring
Trastuzumaband/or Pertuzumaibasedreatments. This wouldllow continuous monitoring of
HER2 levelsenablingreattime assessment of tlefficacy of thetherapy Althoughboth affitins
have been showto bind HER2, thestructures of the complexesmainundeterminepghowever,

establishingthemis crucialto optimize binding affinity, amongtherthings

The main aim of this project is therefore to predict, by means of several computational
approaches, the structure BER2-Affitin_1 and HER2Affitin_2 complexes It will be shown
how these predictions can be exploited to guide further experimental tests, which are necessary for
an unambiguous determination of the thdgmensional structures of the complexes. A study is

also conducted to understand how the félaffitins is influenced by the introduction of mutations.

The study is presented in two maections. InfSection3.1, the fold of affitins is studied as a
function of the mutations introduced in the sequence of the wild type afféation3.2is in turn
divided irto two parts.Section 3.2.1 proposesa procedure for the evaluation of the docking
models which has beepublished*and will be used for the affitird ER2 use cas&ection3.2.2
concerns the prediction dffitinssHER2 complexesdriven by the available experimental
information andillustrates howthe prediction can be exploited to guidempetitive binding

assays
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3.1 +A study of the fold of affitins following the introduction of mutations

The sequence of a protein determines its, ficdd, its threedimensional structufé The structure
is strictly connected to the biological function of the protein in a living org&fismd thus also
to its ability to bind an eventual biomolecular partner. It is known that the introduction of mutations
in the amino acid sequence of a wild type protein allows to modulate its binding affinity toward
partners other than those occurringniature. This aspect is exploited for obtaining artificial
proteins that specifically recognize protein partners of interest.

Such an approach has been adopted in the study contdydBedcco S.p.Aaimed at obtaining
affitins with high binding affinity towards thelER2 receptar The sequences of two affitins
Affitin_1 and Affitin_2, have been published in patentsW0/2021/122726 and

WO/2021/122729 respectively, and are shownFigure 32.

B1 B2
123456 7]8]9f10[11]12]13[14]15][16]17] 18
Sac7d v v F H Y i G v T|s
Affitin_1 v v Fle|H|m]|G v T|s
Affitin_2 v v Flwle[a]sc v T[s
B3 B4
19 [20 21 22][ 2324 25] 26 31[32[33[24]35] 36
sac7d | vV [ w v FIT|Y
Affitin_1 i {y|a[Vv]N A HIF|la]|Yy
Affitin_2 | wiv]|T s I F]T]Y
37 [ 38 [ 39 | 40
sac7d | N | G T
Afitin_1| N | G F
Afitin_ 2 [ N | G A
53 [ 54 ] 55 ] 56 61
Sac7d L|L A
Affitin_1 L|L A
Affitin_2 L|L A

Figure 32 xAlignment of the sequences of the wild type affitin Sac7d and of Affitin_1 and Affitbje@t of the patents.

Assignment of the putative secondary structure is based on Sac7d structure. The positions of the mutations are shawn in yello

DQG DUH ORADWHIG B W DQG 7KH UHVLGXHV FDUU\LQJ ®d8kivdaNd YH DQG Q
red, respectively.
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However the experimental thredimensionalstructures of Affitin_1 and Affitin_2 are not
available

The aim of the first part of the study is thus to assess, by medmmsnaiogy modelling and
Molecular Dynamics (MD) simulationg;hethetthe fold ofthemutated affitins changesmpared
to the fold of the wild type affitin Sac7¢th addition toAffitin_1 and Affitin_2, mutatedaffitins
available in the Protein Data Bank (PBBand other affitins purposely designiadsilico by our

research group are also considered.

Protocol

Affitins object of the study

The aim of this first part of the study is to have a view as complete as possible of the three
dimensional structures that mutated affittasm assume. Thus, in addition to the affitins covered
by the patentgAffitin_1 and Affitin_2, whosesequenceare shown irFigure 32), other affitins
are considered.

With the theoretical purpose of designinigagelibrary of affitins characterized by a variety of
mutations, it was deemed necessary to assess the stability of Sac7d following the introduction of
SHIWUHPH™ FKDQJHV LQ WKH DPLQR FQ&é &3)Werd Kk @dsignedL YH VH
with mutations mainly involving th&4 residues that interact witbNA. The emphasis was placed
on amino acid sequences that allowed for the investigation of the structural role of electrostatic
interactionsA mutant namedSeq_A was thus created where the 14 DNiAding residues were
replaced with alanines. A different one, nansed) B foresaw the introduction of 14 isoleucine.
These two were conceived to study the effects of samadd(Seq A) and slightly larger%eq_B

apolar side chains. Subsequently, the study shift&tp D a muant with arginine (whose side
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chain contains a guanidinium group, protonated at physiological pH) replacing all residues, among
the 14, that had a negative charge in the side chain. Additionally, two mutants Samé&hnd
Seq_Ewere studiedwith glutamates replacing some residues with positively charged side chains
in the wild type. The sequences of the five affitBex) A Seq_B Seq_D Seq_C andSeq_Eare

shown inFigure 33.

B2
1111213 | 14

w
=y
=
-
on

16

s
-
iy
[os]

Sac7d
Seq A
Seq B
Seq C
Seq D
Seq E

|| |= (=<~
MMM |m|T| 3
<|=<|=<|= &< |
Q0|00 o
<|<|<|< (=< =<
||| ||
w|w|w | |w|n

B3

Sac7d
Seq A
Seq B
Seq C
Seq D
Seq E

<|<|<|< < |<|R
<|<|<|—|&|<|B

alonleeo
|| |=|e =8

Sac7d
Seq A
Seq B
Seq C
Seq D
Seq E

Z|Z|1Z|Z |22
oo oo ol
olom|eeo|s
> (== |—|e =k
<|<l<|<|< <&

a-xelix
56

53 | 54| 55 | 56

Sac7d
Seqg A
Seq B
Seq C
Seq D
Seq E

zlziz|z(=(=|Y
| e || x |2
Fle|r e e |2

[ L o o L
[l L A Ll L L
[l L A Ll L L

Figure 33 - Alignment of the sequences of the wild type affitin Sac7d ahe affitins designed in silico (Seq_2eq_BSeq_D
Seq_CandSeq_E)Assignment of the secondary structure is based on Sac7d structure. The positions of the mutations are shown

LQ \HOORZ DQG PWHUORKEDWHG DW DQG 7KH UHVLGXHV FDUU\LQJ D SRVLWLYH D
blue and red, resgtively.
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Moreover, starting from the sequence of the wild type affitin Sac7d (PDB ID: 1AZQ,

https://www.rcsb.org/structure/18ze@ ®arch was performed in the PDB for proteins that show a
sequencesimilar to that of the wild type. Excluding PDB entries in which the affitins are
complexed with DNA or are alone, six affitins with mutations in the residues responsible for DNA
binding in the wild type forms weretrieved. Each ofthese affitinbindsa differentprotein partner

The PDB IDs of the affitifprotein complexeare shown irfTable 31, together with the name of

the protein partners, the sequence identity with respect to the wild type, the reference to the
corresponding paper, and the year in which the structures were released in the PDB. As the three
dimensional structures of these @iffs in complex with their protein partners are known, the aim

is to verify whether the fold remains the same in solution. The affitins will be referred to with their

respective PDB IDs.

Sequence
PDB ID | Partner of the affitin identity to | Reference | Year
1AZQ (%)
1AZQ DNA 100 21 1999
4CJ1 Endoglucanase D 80 21 2014
4CJO Endoglucanase D 78 2 2014
4CJ2 Lysozyme C 78 2 2014
SUFE | GTPase KRas 64 28 2017
5UFQ MutatedGTPase KRas 64 28 2017
5ZAU | Tyrosineprotein kinase Fyn| 63 29 2019
6QBA | Retinokbinding protein 4 | 63 30 2020

Table 31 #List of the PDB IDs that identify the complexes affifiastners. The partner of the affitins, the sequence identity with
respect to the wild type, the reference, and the year of release of the structures in PDB are also shown.
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Preparation of the three-dimensionalstructures of the affitins

The same procedure was applied for both the affitins object of the patenffitie., 1 and
Affitin_2, and the affitingdesignedn silico, i.e.,Seq_A Seq_B Seq_D Seq_C andSeq_EThe
threedimensional structures were built, starting from tkeguencedgure 32 andFigure 33),
exploiting the availability of the thredimensional structure of the wild type affitin Sac?d.
homology modelling procedurevas employed, using a tool included in Bioluminate®
(Schrodinger Release 2033BioLuminate, Schrodinger, LLC, New York, NY, 2023) and setting
the threedimensional structure of Sac7d (PDB: 1AZQ) as templateThe models were then
refined via the Protein Preparation Wizard t&bchrodinger Release 2033Protein Preparation
Wizard; Prime, Schrodinger, LLC, New York, NY, 2023).

The structures of the affitins retrieved from the PDBkle 31) were imported irBioluminate®
and processed with thiRrotein Preparation Wizard toas well. Water molecules and counterions
were removeghydrogematomsand othepossiblymissing atomsvere addedmissing side chains
and loopswvererebuilt, the hydrogen bonding netwonkas optimizedand an energy minimization
of hydrogen atome/asperforned.

From this point onwards, all the affitins considered were treated with the same protocol.

Molecular Dynamicssimulations

Setup

The structures of the affitins were subjected to Molecular Dynamics (MD) simulations with the
aim of evaluating whether theld of the wild type affitinis preservedollowing the introduction

of the mutation# the amino acid sequence. The same MD protocol was applied for all the affitins.
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MD simulationswereperformed withthe opersource softwar&romacé? (2020.6releasg To
speed up the calculationspaited atonforce field, namely th&sromos 53A6 force fieff was
used. The SPC water motfehas used, a choice derived from the fact 8RC€is the water model
used for both parameterizatidmnd, of course, validatidhof the Gromos 53A6 force field.

Affitins were centred in dodecahedral boxes, keeping a minimum distaintenm from the
edges, and solvated with water molecules. Chloride and sodiumveresaddedto achieve the
electroneutralityof the systemsPeriodic Boundary Conditions (PB@ereapplied in the three
dimensions. The systemgere minimized with the steepest descent and conjugate gradient
algorithms until a convergence criterium of 100 kJ ‘! was reached. Bonds involving
hydrogen atomsvere constrained with LINCS algoriththat all stages of the simulatiariBhe
equationsof motion ofatomswereintegrated withthe leapfrog algorithmevery 2 fs. A 1.4 nm
cut-off was applied to van der Waals and electrostatics interactions, beyactdtiad latter have
been treated witthe Particle Mesh EwaldPME) algorithn®’. Initial velocitieswere generated
from a Maxwell distribution at 300 K with a random seed. Solvead equilibrated at constant
temperature (300 K) for 1 ns and at constant temperature (300 K) and pressure (1 bar) for an
additional 1 ns. Protein and solvent (including iom&re coupled to two velocityescaling
thermostat¥*° every 0.1 ps and to a ParrineRahmarbarostat®** every 2 ps. During thistage
position restraints (1000 kJ mbhm?) were applied tothe heavy atoms of the proteins. Three
independent 300 ns production rimsreperformed atonstant temperatur8@0 K) andpressure
(1 bap, using the thermostats and the barostat mentioned in the previaisMiDesimulations
were also carried out with the @tom AMBER99SBILDN force field*?, to check whether the

result was dependent on the force field used. These simulations were conducted with the same set
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up used for those with the Gromos 53A6 force field. However, the TIP3P water'fweaelised,

as it is the one used in the development of the AMBER9QSBI force field.

Analysis

The MD trajectories were visually inspected with Yigual Molecular Dynamicsoftwaré*.
Prior to this, the PBC were properly treated, and the trajectories were fitted on the firsgimame (
triconvmodule). The analysis included: calculation of thet-meansquare deviatio(RMSD) of
backbone atomglustering ofthe sampled conformationgalculation of therootmeansquare
fluctuations(RMSF of backbone atomsandcalculation of the fraction of secondary structure
The RMSD calculations of backbone atoms were performed on the three trajectories of each affitin
after fitting on the first framegfnx rmsmodule),mainly to verify the convergence of the MD
simulations For each affitin the three 30Mis long trajectories werthen concatenated, artthe
subsequenanalysis were carried oon the cumulative trajectories/ery 500 ps, for a total of
1800 frameskRMSF of backbone atonus each residueere calculated witthegmx rmstmodule
The cumulative trajectories were then fitted again on the backbone atoms of theoledde
residues(RMSF < 0.3 nm). Quster analysis was performed as follows: i) RMSD matrix of
backbone atoms was calculatgenx rm$; ii) clustering was done on the basis of RMSDtnira
of backbone atoms witthmx clustemodule, gromos algoriththand a 0.4 nm cuaff. The central
frames (from now on, centrotys of the most populated cluster were superimposed to the
structure of the wild type affitinThe Define Secondary Structure of Proteins (DSSP) algdfithm
implemented ingmx do_dsspnodule, was used to analyse the secondary structure of affitins

duringthe MD simulations.
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Results

In this section, the analysis carried out on the MD simulations of the affitins are shoatrof\V
the section will be devoted tthe discussbn of whatwasobserved for Affitin_1 and Affitin_2in
relation to Sac7d, whose sequences wemvn inFigure 32, as they are thmainfocusof this
part of the studyThe results for thaffitins retrievedrom the PDB Table 31) and those designed
in silico (Figure 33) will be shown here only briefly and reported more extensiveRpipendix

2.2

MD simulations analysis of Sac7d, Affitin_1 and Affitin_2

RMSD of backbone atoms

The RMSD of backbone atoms were calculated to verify the convergence of thieMiations.
Figure 34 showsthe trends of this value for the wild type affitin Sac7d and for the affitins object

of thepatent$?, Affitin_1 and Affitin_2.
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Figure 34 +*Rootmeansquaredeviations (RMSD) othe backbone atoms of the wilgpe affitin Sac7dand of Affitin_1 and
Affitin_2 during thethree300 ns longeplica (RER2-R3).
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Most of the increase in these values occurs in the first part of the simuldtidasd, by
calculating the standard deviation (SD) of RMSD in three time intervals of the simulations, i.e., 0
100 ns, 10200 ns and 26300 ns the highest SD values are generally obtained for the first two
time span. Considering the three replicas, the RMSD of Sand d\ffitin_2 stabilizes at around
0.35 nm with respect to the starting frames, while it stabilizes at around 0.45 for Affitin_1. Qverall

the simulations canebsaid to be converged.

RMSF of backbone atoms

The RMSF of backbone atoms was calculated to assess which residues show a greater mobility
during the simulations and, on the other side, which retain their position and thus contribute to the
stabilization of thestructuresFigure 35 shows the comparison of RMSF for the three affitins.
Sac7d, Affitin_1, and Affitin_2 behave in a very similar way, showirgyeatermobility in the
residues (seassignment of the secondary structure of the wild tygeégare 32) belonging to
theterminak (residues -2, and 6466) -helix (residues 5%3), bend or turn motifs in between
the strands (residuesl1®, 1719, 2728, and 3738) and between the stran8 and the.-helix

(residues 4-52).
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Figure 35 +Rootmeansquarefluctuations (RMSF) of backbone atoms of each restdilmuilated for affitins Sac7d, Affitin_1,
and Affitin_2 on the cumulative trajectories.
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Cluster analysis

Cluster analysis of the sampled conformations was performed on the cumulative trajectories
with the gromos algorithm and a 0.4 nm-otftwith the aim of identifying thenost representative
conformationsof the affitinsin agueous solution, i.ehosemast frequently sampled during the

simulations Thepopulation of the clusteris shownn Table 32.

Sac7d Affitin_1 Affitin_2
#cluster | pop pop % #cluster | pop pop % #cluster | pop pop %
1 1355 75% 1 1416 79% 1 1558 87%
2 224 12% 2 243 13% 2 162 9%
3 80 4% 3 105 6% 3 29 2%
4 70 4% 4 23 1% 4 28 2%
5 40 2% 5 14 1% 5 13 1%
6 16 1% 6 7 0%
7 10 1% 7 3 0%
8 4 0% 8 1 0%
9 1 0%
10 1 0%

Table 32 *Population of the clusters calculated on the cumulative MD trajectories of Sac7d, Affitin_1 and Affitin_2

The centrotypes of the clustexgre superimposed to the crystallographic structure of the wild
type affitin Sac7d andisually inspectedAll affitins present only one mostly populated cluster
(representative of the 75%, 79%, and 87% of the overall sampling of Sac7d, Affitin_1, and

Affitin_2, respectively) their centrotypesre showrnn Figure 36.

Sac7d - crystal
Sac7d - MD

Affitin_1 - MD Affitin_2 - MD

Figure 36 - Left: superposition of Sac7d crystallographic structure (RDBLAZQ, in black) and centrotype of the most populated
cluster (75%, green). Centréffitin_1 centrotype of the most populated cluster (79%, blue). Right: Affiteantrotype of the most
populated cluster (87%, red).
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It can beobserved that: i) the fold of Sac7d in aqueous solution is almost entirely conserved with
respect to the crystallographic structure; ii) the fold of the two engineered affitins is mostly

identical tothat of thewild type affitin.

Secondary structure

The Define Secondary Structure of Proteins (DSSP) algdfittwas employed for the
calculation of the fractions of structured and not structured elements of the affitins observed along
the MD simulations. Based dihis approachthe sum of .-KH O LY K H Hoitige and turn
elementgonstitutes the structured part gfratein.Table 33 shows thdéime-averaged fraction of

theseelements

Structure  Call -Sheet -Bridge Bend Turn -Helix ~ 5-Helix  3-Helix
Sac7d 0.73 0.16 0.46 0.00 0.09 0.13 0.14 0.00 0.01
Affitin_1 | 0.67 0.18 0.47 0.01 0.11 0.12 0.07 0.02 0.02
Affitin_2 | 0.65 0.19 0.43 0.01 0.12 0.11 0.10 0.01 0.03

Table 33 - Secondary structure elements of wiyghe affitin Sac7d and of th&ffitin_1 and Affitin_2calculated on the three
concatenated replica (total simulation time is 3 * 300 ns for each structure) with the Define Se&inaznyre of Proteins (DSSP)
DOJRULWKP 7KH WHUP 36W U XHAWDOJINMK HHbigd bYW WrR ehiertsY X P R .

As reported inTable 33, Sac7d shows the highest fraction of structured elements: 0.73 overall,
to be comparedwith0  $1ILWLQB DQG SIILW LDkt fradidhQifarggd QL QJ V
part of which is involved in the mutations, it can be stated that it is totally conserved in Affitin_1
(0.47 to be compared with 0.46 of Sac7d) and mostly conserved in Affitin_2 3DUW- Rl WKH
helix is lost (0.07 and 0.10 for Affitin_1 and Affitin_2, respectively, to be compared with 0.14 in
the wild type) but this should be of no concern adoigsnot belong to an area involved in the
binding of a partner.

The fraction of secondary structure elements can also be analysed as a function of the simulation

time. As an example, these trends are shiovfigure 37 for the three affitins, one replica each.
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Figure 37 +DSSP analysis along the MD trajectories shown for replica 1 (R1) of Sac7d (top panel), Affitin_1 (middle panel), and
Affitin_2 (bottom panel).

Overall, theanalysis performed showed thiae fold of these affitins is stable in aqueous solution

and tha Affitin_1 and Affitin_2 behaven a very similar way with compared to the wild type.

MD simulationsof Sac7d Affitin_1 and Affitin_2 werealso performed with the a#itom

AMBER99SBILDN force field®?, in order to checkf what was observed was not totally
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dependent on the parameters of the Gromos 53A6 forc.figdalysis of these trajectories
showed an even higher stabililjhe data arehown inAppendix 2.1
Considering that the two force fields led to similar results, it was decided to employ the Gromos

53A6 force fieldas it reduces the computational cost, being a waitech force field.

MD simulations analysis of othe affitins

MD simulations with th&Gromos53A6 force field were carried out also for the affitins shown
in Table 31 and Figure 33, revealingan overall similar behaviour in aqueous solution. The
centrotyps of the most populated clussare shown irFigure 38. The other analysis carried out
on the trajectories are shownAppendix 2.2 andall contribute to the depiction of very stable

structures.

Figure 38 +Top panel superimposition of crystallographic structure$affitins shown in Table 3.1 (in pink) to the centrotypes
of the most populated clusters, together with the percentage of their representativeness of the total $wottplimgpanel
centrotypes of the most populated clusters of affitins shown in Figure 3.3, together with the peafdahigigespresentativeness
of the total sampling.
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Discussion

The aim of this part of the study was to assess whether and how the structure of mutated affitins
changes compared to that of the wild type affitin Sac7d.

Homology models were therefore built ftre affitins object of thgatents (Affitin_1 and
Affitin_2), and for five affitins designeth silico with the aim of having the broadest possible
picture of the mutations that can be introduced without altering the fold. Amoi thailable
in the PDB, the six mutated affitins in complex with a protein partner were also retrieved.

MD simulations were carried out with two different force fields, i.e., the watech Gromos
53A6 and the alatom AMBER99SBILDN force fields, to analyse the behaviouraffitins in
agueous solutn and to check the eventual dependency on the force field. The clustering of the
sampled conformations, the calculation of the RMSF of backbone atoms, and the analysis of the
secondary structure via the DSSP algorithm, all showed that the introductiautaifons in the
DNA-binding region does not significapthffect the fold of any of the affitins considereere
The strands forming the-sheets, where the mutations were introduced, are overall conserved. A
partial unfold of the.-helix is sometimes observed during the simulations, but this is of less
importance since this region is not involved pgartnerbinding. Very similar behaviour was

observed wittboththe Gromos 53A6 and the AMBER99SIBDN force fields.

In conclusion, it can be stated that it is possible to introduce any mutation irshieetregion
of Sac7d without observing significant changes in the composition of the secondary structure, at
least up to @equence identitgf around ©%. This result illustratesin principle,the possibility
of desigrnng affitins with any sequence that could be used for targeting other protein partners of

biological interest, thus confirming that affitins are useful antibody mimetics.
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The main focugemains on Affitin_1 and Affitin_2, objectsf the patents owned by Bracco
S.p.A. Thestructuresobtained by homology modelling followed by MD simulations, and the
centres of the most populated clusters in particular, will be used for the prediction of the structures

of the complexes they form with thER2receptor $ection3.2).
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3.2 +Guiding competitive binding assays usin@Affitins -HER?2 interaction

prediction

In the present section, the problem of predictingsthécture othe complexeslER2Affitin_1
and HERZ2Affitin_2 is addressed.

As mentioned inSection 2, moleculardocking approaches are widely employed for a rapid,
preliminary prediction of the thregimensional structure of a biomolecular complex, such as
proteinprotein complex.However, the accuracy of the scoring functions that describe the
likelihood of the many docking poses that are usually obtained, does out falt the
determiration ofa unique structure of a protepnotein complex.

Two consequences arise from this.

The first concerns the coupling of the modelling procedure with experimental tests, which
provide unequivocable information on the binding interface. In factaanitable experimental
evidenceon the binding modshould be incorporated into tlecking calculationin order to
¥estrain"the resuls of the prediction t@olutions that fit what is known wittertairty. Then, vhat
results from ain silico prediction cannot be taken for grantettead, dcking modelshouldbe
usedto performtargeted exgrimental testthat may or may not confirm what has been predicted
with the model.

The secondonsequenceoncerns thaeed to assess the reliabilitytbéobtaineddockingposes
(seeSection2.3 for a briefsummary R1 S RV YadsklGcking” procedures This would also
reduce the number of models to be consideredxperimental testg.

Summing up, a correct procedure for the prediction of a prpteitein complex should include

the following points:
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1) The setting up of a docking calculation that takes into account all avai&ieationabout
the binding interface.

2) The evaluation of the docking models obtained with procedures based on different
approaches, as the docking scoring function alone cannot unequitetaiigninehe most
likely structure of the complex.

3) The comparison of (a subset of) the docking modelsavidilableexperimental information,

e.g., other eventual partners of one of the two docked proteins.

In the present section,mocedure for the evaluation of the docking modelfirst presented
based on a dataset of known complexes involving mutated affitins and protein pE@autien
3.2.7). The focus is then shifted to the central aim of the study, i.e., the prediction of the complexes
HER2-Affitin_1 and HER2Affitin_2 (Section3.2.2. Experimentainformation to be exploited
to guide the docking calculation isdeed availabldn fact, @mpetitive binding assays showeéd
that both Affitin_1 and Affitin_2 bind HR2 epitopes different from those involved in the binding
of mAbs Trastuzumab and Pertuzumab: this will be used as an input in the docking prediction.
Furthermore, it is known thakffitin_1 and Affitin_2 compete for the same binding site (Bracco
S.p.A. internal communicationbhis evidence will be evaluatedposteriori To conclude, HER2
has several known protein partners, and the structures of these complexes are available in the PDB.
This information will ke combinedwith a subset of docking models, identified based on the

considerations made Bection3.2.], todrive experimental tests.
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3.2.1 +Setup of a docking and postdocking procedure based on a dataset of

known affitin -protein complexes

Protocol

Dataset preparation
The affitin-protein complexes considered are thoemntified inSection3.1 The PDB IB are

shown inTable 34, togethemwith the chains selected for doef calculations.

PDB ID | Partner of the affitin: name; chain use Affitin: name; chain used

4CJ1 Endoglucanase D; chain A E12 affitin;chainB
4CJ0 Endoglucanase D; chain A H3 affitin; chainB
4CJ2 Lysozyme C; chain B H4 affitin; chainD

5UFE GTPase KRaschain A
R11.1.6;chainD (5UFQ)

5UFQ Mutated GTPase KRas; chain A

5ZAU Tyrosineprotein kinase Fynchain A Monobody binder; chain B

6QBA Retinotbinding protein 4chain A DNA-binding protein 7achainA

Table 34 +PDB IDs of the complexes selected for the docking calculationgiRs names and chains selected stated; \were
multiples chains were available, the one more structurally complete was chosen

The dructures of the proteins partners in the complexes were superintpdbenl respective
unbound formswhen availableto check whether a significant change in their fold osmwpon
binding. This does not appear to be the case: therefordaimed structures of these proteins can
be confidentlyusedin the docking prediction.

Theprotein structures retrieved from the PDB werrecessedsing the tool Protein Preparation
Wizard® included in the Schroding@ackage $chrodinger Release 2033 Protein Preparation
Wizard; Prime, Schrodinger, LLC, New York, NY, 2023he structures were subjected tH

removal of water molecules and counterions, if presé)taddition of hydrogensnd other
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eventually missing atomsi) rebuilding of possibly missing side chains and loops with PHifiie

iv) optimization of hydrogen bonding network at neutral pH; v) minimization of hydrogen atoms.

Docking calculations

Docking calculations were performed with the wsaver ClusPi8%%%1%2, The structures of
DINTLWLQY DQG WKHLU SDUWQHUYV ZHUH XSORDGHG DV 30LJDQ

The ClusProweb server foresees tifi@lowing threesteps:i) rigid-body docking by sampling
billions of conformations; (ii) roeteansquare deviation (RMSE)ased clustering of the 1000
lowestenergy structures generateiii) refinement ofthe selectedstructures using energy
minimization

The interaction energy between two proteins is calculated with the following expression.

E = WiErep + WoEattr + W3Eelec + WaEDARS

where: Eep andEar account for the repulsive and attractive contributions of the van der Waals
interaction, respectivelyEelec accounts for the electrostatic interactions, &bgks is related to
desolvation contributions. dar scoring schemes SEDODQFHG” SHDO'HREKW H BV W D
SK\GURSKRHELFUHG ™ DQG 3YDQ GHU) aenaNableid oHitk Witdreriy WD W L F
weights (w, Wz, Ws, Wa) are assigned to the terms in the expression of the interaction ¥nergy

The performance of the four scoring schemes was evaluated by comparing the ohtaiaksd
with the reference crystallographic structures. The comparison was performed by calculating a
parameter, henceforth calledystal RMSD which describes the distance of a docking model
from the reference structurerystal RMSDis calculated as follows: 1) the @toms of the

SUHFHSWRU®~ WKH ODUJHU SURWHLQ RI WKH GRFNLQJ PRG
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crystallographic structure; 2) the RMSD of the DBWRPV RI WKH 30OLJDQG” WKH VP
the docking models is calculated with respect to the crystallographic structure.

'RFNLQJ SRVHV KDYLQJ FUaeWddsiBred dative, whilghose with
crystal RMSD > 5 A are considered roative.

The reranking of théop ten docking poses according to crystal RMSD values highlights that,
IRU WKHVH FRPSOH[HVY WKH SEDODQFHG” VFRULQJ VFKHPH SI
that it usually ranks the docking poses with the lowgsital RMSDvaluesin the first positions
ORUH SUHFLVHO\ WKH *(EDODQFHG” VFKHPH UDQNVNnW&KH SRVH
first positionfor six out of the seven complexes in the dataset. This nuisbedd and 1 for the
"electrostatics”, "hydrophmc” and " van der Waals + electrostatics" scoring schemgpectively
(seeAppendix 2.3). Therefore WKH SEDODQFHG” VFRULQJ VFKHPH ZDV FKF

of the study.

Evaluation of the docking models: DockQ

In Section2.3, the limitations of docking scoring functions were illustrated. This implies the
need to evaluate the reliability of docking poses with additional approaches. One of these focuses
on assessing the stability of docking models during MD simul&fiansl is based on the idtrat
native models, i.e., models closer to the true structure of the complex, should be more stable during
the simulationghannon-native models In other words, thenutual position ofthe twopartnes
should not changsignificantly innativemodels.

The stability, and thus the quality of the modétsevaluated through the calculation of the
parameter Dock& along the MD trajectories. DockQ originates from the three CAPRI

parameter® interfaceRMSD (-RMSD), ligandRMSD (L-RMSD), and fraction of native
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contacts (Fnat), that were presentedéatction 2.3 togetherwith the DockQ parameter. DockQ

ranges from 0to 1: higf XDOLW\ PRGHOV DUH GHILQ Hdghakiy fOROFBN # - P
'RFN4 DFAX®PWDWO HR U I "RFN4 -« DQG PRGHOV DU
0.23.

For all the complexes shown irable 34, MD simulationswere performed for the reference
structure, for the two docking poses showing the two lowest crystal RMSD values, and for the
two dockingposes showing thewvo highest crystal RMSD values. The pose with the lowest
crystal RMSD value is labelled with A, the one with the second lowest value is labelled with B.
The poses having the second highest and the first highest crystal RMSD values, are labelled C
and D, espectively.

MD simulationswere performed with Gromaé$ (release 2020)6and the trajectories were
visualized with Virtual Molecular Dynamit$ The unitedatom Gromo$3A6 force field® was
used together with the SPC water méHd?roteinsverecentred in cubic or dodecahedral boxes,
keeping a minimum distancd 1 nmfrom the edges, and solvated with water molecules. Chloride
and sodium ions/ereaddedo reactelectroneutrality. Periodic Boundary Conditions (PB@ye
applied in the three dimensions. The systarageminimized with steepest descent and conjugate
gradient algorithms until a convergence criterium of 100 k3*mot! was reachedlhe equation
of motion of atoms wermtegrated withtheleapfrog algorithm every 2 fs. A 1.4 nm caff was
applied to van der Waals and electrostatics interacti@ysrawhichthe latterweretreated with
PME®. The setup of equilibration and production runs follow#tte work byJandova et af:
after energyminimization, initial velocitiesveregenerated from a Maxwell distribution at 50 K
with a random seed. Then, systeneseprogressively heated up (50, 150, 3Q0vhile the heavy

atoms were positionally restrained with decreasing force constants (1000, 100, 1¢ kirrfjol
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Production runsvereperformed in NPT ensemble at 1 bar and 30®¥Kcoupling poteins and
solvent to two velocityescaling thermostafs®® every 0.1 ps and to a Berendsen baréfseaery

1 ps. All bondswere constrained with LINCS. Analyses were performed every 500 ps. Two
replicas (100 ns each) were carried out for the crystal structures and faf ¢éaeHourdocking
poses consideredfor atotal simulation timeof Yor each complex.

In addition to theCAPRI parametergl-RMSD, L-RMSD, Fna} and the overall DockQ
parameterother parameters were monitored during the MD simulations. The buried surface area
(BSA) was calculated with the gromacs modgiex sasathe number of hydrogen bonds (HB)
with the moduleggmx hbongdand the proteuprotein interaction energy (EPP) with the modyriex

energy

Evaluation of the docking modelsMLCE

The docking models were also evaluated through a tatéfgrent approach.

The Matrix of Local Coupling Energies (MLCE$"58%° is a method that can be used for
identifying areagfrom now on, patches)f an isolate protein that are more likely to interact with
a partner, by combining energetic and structural considerations. MLCE is based on the hypothesis
that residues playing an important role in the stabilization of the protein folding are natnihe sa
that could bind a partner. The analysis of the interaction energy that each residue establishes with
all other residues of the protein accounts for these different roles. Residues which strongly interact
with the rest of the proteiare related to the stabilization of the folding core. The recognition sites,
instead, may have weaker pair interactions, as in this way they can easily undergo conformational
changes which can make the protein able to recognize and bind a partneraliyses arf the

interaction energies of all the amino acids in a protein consists in calculating for each residue the
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nontbonded part of the potential energy (van der Waals, electrostatic interactions, solvent effects)
via a MM-GBSA calculation. The resulting symmetric NxN interaction matrix M_ij (where N is

the number of residues of the protein) is then diagonalizedlearamposed in eigenvalues and
eigenvectors. The first eigenvector is then used to rebuild the energy matrix and multiplied with
the contact matrix, which is built from the protein structure, through the Hadamard product,
obtaining the MLCE matrix. This m@t is then used to rank spatially contiguous residue pairs
with respect to the strengths of their energetic interactions (weakest to strongest). Potential
interacting zones are then selected based on the spatial proximity of residues pairs showing the
lowest energetic coupling with the rest of the protein, usually selecting the top 15% (but-this cut

off can be varied) spatially contiguous residue pairs with the legresgy interactions.

The MLCE approachvasthusused for predicting the binding sites, i.e., the patches, on the
protein partners of the affitins€eTable 34) with the idea of exploiting the patches to evaluate
the quality of docking models. If a model overlaps with a patch, then it can be expected to be more
likely than poses that do not show a match with any of the patches.

Calculations were performed with the REBELOT program, version 1.3.2

(https://github.com/colombolab/MLQE Calculations were performed on the centrotypes of a

number ofclusters coveng at least 90% of the conformation variability sampled during three
independent MD simulations (100nseathPQ DV LQ SDUDJUDSK 3(YDOXDWLRQ |
'RFN4" 7KH SDWFKHV ZHUH yp&di Bd rRost HOpulRt€d dNidted condideimg R W

the top 15% or top 10% of spatially contiguous residue pairs with the l@wesyy interactions.
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The patches predicted on the affitins partners weredbepared wittthe residues of the same
proteins that are shown to interact with the affitinthscrystallographic structures and in ther

docking poses.

Results

Docking calculations
Docking calculationsbetween affitins and their parthesere SHUIRUPHG ZLWK WKH 3E
scoring scheme i€lusPrd®. Thecrystal RMSDvalues were calculated for the docking poses
of all the complexes consideretihe crystal RMSD values of the first ten poaes shown in
Table 35. For all complexes, one onore native poseSF U \V W D O B 5X) ére found among
the toptenin the ClusPro rankingn particular,for complexes 4CJ0, 4CJ1, 6QBA, and 5UFE,
two nativeposeswere produced by ClusPro, while only onas producedor 4CJ2, 5ZAU and

5UFQ

crystal_ RMSD (A)

ClusPro ranking 4CJ1 4CJO 4CJ2 5UFE S5UFQ 5ZAU 6QBA
#0 1.3 2.2 1.6 2.0 2.1 2.8 3.3
#1 3.8 8.0 25.1 14.0 10.0 14.6 8.1
#2 4.1 5.8 22.7 8.9 12.7 8.9 2.6
#3 7.1 5.9 11.2 4.5 11.2 6.6 10.6
#4 4.2 3.0 7.2 12.9 55 20.3 9.7
#5 5.4 7.9 26.3 11.9 6.9 17.6 11.3
#6 6.6 5.8 12.0 154 17.3 13.0 194
#7 8.5 4.0 24.5 5.2 9.7 18.6 12.5
#8 12.2 7.7 27.3 25.6 6.5 26.3 9.4
#9 9.8 3.0 24.5 26.8 9.9 19.7 9.4

Table 35 +Crystal_RMSD values are shown for the top ten poses ranked according to the ClusPro score (pose #0 is considered
the best) for the complexes under study. Crystal_RMSD values are coloured from dark green (lowest value for the sgegjfic comp
to white highest value).
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It is evident that ClusPro ranking does not always correlate with the actual quality of the models,
which is here quantified with crystal RMSD. kreetimeshappens that models closer to the
reference structure, i.e., those with a lower crystal RMSD value, are ranked after models of lower
qguality. This is for example the case for the complex 6QBA, whose best model, for which
crystal RMSD= 2.6A, is ranked third (2 in Table 35), after a model (#1) witlerystal_ RMSD
=8.1A,

This highlights the need, for a realistic docking scenario where the reference structure is not
available, to employ a procedure capable of distinguishing among conaote and incorrect /
non-nativemodels

For each complex, four docking poses were selected for further analysis aimed at finding out a
possible way to properly discriminate among them. More specificallghthgerposes are:

- the poses showing the lowest (pose A) and the second lowest (pogstB) RMSD valug

- the poses showing the highest (pose D) and the second highest (poystal) RMSD

value

Poses Aare native FU\V W D O B 5 (0f@ 'all the complexes, poses B are native (4CJ1, 4CJO0,
5UFE, and 6QBA) or nonative (4CJ2, 5UFQ, and 5ZAU), poses C and D are alwaysatve.

These poses aseimmarized iMable 36 and shown ifFigure 39, superimposedn the reference

structures of the complexes.

Pose A Pose B Pose C Pose D
4CJ1| #0-1.3-N  #1-3.8+N #9-9.8 tNN #8-12.2-NN
A4CJO| #0-2.2 +tN  #4-3.0+N #5-7.9 tNN  #1-8.0 NN
4CJ2| #0-1.6 tN #4-7.2 tNN #5-26.3-NN #8-27.3 NN
SUFE| #0-2.0 £N  #3-45 N #8-25.6 NN #9-26.8 +NN

S5UFQ| #0-2.1 tN #4-55 tNN #2-12.7 tNN #6-17.3 NN
5ZAU | #0-2.8 +N #3-6.6 tNN #4-20.3 NN #8-26.3 tNN
60BA | #2-2.6 N #0-3.3 tN #7-125+NN #6-19.4 +NN

Table36- 'RFNLQJ SRVHVY VHOHFWHG IRU WKH IXUWKHU HYDOXDWLRQV 1DWLYH SRVH
nonnative (crystal_RMSD > 5 Ajosesare in red. Labels N or NN are ustlindicatenative and nomative poses, respectively.
The crystal_RMSD values are shown too.
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Figure 39 +Superimposition, on th&ructures of the affitins partnersshown in grey, of the four docking poses to the reference
structures. The affitins in the reference structures are shown in blue. The affitins in poses A, B, C, and D are shewn in gre
yellow, orange, and red, respectively.

Evaluation of the docking models DockQ

The crystallographic structures and the docking poses A, B, C, and D were subjected to MD
simulations performed as explainedviethods.

The average values tfethree parametersRMSD, L-RMSD and Fnat were calculatatbng
the MD trajectories every 500 psogether with the resultingockQ valuesTable 37 shows the

averagevalues and standard deviations of Doaki@he two replicas of each system, obtained for
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the crystallographic structure of the complex and for pAd@stive for all complexes), B (hative

for 4CJ1, 4CJO, 5UFE, and 6QBA, and frative for 4CJ2, 5ZAU and 5UFQ), C and D (always

norrnative).
DockQ values and quality of the models
Crystal PoseA PoseB PoseC PoseD
4CJ1 | 0.43(0.07) A  0.28(0.03) +N/A 0.39(0.03) +N/A  0.48(0.04) +NN/A  0.23(0.04) +NN/A
4CJO | 0.34(0.07) A 0.50(0.03) +N/M 0.31(0.04) +N/A 0.33(0.04) tNN/A  0.39(0.03) £NN/A
4CJ2 | 0.64 (0.03)+M  0.52(0.04) +N/M  0.27(0.03) +NN/A  0.19(0.03) +NN/I  0.39(0.07) +NN/A
5UFE | 0.60(0.04) #+M  0.49(0.04) +N/M 0.25(0.05) +N/A  0.31 0.04) tNN/A  0.29(0.05) +NN/A
5UFQ | 0.43(0.09) A 0.45(0.03) N/A 0.30 (0.04)NN/A  0.20 (0.05)£NN/I 0.23 (0.03)NN/A
5ZAU | 0.39(0.05) +A  0.33(0.04) +N/A  0.27(0.04) +NN/A  0.32(0.03) tNN/A  0.34(0.04) +NN/A
6QBA | 0.48(0.07) *A  0.44(0.04) +N/A 0.30(0.05) +N/A  0.34(0.04) +NN/A  0.44(0.04) +NN/A

Table 37 tDockQ average values, derived from the two replicas of each system, and standard deviations in pateiiakssis.
N or NN are usetb indicate mtive andnon-native poses, respectively. Labels M, A, and | are tsiediicate medium, acceptable,
and incorrectmodelsrespectivelybased on th®ockQ values.

The quality of a model based on DockQ is high/ medium/ acceptable/ incorrect if the DockQ
YDOXH LV - . S4e

Looking at thevalues inTable 37, it is essential to remark that none of the simulations
performed on the crystallographic structures, which should show the highest DockQ values
overall, led to DockQ values0.80 (high quality), whereas only two out of seven (4CJ2 and SUFE)
fall in the mediuraquality area DockQ e« 0.49). For this reason, the discussion of the results
obtained on the docking poses will not focusabsoluteDockQ values; instead, the ability of the
DockQ parameter to correlate with the crystal_ RMSD wilabalysed.

For what concerns poses A, three out of seven (4CJO, 4CJ2 and 5UFE) are classified as medium
quality ones 'R FN4 « . As all of them are very close to the crystallographic structure of the

complex geeFigure 39 and the crystal RMSD valuesTable 36), similarDockQ valuesould
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be expeced between poses A and the corresponding crystallographic structures. Instead, in the
case of 4CJO0, the value obtained for the crystallographic structure is lower, whereas it is slightly
higher for the other two. For the other four complexes (4CJ1, 5Z8BA6and 5SUFQ) DockQ
values of the poses A are in the acceptable quality rahBe- N 4 33). Moreover, 4CJ1 shows

a 0.28 DockQ value, and it is thus almost classified as an incorrect (Dod&lQ < 0.23 despite

its optimal superimposition to tleeystallographic structure (crystal RMSD = 0.13). On the other
hand, almost all the posesa@d D (nornative) have DockQ values falling in the acceptable range.
The lowest DockQ values were obtained formaiive poses (C or D) only for three out of four
complexes (pose D for 4CJ1, and C for 4CJ2 and 5UFQ). As for the other complexes, low DockQ
values correspond to poses B, with some of them being good mddelscific result that is worth

to mention concerns the complex 6QBA: the same DockQ valué)(@as calculated both for

pose A and pose D; in this case a discrimination based on DockQ cannot be done.

In conclusion, only four out of seven poses A (4CJ0, 4CJ2, 5UFE, and 5UFQ) were identified
based on DockQ; the doubtful case of 6QBA must also be considered.

For this reason, it wateemednteresting to monitor other parameters along the MD trajectories,
namely the buried surface area (BSA), the number of hydrogen bonds (HB) and theproiésm
interaction energy (EPPT.he focus was addressed tioe relative standarddeviations (rSD)of
BSA, HB, and EPPrather thartheir average values, as th®&D directly reflects the changésat
occur in the docking modetkuring the MD simulations.

To better understand the potentieslefulnesof these parameters defining the quality of a
docking modela Principal Component Analysis (PC@s carried out on theorrelation matrix
of Spearman coefficients tfe average values GAPRI parametersandof the rSD oBSA, HB,

and EPP. This analysigas performean the parametergbtainedrom the entire trajectas
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The first two principal components (PCs) account for nearly 85% ofwmale data set

variability. Figure 310 showsthe combined loadings and scores plots (biplot) derived from the
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Figure 310 - Biplot of a PCA performed on the correlation matrix of Spearman coefficientiseoverage values @APRI
parameterand of the rSD dBSA, HB and EPP, calculated on the whole trajge®C, N, and NN labels indicate crystallographic
structures,native andnon-native poses respectivelizight blue area indicatePC1 < 0.5 Dark blue identifieshe intersection
between areas defined by PC1 < 0.5 and PC2 >0

The loadings of the principal components PC1 and PC&hanen inTable 38.

PC1 PC2
L-RMSD 0.4164 -0.4157
I-RMSD 0.4362 -0.3995
Fnat -0.4483 0.2665
BSA 0.3652 0.4504
HB 0.3294 0.5714
EPP 0.4399 0.2593

Table 38 - Loadings of principal components PC1 and PGRBtained from the PCAerformed on theorrelation matrix of
Spearman coefficients of the average values of CAPRI parameters and of the rSD of BSA, HB and EPP, calculated on the whole
trajectories

PCA analysis shows thatRMSD, L-RMSD and Fnat are highly correlated, with Fnat showing

loadings Table 38) of opposite signThis is expected as the conservation of a high fraction of the
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contacts & high value of Fnatis accompanied by limited changes in the position of one protein
partner relative to the other (low values ®MSD and I-RMSD). HB, BSA and EPP are highly
correlated with each other and almost orthogonal to the CAPRI parameters, thus indicating a lack
of acorrelation with the latter.

Looking at the components of eaobject (labelledn Figure 310 with C, N, and NN for
crystallographictructure, native and namtiveposes respectively), i.e., their position in the plane
defined by PC1 and PC2, the following can be stated.

PC1 is partially able to discriminate the poses: over 70% of Cs and Ns fall within PC1 values <
0.5 (light bluearea inFigure 310), while 65% of NNs are above this value. Along P&Z2lear
distinction isonly visible for Cs, asheyall lie at PC2 > 0, while Ns and NNs are almost equally
scatteredThe dark blue area ifrigure 310 identifies the intersection betwedre areas defined
by PC1 < 0.5 and PC2 > 0.

In summary, PCA analysis can discriminate around 70% of native anaatioe poses. It could
therefore be a useful tool for determining the quality of docking poses in a realistic docking

scenario, where the crystallographic structure of the complext svadable.

Evaluation of the docking modelsMLCE

The MLCE approachvasusedto predictthe binding site (patche} on the proteirpartners of
the affitins. The aim was texploit the prediatd patchedor the evaluaion of the quality ofthe
docking moded: models in which the affitioverlaps with a patcban be consideredore likely

than thosehat do not show a match with any of the patches.
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It shouldberemarkedhatMLCE predicts protein aredhat can be recognized bgyapotential
binding partnerIn this case, this means thatt all thepredicted patcheare regionghat are
actuallyinvolved in thebinding of affitins.

Calculations were performess in MethodsFigure 311 shows the crystallographic structures
of the complexes, with the patches on the protein partners of the affitins highlighted in different
colours to make visible whether they correspond to the actual binding sites of the affitins. The
reliability of the MLCE prediction varies depending on the protein considered.

For the partnebinding the affitin in the complex 6QBA, a large patch involving all the
interacting residues wedicted Figure 311). For fiveout of the seven analysedmplexeg4CJO0,
4CJ1, 4CJ2 and 5ZAU), a partiaderlapis observedetweenthe MLCEbasedpatches anthe
partnergesidueghat actuallyinteractwith the affitins Finally, the predictions performed on the
partners of the affitins in the compleX@dFE and 5UFQ do not include residuesponsible for

the binding of theffitins.
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Patch 1

Figure 311 *Crystallographic structures of the complexes object of the study. The affitins are shown in pink. The partners of the
affitins are shown in light grey. The ML&kedicted patches on the partners of the affitins are shown as in the legend in the figure,
according to their degree of coupling with the protein itself.

Given these results, it can be concluded that in most of the situations ameysé&tl CE was
able to identifyresidues involved in the binding of the affitins. Therefore, MLCE could be used as
atool for thererankingof docking poses.

The number ofesidues of the affitins in the docking poses A, B, C, and Dinlbatactwith
residues belonging to the predicfeiche®n the protein partnergascalculated; theeare shown

in Table 39.
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4CJ1 | 4CJO | 4CJ2 | 5UFE | 5UFQ | 5ZAU | 6QBA
Pose A| 10 7 15 1 0 14 23
PoseB| 3 4 5 1 1 13 23
Pose C 0 3 9 15 2 14 18
Pose D| 12 1 12 13 9 2 1

Table 39 - Number of residues of the affitins in the docking poses A, B, C, ahdtihteractwith residues belonging to the
patches predicted on thggotein partnes. The highest number of residues for each complex is highlighted in green.

Forcomplexes 4CJO and 4CJ2, the highest numbaffith residuesnteractingwith a patchs
observed for poses A, i.e., those closest to the reference structumggdees 5ZAU and 6QBA
show the highest number of affitin residues interacting with a patch for two poses at the same time
namelyposes A and Gn 5ZAU, and pose#& and B for6QBA. Finally, for complexegCJ1,
S5UFE, and 5UFQ, the highest number of affitin residues interacting with a patch is found for
docking poses C or D, which amen-native

Overall,two poses A4CJ0 and 4CJ2)an be identifieebn the basis oMLCE analysis Of the
two doubtful case$5ZAU, 6QBA) whereposes A could not be distinguished frarhers, it is
worth noting that, concernilgQBA, pose B is close to pose A, having crystal RMSD values of
3.3A and 2.6, respectively (see aldeigure 39).

These results indicates that the quality of a docking model candefibed solely on the basis
of MLCE prediction only;however,at the same timehe comparison with the patchean be
usefulwhen considered in conjunction with a different approach aimed assessing the quality of the

poses

DockQ-MLCE consensus approach
In the paragraphs above, two totally different approaches, namely DockQ and MLCE, were used
in the attempt to identify the docking models closest to the reference structures >Painkxo

measure the stability of the dockipgses during MD simulationsMLCE®® insteadpredicts the
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interacting residug@atchespf one of the twgroteinpartnerghrough the analysis @k energetic
and structuratlynamical properti& the docking poses are then compared with the patches.

It was shown that these methods sometil@adto incorrect evaluations as they are not always
able to point out the best poses (named poses A here). More specifically, among the 7 complexes
analysed in the stugdyour poses A 4CJ0, 4CJ2, 5UFE, and 5UlF@ere correctly identified on
the basis of DockQ; there was also one doubtful case (6QBA), in which pose A could not be
distinguished from pose [Zonsideringhe MLCE resultsinstead two poses A4CJ0O and 4CJ2
were identifieclin two cases it was not pgible to distinguisiposes A from poseB (6QBA) or C
(5ZAU).

Despite sometimes misleading results, the two approaches were thought to deserve a second
chance, as they proved to be able to correctly discriminate among docking models. Moreover, as
mentioned above, they rely on totally different assumptions, whicplissa

It was therefore decided that it was worthwhile to make an attempt in which the quality
assessment of the models was based on DockQ and MLCE at the same time. In other words, the

decision on which model is best was made by seeking a consensus betweersihygrdaches.

Table 310 shows the DockQ values and the number of affitins residues in the docking models

interacting with the patches predicted based on MLCE.
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Pose Parameter 4CJ1 4CJO 4CJ2 S5UFE | 5UFQ | 5ZAU 6QBA
Pose A DockQ 0.28 0.50 0.52 0.49 0.45 0.33 0.44
MLCE 10 7 15 1 0 14 23
Pose B DockQ 0.39 0.31 0.27 0.25 0.30 0.27 0.30
MLCE 3 4 5 1 1 13 23
Pose C DockQ 0.48 0.33 0.19 0.31 0.20 0.32 0.34
MLCE 0 3 9 15 2 14 18
Pose D DockQ 0.23 0.39 0.39 0.29 0.23 0.34 0.44
MLCE 12 1 12 13 9 2 1
DockQ C A A A A D A/D
Sri'ggé?d MLCE D A A c D AC | AB
DockQ + MLCE| A/B A A C B/D A A

Table 310 - Selection of the modektsmsed orDockQ and MLCEFor each complex andach posgthe DockQ values and the
number of residues of the affitins interacting with a patch (ladevith MLCE) are reported. The selected models identified on
the basis of the two approaches togetiershown in bold

The evaluation of both parameters at the same time was ldoa@plying the following

procedurdor each complex:

)

ii)

selection of the pose presenting the highest values of both paranetérs way, poses
A of complexegtCJ0and4CJ2are selected as the most probable.

if the previous point does not apply, exsitin ofthe poses characterized by one best
and one worsscoring parameter at the same tiffike following poses are excluded: for
complex 4CJ1, posg andD, for complexe$ZAU and6QBA, poses D, for complexes
5UFEand 3JFQ, posesA.

selecton ofthe pose presenting the highest values of both parameters, i.e., repeat the first
step In this way, poses A of complex@2AU and6QBA, and pose C of complex SUFE
are selected.

if the previous point does not apply, selectof the poses presenting the highest value
of each parameter, respectivelyor complex4CJ] poses Aand Bare selected, for

complex5UFQ, posed3 and D.
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Overall, fiveunique posewere identified as the moldtely ones: poses A for complexes 4CJO,
4CJ2, 5ZAU and 6QBA, and pose C for complex 5UF&r. domplexes4CJ1 and 5UFQhe
identification of a unique docking pose was nuissible for the former complex, the criteria
adopted led to the selection of poses A and B, while for complex SUFQ, to the selection of poses
B and D.

Considering that poses A and B of complex 4CJ1 partiaUgrlap (seeFigure 39) the
combination of the two approachesade it possibléo identify five correct models (four poses A,

and one A/B), improving the prediction obtair®dapplying the two approaches individually.

Discussion

In the present section,dataset consisting of seven complexes composed of affitins and protein
partners was exploited to propose an approach aimed at evaluating docking poses. The focus has
been on the need farprocedure that, given a setdoickingposesijs able tadistinguish between
good / native models, i.e., models close to the true structure of the complex, and incorrect / non
native modelsThis stage is an essential step in predicting the structure of a complex, which cannot
rely on docking saing functions alone.

The docking poses obtained with the ClusPro web server were compared with the reference
structures, through the calculation of the crystal RMfibameter For each complex, the two
closest and the two furthest poses from the reference structure, among the top ten ranked by
ClusPro, were selected for two further analyses, based on completely different assumptions.

The first analysisrelates the quality of the docking posesthie mutualstability of the two
partnersquantified by calculating the DockQ parameter along the MD trajectories. The higher the

DockQ, the higher the stability and thus giausibility of the pose.
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The second approadaivolvesthe MLCE-basedorediction ofthe binding sites (patches) on the
isolateal structure of one of the twarotein; in this case, the calculations were done on the partners
of the affitins The existence of an eventual match between the patches and the binding areas
involved in the docking models is thehmecked if this matchdoes indeed existhe pose is
considerednore likely.

Both the DockQ and MLCEapproaches proved to be rather reliable in identifying the correct
docking modelsalthough theysometimes prodwd misleading results. Of particular importance
is the fact that the DockQ values obtained were all within a narrow range, thus not alwaysgeflect
the differences between native and mative docking model3.herefore the decisioras towhich
docking modelsare the most probablevas made on the basis dthe two approaches
simultaneously i.e., seekinga consensus beégn the two.The combined use of DockQ and
MLCE provedto be more effective, allowinghore docking models to hbetrieved than those
identified on the basis of the two approaches considered separately

Finally, although th€lusPro scoring functioalone is not entirely reliable, as has been shown,
it shouldalsonot betotally ignored wherdecding which docking modeis most likely Instead,
the ClusPro score can be included as a third criterium for determining thenoloable docking
posesespeciallyin casesvherea univocal decisionannot be maden thebass of DockQ-MLCE.

The DockQMLCE approachpresented herwill be used to address tlepecific usecase of

determining the structure of the complexes HERHitin_1 and HER2Affitin_2 (Section3.2.2.
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3.2.2 +Application of the procedure to the Affitins-HER?2 use case

Protocol

Preparation of the input files

Affitins . The structures of Affitin_1 and Affitin_2 were prepared aSéction3.1 A homology
modelling procedurevas employed exploitingthe threedimensional structure of the wild type
affitin Sac7dasatemplate Molecular Dynamics (MD) simulationsere carried out(3 replicas,
300 ns each), and a cluster analysis was performed on the cumulative trajectories. The centrotypes
of the most populated clusters, being the most representative structures of the overall sampling,

were used for the docking calculations disagkin the present section.

HERZ2 The threedimensional structure of the receptor was retrieved from the PDB (BDB
60GE). The structure file was processed with Protein Preparation Wigactirodinger Release
2023 3: Protein Preparation Wizard; Prime, Schrodinger, LLC, New York, NY,.2028move
water molecules and counterions, add hydrogen and other eventually missing ratmid,
missing side chains and loopmgptimize the hydrogen bonding network, and perform an energy

minimization of hydrogen atoms.

Docking calculations

HER2-affitins docking calculationsvere carried outwith the web server ClusPY®L. The
VWUXFWXUHYVY RI WKH DIILWLQVY DQG +(5 ZHUH XSORDGHG DV
SEDODQFHG" ™ V RRab lsed) wiietKhddPdroven to be the best performing for complexes

that include affitinsgeeSection3.2.7).
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The availableexperimental informationvas exploited as follows. An attractive potentiahs
appliedto the 14 mutated residues of the affitiasshown inFigure 312, in orderto drive the

docking prediction towards modeiswhich theseesiduesarepart of the affitinHER?2 interface.

Figure 312 - Representation oAffitin_1 (left, blue) andAffitin_2 (right, red). The 14 mutated residues, to which the attractive
potential was applied to guide docking calculations, are shown in white.

Concerning HERZresidues within 10 A from the mAbs Trastuzumab and Pertuzumab were
masked during the calculatioseeFigure 313), in orderto satisfy the experimental evidence

according to which the affitins bind HER2 on different epitopes.

Figure 313 tRepresentation of the protein complex (PDBOGE) formed by HER2 (grey) and the mAbs Trastuzumab (orange)
and Pertuzumab (violet). The HER2 residues within 10 A from the two mAbswenihasked during the docking calculations
to satisfy the experimental evidence according to which the affitins bind HER2 on different epitopes, are shown in red.
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Theresultingdocking models were visually inspectaad as explained in the Resultss#bset

of them was selected ftine DockQMLCE analyss.

DockQ-MLCE evaluation of the docking models

MD simulations were conducted on the chosen docking models, following an apptussd
on the idea that models that are more similar to the true structure of the complex will maintain
stability throughout the simulation compared to less accurate or incorrect models.-Tiheoket
MD simulations was the same as that employed for thgptaxes affitinsother protein partners
(seeSection3.2.1). The stabilityand, consequently, the quality of the models was assessed by
calculating the DockQ parametéduring the MD trajectories.

In parallel, theMatrix of Local CouplingEnergies (MLCE) methd8°"°8%, introduced in
Section3.2.1, wasusedto predictHER2areaqpatches}hat are metlikely to bind a partnerand
thusalso theaffitins. The calculationwerecarried out with the program REBELOT, version 1.3.2

(https://github.com/colombolab/MLQEN the centrotypes of 4 clustevhich cover around 90%

of HER2 conformation variability sampled during three MD simulations (100 ns eati®).
simulations were performed in presence of the mAb Trastuzumab to avoid a large displacement of
the domain IV of the receptor, which is unlikely to occur when the mAb is hdundhat was
observed for MD simulations carried out on the receptor alone.

The patches were predicted on the crystal structure of HER2 IPDEDGE, the same used for
docking calculations) considering the top 15% of spatially contiguous residue pairs with the

lowestenergy interactions.
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Results

Docking calculations

Docking calculations carried out with ClusPro, driven by the experimental information
available, resulted in 27 and 28 models for the partners HEfih 1 and HER2Affitin_ 2
respectively, out of a maximum of 30 that ClusPro can proVidey were visuallyexaminedoy
superimposing them on each other, on the receptor struBntfeAffitin_1 andAffitin_ 2 appear
to bind only four different areas of the HER2 receptor. These areas are highlighted by colouring

the affitins in red, yellow, orange, agdeen(Figure 314).

HER2 -Affitin_1

Figure 314 - Superimposition of all the docking models obtained for HERi&n_1 (27 models, at left) and HER&ffitin_2 (28
models, at right). HER2 is shown in grey. Affitins are coloured based on the four different areas: red, yellow, orangenand g

Table 311 showsfor the first ten models, ranked by ClusPro according to the number of cluster
members, the binding area, indicated by the colours. Also indicatesnsitnber of mutated atffi
residues, to which an attractive potential was applied in the docking predictions, that are in contact

with HER2 (within a cubff of 5.5 A).
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ClusPro ranking | Num.of clusteramembers| Mutated Affitins residues in contact with HERZ
Affitin_1 | Affitin_2 | Affitin_1 Affitin_2 Affitin_1 Affitin_2
131 92 14 14
110 85 12 14
68 66 13 14
64 54 14 11
52 54 10 12
49 53 14 9
47 53 13 13
46 50 12 13
45 42 12 7
42 41 12 9

Table 311 +List of the first ten docking models for Affitin_1 and Affitin_2. The models are ranked based on the ClusPro score,
which consists of the number of structures in the clustées.number of mutateiffitins residues in contact with HER2 (within a
5.5 A cutoff) is shown too.

For the evaluation based on DockQ and ML@&#&png all the models shownhigure 314 and
Table 311, the best scoring models of each area for Affitin_1 and AffitiwePe selectedThe
models are labelled by their ClusPro ranking and the catalicating the binding area. For
Affitin_1, the selectednodelsare: #0red, #kyellow, #4green, #forange. For Affitin_2, the

selectednodelsare: #0red, #Xyellow, #2orange, #3jreen. They are shown kigure 315.

HER2 -Affitin_1

Figure 315- Superimposition of thieeur HER2Affitin_1 (left) and HERAffitin_2 (right) docking modelselectedor the DockQ
and MLCE evaluationddER2 is shown in grey. Affitins are coloured based on the four different areas: red, yellow, orange, and
green. Affitins are also labelled with their ClusPro ranking, and the colour.
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DockQ-MLCE evaluation of the docking models

The four models oéach affitin (se€igure 315) were subjected to MD simulations performed
as inSection3.2.1, and the DockQ parameter was calculated along the trajectories.

In parallel, a MLCE calculation was performed on representative conformations of HER2. The
docking models were compared withe patchesy visual inspection and calculation of the
number of HER2 residudmelonging to gatch andnvolved in the docking solutions

As pointedout in Section3.2.1, the decision on which docking modele most likelyshould
bemadeon the basis of the two combined approaches, i.e., possibkinga consensus between
the two. It is important to remark thaince DockQ and MLCE rely on totally different
assumptions, their combined use s&engtherhe conclusions that can be drawn. Moreover, it is
worth nothingthat the ClusPro score can be included as a third critaoudetermne the most
probableposes.

Table 312 shows, forthe four models HER2Affitin_1 and the four modelsiER2Affitin_ 2,
the DockQ values and the number of HER2 residues belonging to a patch that are at the same time

involved inthe binding of the affitin in the docking model.

Docking area ClusPro ranking DockQ MLCE
Affitin_1 | Affitin_2 | Affitin_1 | Affitin_2 | Affitin_1 | Affitin_2

Yellow #1 #1 0.27 0.29 27 27
Green #4 #3 0.31 0.19 0 0
Orange #7 #2 0.33 0.38 4 0

Table 312 +ClusPro rankingDockQ values and number of HER2 residues belonging to a patch that are at the same time involved
in the binding of the affitin in the docking modelr the four model$iER2Affitin_1 and HER2Affitin_2.

Considering the HER2(fitin_1 models, it can be seen that for three of the four poses, there is

little or no overlap with the MLCE patchasodel#0-redand mode#7-orangematch only 3 and
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4 residues belonging to a patch, respectively; métigreen has no match at all. Mod#étyellow
totally overlapgo the patch (27 residugi blue inFigure 316) instead but it also has the lowest
DockQ value overall (0.27). However, based on previous résutsall differences (< 0.1) in
DockQ valuesare not consideresignificant as these valud oftenin anarrowrange, thus not
being always remarkably useful for assessingaitteal quality of the modeld$t wastherefore
concludel that model#1-yellow is the most likely, followed by modéiO-red which hasthe
highest DockQ value (0.45) aigithe first in the ClusPro ranking.

Similar considerations can be made for R 2 Affitin_ 2 models Models #2orange and #3
green have no overlap with tpatches; model #fed shows only a partial match with a patch (9
residues). Model #$ellow totally overlaps with a patcf27 residuesin blue inFigure 316),
althoughit hasthe second lowed2ockQ valuein the serieg0.29). Aswas satedfor the HER2-
Affitin_1 models,it can beconcludel that also for the HER2-Affitin_2 pair, model #1-yellow
mightbe the mosprobablefollowed by mode#0-red, which haghe second highest DockQ value
(0.37) ands the first one in the ClusPro ranking.

The most likely models for thdER2-Affitin_1 andHERZ2Affitin_ 2 pairs, i.e., the #%ellow
modelsin both cases, show a high degree of overlap between the two affitins. The same is observed
for the two second most likelypodels i.e., models #0ed. The superimposition of these models

is shown inFigure 316.
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M
Affitin_1, #1-yellow \/ 1)

~——

Affitin_1, #0-red

Figure 316 - Supemposition of HER2Affitin_1 and HER2 Affitin_2 docking model#1-yellow and #0-red. HER2 is shown in
grey, the MLCE patch in blue, Affitin_1 and Affitthin cyan and red, respectively.

The overlap between the two #&llow models and between the two #@d models is in
accordance with the experimental evidence that Affitin_1 and Affitin_2 compete for the same

binding site, i.e., epitope, on HERArface (Bracco S.p.A. internal communication)

Comparison of the docking models with the map of HER2 interactors

The result of a modelling procedure cannot be taken for granted. It can, however, be helpful to
guide experimental tests, which are necessary to validate what is obtained throungkilibe
procedure. Among the experimental tests, competitive binding assays measure the binding affinity
of a ligand towards a target, in presence of a different ligand whose binding mode to the same
target is known.

In this perspective, the structures of complexes available in the PDB involving HER2 and

different protein partners were collected; these were compared by superimposing the HER2 chains
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LQ WKH FRPSOH[HVY FRQVLGHUHG RQWR HDFK RWIKhbWn 7KH UH
in Figure 317: 14 protein partners, including mAbs fragments (Fab, scFv, sdAb) and antibody
mimetics bind HER?2 to different, yet sometimes overlapping epitopes, nadaldin domains

[, II, and IV.

H
H

domain Il

Figure 317 - Panel Atop: a table is shown listing the PDB IDs of complexes including HER2 and protein partners (complexes
with mAbs Trastuzumab and Pertuzumab and their mutants are not considered), the category to which the protein partner belongs
(Fab = antigenbinding fragmerd, scFv = singlechain variable fragments, sdAb = single domain antibodies), and the HER2
domains where the interactions occBanel Abottom HER2 domains are shown with different colours, as in the ledesakel

B: superimposition of theornplexes listed in Panel A. HER2 is shown in grey, the protein partners with different colours.

The aim was then to identify a subset of these protein partners to be exploited for competitive
binding assays with Affitin_1 andffitin_ 2.

HERZ2 structures in complexes with the protein partners were superimposed on HER2 structures
in the most likely docking models, i.e., the-ydllow and #6red models. The eventual overlap

between Affitin_1 and Affitin_2, and the known protein partners Wwas\tisualy inspeced.
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Figure 318 showsthat an overlap does exists between the docking modelsligiv and the
HER2partners included in PDB entries 3M2Wand 3N85°, of which the former is an affibody,

i.e., an antibody mimetic, and the latter is a Fab.

I

Affitin_1

Figure 318 - Supemposition of the crystal structures 3N86d 3MZW to theAfftin_1-HER2 docking modétl-yellow (left) and
to the Afftin 2-HER2 docking model #tellow (right). HER2 is shown in grey, the affibody (HER2 partner in 3MZW) in yellow,
the Fab (HER2 partner in 3N85) in greeffitin_1is shown in cyan and Affitin_2 in red.

The same comparison was carried outfidred models, as thewereidentified as the second
most likely docking models. However, as showRigure 319, thereis no overlap witliheknown
HERZ2 partners. This would imply timeedio use a different experimental approtekest whether
thesemodels represent the true binding mqaeg., by introducingnutationsthat would alter the

binding attheproteinprotein interface.
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Affitin_1, #0-red

Figure 319 - Superposition of the crystal structurgisown inFigure 3.17 onto the Afftin_HER?2 docking modelG#red and the
Afftin_2-HER2 docking model®4red. HER2 is shown in grey, HER2 proteins partners with the remaining colaffittn_1 is
shown incyan and Affitin_2 in red.

Discussion

The main objective of the study was to make a reliable prediction of the structure of HER2
Affitin_1 and HER2Affitin_ 2 complexes

The preliminary studyonductedon the dataset of known affitiorotein complexeqSection
3.2.]) servedo definea procedure for the evaluation of dockimgdels. This procedure combines
DockQ and MLCE and was used in the present section to deal with the AfER2 use case.

Docking calculations were performed for the pairs of partners AffitiHHER2 andAffitin_ 2-
HER2 First, theavailableexperimental information on the binding interface waploited. For
both the affitins, the best scoring models of each of the four possible binding areas on the receptor

were subjected to the combined DoeMRCE evaluation. The ClusPro score was also considered
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in the determination of the most likely docking models. The overall analysis led to a result that is
in agreement with thavailableexperimental information: Affitin_1 and Affitin_2 compete for the

same epitope on HER2 receptor.
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Conclusions

This section mainly focused on the problem of the prediction of the interaction betveeen
HER2 receptor and two affitinsAffitin_1 and Affitin_2, which are the subject of two patents
owned by Bracco S.p.A. These patents concern the use of the two affitins as molecular probes for
the detection of HER2 during a therapy based ontie most currently used mAbs, i.e.
Trastuzumab and Pertuzumab.

Affitins are antibody mimetics that, upon appropriate engineering of their sequence, can
potentially recognize other receptors as well. For this reason, a study was conducted to find out
whether the fold of the affitins depends on their sequence. Molatydamics simulations were
performed for the two affitins covered by the patents, six mutated affitins retrieved from the Protein
Data Bank, and five affitins whose sequences were designed by our research group. All the analysis
showed that no significamthanges in the overall foldccurand, most importantly, the-sheet
region involved in the mutations is not affected. This part of the study therefore showed that, in
principle, it is possible to design affitins with any sequence to specifically recognize any protein
partner.

The focus then shifted on the prediction of the structures of AfftHHER2 andAffitin_ 2-
HER2complexes

Prior to this, the need for a procedure capable of identifying the correct docking models in the
pool of solutions provided by a docking programme was highlighted. A datalet of complexes
consistingof affitins and other protein partners whose tkal@eensional structures are available
in the DB was used to test two approaches for the evaluation of docking models.

The first approach assesses the quality of a model based on its stability, which is quantified by

the DockQ parameter, calculated along the MD trajectories. A higher DockQ indicates greater
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stability and thus a higher probability that the pose is correct. The second method uses MLCE to
predict the binding sitegatchespn the isolated structure of proteins, in this case the partners of
the affitins. A match between these ML@Eedicted patches and the binding sites present in the
docking models is then checked. If a match is found, the pose is considered moreThikely.
combineduse of DockQ and MLCIgrovedto bemoreeffectivein identifying thecorrectdocking

modesk, with respect to these of the two approaches one at a time.

The predictionof the structure of HER2Affitin_1 and HER2Affitin_2 complexeswas then
addressed. e available experimental information was exploitetb guide the docking
calculations The DockQ-MLCE approab, without neglecting the indications provided by the
ClusPro scoring at treame time, was applied to determine the most likely docking models.

The overallmodelling procedureevealed thafffitin_1 and Affitin_2 compete for the same
HER2 epitope, which is in agreement with the experimental data. The most likely docking poses
were compared with the experimentdtuctures of complexes involving HER2 and protein
partners available in the PDB this way, two known protein partners of the receptor, an affibody
and a Fab, were identified as possible candidates for competitive binding assays. These
experimental tests could assess whether the affithglly bind HER2 on the predicted epitopes,

which would also serve to validate the modelling procedure.
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Section 4 +Protein-glycan docking protocol with HADDOCK3

The present section coverpi@jectl have worked on when | was a visiting PhD student at the
Computational Structural Biology grpuBijvoet Centre for Biomolecular Reseaydhniversiteit
Utrecht) under the supervision of Prof. Alexandre Bonvin and Dr. Marco Giulini

Briefly, the present studgimsto build a reliable protocol, based on tHADDOCK3 docking
programme, developed at the CSB grofqy the prediction othe structure oproteinglycan

complexes.

4.1 +Introduction

Glycans are complex organic molecules formednbgnosaccharides, simple sugar units,
connected by glycosidic bonds. Based on the number of monosaccharides, they can be named
disaccharides (2 units), oligosaccharided @units), or polysaccharides (more than 10 units). In
the following text, the termlgcan will be used for all these compounds, regardless of the number
of sugar units.

Glycans structural complexity arises not only from the diverse nature of monosaccharides
themselves but also from how they connect to each otheichEglycosidic bond can form two
possible stereoisomers at the anomeric carbon of one sugar, i.e., the carbon whose asymmetric
centeis formed upon the cyclization of the monosacchafidditionally, because of the several
hydroxyl groups in sugars, regioisomers can exist. With the capability of forming multiple
glycosidic bonds, monosaccharides can lead to branched chains, a feature that differentiates

glycans from the linear structuréist characterize peptides and oligonucleotides
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Glycansalso showa great conformational variability at room temperature, thanks to the low free
energy barriers between torsional angles around glycosidic bonds

Glycans are universally present in living organisms, where they can either be linked to proteins
or lipids, thus forming glycoproteins and glycolipids, respectively, or they can exist independently.
Their biological roleare manifold and fall into three broad groups:

1. Structural roles, e.g., they can contribute to the creation of external scaffolds like cell walls or
they can be involved in protein folding.

2. Metabolic roles, i.e., they act for instance as energy reserves.

3. Informational roles glycans may interact with Glycan Binding Proteins (GBPS) to trigger
various biological processes, both in plants and animals.

One notable example of glycans' importance is their role in the S2R&S2 spike proteinThis
protein, which enters host cells by connecting to the angiotensiverting enzyme (ACE2), is
surrounded by a layer of glycans to hide from the immune systsimdyhas shown that specific
sugars play a crucial role in the movement and structure of the part of the spike proteins that binds
to ACEZ2. The removal of these sugars results in diminished binding to ACE2, highlighting

potential targets on the spike protein for vaccine design.

It is thus evident that understanding the way glycans interact with pragegssential. As
pointed out irSectionl, traditionalexperimental methods, like-May crystallography or Nuclear
Magnetic Resonance, ar®t always feasiblebesides beingime-consuming and expensive
Computational techniques like molecular docking offer a more-eftsttive and faster
preliminary prediction of the thredimensional structures of glycgmotein complexes. While

progresses have been mdior example with the GlycanDock protocol developed within
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Rosettd, glycanprotein docking isn't as advanced as other protocols aimed ptetiietionof
other biomolecular compless. In fact, stateof-art proteinligand docking software cannot
properly address the conformational variability of glycans, as they are usually devielassd

with small, rigid molecules.

In this study, HADDOCKS® was used foaddresimg the glycanprotein interaction prediction
problem.

This section is structured as follows.

In Section4.1, general HADDOCKconceptsre first introduced.

Information about the datasets employed for the study and the séthe dockingalculations
are then given, followed by the explanation of how the HADDOCKS3 performance was evaluated
(Section4.2). In the last part of the section, it is shown how the sampling of glycans conformations
was carried out within HADDOCKS itself.

In the first partof the Resultsthe performance of HADDOCK®8n a dataset composed by 89
high-resolution experimental complexésound dataset)available in the Protein Data Bank
(PDB)!°, is shownThe impact of the rigid body scoring function on the HADDOCK3 performance
is evaluated, along with the overall performance on the bound dafss#ion4.3 +R1). The
dependence of the performance on glycan structural features and on the Ambiguous Interaction
Restraints (AIRS) is also discuss&yy.

A protocol is then proposed for dealing with a realistic scenario, where the bound structures of
the partners are unknown. The GLYCANEb webservét!'? was used for the generation of
glycans unbound structures, while protein oneseretrieved from the PDBThe whole of these

structures constitutes the unbound datas&DDOCK3 performance ishus evaluated when
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dealing withthe unbound dataset. Special emphasis is placed on the best way to select rigid body
models for the refinement stade3).

In the last partof the study R5), HADDOCKS3 performance is assessed following the
introduction of an ensemble of glycan structures generated through a short conformational
sampling carried out within HADDOCKS prior to the docking calculati@®4).

Finally, conclusions are drawn along with possible future developnteetsidn4.4).
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4.2 +Protocol

Docking with HADDOCKS3 z*general concepts

HADDOCKS is the new, modular version of the weltablished HADDOCK2.X softwale
The original version of the program foresees three parameterizable steps: i) full randomization of
the orientationsof the two partnersand rigidbody minimization [rigidbody] module in
HADDOCK3); ii) semiflexible simulated annealing in torsion angle spéttexief] module) iii)
refinement in explicit solvent[ihdref module). HADDOCKS3 overcomes this rigid workflow
structure as its constituent modules can be freely interchanged by th&hiselows to design
protocols specific to the problem to be addressed.

HADDOCK scoring functions include termascounting for electrostatic {lEand van der Waals
(Evaw) interactions (calculated with the OPLiBrce field?), for the energy associated with
desolvation (Eeson)!®, for changes in buried surface areassd, and for the Ambiguous
Interactions Restraints £, which will be covered later. The coefficients with which these terms
are weighted depend on the stage of the protocol.

In the present study, the scoring functions with the default coefficients weredasedEq. 3).
Moreover, a rigid body scoring function with an upweighted van der Waals energy term (1.0
instead of 0.01) was used tdéq( 2), as it already proved to gi\metter performancéor small

molecules littps://www.bonvinlab.org/software/haddock2.4/scodind/will be referred to with

the labelvdW, to be distinguished from triefaultone.

H (rigidbody defaul) = 0.01Eaw + 1.0E + 1.0Besov+ 0.01Eir +0.01EsA (Eq. 1)
H (rigidbody vdW) = 1.0Eqw + 1.0E: + 1.0Reson+ 0.01 Bir +0.01Esa (Eq.2)
H (flexref) = 1.0Faw + 1.0B) + 1.0Bseson+ 0.16ir 20.01Essa (Eq.3)
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A key feature oHADDOCK (2.X, 3) is the possibility of incorporatingxperimental datas
restraints which are included in the energy function used for guiding the docking process.
Ambiguous Interaction Restraints (AIRS) consist in a list of residues divided in two groups: active
and passive. Active residues are of central importance for tdraation;they arethusrestrained
to be part of the interface throughout the docking and refinement pegaég®ssible, otherwise
a scoring penalty is include@assive residues could contribute to the interaction but are deemed

of less importance; if such a residue does not belong to the interface there is no scoring penalty.

In thisstudy,two scenarios in terms of AIRs were considered for each pratgytan complex:
i) true-interface scenariotifaa), where active residues, corresponding to the interface residues
within 3.9 Al®17 from the partner, are defined for both the protein and the glycan; iinteréace
protein Hull glycan passive scenaritf-ap), where active residues are still defined for the protein

interface, but all residues of the glycan emesideregassive.

Dataset

HADDOCK3®® performance in reproducing the binding geometries of glymarein
complexes was evaluated &yploitingan adapted version of the dataset provideéglytanDockK.
This datasets composed by 109 experimentally determined negolution (< 2.0 A) protein
glycan complexes collected from the PDB.

The entriegontaining glycans not yet supported by HADDOG#d to be discarded dataset
of 89 complexesvas thus obtainedvhich will be referred to asound datasehenceforth The
protein receptors in this dataset include 8 antibodies, 21 carbohpdndieg modules, 18

enzymes, 27 lectingr glycan binding proteinsGBP) and 15 viral glycan binder$he length of
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the glycanganges from 2 to 7 monosaccharides unitsoreover,72 of themarelinear and 17
branchedThis structural diversity will be considered in the analysis of the docking performance.
With the aim of evaluating HADDOCKS3 performance on unbound partners, the 55 out of 89
protein unbound structures available in the PDB were selémtedhe corresponding unbound
conformations of the glycans were generated with the GLY G#ddwebserver-?, using an in

house script to automate the process. This script consisted in building, adwhloading the
structures from the server, and subsequently converting the GLYCAM code for the carbohydrate
residues to the residue names recognized by HADDORI€. dataset composed by the 55
unbound conformations of the proteins and the glycans generated with GLX@&bMWebserver

will be referred to asnbound datasdtom now on. ltcontains 47 linear and 8 branched gly¢ans

25 glycansare composed by three or less monosaccharideswnies 30 structures havwaore

than three unitg-or the evaluatio of HADDOCK3 performancen theunbound datasetll the
complexes including glycans made up by three or less monosaccharidaretrgésted together

and referred to with the lab8L -SB; for thebound datasetinear SL) and branchedSB) glycans

are treated separately too. Themplexesincluding glycans composed by more than three units
(L) are divided into lineafLL ) andbranchedL B), which are of size 23 and 7 in tbhebound
dataset respectively. The list of the complexes includedhie boundand unbound dataseis

shown inTable 41.

dataset PDBID bound  PDBID unbound ﬁg’ﬁ;g N Lé group  ref_Glycan_RMSD &)
bound 30AU - Antibody 2 L SL
bound 1wWuU6 - Enzyme 2 L SL
bound 3N17 - Enzyme 2 L SL
bound 1W6P - GBP 2 L SL
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bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound

bound-unbound

2IT6
3wv1
4R9F
5T4Z
2XOM
4QPW
4D5|
2G7C
2YP3
5HZB
1uzs
1IPC
2WRA
5HZA
5V6F
6R3M
13DC
3WH1
4YGO
1S3K
1SL5
2174
2CHB
6BE4
1w8u
2WAB
2YP4
1GUI
1GWL
1GWM
6N35
1C1L
1I3H
1KJL
1PWB
1SLT
2RDK
2ZKN
3G83
3P5H
5GAL

6N32
1C1F
INLS
5NFC
3DBZ
3W58
2721
3W58
3DBZ
3C22
1BKZ

GBP
GBP
GBP
Antibody
CBM
CBM
Enzyme
Viral
Viral
Viral
Antibody
GBP
GBP
Viral
Viral
CBM
Enzyme
Enzyme
Viral
Antibody
GBP
GBP
Viral
Antibody
CBM
Enzyme
Viral
CBM
CBM
CBM
Antibody
GBP
GBP
GBP
GBP
GBP
GBP
GBP
GBP
GBP
GBP

N NN NN DN DNDNMNDNMDNMNDMNDMOO O O o o o a b b &b b B b D B W W Ww W Ww w w w w w w w N DdhdDN

rrro—r rfrrrrFr'F"rFrFr - - - oLwwwrrrrrowwwwwr MO rrrHrrHOr+HOr - -

SL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SB
SB
SB
SB
SB
LL
LL
LL
LL
LB
LB
LB
LB
LL
LL
LL
LL
LL
LL
LL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SL

0.50
0.18
0.17
0.18
0.16
0.20
0.95
0.14
0.18
0.54
0.20
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bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound
bound-unbound

bound-unbound

5YRG
6HOY
2J1V
2Y6G
154L
3AOF
5AWQ
5JU9
1QFO
2VXJ
3NV4
4AMBY
6HAO
3P5G
6MSY
2372
2J73
3ACH
4XUR
1KQZ
1LMQ
1UU6
2BOF
4DQJ
5GY0
4YFZ
2J1T
2XJR
3ZWE
278L
1GNY
10F4
1UXX
2ZEX
30EB
1KQY
5VX5
5VX9
3AP9
6UG7
1PMH

5YRE
6HOW
2J1R
2Y6H
153L
3AMC
5AWO
5JTS
1QFP
1L7L
3NV1
AMBX
6HOW
3C22
6N32
2J71
2J71
3ACF
4XUN
2HVM
1LMN
10LR
2BOE
4DQ7
5GXX
AYFW
2J1R
2XJQ
3ZW0
1M4V
1US3
10F3
1GMM
2ZEW
2ZEW
2HVM
5VX4
5VX8
3AP5
BUGA
1PMJ

GBP
Viral
CBM
CBM

Enzyme
Enzyme
Enzyme
Enzyme

GBP

GBP

GBP
Viral
Viral

GBP

Antibody
CBM
CBM
CBM
CBM

Enzyme
Enzyme
Enzyme
Enzyme
Enzyme
Enzyme

Viral
CBM

GBP

GBP
Viral
CBM
CBM
CBM
CBM
CBM

Enzyme

Viral
Viral

GBP

Antibody
CBM

o o oo o0 oo oo g0 D DM DM DSBS D DS DD DSEDDDDSEDOOOOOOOWOOOWOWWoWDNDDND

rreoeornmrr--rrrrLowwowr-r-—nBr—rF"rrFrFrFr—r o -~ - *C*-C ;e

SL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SL
SB
LL
LL
LL
LL
LL
LL
LL
LL
LL
LL
LL
LL
LB
LB
LB
LB
LL
LL
LL
LL
LL
LL
LL
LL
LB
LL
LL

0.39
0.40
0.27
0.46
0.58
0.39
0.41
0.49
0.36
0.35
1.29
1.34
0.37
0.65
1.64
0.72
2.17
0.69
0.52
0.89
0.56
1.76
0.92
0.78
0.36
0.82
0.28
1.60
1.36
1.02
0.68
0.69
1.26
0.65
0.55
1.10
1.34
1.05
0.87
3.15
1.21
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bound-unbound 4HKS8 4HKO Enzyme 6 L LL 1.55
bound-unbound 10H4 10F3 CBM 7 B LB 1.93

bound-unbound 2VvVUz 2VUV GBP 7 B LB 4.53

Table 41 +Composition of the datasets. The following information are shown: whether the entry is part of the bound dataset only
or of both bound and unbound, the PDB ID of the complex, the PDB ID of the unbound protein, the family to which the proteins
belong, tle numberN) of monosaccharide units the glycans are composed of, if the glycans are lipearbfanchedB), the

group SL, SB, LL, LB) the complexes are assigned to for the analysiggh&lycan_ RMS¥see below).

In Figure 41, three proteirglycan complexes included in the study are shown as example.

Figure 41 +Representation of three complexes object of the study. Proteins are shown as cartoon, glycans with the SNFG
representation. Images from the Protein Data Bank.

Glycans and proteins structures were prepared using the programstao|stib Heteroatoms
such as water molecules, cofactors and ions were removed, when not part of thegfycdein
interface. The residues were renumbered to start from 1, with pdb_reres, and the chains ID were
modified to chain A and chain B for the recepfpirotein)and the ligandglycan) respectively,
with pdb_chain. In some cases where the receptor consists of more than one chain, these were
merged into a single chain, and the residue numbering was shifted if needed to avoid overlap in

numbering.

Set-up of the calculations

Two different protocols were employé&al theboundandunbound datasets
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For thebound datasethe following steps were performed (SE&ble 42): 1) creation of the
topologiesof the two partners; 2) generation of rigid body mod#isienby AIRs; 3) evaluation
of the quality of the models, through tkalculation ofthe interfaceligandroot-meansquare
deviation(IL-RMSD VHH VHFWLRQ 3(YDOXDWLRQ RI +$%settotBdHUIRUPI
reference structure; 4aglculation of the RMSD matrix between all the models, based on either
all theinterfaceresidues (wheti-aaAIRs are used) or the protein interface residues and the whole
glycan (whertip-ap AIRs are used}b) clusteringof the model$ased on the RMSD matri%)

clusterbasecdevaluation of the quality of th@odels.

Protocol bound dataset

Step| Module Parameters

1 [topoaa]

sampling = 1000;

w_vdw= 0.01 (default), 1.0 (vdW);
2 [rigidbody]
ambig_fname = /path/to/tbl/file

randremoval = falseSL-SB glycans only)

3 [caprieval] | reference_fname = /path/to/reference/pdb

resdic_A = [interface residues of the protein];
4a | [rmsdmatrix]
resdic_B = [interfaceti(-aa) or all tip-ap) residues of the glycan]

4b | [clustrmsd] | criterion = distance; linkage = average; threshold = 4; tolerance = 2.5

5 [caprieval] | reference_fname = /path/to/reference/pdb

Table 42 - Modules and parameters employed for the docking of the lnatadet

Concerning the dockingf theunboundpartners, (se@able 43), the procedure was the same
used for thebound datasetor steps 1) and 2) with the difference tlaahigher number of rigid

body models is generated at step 2) when performing docking with an ensemble of glycans
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conformations. An evaluation of the quality of the rigid body models was then performed both on
the 200 (400 in the ensemble scenario) best scoring madelked individually (step 3), and on

the top 5 models of 50 (150 the ensemble scenayiclusters (step 4 and 5). This double
evaluation showed that a clustsased selection of rigid body models allows to retain a higher
number of good quality models, as it will Bigown in sectioiR3. Thissubset of models was then
refined througtshort Molecular Dynamics (MD) simulations in explicit watstep 6), wherall

the residues except the onethat interfacere constrained to their initial coordinates. The quality

of the refined models was then evaluated, both on single structures (step 7) and in-hadester

manner (steps 8 and 9).

Protocol unbound dataset

Step| Module Parameters

1 [topoaa]

sampling = 1000, 4000 (ensemble);
w_vdw= 1.0 (vdW);

2 [rigidbody]
ambig_fname = /path/to/tbl/file

randremoval = falseSL-SB glycans only)

3 [caprieval] reference_fname = /path/to/reference/pdb

resdic_A = [interface residues of the protein];
4a | [rmsdmatrix]
resdic_B = [interface // all residues of the glycan]

4b | [clustrmsd] criterion = maxclust; tolerance = 50, 150 (ensemble)

4c | [seletopclusts] top_models =5

5 [caprieval] reference_fname = /path/to/reference/pdb

tolerance = 5; nemsteps = 200, 400 (extended); mdsteps_rigid = 500
(extended); mdsteps_cooll = 500, 1000 (extended); mdsteps_cool2 = 100
6 [flexref] (extended); mdsteps_cool3 = 1000, 2000 (extended);

ambig_fname = /path/to/tbl/file
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randremoval = falseSL-SB glycans only)

7 [caprieval] reference_fname = /path/to/reference/pdb

resdic_A = [interface residues of the protein];
8a | [rmsdmatrix]
resdic_B = [interface // all residues of the glycan]

8b | [clustrmsd] criterion = distance; linkage average; threshold = 4; tolerance = 2.5

9 [caprieval] reference_fname = /path/to/reference/pdb

Table 43 - Modules and parameters employed for the docking of the unbound dataset.

Evaluation of HADDOCKS3 performance

The quality of the models was evaluated with respect to the experimental structures through the
calculation of the IERMSD, in which the model is first superimposed to the reference structure
using the backbone atoms of the protein interface residueBMIS® is then calculated only on
the heavy atoms of the oligosaccharide. The choice of using this parameter is motivated by the fact
that the protein interface is larger compared to the glycan inteiffaeecalculation ofL-RMSD
thusenables to identifyhie variations in the positioof the ligand as opposed to what happens
e.g., with the calculation of thenterfaceRMSD (I-RMSD), one of the standard CAPRI
parameterS. The cut-offs for IL-RMSD, inspired by the cubffs for the {RMSD and ligane
RMSD (L-RMSD) according to the CAPRI criteriarfoligosaccharide$, are as follows: high
quality modelsiL-506" ” : mediumquality modelslL-506"' "3.0 A; acceptableuality
modelsiIL-506"' "6.0 A.

HADDOCKS3 performancés evaluated through the calculation of success rates (SR), that is, the
fraction of complexes having at least one highedium, or acceptablguality model among
number of modelsrankedaccording tothe HADDOCK score SR is also calculated on the

clustered models, considering only the top scoring models within each cluster.
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Glycans conformational sampling

Conformational sampling of the glycans was carried out with the HADDOA&ZK@8r refinement
module[mdref], starting from the structures generated with the GLY C#Abb webserveior 11
out of 55 glycans more than one conformation was generated by the webserver; in such a case one
of the conformations was randomly selected. The sampling and analysis protocol involved the use
of the following HADDOCK3 modulesftopoad, [mdref|, [rmsdmatrij, [clustrmsd. After the
creation of the topology (modulopoad), conformational sampling in water was performed with
the water refinement modulpr{dref]), defining the glycans as fully flexible (parameters: nflel =
1;fle sta 1 1=1;fle end 1 1 =7). At this stage, different scenarios were tested in terms of
number of steps and number of modelspexified inTable 44. Three scenarios were run on 100
models with increasinthe number of stepghus thesimulation time (sf10&1, sf100x8, sf100
x16). Then, the number of moddfsarameter sampling_factonas increased to 400 while the
simulation time was the same of two of the scenarios previously listed {sf4&@d sf40x16).

The overall time of the simulations ranges from 0.37 ns (skl(®@o 22.48 ns (sf40R16).

scenario_name | Sampling_factor waterheatstep| watersteps watercoolstepg Total smulation
time (N9

Default [mdref | 1 100 1250 500

values

sf100x1 100 100 1250 500 0.37

sf100x8 100 100 10000 4000 2.82

sf100x16 100 100 20000 8000 5.62

sf400x1 400 100 1250 500 1.48

sf400x16 400 100 20000 8000 22.48

Table 44 - Glycans conformational sampling scenaritmsblue are highlighted the values that change with respect to the scenario
sf100x1, which is all default parameters bwanspling_factor Total Smulation time(TSM)is calculated as followsTSM(ns) =
(sampling_factor *otal n steps * timestep (PEL00Q Where: total n steps = waterheatsteps + watersteps + watercoolsteps and
timestep = 0.002 ps.
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For assessing the conformational variability over the sampled trajectory, the RMSD of atoms
C1, O4, C4C5 Figure 42) wascalculated for all the generated conformations after fitting on the
same atoms on the bound conformations. This value will be called Glycan_RMSD from now on.

The program ProFit v32322 was used for this purpose.

Figure 42 - Sticks representation of the glycan included in complex 30EB. Atoms C1, O4, C4, C5 used for the fitting and the
calculation of Glycan_RMSD atabelled andshown ingreen

Distributions of the Glycan_RMSD values of the conformations obtained with the sampling
procedures were plotted together with the Glycan_RMSD calculated for the welgameeated
conformations; the latter value will be called ref_Glycan_RMSD from now on.

The sampled conformations were clustered using RM&§ed hierarchical clusteritig®. The
RMSD matrix between all the conformations generated was calculated with the module
[rmsdmatriy E\ VSHFLI\LQJ WKURXJK WKH SDUDPHWHU pUHVGLFB!
alignment and the RMSD calculation. The modulestrmsd was then exploited for clustering
the conformations, with the following parameters: criterion = maxclust, linkage = average,
tolerance = 10 (or 20). The 'maxclust’ criterion clusters the structure in such a way to give a fixed
number of clusters, definedbWKH SDUDPHWHU pWROHUDQFHYTY 7KH OLQND
merged in the creation dfi¢ dendrogram, i.e., it defines the method for calculating the distance

between the newly formed cluster and each object which does not belong to a cluster yet. As it
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was done for all the sampled conformations, Glycan_RMSD values were calculated for the clusters
centers, i.e. the points having the lower distance to all the other points in the cluster. Values of
Glycan_RMSD corresponding to the cluster centers wereegldibgether with the overall
sampling distribution to assess whether the clustering can capture the models that are closer to the
glycan experimental structure.

Thecentres of the 20 clusters were then employed as an ensemble for new docking calculations.
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4.3 +Results

This section is structured as follows. First, the impact of the rigid body scoring function on
HADDOCKS3 performance is discussed exploiting docking calculations performed douhd
dataset(paragraphR1). Considerations will be then made regarding the dependence of the
performance on glycan structural features and on ApBsafraptR2).

Then, the performance on thebound datase$ assessed, with a focus on which is the best way
for selecting the rigid body models to be refinpdragraptiR3). Conformational sampling of the
glycans is then presentguhfagraptiR4). At last, the effect and the limitations of using the glycans

ensemble is discusseoafagraptRb).

R1: Impact of the rigid body scoring function & performance on bound dataset

The first point that needed to be addressed was ifdWérigid body scoring functio performs
better than thelefaultone, as it happens for protesmall molecules dockindrhis was assessed
by running docking calculations on thmund datasetand withti-aa AIRs. For complexes
including glycans composed by three or less monosaccharide units, the AIRs were not randomly
removed for each generated model (the parametelremovals set to false). A comparison of
success rates (SR) obtained withdleéault(Eq. 1) andvdW(Eqg. 2) scoring functions is shown in

Figure 43.
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Figure 43 - Comparison of SRcalculated for the top (T) 1, 5, 10, 50, 100, and g@fielsfor the bound datasetti-aa AIRs.
DefaultandvdW(w_vdw = 1.0)scoring functions (seq. 1andEq. 2) are shown on the left and on the right, respectively.

The vdWscoring function performs much better than de¢éaultone: SR igemarkably higher
whenthe former is used.e., when a higher weiglit.00 instead of 0.01} given to the van der
Waals energy term. For example, considering (T) 1 and TLO high-quality models, the
difference SRuw +SRuefaurtis around36% and26%, respectivelyThe better performance given
by vdW scoring functionis due to the hydrophobicity of glycans; this was not unexpected as a
similar behaviour was obtained in previous work involving smaller molecules than proteins, e.g.,
when docking cycling peptid&sand small ligand in general.

Given these results, all the docking calculations discussed from now on are performed with the

vdWscoring function

R2: Dependence of the performance on glycarstructural features and on AIRsS

The dependency of the structural features of the glyoarike SRvas then assessed. SR were

thus calculated again, for the scendiriaa AIRs and with thevdWscoring function, grouping the

418



complexes based on the size of the glycans (glycans composed by threemitdesbelled with

S, or by more than three, labelled with) and connectivity (lineal,., or branchedB). The SR,
shownin Figure 44, indicatethat HADDOCKS3 performance was the best fdr glycans. For
example, the SR for T1 high quality models is around 60%, 30%, 80%, and 768% B, LL ,

andLB glycans, respectively. Considering a higher number of modelsT280), SR is almost

the same for all the complexes but the ones invol8Bglycans. The overall worse performance

on those glycans, and, to a less extent orsthenes, can be explained with two considerations.
First, docking a smaller ligand could be more diffiouith respect to a larger onbecause the
former must satisfy a lower number of spatial requirements. In other words, a smaller ligand could
be docked to thprotein partner with a greater variability of positions and orientations; the same
could not hold true for a larger ligand, whose dimensions could force it to adopt a specific
disposition with respect to the partn@he second consideration is traimostall (36/38) SL
glycansbind the partner with all their residues, i.e., all the residues belong to the interface, while
this happens foonly half (3/6)amongSB glycans. As the interface residues are restrained with
AIRs to be part of the interface duginhe docking and refinement processes, this could explain

why performance on the branchgigcans is worse than the one on the linear of the same size.
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Figure 44 - Performance of HADDOCKS3 on bound dataset, based on glycans size (glycans composed by three or less
monosaccharide unit§, or by more than thred,) and connectivity (lineat,, or branchedB). vdW scoring function is used. SR

are also compared between docking runs performedtivéh andtip-ap AIRs, shown on the first and second row, respectively.

SR are calculated for the top 1, 5, 10, 50, 100, and 200 models.

Similar considerations can be helpful in discussing the performance obtaindgpvahAIRSs
(secondrow of Figure 44), when no information is given about the glycans interface. The effect
of usingtip-ap AIRs is more pronounced for branched glycans than for linear ones. For example,
concerning T1 high quality models, the differencei3R- SRi-aaare around5% and more than
-15% for linear and branched glycans respectively, independently on their size. In the case of

longer glycans also, most of the time (27/84) glycanshave all the residues involved in the
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binding of the partner, whereas the same is truerityrhalf (5/11) of theLB ones. This could be
an explanation for the reason why docking branched glycans, independently on their size, is more
difficult when no information about their interface is available.

However, HADDOCK3 performance on protegfycan complexes is not dramatically affected
usingtip-ap AIRs. Considering that experimental interface information for the glycans is rarely
available in a realistic scenario and that performance with-eescenario can only be better, in

the next sections docking calculations wigitap AIRs will be mainly discussed.

R3: Performance on unbound dataset & how to select models for the refinement stage

In a realistic scenario the bound conformations of the docking partners are unknown and
conformational rearrangements could occur in the binding process. For these reasons,
HADDOCKS3 performance was assessed also oartheundlatase{see Methods)/V/hen dealing
with unbound structures, the flexible refinement stage of the rigid body models plays a
fundamental role, as @llows the partners to adapt to each other.

The problem that needed to be addressed before performing this stage was how to choose a
subset of rigid body models to refine, namely whether to pick the first 200 models ranked by their
HADDOCK score or thé best models of the first 50 clusters. These SR are shown, divided by

glycan size and linearity, iRigure 45.
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Figure 45 - HADDOCKS performance on unbound dataset, using vdW scoring functiotipazol AIRs. SR are calculated: on

the T1 to T200 rigidbody models (first column) and on T1 to T50 rigid body clusters, considering only the top 5 models of eac
cluster (second column); on the T1 to T200 refined models (third column) and on T1 to T5 refiterd, @onsidering only the

top 4 models of each cluster (fourth column). Models are refined according to the-blas¢er selection (second column). SR is
calculated separa&ly for the three categories of complexes grouped by glycans size and conné&dti@B/(top row),LL (middle

row), andLB (bottom row).
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The comparison of the SR obtainadthe single models (first columngigure 45) with those
obtained on the clustered models (second coluntfigaire 45), allows to observe that, overall,
the selection of the clustered models is beneficial to the docking SR. More specifically, considering
SL andSBglycans Figure 45, first row), selecting the 200 best scoring rigid body models ranked
VLQJIXOddbaly” FROXPQ UHVXOWYV {g@liy SR. CR th® ¢iherihEml, if the
top 5 models of the first 50 clusters are selected, meduatity SR increases to 80%#igidbody,
clustered F R O XTRi® results also in a slightly higher recovery of higlality models (8%
instead of 4%) and in almost the totality (92%) recovery of acceptable models. Therefore, for this
group of glycans, selecting the rigid body models after clustering is by faeshevay to choose
the structures for the refinemestage. This isikely a consequence of the high similarity of the
rigid body models ranked in the best positions: more diverse poses are recovered with the
clustering.

A similar behaviour is observed fbB glycans (third row oFigure 45). Selecting the 200 best
scoring rigid body models results in the retrieval of only 14% of medium quality models. If the
top 5 models of the 50 clusters are selected instead, SR for medium quality models is around 43%.
In this way, a few more acceptafgaality models are retrieved too.

Concerning thé.L glycans (second row dfigure 45), clustering the rigid body models does
not seem to be significantly useful. SR for medium qualibdels is around 20% both for T200
models and T50 clusters. The SR for acceptable quality models does not change significantly
either. However, by comparing the SR for T50 medgumlity models (< 10%) with SR for T10
mediumquality clusters (> 40%), the latter consisting of around 50 models too, it can be seen how
clustering is convenient, especially when limited computational resources limit the number of

structures that can be refined.
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Overall, selecting rigid body models after clusteiiggnore convenierthan using the standard,
HADDOCK Scorebased selection, as it allowe retrieval of a higher number of higimedium
guality models.

Flexible refinement was thus performed on 50 clusters, each of them composed by 5 or less
models SR was then calculated on the refined models, both on single structures (third column
Flexref” RFigure 45) and clusterEDVH G | R X U fiéxtefr FF@XR/QVFBUrE 46). R |

The introduction of the flexibility at the interface region strongly improves the quality of the
models. Considering all the refined models, i.e., comparing the SR of the T50 rigid body clusters
(second column oFigure 45) with the SR of the T200 refined models (third columr-igfure
45), we can observe how, f@L-SB glycans high-quality SR increases from 8% to 32%,
mediumquality SR increass from 80% to 92%, and the totality of the models falls within the
acceptable quality cwdff. As for LL glycans mediumquality SRincreass from around 20% to
almost 80%; all the models areaxfceptable qualitymprovements in SR are still substantial for
LB glycans for which mediurguality SR increases from 43% to%.7

The clustetbasedSR (CB-SR) calculatedon therefined modelss consistently higher than the
CB-SRcalculated on the clusteredid bodymodels As an example, the best scoring cluster (T1),
medium quality CBSR increases from 32% to 44%, from 4 to 9%, and from 0% to 14%l for

SB, LL, andLB glycans, respectively.

In Figure 46, the best scoring refined models superimposed to the corresponding rigid body
models and to the reference structures of three complexes, representativBloBfRe L , and
LB groups, are shown as an example. It can be seen that the refinementsidgan a better

rankingof the models, whose quality improves too (loleiRMSDvalues are obtained following
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the refinement). The quality of the models decreases with the increasing complexity of the glycans:
a highquality model is produced for the 1C1L compleX( IL-RMSD = 0.52 A after the
refinement), a mediurguality model for5VX5 (LL, IL-RMSD = 2.22 A), an acceptabiquality

model for LOH4 KB, IL-RMSD =4.42 A).

PDB: 10H4

Rigidbody - rank #740 - IL-RMSD = 5.52 A
** flexref models are clustered Flexre nk -RMSD 42

PDB: 5VX5 PDB: 1C1L

1

3 Reference model Reference mode
ank #61 - IL-RMSD = 3.81 A ¢ Rigidbody - rank #938 - IL-RMSD = 0.91 A

Figure 46 - Superimposition of the best scoring flexref models (orange) and the rigidbody models (teal) to the reference structures
(grey) for the complexes 10HUR, top panel, 5VX5 (L, bottom left pang) and 1C1L §L, bottom right panéland the unbound

docking scenario carried out with vdW scoring potential apéap AIRs.Oxygen atoms of the glycans are shown in red in all the
structures, nitrogens in blue, hydrogens not shown. Ranking aRMIED values with respect to the reference structures for the
flexref and rigidbody models are shown too.

HADDOCKS3 performance on thenbound datasetvas also evaluated using tlieaa AIRs

(Figure 47); considerations like the ones done fortipeap scenario can be done.
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Figure 47 - HADDOCKS3 performance on unbound dataset, using vdW scoring functianaadIRs. SR are calculated: on the
T1 to T200 rigidbody models (first column) and on T1 to T50 rigid body clusters, considering only the top 5 modelsusiteach cl
(second column); on the T1 to T200 refined models (third column) and on T1 to T5 refstetscleonsidering only the top 4
models of each cluster (fourth column). Models are refined according to the dbasted selection (second column). SR is
calculated separatg for the three categories of complexes grouped by glycans size and conn&itr8§/(top row),LL (middle
row), andLB (bottom row).
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The SR obtained after the refinement stage are lower than the ones obtainedoounthe
dataset This is because thefinement stageannot consistently recover the bound conformation
of the proteirglycan interface, especially if the glycan has a complex structure and its unbound
conformation is far from the bound onén attempt for improvingthe SR of unbound
conformations was done by performing longer simulations during the refinement stagahlsee
43 IRU WKH QXPEHU RI VWHSY ODEHOOHG ZLaNemeRt[MEQ GHG”
did notimprove SR significantly nor in a uniform way, aséemed talependon the number of
models and the group of glycans considefetthis behavioucould notbe rationalized in a simple
way, this approactvas discarded

The challenge of docking unbound conformations was then addressed by considering the glycans

conformational variability prior to the docking process.

R4: Glycans conformational sampling

Conformational sampling of the glycans was carried out to perform docking calculations with
an ensemble of structures. Results are discussed by considering separately the three categories of
glycans:SL-SB, LL, andLB, given that ref _Glycan_RMSD (i.e., the Glycan_RMSD of the
conformation generated by the GLYCAMeb webserver with respect to the bound one) has a
strong dependency on glycans size and connectivity, as a consequencéaajehaumber of
conformationghatlonger and more complex glycans can asswitierespect to thehorter ones.

The distributions ofef _Glycan_RMSDareshown inFigure 48.
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ref_Glycan_RMSD distribution
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Figure 48 - Violin plot showing the distribution of ref_Glycan_RMSD for the three categories of gl$tags, LL, andLB.
Median values are shown on top of the plot.

The sampling was performed with five different protocols, where MD simulations of different
length were carried out odifferent number of modelsThe parameters of these scenarios are
shown inTable 44.

For each protocol, Glycan_RMSD values were calculated for all the generated conformations
and compared with the ref_Glycan_RMSD. As an example, such plots are shown for glycans 1C1L

(SL), 5VX5 (LL), 10H4 (B) in Figure 49.
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Figure 49 iDistribution of theGlycan_RMSD valuesbtained for glycan&C1L (first column), 5VX5¢econd colunmpnand10OH4
(third column)with the different sampling scenariosith respect to the ref_Glycan_RMSD.

The best protocol is the one that allows to sample the largest pool of conformations and thus also
the one showing thlwwest Glycan_RMSD values.e., the closest to the bound structure. The
distributions of thdowest Glycan_RMSD value$or thedifferent sampling scenarios and for the
three groups of glycanS(-SB, LL , LB) are shown in the boxplots Kgure 410.

The protocol that allows to obtain the lowest median valegsife 410) is sf400x16. For SL-

SB glycans, the median decreases from 0.36 A (ref_Glycan_RMSD) to 0.14 A-gsfapn0for

LL glycans, from 0.82 A to 0.52 A; faB glycans, from 1.36 A to 0.73 A.
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Figure 410 - Boxplots representing the comparison between ref_Glycan_RMSD and the lowest Glycan_RMSD obtained with the
ﬁgshegﬁpling scenarios. The comparison is shown for the three groups of glgta8s (top), LL (bottom leff, andLB (bottom

With the aim of obtaining limited ensembles of structures for further docking calculations, the
[rmsdmatrix] and [clustrmsd] modules in HADDOCKS3 were exploited, extracting either 10 or 20
clusters from the ensemble. Glycan_RMSD values of the centerstotlsisters were calculated
with ProFit v3.mand compared to the overad00x16 distribution, in order to understand

which number of clusters is necessary to uniformly cover the whole distribution.

As an example, the ploshowing the overall distribution and the values of 10 and 20 clusters

centresare reported for glycans 1C15L(), 5VX5 (LL ), 10H4 (B) in|[Figure 411
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Figure 411 +Comparison of the overall sf46@.6 distributionwith the Glycan_RMSDalues of 10 and 20 clusters centrés
the glycans 1C1Ltdp), 5VX5 pottom leff, and 10H4 lhottomright).

Overall, grouping the sampled models in 20 clusters was the more appropriate way for retaining

low Glycan_RMSD conformations. However, the centers of the clusters characterized by

lowest Glycan_RMSDaluesrarely correspond to treampledcconformations closest to the bound

foo L H WKH ODWWHU DUH W\SLFDOO\ SORVW™ LQ WKH FOXV

glycan 10H4 fottomright pane

Figure 411

: conformations with a Glycan_ RMSD around 1 A

are sampled, but the conformation closest to the bound structure which is retaind after the

clustering process shows a Glycan_ RMSD around 1.3 A. For a complete view of the problem, for
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all the glycans, the Glycan_RMSD values of the clusters centers closed to the bound conformations

are plotted against the same values from the overall sampliopgré 412).

Figure 412 - Lowest Glycan_RMSDaluesafter clusteringare plotted against théowest Glycan_RMSDrom the overall
sampling The comparison is shown for the three groups of glyc@i<SB (top), LL (bottom leff, andLB (bottomright).
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The centers of thes® clustersvere merged usingdbtoolﬂin an ensemble to be used in new

docking calculations. Such structures, as an example, are shoWgure 413|for the three

glycans1C1L (SL), 5VX5 (LL ), 10H4 (B).

Figure 413 - Superimposition of the centers of the 20 clusters (light blue) obtained from thex&éBt8@&mpling scenario and of

the unbound conformation generated by GLYGWeb webserver (yellow) to the bound conformations (black) for the complexes
10H4 (B, top panel), 5VX5LL, bottom left panel), and 1C1ISL, bottomright panel). Oxygen atoms are shown in red in all
the structures, nitrogens in blue, hydrogens not shown.

R5: Using an ensemble slightly improves success rates in unbound docking

New docking calculations were then performed with the unbound conformations of the proteins

(as inR3) and the ensemble of glycans to assdssther higher SRould be achieved by including

conformations of glycans closer to theund forms. InFigure 414| the corresponding SR

calculated on the refined models is compared to the one obtained with single glycan conformations

for the three categories of glycans. Improvements obtained with the latter are limited but present.
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Figure 414 - HADDOCK3 performance on unbound dataset, using vdW scoring functiotipaaplAIRs. SR, calculated on the

top 1, 5, 10, 50, 100, and 200 refined models (flexref stage), are compared between single conformations runs (lefadolumn) a
ensemble runs (right column). SR is calculated separately for the three categories of complgxed byoglycans size and
connectivity:SL-SB (top row),LL (middle row), and_B (bottom row).
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Considering complexes witBL-SB glycans|Figure 414] top row), highquality SR increases

from 4, 12, 24, and 32% to 12, 20, 32, and 36%, for T1, T5, T10, and T200 models respectively.

The number of mediumuality models slightly increases too. As for complexes withglycans

Figure 414 middle row), some higlquality models are generated with the ensemble, with SR

around 4% (T1 and T5 models) and around 9% {T200); despite the mediwguality SR
decreases with respect to the single conformations docking runs. If acceptable models are
concerned, the T1 SR increases while the other do not changd ZUB) or even decrease (T5

T10) with respect to the single conformations runs. Using the ensemble for complexeB with

glycans|Figure 414} bottom row) does not se to significantly help as far as-TTLO models are

considered. Mediunguality SR decreases (T1) or does not vary (T5 and T10), while acceptable
guality SR remains constant for T1 and decreases for T5 and T10 models. Improvements following
the introductio of the ensemble are only visible for F5200 models, where mediuquality SR
increases from 42% (T50) and 57% (T100 and T200) to around 70% for all of them. Moreover, all
the models from T50 onwards fall within the acceptableofiut

Docking runs with the ensemble were performed also tidtda AIRs, with similar results

Figure 415).
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Figure 415- HADDOCKS performance on unbound dataset, using vdW scoring functidh@aadlRs. SR, calculated on the top

1, 5, 10, 50, 100, and 200 refined models (flexref stage), are compared between single conformations runs (left column) and
ensemble runs (right column). SR is calculated separately for the three categories of complgxed byoglycans size and
connectivity:SL-SB (top row),LL (middle row), and_B (bottom row).
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Overall, the rather limitednprovements in SR following the introduction of the ensemble can
be reconducted to the following interlinked reasons. The first one concerns the short, limited
glycan conformational sampling performed with the HADDOCK3 water refinement module. At
this staye, drawbacks could be due both to the relatively short MD simulations and to the force
field employed in the program, i.e., the-plirpose OPLS\A force fieltﬂ A second problem is
the loss of some of the sampled conformations characterized by the lowest Glycan_RMSD values;
this, as it was shown, is consequence of the unavoidable clustering of the whole pool of sampled
conformations. At last, a consideration dedo be done on the docking stage. Following an
increase irthe number of input structuréy a factor 20, theumber of models to be generated
and then refined wamcreased tooHowever, thiswas not dondinealy with the number of
structures tavoid exceedinglyexpensive calculationgl000 models were generated instead of
1000 (single conformations runs); 150 cluster composed by at maximum 5 models were sent to

the refinement stage, instead of the 50 of the single conformations runs.
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4.4 +Conclusions

In the present study, the ability of HADDOCKS3 in reproducing the tridimensional structures of
glycan protein complexes was assessed. First, the performance was evaluated on the rather simple,
unrealistic scenario involving the partners in their boundaromdtions, giving full information
about the interfacdifaa AIRs). The best rigid body scoring function was shown to bevdve
scoring function, having an upweightean der Waals energgrm which better accounts for the
glycans hydrophobicity. The SRere calculated on tHeound datasesplit in the four groupSL,

SB, LL, andLB and it was shown that, overall, the prediction of the complexes is easieLivhen
andLB glycans are involved; this is probably a consequence of the lower number of possible
dispositions that longer glycans can assume when binding the protein. Assuming no information
RQ WKH JO\F D pfap AIRsYOH thétidnld datasetauses decreases in the SR mainly

for complexes involving branched glycans, independently on their siz

HADDOCKS3 performance was then evaluated on uhbound datasetDocking runs were
performedon protein unbound structures retrieved from the PDB and on glycans conformations
generated through the GLYCAMeb webserver. It was observed that a cldsteed selection of
therigid bodymodels is beneficial for docking success, as it allows to pick more correct models
for refinement.

Overall, the SR obtained on thebound datasetre lower than the ones calculated ontend
dataset Therefore, the glycan conformational variability was accounted for prior to the docking
by means of MD simulations and clustering, thus producing an ensemble of glycan structures. It
was observed that the introduction of a pool of glycans structuresga®dlight improvements,
due to the not exhaustive glycan conformational sampling and to the clustering step, and to the

3G LOXWLR QhslurRral &iskel Wherzhaving multiple conformations in input to the docking.
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In conclusion, the present study showed that HADDOCKS is indeed suitable for the prediction
of glycanproteins binding geometries, as it was seen with the evaluation of its performance on the
bound datasetHowever, docking unbound conformations remains a challenging open problem.
This is mostly due to the large conformational variability of glycans, which grows with their
complexity.

Future efforts could be oriented on the development of a more efficient protocol for the
generation of glycans conformations to be incorporated in the docking calculations, possibly
integrating different MD software such as GROMﬁSr OpenMr\mwithin the HADDOCK3
docking pipeline.

Besides the most challenging task of properly account for glycans conformational variability,
there a few other aspects that need to be addressed. One of them concerns expanding the list of

glycans supported by HADDOCKS.
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Section 5 +Final remarks

This PhD thesis concerned the use of -alieen physicsbased computationatethods for the
determination of the thredimensional structures of protegmotein and proteinglycans
complexes.

The two projectsgpresented hershare some common points. Physiesed computational
approaches, such as molecular dynamics simulations and molecular dockingmpérgedin
both.In additon, WKH FDOFXODWLRQV SHUIRb&t&dHenT R B HDR KR S WKND MF

availableexperimental data were exploited to increase the reliability of the modelling procedures.

In Section a specific use case related gmteinprotein interactions was presented. The
project, which was carried out in collaboration with Alessandro Maiocchi (Bracco S.p.and
Dr. Elisabetta Moroni§CITEGItalian National Research Councifpllowed the publication of
two patents, owned bBracco S.p.A These patents concern the use of two small engineered
proteins, namely affitins, for the recognition of a molecular target of undoubtable importance, i.e.,
the umanepidermalgrowth factorreceptor 2 (HER2)The aim was to predict the structure of the
Affitin_1-HER2 and Affitin_2-HER2 complexes knowledge of which is essential for the
optimization ofthebinding affinity. This was achieved by, first of all, incorporating in the docking
calculations the experimental evidence that the two affitins do not compete for the HER2 binding
sites involved in the recognition of the monoclonal antibodies Trastuzumddestuzumab. Then,
theobtaineddocking models were evaluated with the aim of identifying the most likely ones.

This was done through a procedure previously developed on a dataset of experimentally known

complexes consisting of affitins and other protein partners. The procedure is based on a consensus
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approach between DockQ and MLCE, two methods relying on different assumptions. DockQ
assesses the quality of a model on the basis of its stability along MD trajectories. MLCE is used to
predict binding sites the isolated structure of one of the two psotéime presence of a match
between these predicted sites and the binding areas in the docking models is then checked; if a
match is found, the pose is considered more likely than the others.

The application of the Dock®ILCE consensus approach, and the consideration of the ClusPro
score at the same time, allowed to obtain the most likely docking poses for the complexes
Affitin_1-HER2 and Affitin_2HER2 These were compared with teguctures of complexes
available in the Protein Data Bank, consistingl&R2 andlifferentprotein partnersn this way,
two protein partners, namely an affibody and a Fab, were identified as possible candidates to
perform competitive binding assays. These experimental tests could assess Affigthelr and

Affitin_ 2 actually bind HER2 on the predicted epitopes.

Sectioreports the work donat theComputational Structural Biolog§CSB)groy (Bijvoet
Centre for Biomolecular ReseardbniversiteitUtrecht) under the supervision of Prof. Alexandre
Bonvin and Dr. Marco Giulini The studyaimed to builda reliable protocol, based on the
HADDOCKS3 docking programme, currently under development at the CSB gifouphe
prediction of proteirglycan complexes.

Docking calculations were driven by the information on the binding interface of the protein
partners, which was included as a restraint in the docking calculations. This was possible as the
building of the protocol of course implied the use of pretgytan complexes whose structures

are known and deposited in the Protein Data Bank. In a realistic scenario, whetreichees
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would not be knownthe information on the interface could be obtained, for example, by NMR
analysis.

HADDOCKS3 performance was evaluatedbothabound and an unbound datagédie former
dataset was used to evaluate the rigid body scoring function that best reproduces the structures of
the complexes. The calculations carried out on the unbound dataset, instead, highlighted the
importance of a finely tuned selection of the rig@tly models to be used for the following MD
based refinement stage. It was found tHRWMES D-based clustering of the rigid body modallews
more good quality models to be seledidthe refinement.

The success rates obtained with the unbound datasepamialy improved by including, in
new docking calculations, an ensemble of glycans conformations generated within HADDOCKS3.
Given the results, there is still room for improvem@ihterefore, fiture efforts could be directed
toward developing a more efficient protocol for generating glycans conformations to be

incorporated in the docking calculations.
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Appendix 1 +Other activities

In this appendix, other activities carried out during the three years of the PhD studies are briefly
covered. Both the two projects herein described mainly used unbiased (and sometimes enhanced)

Molecular Dynamics (MD) simulationgand a little bit of quantum mechanical calculations.

Partition of organic and metalorganic compounds in the biphasic systems n

octanol/water and micelle/water

The aim of this project has been the study of the partition process of several molecules in two
biphasic systems by using methods based on Molecular Dynamics (MD) simulations. All the
species have been described with the same force field (2016H66), ®mekalvility has been
tested comparing the-octanol/water partition free energies calculated from the MD and Free
Energy Perturbation (FEP) method with those obtained from the quaméamanical SMD
method.

The protocol has then foreseen: i) steered MD (SMD) simulations for displacing the solutes from
one phase to another; ii) umbrella sampling (US) simulations carried out on the configurations
extracted from the SMD simulations; iii) use of the Weighted ddistm Analysis Method
(WHAM) to obtain the Potential of Mean Force (PMF) profiles and thus the free energies of
partition.

First, the biphasic systemattanol/water has been considered together with molecules for
which experimental values of partition coefficients are available. The aim of this first part has been
to identify the setip that would allow to best reproduce tbeperimental values. Different

combinations of parameters in terms of dimensions of the simulations box, number of sampled
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conformations along the SMD trajectory and extension of the sampling of each umbrella window
have been considered.

Then, attention has been given to a biphasic system micelle/water, which is made up by the self
organization of surfactant molecules dispersed in water. Such systems have gained importance
because of their ability to behave as nanoreactors for carryingrgamic reactions, including
crosscoupling ones among the others.

The specific object of our study has concerned theioic surfactant KolliphoEL (K-EL)

and the SuzukiMiyaurareaction|Figure All) betweenan aryl halidg1) and a phenyl boronic

acid (2) which, in the presence of a palladium(0) complex as cat@y,sgive the crossoupling
product (4). This reactionwas performed by the research group of Prof. Luca Beverina

(Department of MaterialScienceUNIMIB).

Figure A11 +SuzukiMiyaura CrossCoupling Reaction considered in the study. Figure reproduced from reférence

Starting from the KEL molecules dispersed in water, a micelle model has been generated by
MD simulations, adopting the 2016H66 force field. For each species involved in the reaction, six
SMD simulations starting from different points around the miceNe leeen carried out, in order
to account for anisotropy of the micelle. US simulations have then been performed on the
configurations identified on these coordinates. Finally, an overall PMF profile for the transfer

process between the two phases has geerarated by using the WHAM.
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The overall picture emerging from these results confirms that the molecular species involved in

this reaction prefers the micellar environment and concentrates in different but close zones of the

micelle, as it can be seen from the minima of the Pkéfiles ‘d:igure Al2).

Figure A12 +PMF calculated for the four species by MD/US by six independent simulations starting from different positions of
the solute with respect to the micelle. Standard deviation bars are reported. Figure reproduced from feference

These results support the experimental evidence that the use of suitable surfactant agents
promotes reactivity, allowing micelles to behave as nanoreactors in which reactive species are

solubilized and enhance their local concentration.

&DOL[> @DUHQH(%DVHG 6HQVLWL]HUV IRU +RVW/(*X

Solar Energy Conversion in Photoelectrochemical Cells

The photogeneration of electricity and solar fuels by solar irradiation in photoelectrochemical
cells is one of the sectors with the highest growth potential in the decarbonised society. However,
the use of different components, in particular photoseasstiand catalysts, can present problems
of charge transfer efficiency at the interface, leading to lower final efficiencies. The research group

of Prof. Alessandro Abbotto (Department of Materials ScididéMIB) designed novel
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integrated photosensitizeatalyst dyads based on robust and flexible -gasst norcovalent

interactions through the use of calix[4]arene cavities. A pictorial representation of the process is

shown inFigure A13

Figure A13 *Pictorial representation of the calix[4]arene moiety incorporated in the structure cbaatiched D €R)2
metalfree organic sensitizer, anchored on a T8Drface, to exploit hogjuest interaction with a proper Ru(ll) water oxidation
catalyst. This should enhance the water oxidation in a photoactive device. Figure reproduced from feference

Current photogeneration in photoelectrochemical cells showed greater efficiency in the
integrated calixarenbased hosguest dyads compared to the traditional architecture based on the
separate photosensitizeatalyst pair. However, this efficiency depenon the photosensitizer
used (CalixPTZ and CalixPTZ2).

With the aim of rationalizing their different behaviour, Molecular Dynamics (MD) simulations
of the two photosensitizers containing the catalyst in their cavities and anchored to the [101]
anatase surface weperformed

Along the MD trajectories, a series of geometrical parameters able to affect the efficiency of the
electron transfer processes weampled a) the distances between the centre of the thiophene
rings (area of the LUMO, as identified from quantum mechanical calculations) and the TiO
surface; b) the angles between the planes defined by the thiophene rings anc thefar®,
assumed as representative of the orientation of the LUMO with respect to theuiiféae; and c)

the distance between the centre of the phenothiazine ring (area of the HOMO) and the ruthenium
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atom of the catalyst. The main result obtained shows that the probability for the LUMO to approach
the surface is higher for CaliRTZ than for CalixPTZ, thanks to the greater mobility of the
former. This could be one of the reasons of the higher photocurrent density observed for Calix

PTZ.
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Appendix 2 +Additional data

Appendix 2.1 tMD simulations of affitins Sac7d, Affitin_1 and Affitin_2 with

the AMBER99SB-ILDN force field.

The rootmeansquare fluctuation (RMSF) of the backbone atTFv_rg' ure A21

of secondary structure elemer‘féable A21

and|Figure A22

and the fraction

shows that performing MD

simulations with the AMBER99SH DN force field lead to an @en higher stability of all the

affitins, with respect to what is observed with the Gromos 53A6 force field.

Figure A21 - Root mean squattuctuations (RMSF) of backbone atoms of each residue calculated for affitins Sac7d, Affitin_1,

and Affitin_3 on the cumulative trajectoriesthe MD simulations carried out with Gromos 53A6 &MBER99SHLDN force

fields.

Structure  Coil -Sheet  -Bridge Bend  Turn .-Helix 5-Helix  3-Helix

SacTd G53A6 0.73 0.16 0.46 0 0.09 0.13 0.14 0 0.01
AMBER 0.85 0.09 0.52 0 0.04 0.18 0.15 0 0.02

Affitin 1 G53A6 0.67 0.18 0.47 0.01 0.11 0.12 0.07 0.02 0.02
- AMBER 0.82 0.11 0.48 0 0.04 0.17 0.16 0 0.03

Affitin 2 G53A6 0.65 0.19 0.43 0.01 0.12 0.11 0.1 0.01 0.03
- AMBER 0.84 0.08 0.53 0 0.02 0.16 0.15 0 0.05

Table A21 - Secondary structure elements of wijge affitin Sac7d and of the Affitin_1 and Affitin_2 calculatéth theDefine

Secondary Structure of Proteins (DSSP) algorithm on the cumulative trajectories of the MD simulations carried out with Gromos

53A6 and AMBER99SBDN force fields.7KH WHUP 36 WUXFW XU H - KKHHI-BWKWH MiRge/dkdHury émdnts. .
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Figure A22 - DSSP analysisf affitin Sac7dilong the MDsimulation carried out witlisromos53Agtop paneland AMBER99SB
ILDN (bottom panelforce fields

Appendix 2.2 £MD simulations of affitins retrieved from the PDB and of the

ones designedh silico.

MD simulations with the Gromos 53A6 force field were carried out also for the affitinsved

from the PDB|Table 31) and the ones designedsilico (Figure 33). The centrotype of the most

populatedclusters|Figure 38) show thatall the affitins have a similar fold. The RMSFigure

A2 3|andFigure A24) and thefraction of secondary structure elemefifsble A22|andTable

A2 .3) confirm this behaviour.
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Affitins retrieved from the PDB

Figure A23 - Root mean square fluctuations (RMSF) of backbone atoms of each residue caltoiaitedhffitins retrieved from
the PDB,on the cumulative trajectories of the MD simulations carried out with Gromos&8é field. Comparison is shown
with the wildtype Sac7d.

Structure Call -sheet Bend Turn -helix

0.73 0.16 0.46 0.09 0.13 0.14

4CJ0 0.65 0.17 0.5 0.14 0.13 0.02

4CJ1 0.68 0.18 0.47 0.11 0.10 0.1
0.74 0.15 0.47 0.09 0.14 0.12

0.68 0.18 0.48 0.11 0.12 0.07

0.63 0.21 0.40 0.13 0.15 0.08

0.65 0.20 0.43 0.11 0.13 0.08

Table A22 - Secondary structure elements of vijide affitin Sac7d and dfie affitins retrieved from the PDBalculated with the
Define Secondary Structure of Proteins (DSSP) algorithm on the cumulative trajectories of the MD simulations cawiibd out
the* URPRV $ IRUFH ILHOG 7KH WHUP 36 YKUDORLWKKHUHEKdde EridHuyelgvientgvbtidtieyX P R |
helix and 3helix fractions are not shown as they are close to zero.
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Affitins designedin silico

Figure A24 - Root mean square fluctuations (RMSF) of backlatoens of each residue calculajédr the affitinsdesigned in

silico, on the cumulative trajectories of the MD simulations carried out with Gromos53A6 force field. Comparison is shown with
the wildtype Sac7d.

Structure Call -sheet Bend Turn .-helix

0.73 0.16 0.46 0.09 0.13 0.14

0.66 0.22 0.42 0.11 0.12 0.11

0.71 0.17 0.48 0.09 0.13 0.10

0.71 0.17 0.46 0.09 0.12 0.13

0.69 0.20 0.46 0.10 0.10 0.12

Seq E 0.64 0.21 0.38 0.14 0.13 0.12

Table A23 - Secondary structure elements of viiide affitin Sac7d and of the affitidesigned in silicocalculated with the Define
Secondary Structure of Proteins (DSSP) algorithm on the cumulative trajectories of the MD simulations carried out with the

*URPRV $ IRUFH ILHOG 7KH WHUP 36VKBIORMWXHHgE &hbHUNVaMERts Wokidd e \5Xdtix R |
and 3helix fractions are not shown as they are close to zero.
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Appendix 2.3 +Performance of the four ClusPro scoring schemes in the

prediction of the complexes affitinsprotein partners

Reranking of the first ten docking poses (labelled as in the docking server from best (0) to worst
(9)) for the fourscoring schemeesn the basis of crystal RMSD. The best performing scoring
VFKHPH LV WKH (EDODQFHG”™ RQH DV IRU RXW RI FRPSOH
server is the closest to the crystallographic structure (lowest crystal_ RMSD value). This number

is 5, 4and 1 for the "electrostatics”, "hydrophobic" and "vdW+el" scoring scheegsectively.

"balanced" scoring scheme

4CJ0 4CJ1 4CJ2 5ZAU 6QBA  5UFE  5UFQ

"electrostatics" scoring scheme

4CJO0 4CJ1 4CJ2 5ZAU 6QBA  5UFE  5UFQ
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"hydrophobic" scoring scheme
4CJ1 4CJ2 5ZAU 6QBA S5UFE 5UFQ

"vdW+el" scoring scheme
4CJ1 4CJ2 5ZAU 6QBA  5UFE
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