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Abstract

Protein-protein complexes play key roles in all cellular signal transduction processes.
Computational methods to predict the three-dimensional structures of such complexes are
valuable tools in modern structural biology and drug discovery. In this work, a new approach to
predict the underlying protein-protein interactions is presented. First, a distance-dependent
knowledge-based scoring function was developed and adapted against experimental alanine
scanning results to predict changes in the binding free energy upon alanine mutations in protein-
protein interfaces. This approach was transferred to a web server to provide valuable information
for guiding biological experiments and in the development of protein-protein interaction
modulators. Second, the knowledge-based potentials were evaluated as a scoring and objective
function for the structure prediction of bound and unbound protein-protein complexes. The
results suggest that the potentials balance well several different types of interactions important
for protein-protein recognition and are discussed regarding the influence of crystal packing and
the type of protein-protein complex docked. Furthermore, a simple criterion is provided with
which to estimate « prion if unbound docking will be successful. Third, several methods were
examined with their ability to consider local and global flexibility for protein-protein docking. In
this regard, a normal mode-based geometric simulation method was used to sample
conformational transitions that can be used as input to the docking approach. Finally, a large-
scale validation study on docking small molecules into protein-protein interfaces was performed.
Results obtained allow identifying those protein-protein interfaces that are amenable for
molecular docking approaches. The research results presented in this work will support scientists
to improve computational methods for protein complex prediction and to develop protein-

protein interaction modulators.




Zusammenfassung

Proteinkomplexe spielen eine Schlisselrolle bei den Prozessen der zellulidren Signaliibertragung.
Computergestiitzte Methoden, um solche Komplexe vorherzusagen, sind wertvolle Werkzeuge in
der modernen Wirkstoffentwicklung. In dieser Arbeit wird ein neuartiger Ansatz prisentiert, um
die den Komplexen zugrunde liegenden Protein-Protein Interaktionen vorherzusagen. Zunichst
wurde eine abstandsabhingige und wissensbasierte Bewertungsfunktion abgeleitet und an die
Ergebnisse experimenteller ,,Alanine-Scanning® Untersuchungen adaptiert, um die Anderungen
der freien Bindungsenergie bei Alanine-Mutationen in Proteinbinderegionen vorherzusagen.
Dieser Ansatz wurde auf einem Webserver implementiert, um entsprechende Vorhersagen zur
Unterstitzung biologischer Experimente und fiir die Entwicklung von Protein-Interaktions-
Modulatoren zur Verfugung zu stellen. AnschlieBend wurden die wissensbasierten Potentiale
hinsichtlich ihrer Fignung als Ziel- und Bewertungsfunktion evaluiert, um Proteinkomplexe
basierend auf gebundenen und ungebundenen Proteinstrukturen vorherzusagen. Die Ergebnisse
dieser Vorhersagen zeigen auf, dass die Potentiale die verschiedenen Interaktionstypen, welche
fir die molekulare Erkennung von Proteinen von Bedeutung sind, gut abbilden. Die Ergebnisse
werden weiterfihrend diskutiert beziiglich des Einflusses von Kristallpackungseffekten und der
Art des Proteinkomplexes auf die Qualitit der Vorhersage. Zudem wurde ein Kriterium
entwickelt, welches erlaubt, a prion abzuschitzen, ob eine Vorhersage erfolgreich sein kann.
Weiterhin wurden verschiedene Verfahren hinsichtlich Threr Eignung untersucht, lokale und
globale Flexibilitit von Proteinen fir Proteinkomplexvorhersagen zu beriicksichtigen.
Diesbeziiglich wurde eine auf Normalmoden basierende, geometrische Simulationsmethode
verwendet, um konformationelle Anderungen zu simulieren, welche fiir die Proteinstruktur der
Komplexvorhersagen berticksichtigt werden kénnen. Als letztes wurde eine grof3 angelegte Studie
durchgefiithrt beziiglich der Vorhersage von Bindemodi kleiner Molekile in Binderegionen auf
der Oberfliche von Proteinen. Die dabei erzielten Ergebnisse erlauben es solche Binderegionen
zu identifizieren, fiir welche die Methoden der Vorhersage von Bindemodi geeignet sind. Die in
dieser Arbeit prisentierten Forschungsergebnisse werden Wissenschaftlern dabei unterstiitzen
computergestiitzte Methoden zur Vorhersage von Proteinkomplexen zu verbessern und Protein-

Interaktions-Modulatoren zu entwickeln.




Corpora non agunt nisi fixata.

Die Koérper wirken nicht, wenn sie nicht gebunden sind.

Paul Ehrlich (1913)
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1. Introduction

1.1 The Nature of Proteins

Today, one of the most common research areas in many fields of natural sciences is the nature of
proteins, most likely in the fields of biochemistry, biophysics, structural biology, and structural
bioinformatics. Likewise, this is true for this thesis. For the understanding of subsequent
chapters, knowledge about proteins is of fundamental importance. Thus, the following
introduction provides a general overview about proteins, from sequence to structure to function,

and their natural dynamic behaviour.

1.1.1 Structure

Proteins are biological macromolecules that are involved in nearly all cellular processes.! Their
importance is already expressed in the term protein, which is derived from the greek word protezos,
meaning “primary”.” For most of the cells the amount of proteins to the oven-dry mass accounts
for more than 50%, clearly pointing out their importance for a cell to exist.” The basis of all
natural proteins is provided by 22 different L-a-amino acids whereas only 20 of them, the so-
called canonical or standard amino acids, are directly encoded by the standard genetic code.”’
Two non-standard amino acids, selenocysteine (Sec or U) and pyrrolysine (Pyl or O), are
incorporated into proteins by particular biosynthetic mechanisms that extend the standard
genetic code by substitution of the standard stop codon.”” Each protein has its own unique
amino acid sequence that is specified by the nucleotide sequence of its encoding gene. The
cellular process of synthesizing proteins from a nucleotide sequence is known as translation.”

The structural composition of proteins can be characterized by four distinct aspects: (1) Primary
structure: the amino acid sequence that provides one or more polymers of amino acids, so-called
polypeptide chains; (2) Secondary structure: regularly repeating structural elements within a
polypeptide chain which are mainly stabilized by backbone-induced hydrogen bonds, namely -
helices, 3-sheets, or turns (subdivided into tight turns, multiple turns, £2-loops, and hairpins); (3)
Tertiary structure: the 3D configuration of secondary structure elements defining the shape of a
polypeptide chain; (4) Quaternary structure: the biological assembly arranged by several
polypeptide chains, so-called subunits, defining a protein’s overall conformation." A protein
conformation can consist of either one, or multiple identical (homomeric), or distinct subunits
(heteromeric)."* Protein conformations can be stabilized by disulfide bonds, which are covalent
bonds that can be build up from two nearby cysteine residues within the same, or between two
distinct subunits.” The overall formation of a protein’s conformation is referred to as protein

folding, a process that is either progressed unassisted, or supported by other proteins
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(chaperones).'® Based on their specific conformations, proteins are able to adopt multiple specific
functions in the cell.'” However, proteins are not entirely rigid molecules.”® Consequently, the
basic concept of molecular recognition is based on a protein’s flexibility, i.e. the ability to change

its conformational state.”

1.1.2 Flexibility

Proteins have highly diverse structures and can experience a wide range of conformational
dynamics that range from almost stable folded to intrinsically disordered states.” Those
conformational dynamics are well-grounded in the overall flexible nature of protein structures.'®
The flexibility of a protein is encoded within its amino acid sequence and thus an integral part of
a protein’s structure. Proteins may perform structural rearrangements, referred to as
conformational changes, during binding to another macromolecule when passing into their
bound state (referred to as induced fit).”! However, even in their unbound state proteins are able
to undergo structural variation when shifting between several related conformations (following a
conformational selection mechanism).”* Even well folded structure elements (domains) own a
certain inherent flexibility and, moreover, they are able to move relative to each other.”
Conformational changes can range from relatively small movements of the backbone and/or side
chains to large rearrangements of domains or loops, but can also involve compact folds where a
protein undergoes a partial or complete change of its tertiary structure.” The ability of a protein
to undergo conformational changes, i.e. to what extend such changes could be accomplished, is
rooted in its underlying structural composition.” Nearly rigid, folded proteins are rather limited
in plasticity in contrast to disordered proteins that remain unfolded and thus totally flexible in
their free state. Accordingly, recent studies could show a significant correlation between free-state
flexibility and conformational changes that occur upon binding.”*

Two paradigms about protein flexibility have been reassessed in the past decade. First, the lock-
and-key fit according to Emil Fischer’s hypothesis is not longer generally accepted.” Today, it is
known that many proteins do not bind by distinct shape matching, but they are able to adapt
themselves to the binding partner and vice versa.”® * Second, the protein structure-function
paradigm seems to be obsolete. The traditional concept that a protein’s function depends on its
underlying conformation is in contrast with the discovery of intrinsically disordered proteins, i.e.
proteins that are fully functional but completely unfolded.” *' Such proteins bind to other
macromolecules following a coupled folding and binding mechanism.”**

In computational drug design, the intrinsic flexibility of proteins still makes their handling to be
difficult.””* Here, much effort has been made in the last 30 years, but implementation of protein

dynamics into molecular docking approaches is still one of the challenges, most notably in the




1. Introduction 3

field of protein-protein complex prediction.”” Despite the difficulties, proteins are still the most
important targets in drug discovery since they own a multitude of functions that are involved in

almost all types of diseases. >’

1.1.3 Function

Their high structural diversity and plasticity allow proteins to adopt a vast array of functions
within living organisms, thus representing the major molecular tools of cells.” Based on their
physiological functions, proteins can be divided into several classes that will be described in brief
in the following.

Structural proteins are mostly fibrous and responsible for rigidity in biological components, e.g.
collagen and elastin are components of connective tissue and keratine can be found in hair and
nails.”” * In contrast, contractile proteins allow for elasticity of cells, such as proteins like actin
and tubulin that polymerize to build up the cytoskeleton of a cell." Storage proteins are used by
cells as biological reserves, e.g. for metal ions or amino acids, and can be found in milk, egg white
and plant seeds.”™ Accordingly, calsequestrin is a protein that stores calcium ions in the
sarcoplasmic reticulum, and ovalbumin is a major source of amino acids for juvenile

5

mammalians.”> * Transporter proteins are responsible for moving substances within an
organism.” Hence, hemoglobin that occurs in the blood of vertebrates carties oxygen from the
lungs to other patts of the body.">* Membrane proteins are located within a cell’s membrane and
serve the transport of ions, ligands or other proteins through this barrier.”” *' Thus, they are
included in all kinds of cell-signaling processes.”” Examples are aquaporins that control the water
passage of a cell, and calcium channels that are involved in the communication between
neurons.”> Hormonal proteins help to coordinate certain activities of a body, e.g. the glucose
metabolism that is regulated by insulin.”® Enzymes are proteins with catalytic activity to speed up
chemical reactions.” Familiar examples are the digestive protein pepsin that breaks down
proteins in food, and lactase that breaks down the sugar lactose found in milk.” > Antibodies,
also known as immunoglobulins, are proteins with protective function that are utilized by the
immune system in response to the presence of a substance that is foreign to the body (an antigen)
such as bacteria or viruses.”” '

So far, most research has been done on targeting the active sites of enzymes, receptors and ion
channels with small molecule inhibitors. However, targeting protein-protein interaction sites has
become a new focus in drug discovery during the last years since protein assemblies provide an
important contribution to the molecular regulation of a variety of processes in the cell,

concerning survival/apoptosis, proliferation, cell-cycle progression, cell shape, polarity, adhesion,

migration and differentiation. Disregulation of cellular pathways is often causal of disease. For
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instance, the MAP/ERK signaling pathway is involved in the development of many human
diseases including Alzheimer's disease, Parkinson's disease, amyotrophic lateral sclerosis and
various types of cancers; the JAK/STAT signaling pathway is involved in the development of
human hematological malignancies as well as autoimmune and chronic inflammatory diseases; the
integrin pathway is involved in the development of thrombosis, osteoporosis, tumor-induced
angiogenesis, and cholestatic liver disease.” " Moreover, cell signaling plays an important role in
bacterial infections that can be treated by targeting specific bacterial pathways. Furthermore,
human signaling pathways are often manipulated by viruses as they rely on the functions offered
by cells for their propagation. For instance, the Wnt signaling pathway can become dysregulated
through the actions of several oncogenic viruses like JC polyomavirus, human papillomavirus, or
herpesvirus 4 and 8.%

The previous overview shows the variety of functions that proteins can adopt in cells confirmed
by several clinically relevant examples and thus reveal why proteins are the most important

targets in drug discovery.

1.2 The Determination of Protein Structures

The basis for structure-based drug design is knowledge about the 3D structures of proteins,
ligands, or their complex structures. Structure determination is not a trivial problem, because
molecules are too small to identify their structure just by light microscopy, even for proteins
consisting of several thousands of atoms. Therefore, more expensive methods are needed to
make a molecule’s structure visible. The two most commonly-used methods to determine high-
resolution structures from molecules or their complexes are X-ray crystallography and nuclear
magnetic resonance (NMR) spectroscopy.” X-ray crystallography is based on the diffraction of
X-rays through a closely spaced grid of atoms in a crystal.” In contrast, NMR spectroscopy uses
nuclear magnetic resonance spectra and can be applied in solution and solid state.”” One has to
note that 3D structures derived from these methods are finally models based on refined
experimental data.”” "’ The quality of those models depends on both the experimental conditions
and the computational methods used.”" Once a protein structure is determined, it is normally
published in the RCSB protein data bank to make it publicly available to the research
community.” All of the protein structures presented in this thesis were derived from the RCSB
protein data bank.

Since most of the 3D structures used in this work are based on X-ray crystallography, it is
important to gain insight into the accuracy of the atomic details of such structures. One
important measure for the quality of an X-ray structure is the resolution reported in Angstrém

(A).” 1 A corresponds to 10" m. The resolution gives information about the uncertainty of the
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atomic coordinates. For instance, if the resolution of an X-ray structure is 2.5 A, the standard
deviation (STD) in the atomic coordinates is about 0.4 A, and it is about 0.1 A, for a resolution of
1.5 A In structure-based drug design, the resolution of a 3D structure is of fundamental
importance.” Here, specific bond lengths play an important role to correctly identify interactions

" This becomes obvious considering that the average distance

between the molecules of interest.
between oxygen and nitrogen atoms in hydrogen bonds across protein-protein interfaces is
293 A + 024 A" Consequently, if the atomic uncertainty exceeds 0.4 A, consistent with a
resolution lower than 2.5 A, it will be more difficult to decide for a bond to exist. For this reason,
only X-ray structures with a resolution higher than 2.5 A were used in this work.

Beside an X-ray structure’s resolution, another measure for the uncertainty of atomic coordinates
is given by the B-factor (also called the Debye-Waller factor or temperature factor) reported in
A% While the resolution gives information about the uncertainty of atoms based on structure
determination, the temperature factor measures static disorder caused by structural differences in
different unit cells throughout the crystal, or dynamic disorder caused by thermal motions of
atoms.” For instance, for a B-factor of 15 A2, the displacement of an atom from its equilibrium
position is approximately 0.44 A, and it is as much as 0.87 A for a B-factor of 60 A**"* Thus, B-
factors below a value of 30 A® correspond to well-defined parts of a structure, whereas B-factors
higher than 60 A” indicate disordered parts of the structure as it is often the case for highly

flexible loop regions in proteins.m’g?’

1.3 Molecular Interactions of Proteins

A major task in computational chemistry is the optimization or weakening of interactions
between a ligand and another biomolecule.” This can be increasing the affinity of a ligand to
improve binding to a receptor, or reducing the affinity of a ligand for an antitarget (e.g. HERG

channel, CYP450) to prevent from undesirable side-effects.””"

The most important types of
molecular interactions between biomolecules, this involves both protein-ligand and protein-
protein interactions, are based on non-covalent (reversible) bonds.”™* Those interactions include
van der Waals (vdW) forces (Keesom-, Debye-, and London forces), hydrogen bonds, ionic
interactions (salt bridges), m-system interactions, and metal interactions.”’ In contrast, covalent
bonds form irreversible chemical bonds in between biomolecules, e.g. disulfide bonds.”
However, covalent bonds between ligands and receptors are less desirable in drug discovery for
reasons of toxicity.”' Information about interactions occurring in protein-protein or protein-

ligand complexes can be found in so-called interaction databases.””
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The affinity between two biomolecules, i.e. the strength of binding of one molecule to another, is
typically expressed in the Gibbs free energy of binding reported in kcal/mol (see Equation
1.1)'100—102

AG = AH - TAS (Eq. 1.1)

Here, AG is the change in Gibbs free energy, AH is the change in enthalpy, AS is the change in
entropy, and 1" is the absolute temperature reported in Kelvin. Whereas the enthalpy implies
changes in the binding affinity due to the formation or breaking of bonds described above, the
entropy implies changes in the degrees of freedom for both of the binding partners and the

101, 103

solvent upon complex formation. When it comes to entropic contributions, water plays an

important role.'” '™ Since all biochemical reactions take place in aqueous solution molecules are

101, 1

coated by hydration shells."”> ' These hydration shells are (partially) destroyed during binding to
another molecule thereby releasing water molecules, a process that is well-known as
desolvation.'” "> ' Desolvation effects always contribute significantly to the change in entropy
upon binding."”" " When it comes to enthalpic contributions, number and types of interactions
are the crucial factors."” Usually, bonding forces are unevenly spread over the binding interface
of a protein such that a few residues (so-called hotspots) contribute most to the free energy of

1o A ccordingly, much importance is attached to hotspots in lead finding and
gly, p p g

binding."
optimization.'” In many chemical processes, the change in enthalpy is largely compensated by a
corresponding change in entropy, a widely documented phenomenon called entropy-enthalpy
compensation.'” ""* This correlation between entropy and enthalpy often results in a small
change of the free energy of binding, whereas changes in entropy and enthalpy can widely spread.
Thus, when it comes to the prediction of binding affinities from the computational side, even a
small difference in one of these terms can be crucial for the results.'®""”

As already mentioned, protein-ligand complexes can be built up from reversible or irreversible
interactions. Similarly, protein-protein complexes are referred to be either transient (low affinity
complexes) or permanent (high affinity complexes).'”® In contrast to a permanent interaction that
is usually very stable, such that the protein only exists in its complexed form, proteins that form
transient interactions associate and dissociate i vivo.""® In this regard, protein assemblies may be
differentiated whether their subunits can be observed independently 7z vivo (non-obligate), or not
(obligate). Furthermore, interaction regions of these subunits may be characterized as a
continuous epitope, where a continuous region of the sequence forms the interface, or a

discontinuous epitope, where different regions of the sequence contribute. Note that irreversible

interactions in protein-ligand complexes differ from permanent interactions in protein-protein
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Figure 1.1: (A) Recognition and inhibition of enzymes. (B) Recognition and inhibition of protein-protein

interactions.

complexes: Irreversible protein-ligand complexes are based on covalent interactions, whereas
permanent protein-protein complexes are based on a multiplicity of strong non-covalent
interactions.''* "

In general, there are significant differences between interactions that occur in protein-protein and
protein-ligand complexes.'” Whereas a ligand can cover the whole chemical space, the formation
of (human) protein-protein complexes is restricted to interactions between the 20 standard amino
acids. These differences have already been investigated in several studies where occurrence
frequencies of amino acids involved in interactions in protein-protein complexes were juxtaposed
to those derived from protein-ligand complexes.’ ' '** Differences in entropic and enthalpic
contributions become clear when just considering the size of proteins and ligands: A protein
owns a much higher solvent accessible surface area (SASA) and forms’ plenty of interactions
more compared to a small molecule.'”” Accordingly, the abundance of energetic contributions
facilitates a wider scope of modulation possibilities during protein-protein binding.

Actually, protein-ligand complexes can be classified by two different types of interactions based
on a ligand’s location of binding to a receptor. One hast to distinguish between inhibitors that
address a binding pocket of a protein, e.g. the catalytic site of an enzyme, or protein-protein
interaction modulators (PPIMs) that bind to a particular position at the interface of a protein (see
Figure 1.1)."*" Whereas “classical” ligands inhibit a protein by replacement of the natural substrate

(another small molecule, Figure 1.1 A), PPIMs avoid binding of one protein to another
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(Figure 1.1 B). Each class of inhibitors own its certain chemicophysical properties that have been
reviewed in recent publications.'”"*’

Prediction of protein-protein and protein-ligand interactions just as binding affinities resulting
from formation of such complexes are still major concerns in computational drug design.'”'* In
this thesis, an approach to predict protein-protein complexes is presented (see Chapter 3) as well
as an approach to predict the hotspots of such interactions (see Chapter 4). Furthermore,

interactions of PPIMs to protein-protein interfaces are investigated (see Chapter 6).

1.4 Estimation of Molecular Interactions

The measurement of receptor-ligand interactions forms an important part of modern
pharmaceutical development. Typically, a biological test system (assay) is used to experimentally
quantify the binding affinity between a ligand and a receptor. In addition, interactions of
molecules can be investigated qualitatively by x-ray crystallography or NMR spectroscopy (see
Chapter 1.2). Numerous types of ligand binding assays have been developed, both radioactive
and non-radioactive. An extensive overview about assay technologies and their advantages or
rather disadvantages can be reviewed elsewhere."” The quantity to be measured by an assay is
given in terms of a thermodynamically determined dissociation constant (K, or a kinetically
determined inhibition constant (K) referred to enzyme-ligand complexes, reported in mol/l
(M).""" " The dissociation constant K, is directly related to the Gibbs free energy of binding (see

13,101

Equation 1.2).

AG=AH-TAS=RTInK, (Eq. 1.2)

Here, AG is the change in Gibbs free energy, AH is the change in enthalpy, AS is the change in
entropy, 1'is the absolute temperature reported in Kelvin, R is the gas constant, and K, is the
dissociation constant. K, describes the concentration of ligand, which is required to occupy half
of the receptors.”™ """ The lower the value of K, the lower the concentration of ligand needed,
and vice versa. Thus, the lower the value of K, the higher is the binding affinity. Many times,
instead of the inhibition constant K, an IC;, value is reported. The IC;, value describes the
concentration of a ligand which is needed to inhibit a protein’s activity by half."”* It is commonly
used to measure the potency of an antagonist. Respectively, the ECj, is used to measure the
potency of agonistic effects. It refers to the concentration of ligand which induces a half maximal

132
response.

Furthermore, the change in binding free energy (AAG) is often calculated in pharmaceutical

research (see Equation 1.2).”> ™ For instance, it can be determined to identify residues that
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contribute most to the formation of a complex (hotspots), or to separate strong from weak
binding leads for further optimization of the scaffold (lead optimization).” ** Hotspots can be

identified by alanine scanning mutagenesis (see Chapter 3).1”

Here, the role of residues at specific
positions is inferred from the change in binding free energy caused by alanine mutations. Lead
optimization usually affords a series of ligands synthesized by substituting the moieties of a
molecule. Those ligands are then quantified by their change in binding free energy.

If the 3D structure of a receptor exists, ligand binding modes and their affinities can be predicted

by computational methods."””""

Such methods offer an advantageous alternative when
experimental methods reach their limits. They are also useful to estimate whether a compound
should be synthesized or not. A general approach to predict protein-ligand geometries and their
affinities is molecular docking and scoring.""" ' A plenty of diverse docking tools and scoring
functions have been developed in the last decade and will be introduced later on (see Chapter
1.5). While docking is used to sample possible positions of a ligand within a protein’s binding site
(see Chapter 1.5.1), scoring functions are used to guide the docking search and to predict binding
affinities of protein-ligand complexes thereby obtained (see Chapter 1.5.3)."> ' Scoring
functions can also be used to determine hotspots in protein-protein interfaces (see Chapter 3).
Here, the change in binding free energy is estimated by computational alanine scanning
mutagenesis.”” Alanine scanning still represents a large experimental effort that cannot be applied
easily and, consequently, there is a strong need for computational approaches to detect hot spots
in protein-protein interfaces. Thus, a major part of this thesis was the development of a scoring

function to predict protein-protein interactions to subsequently provide a basis for the

implementation of a computational alanine scanning approach (see Chapter 3).

1.5 Molecular Docking

One of the widely used approaches in structure-based drug design to predict the binding mode of
two biomolecules is molecular docking.'”® Docking approaches always imply a distinct type of
scoring function, respectively, that is used to rank the predicted binding mode configurations by
a calculated score.'* Ideally, a score is in good correlation with the experimentally determined

147

binding affinity.

However, whereas sampling of a biomolecule’s conformational space is
straightforward and just a question of computational resources available, binding affinity
estimation based on scoring functions is still challenging,'**'*’

In the last decade, molecular docking approaches have been adapted to a variety of diverse
biomolecules, such as proteins, nucleic acids and small molecules (referred to as ligands).”™" "> In
the next chapter, particular attention will be paid to protein-ligand and protein-protein docking

approaches as well as their underlying scoring functions.
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1.5.1 Protein-Ligand Docking

This paragraph is partially adopted from paper 3 and paper 8 (see List of Papers). Protein-ligand
docking is one of the widely used approaches for structure-based lead finding and optimization in
computational drug design.'* ' Predicted protein-ligand complex configurations are used for
studying protein-ligand interactions, estimating binding affinities, and as a final filter step in
virtual screening.” In the majority of the cases, methods on protein-ligand docking treat either
both proteins and ligands as rigid molecules or allow for conformational flexibility of only the
ligand, following a “rigid receptor hypothesis”."” Furthermore, water molecules are usually not
considered, even if it has been suggested in a few studies that inclusion of structural water can
improve the docking accuracy.” " Docking accuracy and computational efficiency determine
the scope and quality of a docking approach. The accuracy of docking approaches is normally
tested by so-called redocking experiments.””” Here, binding modes are predicted for a set of
ligands and compared to the experimentally-observed (native) poses. A docking run is evaluated
to be successful, if the method was able to reproduce the native pose within a certain threshold.
For protein-ligand docking, typically a threshold of 2 A root mean square deviation (rmsd) is
used. The rmsd is a measure for the average deviation in the coordinates of heavy atoms between
a predicted and the native ligand pose. Preserving computational efficiency is equally important,
given the short timeframe usually available for a docking run. In particular, evaluating the
interaction energy between protein and ligand is expensive. A widely used approach to increase
the calculation speed is based on potential fields that are pre-calculated just once in the binding
pocket region of the protein, by scanning interactions between the protein and ligand atom

%1% The potential field values are stored at the intersections of a regular 3D grid,

probes.
providing a lookup table (see Figure 1.2). The approach is applicable to all distance-dependent
pairwise interactions, such as electrostatic and van der Waals interactions and interactions
described by statistical pair potentials (see Chapter 1.3).** "* In subsequent docking runs,
interaction energies between protein and ligand are then determined in constant time from the
lookup table by means of interpolation. This provides a significant rate increase relative to
individually evaluating the pair interactions. One of the most common docking softwares
following such a grid-based approach is the AutoDock suite. AutoDock is the most widely used
protein-ligand docking tool and has been applied in multiple studies and drug design projects
since its first release in the late 1990s.'%*'%* Nowadays, three versions of AutoDock are available,
version 3, 4 and AutoDock Vina, with the latter one being a new implementation where the
docking procedure differs from the other versions.'”'”” While AutoDock3 and 4 use a force
field-based scoring approach, AutoDock Vina uses a combination of knowledge-based potentials

165-167

and empirical scoring. The wunderlying sampling procedure used to explore the
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conformational space of a ligand is performed by a Lamarckian genetic algorithm, respectively.'*’
In previous studies, AutoDock3 was successfully adapted for use with the knowledge-based pair-
potentials of DrugScore as an objective function.””” "* Here, the AutoDock3 results for
identifying good binding geometries could be improved significantly when using DrugScore as an
objective function.”™ AutoDock3 was also successfully used to predict binding modes of PPIMs
in protein-protein interfaces (see Chapter 06).

For several pharmacologically important proteins, such as HIV-1 protease, aldose reductase,
FK506 binding protein, renin, and dihydrofolate reductase (DHFR), pronounced plasticity upon
ligand binding has been observed.™'™ Protein plasticity comprises a range of possible
movements, from single side chains to drastic structural rearrangements (see Chapter 1.1.2)."”
Not surprisingly, if docking is performed with the assumption of a rigid active site in those cases,
a dramatic decrease in docking accuracy is observed."® ' The drop in docking accuracy was
found to be mirrored by the degree to which the protein moves upon ligand binding so that
docking to an unbound form, so-called apo docking, usually shows the largest deterioration.'*> "
""" This clearly highlights the
importance of developing
strategies  for taking protein
plasticity into account in addition
to the conformational flexibility of
the ligand to prevent mis-dockings
of ligands to flexible proteins. At
present, three major routes to
include protein plasticity during
docking can be identified. The
classification  correlates  with
various  types  of  protein
movements observed upon ligand
binding.  First,  plasticity  is

considered implicitly following a

soft-docking strategy with

attenuated  repulsive forces

Figure 1.2: Regular 3D grid (blue) in the binding pocket region of between protein and ]igand.181’ 182

human MDM2 (green) built from PDB code 1T4E that is used to While this is simple to implement

store pre-calculated potential field values derived from interactions .
and does not compromise

between aromatic carbons of a ligand and the protein.

docking efficiency, the range of

Benzodiazepine is shown as the ligand (orange).
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possible movements that can be covered is rather limited. Second, only side chain conformational
changes in the binding pocket are modeled."™ '™ These approaches assume that the protein has a
rigid backbone structure, thus neglecting critical backbone shifts responsible for mis-docking of
ligands."” Third, large-scale conformational changes including backbone motions are taken into
account. There are several types of approaches in this category: perform parallel docking into
multiple protein conformations; structurally combine multiple conformations; model protein
motions in reduced coordinates; apply molecular dynamics (MD) or Monte Catlo based sampling
to either generate protein-ligand configurations or to optimize pre-computed configurations;
reproduce protein motions by elastic potential grids.'*"'*"*

During the past 30 years, a plethora of protein-ligand docking tools have been developed, mostly
aiming at predicting poses of ligands binding to “classical” targets, such as enzymes or
receptors.'”” In contrast, much less effort has been devoted to predicting conformations of
ligands that bind to protein-protein interfaces, so-called PPIMs. Protein-protein interfaces
provide an important new class of drug targets because protein-protein interactions are involved
in nearly all biological processes.' Up to date, there is still a lack of large-scale validation studies
on docking into protein-protein interfaces, despite the fact that protein-protein interfaces provide
major challenges for structure-based ligand design approaches, for at least two reasons:''> ' First,
in contrast to “classical” targets, protein-protein interfaces are rather flat and usually lack a
distinct binding pocket.l% Second, due to the often large size of protein-protein interfaces
(~1200 to ~4660 A%, interactions that are favorable for binding can be widely distributed over
the interface.”” Hence, it has remained elusive so far whether state-of-the-art docking tools are
generally applicable for protein-protein interfaces. This provided the incentive for us to assess the
predictive power of commonly used protein-ligand docking approaches with respect to pose

prediction in protein-protein interfaces (see Chapter 0).

1.5.2 Protein-Protein Docking

Knowledge about binding configurations between proteins is used for hotspot identification,
virtual screening, and classification of protein-protein interfaces.'”” Today, available 3D structures
of protein-protein complexes just represent a small percentage of protein-protein interactions

125

that are estimated to occur in living cells. ™ The size of the human interactome is estimated to

involve approximately 650000 interactions but current databases of protein-protein interactions
only report on approximately 1200 available 3D structures of human protein complexes."”® '’
Thus, there is a need for computational methods to predict such interactions. Similar to protein-

ligand docking, there are two main aspects in protein-protein docking: First, sampling the

conformational space of the two binding partners, and second, assessing each predicted complex
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with a scoring function.” However, the underlying search algorithms completely differ. Whereas
the conformational space of a small molecule (and a rigid receptor) can be explored easily in
reasonable time, the problem becomes more complex for proteins that can consist of several
thousands of atoms. Therefore, protein-protein docking starts from a more simplified approach
treating both binding partners as rigid molecules.”” Despite this limitation, a complete sampling
of the 6D search space (3D in translation and rotation, respectively) is computationally
demanding. In the past decade, various protein-protein docking algorithms have been developed
following such a rigid-body docking approach to predict the 3D structures of protein-protein
complexes.””’ Based on their search algorithms, these approaches can be classified into three
general categories: global search, local search, and randomized search methods.””” Global search
of all possible binding configurations can either be performed in real, or in transformed space
using Fast Fourier Transform (FFT) algorithms.”**” Local search algorithms, involving distance
geometry algorithms or geometric hashing, are based on matching local shape features.”**"”
Randomized search can be applied by genetic algorithms, or Monte Carlo methods.”**"” An
overview about currently available protein-protein docking tools and the undertlying search
algorithms can be reviewed elsewhere.”’ Most popular methods are based on FFT as they have
been proven to show the best performance.”” The FFT based approach goes back to the eatly
work of Katchalski-Katzir ez /. (1992).”” Here, protein and ligand (the smaller protein) are
projected onto regular 3D grids that carry information of the shape in terms of discrete
functions. The number of grid cells depends on both the size of the protein structure and the
grid spacing as a measure of concinnity of the grid, or rather, the accuracy of the shape
representation. The translational space is then efficiently sampled using FFT to calculate the

correlation between the two pre-calculated grids.””

The sampling is completed by an implicit
orientational search. Critical parameters for computational runtime and docking success are
translational and orientational step size, typically 1-2 A and around 6°."*" A direct calculation of
the correlation would be very costly for a complete sampling of the whole 6D search space,

scaling at O(N°), where N is the number of values of the 3D correlation function.””

However,
due to the FFT approach, computational costs can be reduced to OIN’InN).”” In principle, such
a geometric shape matching follows a soft docking approach. The match between the shapes of
the proteins, or in other words, the correlation of the discrete functions representing these
shapes, is not perfect. Protein-protein complexes always reveal gaps in between the molecules
that, for instance, result from hydrogen atoms or water molecules which can be present in the
interface.”” To tolerate such imperfections, the algorithm is allowed to penetrate the surface due

to a given threshold defining the surface thickness.”” The surface thickness is another critical

parameter, since increasing its value facilitates the chance of producing more false positive
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predictions, whereas decreasing its value facilitates the chance of rejecting positive predictions. In
newer protein-protein docking approaches the initial procedure has been enhanced by an
extension of the correlation functions using several additive terms that not only consider
geometric shape matching, but also desolvation, van der Waals forces, electrostatics, or statistical
pair-potentials (see Chapter 4)."”" In addition to the measure of surface fit, those terms are used
to calculate a docking score for each of the solutions and rank the predicted complexes
accordingly (see Chapter 4). Instead of using FFT to accelerate sampling of the translational
space, it can also be used to accelerate sampling of the rotational space. In this regard, some
approaches make use of spherical harmonic functions to represent the surface shape and the
interface properties of the interacting proteins.”™ *’> ** Here, FFT is applied to calculate the
correlation between spherical harmonic functions followed by an implicit translational search.'™

Proteins are flexible biomolecules that are able to accomplish a wide range of possible
movements (see Chapter 1.1.2). Consequently, rigid-body docking methods can only be
successful in those cases where movements of proteins are negligibly small. Taking protein
movements into account is still one of the major concerns in the field of protein-protein
docking.” So far, several approaches have been attempted to include protein flexibility in
docking approaches. A typical way to include protein flexibility is refinement of pre-calculated
rigid-body docking solutions (see Chapter 5). Small conformational changes can be taken into

193, 216, 218, 219
4 2% 27 Furthermore, a few

account by side chain rotamer sampling or energy minimization.
methods are able to treat medium/large conformational changes during docking. To account for
global flexibility, a set of low-frequency normal modes, pre-calculated from the unbound protein,
is used to guide a minimization procedure during docking.”'” This approach can be combined

with side chain rotamer optimization to also account for local flexibility."”’

Despite much
progress that has been made the last years, success rates for predicting protein-protein complexes
where at least one of the binding partners shows large conformational changes are still
disappointing.”” In cases where the induced fit involves large conformational rearrangements,
like domain movements, loop rearrangements, compact folds, or disordered to structured
transitions, the problem is beyond current protein-protein docking methods. Even unrestricted
MD simulations are not of practical use to describe long-range folding and binding mechanisms
that occur on a microsecond timescale.” ** Because there is still a need for such methods, we
tried to tackle local flexibility using several distinct refinement procedures and global flexibility
following a conformational selection approach (see Chapter 5).*"**

The accuracy of protein-protein docking approaches is usually tested by redocking experiments

(see Chapter 4), where protein structures are used in their bound conformations to predict the

native protein-protein complex (bound-bound docking).”” The same procedure is performed for
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unbound protein structures, but unbound and native receptors are superimposed and the
corresponding coordinate transformation is applied to superimpose the predicted and the native

complex (unbound-unbound docking) to access the accuracy later on.””’

The superposition is
required here to determine the correct position of the unbound protein structures in the native
complex. Predicted complexes are evaluated with respect to their deviation in atomic coordinates

from the native complex based on special assessment criteria that were defined by the authors of

227

Critical Assessment of Predicted Interactions (CAPRI).

CAPRI is a worldwide experiment to

Figure 1.3: Various protein-protein docking predictions for the Uracil-DNA Glycosylase inhibitor protein (native
position colored in wheat, predicted positions colored in green, yellow, orange and red) binding to Uracil-DNA
Glycosylase (palecyan) created from PDB code 1UDI: (A) High quality prediction (I_rmsd = 0.8 A, i_rmsd = 1.6 A,
foae = 0.83, faor = 0.06); B) Medium quality prediction (I_rmsd = 4.6 A, i_rmsd = 4.1 A, foue = 0.7, foor = 0.33); (C)
Acceptable quality prediction (I_rmsd = 7.6 A, i_rmsd = 7.8 A, foe = 0.3, foor = 0.63); (D) Incorrect prediction
(_rmsd = 15.5 A, i_rmsd = 14.9 A, . = 0.14, fooc = 0.79).
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evaluate blind predictions of protein-protein docking tools.” In this regard, I_rmsd, i_rmsd, f,,

and f

not

have been established to define the quality of protein-protein docking solutions: 1_rmsd is
the backbone rmsd of the ligand in the predicted versus the ligand in the native complex; i_rmsd
is the rmsd of the backbone of the interface residues (defined by all residues that have at least
one atom within 10 A distance around the other protein) in the predicted versus the native
complex; f is the fraction of native residue-residue contacts defined by the number of native

residue-residue contacts in the predicted complex divided by the number of contacts in the

native complex; f,

not

is the fraction of non-native residue-residue contacts defined by the number
of non-native residue-residue contacts in the predicted complex divided by the total number of
contacts in the predicted complex.””” Following these definitions, predicted complexes are divided
into four classes, each describing the quality of the solution: high, medium, acceptable, and

incorrect (see Figure 1.3).””

1.5.3 Scoring Functions

In molecular docking, scoring functions are used to assess the predicted docking poses by a
calculated score such that the solution with the highest/lowest score is ideally identified as closest
to the native one. Scoring represents the most challenging part in molecular docking.”” Whereas
sampling of a near-native conformation is successful in most of the cases, selection of the correct
pose and estimation of binding affinities is still not satisfying.””” > Consequently, there is still a
need to develop new scoring functions to overcome these problems. This provided the incentive

for the development of DrugScore™

, a knowledge-based scoring function to predict protein-
protein interactions, described in this thesis (see Chapter 3). Today, a multitude of different
scoring functions is available that account for different types of biomolecular interactions, such
as protein-DNA, protein-RNA, protein-protein and protein-ligand interactions.?> 1! 152 230 231
However, scoring functions were not only developed to predict interactions of particular types of
biomolecules and their ligands, but also to predict target-specific interactions.” In this regard,
several scoring functions were tailored to predict interactions of specific proteins (e.g. thrombin,
ADRB2, ERa, FXa, kinases), or specific ligand molecules (e.g. carbohydrates, peptide ligands).”
** In general, all scoring functions can be roughly classified into three main categories: force-field
based, empirical, and knowledge—based.w’ 42 Scoring functions for protein-protein complexes can
be further classified into residue-level potentials and atomic potentials.”*** Residue-level (coarse-
grained) potentials are computationally advantageous especially when applied to predict protein-
protein complexes where the binding partners can undergo large conformational changes.”**** In
contrast, atomic potentials are of higher resolution and are supposed to be most accurate and

speciﬁc.249 Atomic potentials are often knowledge-based; the reduced steepness of knowledge-
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based potentials compared to force field-based or empirical scoring functions has been

recognized as an advantage in docking.“(’

Force-field based scoring functions calculate docking energies from direct non-covalent
interactions, such as van der Waals and electrostatic energies, using molecular mechanics force
fields.'” They are often augmented by physics-based terms derived from the molecular
mechanics Poisson-Boltzmann or Generalized Born surface area (MM/PBSA or MM/GBSA)

approaches, in order to also consider desolvation energies.” For instance, the inherent scoring

function of AutoDock (see Chapter 1.5) is based on terms that are obtained from the AMBER

165

force field (see Equation 1.3).

AG,,,, =AG,, +AG,, +AG, +AG

tor

+AG,, (Eq. 1.3)

vdw elec

Here, AG,,,is the estimated free energy of binding, AG,,, is a van der Waals term, AG,, ., is a

hydrogen bonding term, AG,,, is a Coulomb electrostatic potential, AG,, is the change in torsional

elec tor

165

free energy, and AG,, accounts for the desolvation energy of the ligand. ™ All terms were tailored

sol
to yield the best correlation to experimentally determined affinity data.

Empirical scoring functions decompose the overall binding free energy into several individual
energetic contributions, such as conformational entropy, hydrogen bonds, metal interactions, or
hydrophobic and hydrophilic surface areas, whereas coefficients of all these contributions are
fitted to experimentally determined binding affinities by multiple linear regression (MLR), thus
following a quantitative structure-activity relationship (QSAR) model.*" ** One of the most

popular empirical scoring functions is ChemScore (see Equation 1.4).*”

AGlﬂ'ﬂd = Abeond + AG”MM/ +AG

1o TAG,

rot

+AG, (Eq. 1.4)

Here, AG,,, is the estimated free energy of binding that is calculated by contributions from
hydrogen bonds (AG,,,), metal interactions (AG,,,,), hydrophobic effects (AG,,), rotatable bonds

of the ligand (AG,,,), and a regression constant AG,.”> Each of the terms consists of a particular
physical contribution to the binding free energy and a scale factor determined by MLR analysis.
The final score is determined by adding in several clash penalty and internal torsion terms.*”

Knowledge-based scoring functions are based on statistical occurrence frequencies of pairwise
atomic interactions between the biomolecules of interest and are derived from known structures
of complexes in a database.'” The overall score is calculated as the sum of distance-dependent

statistical potentials of all atom types within a defined distance cutoff. One of the most robust
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knowledge-based scoring functions is DrugScore, following an inverse Boltzmann and modified

152, 254

Sippl approach (see Equation 1.5).

AW =2 2 AW r(dy,) (Eq. 1.5)

lel. neN

Initially developed to evaluate protein-ligand complexes, it was also adapted to protein-RNA

PPT

"% in recent work, and to protein-protein complexes (DrugScore™) as a

complexes (DrugScore
part of this thesis (see Chapter 3 & 4).”> ' Here, AW is the docking score for a complex of a
molecule I and a partner molecule N calculated as the sum of all occurring atom-atom
interactions, whereas the term AW, (d,,) defines the score for a specific interaction between
atom / of type T(/) from molecule L and atom 7 of type T(#) from partner molecule N separated
by the distance 4,,.'”* For both the molecules a set of 17 atom types is defined based on the Sybyl
atom type notation.” Crucial for the predictive power of knowledge-based scoring functions is
choosing of a proper reference state. In the case of DrugScore, the reference state mimics a
compact complex configuration with non-specific interactions. Thus, the reference state removes
contacts from the distributions where interactions between the atoms are zero such that net
potentials representing only specific interactions are obtained.'”

The predictability of scoring functions is usually evaluated based on three criteria: (1) The ability
to identify near-native predictions by ranking those poses on the top of a hit list; (2) The ability to
correlate docking scores, or rather the predicted binding energies, to experimentally determined
binding affinities; (3) The ability to construct funnel-shaped landscapes for the energy surfaces of
the predicted poses when plotting docking scores versus corresponding rmsd values.” *

Accordingly, we evaluated DrugScore™ following these steps (see Chapter 3 & 4).

Paragraph 1.5.1 is partially reprinted (adapted) with permission from Kazemi, S., Krtger, D. M., Sirockin, F., Gohlke, H., Elastic
potential grids: accurate and efficient representation of intermolecular interactions for fully flexible docking. ChemMedChem
2009, 4, 1264-1268. DOI: 10.1002/cmdc.200900146. URL: http://onlinelibrary.wiley.com/doi/10.1002/cmdc.200900146/
abstract. Copyright 2009 Wiley-VCH Verlag GmbH& Co. KGaA, Weinheim.

Paragraph 1.5.1 is partially reprinted (adapted) with permission from Kriiger, D. M., Jessen, G., Gohlke, H., How good are stat-
of-the art docking tools in predicting ligand binding modes in protein-protein interfaces? J. Chem. Inf. Model. 2012, 52, 2807-
2811. DOI: 10.1021/¢i3003599. Copytight 2012 American Chemical Society.




2. Scope of the Thesis

In this thesis, protein-protein interactions shall be investigated, and the knowledge derived shall
subsequently be used to develop a new approach to predict protein-protein complexes. In a first
step, the DrugScore formalism from Gohlke ez @/ shall be used to derive a knowledge-based
scoring function from a dataset of protein-protein complexes, namely DrugScore’™.'” In a
second step, this scoring function shall be evaluated by rescoring two non-redundant datasets for
which bound and unbound protein complex predictions have been generated. The predictability
shall be evaluated based on, first, the ability to identify near-native predictions by ranking those
poses on the top of a hit list, and second, the ability to construct funnel-shaped landscapes for
the energy surfaces of the predicted poses when plotting docking scores versus corresponding

rmsd values. In a third step, DrugScore™"

shall be tested in its ability to predict experimental
alanine scanning results, i.e., changes in the binding free energy of protein-protein complexes
upon alanine mutations in the interface, by correlating docking scores to experimentally
determined changes in binding affinities.

Later on, DrugScore™ shall be applied as an objective function in combination with a protein-
protein docking tool in order to predict 3D structures of protein-protein complexes. Here,
parameters shall be validated to allow for an optimal interplay between the docking algorithm and
the knowledge-based potentials. Afterwards, several methods shall be examined in order to
incorporate local and global flexibility into the docking approach to account for protein
flexibility. In this regard, normal mode-based geometric simulation methods shall be tested
particularly. Furthermore, it shall be tested in how far the obtained protein-protein docking
results can be improved by distinct refinement procedures.

Finally, it shall also be tested in how far the DrugScore™ potentials are amenable to predict the

binding modes of small molecules in protein-protein interfaces.




3.  In Silico Alanine Scanning for Scoring Protein-Protein
Interactions (Paper I)

Figure 3.1: Tube representation of interleukin-2 (blue) complexed with its alpha receptor (cyan) created from PDB
code 1292. Residues in the interface are represented by a rainbow gradient color code according to their side chain’s

predicted contribution to the binding free energy, respectively, with reddish colors indicating hot spot residues.
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Reprinted (adapted) with permission from Kriiger, D. M., Gohlke, H., DrugScoreP?! webserver: fast and accurate in silico alanine
scanning for scoting protein-protein interactions. Nucleic Acids Res. 2010, 38, W480-W486. DOI: 10.1093/nar/gkq471.
Copyright The Author(s) 2010. Published by Oxford University Press. URL: http://www.oxfordjournals.org/.




4. Knowledge-based Prediction of Protein-Protein Complexes
(Paper 1I)

Figure 4.1: Illustration of a protein-protein complex given by bovine alpha-chymotrypsin (blue) binding to eglin ¢
(green) created from PDB code 1ACB. Proteins are depicted in cartoon representation at which the respective van

der Waals surface is given in the background.
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Reprinted (adapted) with permission from Kriiger, D. M., Ignacio-Garzon, J., Chacon, P., Gohlke, H., DrugScoreP?! knowledges-
based potentials used as scoting and objective function in protein-protein docking. PLoS ONE, 2014, 9, ¢89466. URL:
http://www.plosone.org/.




5. Accounting for Local and Global Flexibility in Proteins
(Paper III)

Figure 5.1: Scheme showing conformational changes of the interleukin-1 receptor (yellow/green/red) when
binding to the intetleukin-1 receptor antagonist (magenta/salmon/cyan); the conformations were obtained from a
targeted geometric simulation using structural information from PDB code 1GOY and 1ILR (unbound structures),

and PDB code 1IRA (complex structure). Proteins are depicted in cartoon representation.
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Proteins are flexible biomolecules that are able to perform a wide range of possible global and
local movements (see Chapter 1.1.2). Taking those movements into account is still one of the
major concerns in the field of protein-protein docking.”" *** Indeed, in chapter 4.3 we showed

that in comparison to the results from bound docking, DrugScore™

is not “soft” enough to
compensate for the missing explicit treatment of protein flexibility. Thus, in this chapter, several
approaches will be tested for their applicability to account for local or global flexibility in protein-
protein docking. To this end, first, local protein movements have been explored a posteriori by
several refinement procedures with the aim to improve pre-calculated rigid-body docking
solutions. Second, global protein movements have been addressed « priori following a

conformational selection approach according to which one should be able to predict bound

protein conformations based on unbound ones for later use in protein-protein docking.

5.1 Refinement of Predicted Protein-Protein Complexes

Bound and unbound protein-protein docking solutions were generated from a dataset of 97
protein binding partners providing a hit list of 2000 protein complex predictions each (see
Chapter 4). For unbound docking solutions, several refinement methods were applied afterwards
in order to optimize the quality of the docking solutions for re-ranking of the hit lists as

described in the following (see Table 5.1).

Table 5.1: List of methods and cotresponding programs that were Energy minimization with

used for refinement of bound and unbound protein-protein AMBER. The Amber (version 11)

complex predictions. Results achieved from these methods were : .
suite of programs together with

the ff99SB modifications of the

cither used to modify the DrugScore™ docking scores and/or to

provide new hit lists thereby obtained.
Cornell et al. force field was used

Methods and corresponding programs used for refinement to perform minimizations of pre-

Energy minimization with AMBER?’ calculated protein-protein

2 7 . . . .
complexes. 8 Missing side chains

. . . . 288
Side chain rotamer sampling with SCWRL were added manually according to

Calculation of ASASA with Connolly’s MS program?® paper 2, and waters were removed.
Hydrogen atoms were
automatically added by the LEaP

Assessing stereochemical quality with PROCHECK*! program of the AMBER suite.

Binding affinity estimation with DCOMPLEX??

Assessing stereochemical quality with MolProbity?*? Accordingly, for amino acid side

chains a standard protonation state

Interface prediction with ProMate? . .
P is assumed, i.e., Asp and Glu are
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treated as deprotonated, Arg, Lys, and His as protonated. All complexes were then minimized by
100 steps of steepest descent minimization in order to remove clashes in the binding interface.
Here, long-range electrostatic interactions were treated by the particle mesh Ewald (PME)

294

method, and bond lengths were constrained using the SHAKE algorithm.”" All minimized

complexes were rescored with DrugScore™ and ranked accordingly.

Side chain rotamer sampling with SCWRL. The SCWRL (version 4.0) program was used to
optimize the steric fitting of side chains in the interfaces of pre-calculated protein-protein
complexes by side chain rotamer sampling.”® SCWRL was initially developed to determine side
chain conformations in protein structure prediction. In this regard, we tried to sample
appropriate side chain conformations for the protein-protein complex predictions. All modified

complexes were rescored with DrugScore™ and ranked accordingly.

Calculation of ASASA with Connolly’s MS program. The change in the solvent accessible
surface (ASASA) upon protein-protein binding was calculated by Connolly’s molecular surface

(MS) program (see Equation 5.1).” The term ASASA describes the buried surface area at the
interface of a protein-protein complex and thus serves as an indicator for the size of the interface
and the contribution of desolvation effects to the binding free energy. In this regard, it was used

to modify the DrugScore™" docking scores (see Equation 5.2) to provide newly ranked hit lists.

ASASA = SASA, +SASA, —SASA.,, (Eq. 5.1)

Here, §A45A is the solvent accessible surface of the receptor (§45A,), of the ligand ($A45A4,),
and of the receptor-ligand complex (5.45A4,,).

N4
A Wmo EE—
CTASASA (Eq. 5.2)

Here, AW is the docking score for a protein-protein docking solution as the sum of all occutring

atom-atom interactions, and AS.ASA is the buried surface area at the interface of this complex.

Binding affinity estimation with DCOMPLEX. DCOMPLEX (no version number available)
is a program that was established for the prediction of binding affinities and the energy

evaluation of protein-protein complexes based on a statistical monomer-based potential.” The




5. Accounting for Local and Global Flexibility in Proteins 36

program was used to rescore all complexes and to rank them according to the scores thereby

obtained.

Assessing stereochemical quality with PROCHECK. The PROCHECK (version 3.5.4) suite
of programs gives an assessment of the overall quality of a protein structure performing a

detailed check on its stereochemistry.””

Here, the covalent geometry of single residues in a given
protein structure is compared to stereochemical parameters derived from high-resolution protein
structures by Morris ez al. as well as bond lengths and bond angles derived from well-refined,
high-resolution structures of small-molecules in the Cambridge Structural Database (CSD)
obtained by Engh ez a/””' For refinement, predicted protein-protein complexes were checked for
their stereochemical quality and ranked accordingly. Furthermore, the top 100/500/1000

structures showing the best quality were ranked according to their DrugScore™"

docking scores
following the idea that a good stereochemical quality better reflects the distance-dependent

nature of the pair potentials, as shown in chapter 4.

Assessing stereochemical quality with MolProbity. MolProbity (version 3.19) is a suite of
programs that provides a broad-spectrum based evaluation of the quality of a protein structure at
both the global and local levels.”” It relies on optimized hydrogen placement, all-atom contact
analysis, torsion angle analysis (including Ramachandran and rotamer analysis), and covalent-
geometry analysis. MolProbity was initially developed to check for errors in X-ray structures. The
output provides scores for clashes between atoms, unfavourable Ramachandran backbone
torsion angles, and bad side chain rotamers. Predicted protein-protein complexes were checked
for their overall structural quality and ranked accordingly. Furthermore, the top 100/500/1000
structures showing the best quality were ranked according to their DrugScore™" docking scores
following the idea that a good structural quality better reflects the distance-dependent nature of

the pair potentials (vide supra).

Interface prediction with ProMate. ProMate (version 2.0) is a structure-based program
developed to predict the location of protein-protein interfaces of unbound proteins.”” The
method was validated on transient heteromeric complexes, whereas antibody-antigen interactions
were excluded because of their specific nature (see Chapter 4.2). Interface locations can be
predicted based on different structural properties that have been shown to be relevant for the
distinction between binding and non-binding interfaces, namely, distribution of atoms, chemical
character of atoms, distribution of single amino acids, distribution of amino acid pairs,

evolutionary conservation, sequence distances within a circle, non-regular secondary structure
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lengths, domains, hydrophobic patches, and crystallographic data (if available) in terms of bound
water and the distribution of B-factors. For refinement, interfaces were predicted for unbound
binding partners and all protein-protein docking solutions that do not correspond to at least one

of the predicted interfaces were removed from the hit list, respectively.

5.2 Sampling the Conformational Space of Proteins in Free State

The conformational selection model describes the intrinsic ability of proteins to switch between
conformationally distinct states under native conditions leading to conformational transitions that
occur on a wide range of scales, both in time and space. Such transitions are well-known in the
case of ligand binding to several pharmacologically important proteins, where ligand binding
occurs upon selection of the “correct” conformational state of the protein out of an
conformational ensemble.” A controversial debate has been conducted in the last years whether
structural variation of a protein during ligand binding follows as selective stabilization of
conformational states pre-existing independent of a ligand (“conformational selection model”),
or an induced fit mechanism. At this time, both the mechanisms have been evidenced to play a
role in protein-protein recognition. *>* Based on the conformational selection model we applied
three geometric simulation techniques, CONCOORD (version 2.1), FRODAN (version 1.0) and
NMSim (version 1.0), for our attempts to sample bound protein conformations starting from
unbound ones. The strategy was, first, trying to sample a near-native protein conformation that is
very close to the native one by making use of a constrained network model (CNM), second,
filtering this conformation out of the ensemble with respect to the C,-i_rmsd, and third, using
this conformation to perform a protein-protein docking. CONCOORD is a distance geometry-
based approach that generates protein conformations by satisfying distance constraints derived
from a starting structure.”” FRODAN performs constrained geometric simulations by simulating
diffusive motions of flexible regions and rigid clusters of proteins.”* NMSim is a normal mode-
based geometric simulation approach developed by Ahmed e¢f a/ for multiscale modeling of
protein conformational changes.””” NMSim is build upon a three-step approach (see Figure 5.2):
First, the protein is decomposed into rigid clusters and flexible regions using the graph theoretical
approach FIRST,”® second, dynamical properties of the coarse-grained protein are revealed using
an ENM representation by rigid cluster normal mode analysis (RCNMA),”” and third, new
protein conformations are generated by NMSim, whereas directions of backbone motions are
biased by low-frequency normal modes and side chain motions are biased toward experimentally
derived rotamer information.””” Conformations generated thereby are optimized regarding steric
clashes, constraint violations, and stereochemical accuracy. In contrast to FRODAN and

CONCOORD, NMSim wuses a directional guidance to sample biologically relevant
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conformations. Each of the methods was applied to a data set of 15 unbound protein binding
partners showing small-, medium-, and large-scale conformational changes upon protein-protein
binding (see Table 5.2). In the case of NMSim, small scale, large scale, and radius of gyration
(ROG)-guided motions were tested as provided by the NMSim web server (see Chapter 5.3).””
All programs were applied using standard parameters as suggested by the authors. Subsequently,
conformational ensembles were clustered by the kclust algorithm from the AMBER suite of
programs using a threshold of 5 A C-atom rmsd and superimposed onto the corresponding
bound conformations. Finally, for each of the proteins the i_rmsd between a cluster

conformation and the bound conformation was calculated (see Table 5.2).

5.3 Web Service Implementation
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5.4 Results

In general, local refinement procedures (see Table 5.1)
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not afford any improvements regarding the hit lists. The same is true when rescoring the
structures with DCOMPLEX. ASASA values were used to modify the DrugScore™ docking
scores (see Equation 5.2), but no enrichment of hits could be observed. The already implicit
consideration of ASASA in the DrugScore™ scoring function could be an explanation for this.'”
PROCHECK was used to rank the predicted complexes by their stereochemical quality.
Likewise, no enhancement of hits could be observed in the top 100/500/1000 predictions.
Furthermore, Molprobity was used to calculate several scores that are related to contacts,

overlaps, and hydrogen bonds, thus giving a hint about the overall structural quality of the
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Figure 5.3: Fractions of true and false positive interface residue
predictions obtained with ProMate were calculated for a threshold
of 5 A (blue, small checkered) and 10 A (green, large checkered)
distance to define the interface. (A) The fraction of correct
interface residue predictions is defined by the number of correctly
predicted interface residues divided by the total number of
interface residues. (B) The fraction of false positive interface
residue predictions is defined by the number of falsely predicted
interface residues divided by the total number of predicted

interface residues.

predicted complexes. These scores
were both used to rank the
complexes by their structural
quality and to modify the

PPI
DrugScore

docking  scores,
however, without any success.

Finally, we applied ProMate to
predict interface residues of the
unbound binding partners. This
interface information was used to
filter the hit lists by removing all
docking solutions that do not
correspond to at least one of the
predicted interfaces. A protein
interface was defined as all residues
within 5 A (10 A) distance of the
partner  protein,  respectively.
Results obtained from ProMate are
depicted in Figure 5.3. When using
a threshold of 5 A (10 A) to define
the interface, ProMate was able to
correctly predict at least one of the
interface residues in 80% (90%) of
the cases (see Figure 5.3 A). The
fraction of correctly predicted
interface residues ranges from 0.1
to 0.3 for the threshold of 5 A
(10 A) for 60% (80%) of the
proteins (see Figure 5.3 A), with the

average fraction of correctly

predicted interface residues being 0.17 (0.15) with STD = 0.16 (0.12). Critical for the filtering of

docking solutions is the amount of false positive interface residue predictions that significantly

increases the number of false positive complex predictions in the hit lists. The fraction of false
positive interface residue predictions is 0.66 (0.42) with STD = 0.30 (0.33) for a threshold of 5 A
(10 A) to define the interface (see Figure 5.3 B). The latter results show that a threshold of 10 A
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Table 5.2: Sampling the conformational space of proteins in free state by geometric simulation approaches.

PDB codesl? Motions!c! i_rmsd

bound unbound unbound') CONCOORDY FRODAN NMSim¢
complex rec/lig) small scale large scale ROG
1AY7 1RGH small 0.48 0.93 0.51 1.32 1.02 1.32
1A19 0.43 0.78 0.57 1.02 1.07 0.66
1DQJ 1DQQ 0.55 0.84 1.70 1.78 1.64 1.94
3LZT 1.15 1.16 1.32 1.68 1.23 2.17
1EZU 1TRM 0.42 0.85 0.45 1.36 2.05 1.14
1ECZ 0.43 0.34 2.65 1.08 0.47 0.90
2125 2121 1.94 1.87 2.01 221 2.35 253
3LZT 1.00 1.32 1.06 2.39 3.05 2.71
2HLE 2BBA 2.07 2.02 2.15 2.42 1.99 291
1IKO 0.86 0.94 1.03 1.33 1.47 2.44
1K5D 1RRP medium 1.43 1.58 1.70 1.42 1.64 1.84
1YRG 0.95 1.15 1.00 1.16 1.59 2.37
1M10 1AUQ 0.78 1.29 0.85 1.67 1.11 1.39
1M0Z 3.53 3.30 3.88 3.77 3.49 4.30
1wQl1 6Q21 1.03 1.31 1.23 1.83 1.42 2.69
IWER 2.10 2.14 2.12 3.04 2.80 2.69
1XQs 1XQR 2.27 2.26 2.42 2.18 1.99 2.34
183X 0.43 0.87 0.45 0.73 0.60 0.74
2NZ8 1MH1 1.47 2.00 2.14 1.61 1.35 2.52
INTY 3.62 3.33 3.97 4.51 3.13 4.05
1EER 1ERN large 1.85 1.98 2.28 2.51 2.61 3.10
1BUY 2.43 3.11 2.62 259 2.43 2.48
1IBR 1F59 1.78 1.97 2.15 2.37 2.98 2.31
1QG4 2.65 2.32 3.34 3.30 2.79 3.47
1IRA 1G0Y 8.82 8.98 8.73 7.92 8.79 891
1ILR 0.92 1.41 157 1.42 2.11 2.19
1PXV 1X9Y 3.88 4.84 4.56 4.82 4.70 4.36
INYC 0.84 1.01 0.93 1.45 4.35 3.24
20T3 1TXU 1.09 1.22 1.37 2.20 1.64 1.51
1YZU 4.71 4.45 5.46 5.25 4.44 4.87
STDsmanlfl 0.64 0.70 0.88 1.00 1.03 1.17
STDmedium!” 1.18 1.21 1.32 1.43 1.22 1.56
STDrargel? 2.14 2.25 2.31 2.25 2.41 2.40

[l PDB codes for bound protein structures (complex structures) and unbound protein structures.

bl Receptor and ligand top down in this order, respectively. The larger protein is considered to be the receptor.
Il Degree of structural motions (conformational changes) that occur upon complexation.

[ Towest i_rmsd between a cluster conformation and the bound conformation. In A.

[1i_rmsd between bound and unbound protein structures. In A.

1STDs of i_rmsd values for proteins involved in small-, medium-, and large-scale motions upon complexation.
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is more appropriate than 5 A because the fraction of false positive interface residue predictions is
significantly lower in relation to the total number of interface residues (i.e., higher specificity),
whereas the fraction of correctly predicted interface residues is almost similar (i.e., similar
sensitivity). Nevertheless, even here the amount of false positive interface residue predictions was
still too high to increase the number of hits in the top 100/500/1000 docking solutions.

To account for global flexibility, we tried to sample bound protein conformations starting from
unbound ones by three different geometric simulation approaches. Results are shown in Table
5.2. In summary, none of the approaches was able to sample at least one protein conformation
that is closer to the bound conformation than the unbound one. The 1 _rmsd values calculated for
a sampled conformation and the corresponding unbound conformation are quite similar in each
of the cases. STDs calculated for the i_rmsd values of motion-related subsets also show similar
results. Note that i_rmsd values give information about the differences in the positions of atoms,
but do not consider any type of movement that occurs upon binding. In this regard, the degree
of structural motions describes the overall amount of structural rearrangements that occur in
both of the proteins upon complexation. However, it can be observed that in many cases only
one of the binding partners undergoes large conformational changes whereas the other one stays
almost unchanged (see Figure 5.1). Therefore, structural motions classified as small upon
complexation can be classified as medium considering only one of the binding partners, and vice
versa (see Table 5.2). The reason why sampling of bound conformations failed is well-grounded
in the characteristics of the underlying coarse-grained ENM representation of the proteins that
precludes the formation or breaking of bonds between the atoms. Consequently, quite flexible
structure elements, e.g. loops that often occur in protein-protein interfaces and undergo a
reshaping upon binding in many cases, cannot be sampled successfully since the constraints
between the atoms remain fixed. At least, geometric simulations can be used to reproduce such
motions by targeted simulations (see Figure 5.1). A possibility to overcome the current limitations

of geometric simulation methods is the use of MD simulations (see Chapter 8).

5.5 Conclusions

The local refinement procedures applied in this work were neither able to improve the bound nor
the unbound docking predictions. In the case of bound docking, where convincing results were
obtained already, additional knowledge-based pair potentials specifically for antigen-antibody
complexes might lead to improvements of the results (see Chapter 4.2). In the case of unbound
docking, the unbound backbone conformations of the binding partners lead to discrepancies in
the predicted and the bound protein-protein complex configurations. Thus, local refinement

methods might only be successful when global (backbone) flexibility has already been considered
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successfully. In this regard, geometric simulation techniques have been shown to be a

computationally efficient alternative to molecular dynamics simulations for conformational

2( . . . . . .
”" However, these constrained simulations reach their limits when the

sampling of proteins.
conformational pathways contain disordered-to-structured transitions. This drawback could be
overcome by more sophisticated sampling techniques such as MD simulations when the sampling

problem is adequately addressed there (see Chapter 8).

Reprinted (adapted) with permission from Kriiger, D. M., Ahmed, A. Gohlke, H., NMSIM Web Server: Normal mode-based
geometric simulations for exploring biologically relevant conformational transitions in proteins. Nucleic Acids Res. 2012, 40,
W310-W316. DOI: 10.1093/nat/gks478. Copytight The Author(s) 2012. Published by Oxford University Press. URL:

http:/ /www.oxfordjournals.org/.




6. Targeting Protein-Protein Interfaces with Small Molecules
(Paper 1V)

Figure 6.1: Phenyl pyrazole inhibitor (shown as sticks) binding to the apoptosis regulator BCL-2 (blue surface). The
crystal structure configuration is depicted in green (PDB code 2W3L), a predicted solution from molecular docking
is depicted in yellow. In orange cartoon representation, the crystal structure configuration of BAD (BCL-2

antagonist of cell death) is shown (PDB code 2BZW).
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Reprinted (adapted) with permission from Kriiger, D. M., Jessen, G., Gohlke, H., How good are stat-of-the art docking tools in

predicting ligand binding modes in protein-protein interfaces? J. Chem. Inf. Model. 2012, 52, 2807-2811. DOI:
10.1021/¢i3003599. Copyright (2012) American Chemical Society.




7.  Summary

The main objective of this thesis was the investigation of protein-protein interactions and making
use of this knowledge to develop a new approach to predict protein-protein complexes. As a

basis for this research, a knowledge-based scoring function DrugScorePpI

was developed of which
the pair-potentials were derived from a previously prepared dataset of protein-protein complexes
(see Chapter 3 & 4). Based on these results, DrugScore™ was used for computational alanine
scanning to predict changes in the binding free energy of protein-protein complexes upon
mutations in the interface (see Chapter 3). Computed and experimental values showed good
correlations and, thus, a QSAR-model was built to improve the predictive power. Based on these
findings, the DrugScore”™ web server was developed, which allows identifying hotspot residues
in protein-protein interfaces and performing computational alanine scanning of a protein-protein
interface within a few minutes (see Chapter 3). The results demonstrate that the DrugScore™
web server outperforms other state-of-the-art methods not only with respect to predictive power
but also in terms of computational speed. DrugScore™" was successfully evaluated by rescoring
two non-redundant datasets for which bound and unbound protein-protein complex predictions
have been generated (see Chapter 4). Furthermore, DrugScore’™ was applied as an objective
function in combination with a fast spherical harmonics-based protein-protein docking tool in
order to predict 3D structures of protein-protein complexes (see Chapter 4). For this, pre-
calculated knowledge-based potential grids by DrugScore™ were used to sample protein-protein
configurations and to successfully identify near-native configurations. The approach showed
good results for bound and moderate results for unbound protein-protein complex predictions.
A few parameters were identified to have an influence on the success of the protein-protein
docking approach, such as the range of possible conformational changes of a protein, or crystal
packing contacts (see Chapter 4). To account for protein flexibility, several methods were
examined in order to incorporate local and global flexibility into the docking approach (see
Chapter 5). In this regard, a normal mode-based geometric simulation (NMSim) method was
used to sample input conformations of proteins following the idea of a conformational selection
mechanism (see Chapter 5). Finally, a large-scale validation study on docking small molecules into
protein-protein interfaces was performed (see Chapter 6). Results thereby obtained allow

identifying those protein-protein interfaces that are amenable for molecular docking approaches.




8.  Perspective

In recent years, targeting protein-protein interactions has become a major working point in
structure-based drug design. Abundant information about sequences and structures of proteins
afforded from large-scale genomic approaches poses new challenges in the field of systems
biology. Proteins in a cell may have a multitude of potential different binding partners and thus
may undergo many transient protein-protein interactions. The detailed investigation of disease-
related cell-signaling pathways unravelled a huge quantity of associated proteins as possible drug
targets. In this context, the prediction of protein-protein interactions by computational methods
plays an important role because 3D structures of protein-protein complexes are often difficult or
impossible to elucidate by experimental methods. Algorithmic strategies have been developed to
dock proteins, to evaluate the resulting complexes by different scoring functions, and to detect
residues in the protein-protein interface that are relevant for binding. However, good protein-
protein docking predictions are only obtained for proteins that do not undergo large
conformational changes. Conversely, protein-protein docking and scoring is effective in
identifying near-native complex structures in cases where docking was performed using bound
structures or structures that only show small conformational changes.

Consideration of protein flexibility still represents a major issue for structure-based drug design
approaches. Despite many successful developments that have been made to consider large
protein conformational changes, usually by reducing the problem to computationally efficient
approaches, i.e., using normal-mode analysis, constrained networks, flexible grids, or structural
ensembles, the problem is still unsolved. Especially when it comes to large biomolecules like
proteins, efficient conformational sampling is considerably complex. Currently, the only
possibility to efficiently sample protein conformational changes is to make use of unrestricted
MD simulations. However, the problem is beyond standard methods when proteins undergo
long-range folding mechanisms or disordered-to-structured transitions that occur on a
microsecond timescale. Nevertheless, the computational and algorithmic development in the last
decade gives reason to hope that computational costs to perform such simulations can be
overcome in the near future.”’**" GPU-based computing combined with enhanced sampling like
accelerated MD (aMD),™ or replica exchange molecular dynamics (REMD)™ for enhanced
sampling of conformational space were successfully applied to simulate pathways of small
peptide folding and protein-ligand binding.*”*" Furthermore, to reduce the computational
demand of unbiased brute force MD simulations, Markov state models (MSMs) have been
developed that make use of multiple shorter-timescale simulations to reach longer-timescale

transitions of proteins.”*”'* In this regard, MD-based sampling of protein transition pathways
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would allow for continuation of this work. It should be tested in how far MD simulations are
suitable to sample bound protein conformations starting from unbound ones for later use in
protein-protein docking. Thus, it should be at least possible to sample those protein

conformations that occur on a nanosecond timescale and do not rely on induced fit mechanisms.
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Table S1: Alanine scanning dataset used for training!”

PDB code Mutated Residue Amino acid®  AAG,,," AAG ¢
partner number
1A22 hGH 21 H 0.2 0.48
1A22 hGH 22 Q -0.2 0.22
1A22 hGH 25 F -0.4 0.83
1A22 hGH 45 L 1.2 0.87
1A22 hGH 46 Q 0.1 0.38
1A22 hGH 56 E 0.4 0.66
1A22 hGH 62 S 0.1 0.46
1A22 hGH 63 N 0.3 0.61
1A22 hGH 64 R 1.6 3.21
1A22 hGH 65 E -0.5 0.49
1A22 hGH 68 Q 0.6 0.87
1A22 hGH 164 Y 0.3 0.53
1A22 hGH 167 R 0.3 0.48
1A22 hGH 168 K -0.2 1.03
1A22 hGH 171 D 0.8 1.45
1A22 hGH 172 K 2 1.02
1A22 hGH 174 E -0.9 0.58
1A22 hGH 175 T 2 0.65
1A22 hGH 176 F 1.9 0.49
1A22 hGH 178 R 24 1.02
1A22 hGH 179 | 0.8 1.63
1A22 hGHbp 243 R 212 1.11
1A22 hGHbp 244 E 1.69 0.52
1A22 hGHbp 271 R 0.54 1.04
1A22 hGHbp 275 E -0.1 0.26
1A22 hGHbp 276 W 0.51 2.33
1A22 hGHbp 298 S -0.05 0.36
1A22 hGHbp 302 S -0.2 0.64
1A22 hGHbp 303 | 1.61 0.89
1A22 hGHbp 305 | 1.94 0.69
1A22 hGHbp 320 E -0.19 0.53
1A22 hGHbp 321 K 0.08 0.37
1A22 hGHbp 324 S 0.28 0.55
1A22 hGHbp 326 D 0.99 0.61
1A22 hGHbp 327 E 0.97 0.66
1A22 hGHbp 364 D 1.49 1.46
1A22 hGHbp 365 | 213 0.42
1A22 hGHbp 366 Q 0.02 0.10
1A22 hGHbp 367 K -0.02 0.79
1A22 hGHbp 371 \ -0.64 0.74
1A22 hGHbp 416 Q 0.89 0.39
1A22 hGHbp 417 R 0.28 -0.18
1A22 hGHbp 418 N 0.3 0.91
1A22 hGHbp 419 S 0.03 0.55
1A22 hGHbp 301 T 1.76 0.53
1A4Y Rnase Inh 261 w 0.1 0.77
1A4Y Rnase Inh 263 w 12 2.15
1A4Y Rnase Inh 289 S 0 0.51
1A4Y Rnase Inh 318 w 1.5 2.01
1A4Y Rnase Inh 320 K -0.3 0.69
1A4Y Rnase Inh 344 E 0.2 0.59
1A4Y Rnase Inh 375 w 1 1.66
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1A4Y Rnase Inh 401 E 0.9 0.62
1A4Y Rnase Inh 434 Y 3.3 3.41
1A4Y Rnase Inh 435 D 3.5 3.82
1A4Y Rnase Inh 437 Y 0.8 2.61
1A4Y Rnase Inh 459 | 0.7 0.64
1A4Y Angiogenin 5 R 23 2.03
1A4Y Angiogenin 8 H 0.9 0.53
1A4Y Angiogenin 12 Q 0.3 0.68
1A4Y Angiogenin 13 H -0.3 0.45
1A4Y Angiogenin 31 R 0.2 0.94
1A4Y Angiogenin 32 R 0.9 1.35
1A4Y Angiogenin 68 N 0.2 0.41
1A4Y Angiogenin 84 H 0.2 0.55
1A4Y Angiogenin 89 w 0.2 1.59
1A4Y Angiogenin 108 E -0.3 0.73
1A4Y Angiogenin 114 H 0.65 0.53
1AHW TF 167 T 0 0.35
1AHW TF 170 T 1 0.47
1AHW TF 176 L 1 0.36
1AHW TF 178 D -0.5 0.49
1AHW TF 197 T 1.3 0.34
1AHW TF 198 Vv -0.3 0.47
1AHW TF 199 N 1.1 0.45
1AIE P53 352 D 0.55 0.89
1AIE P53 326 E 0.4 -0.09
1AIE P53 336 E -0.75 0.31
1AIE P53 339 E 0.45 0.40
1AIE P53 343 E 0.28 0.26
1AIE P53 346 E 0.1 0.34
1AIE P53 349 E 0.95 0.56
1AIE P53 328 F 1.8 1.02
1AIE P53 338 F 1.8 1.05
1AIE P53 351 K -0.62 1.16
1AIE P53 350 L 0.53 1.09
1AIE P53 340 M 1.6 0.46
1AIE P53 345 N 0.93 1.84
1AIE P53 331 Q 0.35 0.06
1AIE P53 333 R 0.97 0.64
1AIE P53 335 R 0.53 0.75
1AIE P53 337 R 2.33 1.57
1AIE P53 342 R 0.35 0.69
1AIE P53 329 T 0.9 0.42
1BRS Barnase 54 D -0.8 0.35
1BRS Barnase 59 R 52 2.93
1BRS Barnase 60 E -0.2 0.81
1BRS Barnase 73 E 2.8 0.56
1BRS Barstar 29 Y 3.4 5.03
1BRS Barstar 35 D 4.5 3.70
1BRS Barstar 42 T 1.8 0.49
1BRS Barstar 76 E 1.3 0.54
1BRS Barstar 80 E 0.5 0.37
1BXI Im9 23 C 0.92 0.38
1BXI Im9 24 N 0.14 0.02
1BXI Im9 26 D 0.34 0.31
1BXI Im9 27 T 0.73 0.57
1BXI Im9 28 S 0.17 0.40
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1BXI Im9 29 S 0.96 0.47
1BXI Im9 30 E 1.41 0.80
1BXI Im9 33 L 3.42 0.96
1BXI Im9 34 \V 2.58 0.90
1BXI Im9 37 \Y 1.66 1.03
1BXI Im9 38 T 0.9 0.55
1BXI Im9 41 E 2.08 0.69
1BXI Im9 48 S 0.01 0.36
1BXI Im9 50 S 2.19 0.57
1BXI Im9 53 | 0.85 0.59
1BXI Im9 54 Y 4.83 4.04
1BXI Im9 55 Y 4.63 4.48
1CBW BPTI 1 T 0.2 0.53
1CBW BPTI 15 K 2 2.17
1CBW BPTI 17 R 0.5 1.11
1CBW BPTI 19 | 0.1 0.99
1CBW BPTI 34 Vv 0 0.44
1CBW BPTI 39 R 0.2 0.93
1DAN TF 17 T 0.1 0.45
1DAN TF 18 N 0.2 0.79
1DAN TF 20 K 26 1.34
1DAN TF 21 T -0.2 0.42
1DAN TF 22 | 0.7 1.34
1DAN TF 24 E 0.7 0.57
1DAN TF 37 Q 0.55 0.96
1DAN TF 41 K 0.35 0.35
1DAN TF 42 S -0.1 0.28
1DAN TF 44 D 0.7 2.23
1DAN TF 46 K 0.25 0.69
1DAN TF 47 S 0.05 0.39
1DAN TF 48 K 0.4 0.62
1DAN TF 50 F 0.4 1.44
1DAN TF 58 D 2.18 2.21
1DAN TF 68 K -0.1 0.33
1DAN TF 99 E -0.2 0.37
1DAN TF 128 E 0.1 0.46
1DAN TF 133 L 0 1.22
1DAN TF 135 R 0.55 1.17
1DAN TF 140 F 1.5 0.81
1DAN TF 163 S 0 0.40
1DAN TF 203 T 0.1 0.43
1DAN TF 207 \ -0.2 1.42
1DAN TF 208 E 0 0.45
1DFJ Rnase Inh 202 E 1 0.55
1DFJ Rnase Inh 257 w 1.3 1.30
1DFJ Rnase Inh 259 W 22 2.01
1DFJ Rnase Inh 283 E 1.3 0.41
1DFJ Rnase Inh 285 S 0.8 0.39
1DFJ Rnase Inh 314 w 1 0.76
1DFJ Rnase Inh 316 K 1.3 0.48
1DFJ Rnase Inh 397 E 1.3 0.62
1DFJ Rnase Inh 453 R 0.8 0.49
1DFJ Rnase Inh 455 | 0.3 1.06
1DFJ Rnase Inh 430 Y 59 4.50
1DFJ Rnase Inh 431 D 3.6 2.45
1DFJ Rnase Inh 433 Y 2.6 2.38
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1DVF D1.3 H30 T 0.9 0.45
1DVF D1.3 H32 Y 1.8 0.01
1DVF D1.3 H52 w 4.2 2.89
1DVF D1.3 H54 D 4.3 3.46
1DVF D1.3 H56 N 1.2 1.63
1DVF D1.3 H58 D 1.6 0.82
1DVF D1.3 H99 R 1.9 0.23
1DVF D1.3 H100 D 2.8 1.16
1DVF D1.3 L30 H 1.7 0.44
1DVF D1.3 L32 Y 2 1.47
1DVF D1.3 L49 Y 1.7 0.77
1DVF D1.3 L50 Y 0.7 1.04
1DVF D1.3 L92 W 0.3 1.16
1DVF D1.3 L93 S 1.2 0.42
1DVF E5.2 30 K 1 0.33
1DVF E5.2 33 H 1.9 0.62
1DVF E5.2 52 D 1.7 1.03
1DVF E5.2 54 N 1.9 1.25
1DVF E5.2 97 | 2.7 1.81
1DVF E5.2 98 Y 4.7 4.58
1DVF E5.2 100 Q 1.6 1.68
1DVF E5.2 49 Y 1.9 1.12
1F47 FTSZ fragm. 4 D 0.7 0.00
1F47 FTSZ fragm. 5 Y 0.9 2.35
1F47 FTSZ fragm. 6 L 0.9 1.70
1F47 FTSZ fragm. 7 D 1.8 0.89
1F47 FTSZ fragm. 8 | 2.5 1.74
1F47 FTSZ fragm. 11 F 2.5 1.1
1F47 FTSZ fragm. 12 L 2.3 1.05
1F47 FTSZ fragm. 14 K 0 0.42
1F47 FTSZ fragm. 15 Q 0 0.19
1FCC Protein G 25 T 0.24 0.43
1FCC Protein G 28 K 1.3 1.55
1FCC Protein G 31 K 3.5 1.10
1FCC Protein G 35 N 2.4 2.45
1FCC Protein G 40 D 0.3 0.94
1FCC Protein G 42 E 0.4 0.52
1FCC Protein G 43 W 3.8 1.56
1GC1 CD4 23 S 0.29 0.47
1GC1 CD4 25 Q 0.03 0.41
1GC1 CD4 27 H 0.28 0.51
1GC1 CD4 29 K 0.59 0.99
1GC1 CD4 31 S 0.1 0.46
1GC1 CD4 32 N 0.18 0.11
1GC1 CD4 33 Q 0.1 0.21
1GC1 CD4 35 K 0.32 1.42
1GC1 CD4 40 Q -0.41 0.45
1GC1 CD4 42 S 0 0.59
1GC1 CD4 44 L 1.04 0.51
1GC1 CD4 45 T -0.15 0.50
1GC1 CD4 52 N 0.7 1.07
1GC1 CD4 56 D -0.07 0.42
1GC1 CD4 59 R 1.16 0.59
1GC1 CD4 60 S -0.09 0.28
1GC1 CD4 63 D -0.32 1.07
1GC1 CD4 64 Q 0.44 0.76
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11AR IL4 19 E -0.32 0.40
11AR IL4 82 F -0.08 0.53
11AR IL4 1 | 0.07 0.41
11AR IL4 5 | 1.17 1.66
11AR IL4 77 K 0.15 0.37
11AR IL4 84 K 0.35 0.42
11AR IL4 15 N -0.03 0.42
1I1AR IL4 89 N 1.56 1.91
11AR L4 78 Q 0.13 0.50
11AR L4 8 Q -0.02 0.38
11AR L4 81 R 0.48 1.16
11AR IL4 85 R 0.43 1.09
1I1AR IL4 88 R 3.75 1.79
1I1AR IL4 16 S -0.18 0.41
11AR IL4 13 T 0.98 0.53
11AR IL4 6 T -0.1 0.62
1JCK SEC3 20 T 1.4 0.60
1JCK SEC3 26 Y 1.7 1.92
1JCK SEC3 60 N 1.3 1.08
1JCK SEC3 91 \Y 2.1 1.58
1JCK SEC3 103 K 0.4 0.44
1JCK SEC3 176 F 1.9 0.60
1JRH A6 L27 E 0.54 0.43
1JRH A6 L28 D 0.44 0.54
1JRH A6 L30 Y 1.1 1.62
1JRH A6 L91 Y 0.58 0.91
1JRH A6 L92 W 2.8 2.75
1JRH A6 L93 S -0.65 0.43
1JRH A6 L94 T 0.38 0.51
1JRH A6 L96 W 1.7 0.82
1JRH A6 H32 Y 1.4 1.85
1JRH A6 H52 W 27 1.60
1JRH A6 H53 W 24 0.67
1JRH A6 H54 D 1.9 1.12
1JRH A6 H56 D 1.8 0.91
1JRH A6 H58 Y 1.2 2.54
1JRH A6 H95 R 0.54 0.37
1JRH Interferon 48 N -0.3 0.48
1JRH Interferon 51 \Y 1.9 1.57
1JRH Interferon 52 K 3 1.81
1JRH Interferon 53 N 3.9 2.84
1JRH Interferon 54 S 0.3 0.43
1JRH Interferon 79 N -0.4 0.65
1JRH Interferon 84 R -0.3 0.28
1JRH Interferon 98 K 0 0.83
1VFB D1.3 L30 H 0.8 0.52
1VFB D1.3 L32 Y 1.3 2.17
1VFB D1.3 L49 Y 0.8 1.28
1VFB D1.3 L50 Y 0.4 1.80
1VFB D1.3 L53 T -0.23 0.54
1VFB D1.3 L92 W 1.71 1.34
1VFB D1.3 L93 S 0.11 0.37
1VFB D1.3 H30 T 0.09 0.42
1VFB D1.3 H32 Y 0.5 0.99
1VFB D1.3 H52 W 1.23 1.59
1VFB D1.3 H99 R 0.47 0.00
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1VFB D1.3 H100 D 3.1 3.61
1VFB HEL 18 D 0.3 1.85
1VFB HEL 19 N 0.3 1.39
1VFB HEL 23 Y 0.4 0.41
1VFB HEL 24 S 0.8 0.51
1VFB HEL 116 K 0.7 0.95
1VFB HEL 118 T 0.8 0.38
1VFB HEL 119 D 1 1.56
1VFB HEL 120 \% 0.9 0.85
1VFB HEL 121 Q 29 1.95
1VFB HEL 124 | 12 0.73
1VFB HEL 125 R 1.8 219
1VFB HEL 129 L 0.2 0.41
3HFM HYHEL-10 L50 Y 4.6 3.28
3HFM HYHEL-10 L53 Q 1 0.49
3HFM HYHEL-10 L96 Y 2.8 1.37
3HFM HYHEL-10 H31 S 0.2 0.53
3HFM HYHEL-10 H32 D 2 0.77
3HFM HYHEL-10 H33 Y 6 4.95
3HFM HYHEL-10 H53 Y 3.29 2.75
3HFM HYHEL-10 H58 Y 1.7 3.09
3HFM HEL 15 H -0.5 0.23
3HFM HEL 20 Y 5 2.84
3HFM HEL 21 R 1 1.93
3HFM HEL 63 W 0.3 0.73
3HFM HEL 73 R -0.2 1.07
3HFM HEL 75 L 1.25 1.04
3HFM HEL 89 T 0 0.58
3HFM HEL 93 N 0.6 0.97
3HFM HEL 98 | -0.1 0.50
3HFM HEL 100 S 0.25 0.58
3HFM HEL 101 D 1.50 1.77

1 309 protein-protein interface alanine mutations derived from the Alanine Scanning Energetics Database
(ASEdb).!

T One letter code.

] Experimental AAG values for wildtype-to-Ala mutations in kcal mol™” derived from ASEdb.

T AAG values in keal mol™! computed by adapted Drugscore™ potentials.
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Table S2: External Ras/RalGDS test set'™)

PDB code Mutated partner Residue number™  Amino acid' AAG,,, 1 AAG g1
1LFD RalGDS-RBD 14 | 1.45 1.01
1LFD RalGDS-RBD 16 R 2.30 0.51
1LFD RalGDS-RBD 23 N 0.95 -0.31
1LFD RalGDS-RBD 25 N 0.50 1.03
1LFD RalGDS-RBD 27 Y 3.60 3.16
1LFD RalGDS-RBD 28 K 2.50 0.83
1LFD RalGDS-RBD 29 S 0.95 0.47
1LFD RalGDS-RBD 44 K 0.45 1.27
1LFD RalGDS-RBD 47 D -0.30 0.2
1LFD RalGDS-RBD 48 K 2.80 0.87
1LFD RalGDS-RBD 52 E -0.20 0.47
1LFD Ras 25 Q 0.90 0.19
1LFD Ras 29 \Y 0.50 0.06
1LFD Ras 31 E 0.25 0.47
1LFD Ras 33 D 1.10 1.83
1LFD Ras 37 E 1.20 -0.32
1LFD Ras 38 D 3.90 2.62
1LFD Ras 39 S -0.75 0.23
1LFD Ras 40 Y 3.70 1.23
1LFD Ras 41 R 0.85 0.81
1LFD Ras 62 E 0.20 0.03
1LFD Ras 63 E 0.10 0.24

(8122 alanine mutations in the Ras/RaleS interface derived from Kiel er al.?
) Numbering according to Vetter ef al.?

] One letter code.

[ Experimental AAG values in kcal mol™” derived from Kiel ef al.”

[l AAG values in kcal mol” computed by adapted Drugscore™ potentials.
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Table S3: Weighting coefficients according to eq. 2

Coefficient™ Value™
€10
Val_C.3 -19.40
Leu_C.3 -12.78
lle_C.3 -21.92
Trp_C.2 -30.73
Asn_N.am -28.89
GIn_C.2 -49.04
GIn_0.2 4.43
GIn_N.am 20.35
Tyr_C.3 28.19
Tyr_C.ar -27.73
Asp_C.3 -48.80
Asp_C.2 90.97
Asp_0O.co2 -72.96
Glu_C.2 24.25
Glu_0O.co2 -19.57
His_C.2 2.56
Lys_C.3 -10.15
Arg_C.3 -24.39
Arg_C.cat -112.79
Arg_N.pl3 38.07
Backbone_C.2 -10.59
Backbone_0O.2 -35.13
Backbone_N.am!” -7.85
s
Met_C.3
Met_S.3
Phe_C.3
Phe_C.ar
Cys_C.3
Cys_S.3
His_C.3
Trp_C.3
Trp_C.ar
Ser_ C.3
Ser.0.3 -6.30
Thr_C.3
Thr_O.3
Asn_C.3
Asn_C.2
Asn_0.2
GIn_C.3
Tyr_0O.3
Glu_C.3
Lys_N.3
Backbone_C.3
k 0.03
a 0.89

T Amino acid three letter code (except for ‘Backbone”) followed by Tripos mol2 type descriptor.

1 1n 10° keal mol™.

) This includes Trp N.am and His N.am for the sidechain nitrogen atoms of Trp and His, respectively.
Following the Tripos mol2 type definition, Trp N.pl3 and His N.pl3 would have been chosen. However,
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because these residues form H-bonds in the majority of the cases and not salt-bridges, the N.pl3 atomtype was
reserved for Arg and replaced by N.am in Trp and His.

10
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Figure S1: Calculated AAG values using original Drugscore’™" pair potentials versus experimentally determined
AAG values for the alanine scanning dataset (Table S1): » = 0.58, STD = 1.06 kcal mol™, p-value < 0.05, F =
158.48, N =309.
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Figure S2: Calculated AAG values using adapted Drugscore™ potentials versus experimentally determined
AAG values for the alanine scanning dataset (Table S1): 74, = 0.73, STD = 0.84 kcal mol’, p-value < 0.05,
F=345.16, N =3009.
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Figure S3: Calculated AAG values obtained by leave-one-mutation-out cross-validation using adapted
Drugscore™ potentials versus experimentally determined AAG values for the alanine scanning dataset (Table

S1). r100 = 0.64, STD = 0.94 keal mol™, N = 309.
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-~

Figure S4: Example for mutations not included in the dataset of 309 alanine mutations. Close to the protein-
protein interface of PDB entry 1DVF, formed by fragments from antibodies D1.3 (chain A: green; chain B:
cyan) and E5.2 (chain C :magenta; chain D: yellow), residues R96 on chain A and E98 on chain B form an
intramolecular saltbridge. AAG values associated with the alanine mutations of these residues will very likely
report on the stabilization or destabilization of the structure of D1.3 rather than on changes in the interactions

with E5.2.
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Supplemental Tables

Table S1: 27 targets skipped from the ZDOCK benchmark 3.0 [1].

PDB ID Difficulty  Category!

1A2K Easy o
1ACB Medium E
1ATN Difficult o
1AZS Easy O
1E4K Difficult A
1E6E Easy E
1E96 Easy O
1EFN Easy (0]
1F34 Easy E
1FAK Difficult O
1FC2 Easy 0}
1FQ1 Difficult E
1GHQ Easy 0]
1GP2 Medium (0]
1GRN Medium (0]
TH1V Difficult o
1HES Medium (0]
11B1 Medium (0]
11K Medium E
1J2J Easy O
1JMO Difficult 0}
1KLU Easy 0]
TNW9 Medium E
1Z0K Easy O
125Y Easy O
208V Easy E
200B Easy (0]

T Complex category labels: E = Enzyme/inhibitor or enzyme/substrate, A = Antigen-antibody, AB = Antigen-
bound antibody, O = Others.
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Table S2: Computational efficiency of docking with DrugScore””/FRODOCK and the original FRODOCK

implementation.™

Runtime " PDB ID no. of atoms max. diameter ¢
DrugScore™"/ Original
complex receptor ligand
FRODOCK FRODOCK
18 15 1ACB 2291 1768 522 48
23 9 2PCC 3218 2371 847 55
330 130 1AHW 4916 3304 1612 76

T Using 16 cores on dual CPU compute servers equipped with 2 GHz Intel Xeon Quadcore CPUs, 24 GB of
RAM, and Infiniband interconnect.
® Iy min.

) Maximum diameter of the receptor, which influences the size of the search space. In A.
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Table S3: DrugScore™ potential maps and corresponding Sybyl atomtypes.

Potential map Considered atomtype(s)["] Definition

Cc2 c.2 sp” carbon

C.3 c3 sp® carbon

C_ar C.ar aromatic carbon

C_cat C.cat carbocation (C+) in a guanidinium group
N_3 N.2, N.3, N.4 nitrogen sp?, sp°, sp° positively charged
N_am N.am amide nitrogen

N_pl3 N.pl3 trigonal planar nitrogen

0.2 0.2 sp” oxygen

0.3 0.3 sp’ oxygen

0O_co2 0.co2 oxygen in a carboxylate group

S 3 S.3 sp° sulfur

(2] Sybyl atomtype notation from Tripos, available at http:/tripos.com/mol2/atom_types.html.




10.2.1 Paper II - Supplementary Information 107

DrugScorePpI in protein-protein docking - D.M. Kriiger, J. I. Garzon, P. Chacén, H. Gohlke S5

Table S4: Distribution of the decoy quality in the “unbound perturbation” dataset.

PDB ID!*! <2AM <5AM <10A™ >10A™
1A00 0.00 0.60 27.76 72.24
1ACB 0.10 6.00 25.70 74.30
1AHW 0.00 1.23 14.93 85.07
1ATN 4.60 9.91 28.60 71.40
1AVW 0.00 5.44 29.91 70.09
1AVZ 0.00 0.70 15.72 84.28
1BQL 0.70 5.73 20.32 79.68
1BRC 1.00 5.00 29.60 70.40
1CGlI 0.40 8.21 27.63 72.37
1BRS 0.10 4.30 35.14 64.86
1CHO 0.10 6.30 30.50 69.50
1BTH 0.00 0.00 17.90 82.10
1BVK 0.00 1.31 23.84 76.16
1DFJ 0.00 2.42 20.14 79.86
1CSE 0.00 8.08 33.23 66.77
1DQJ 0.00 0.30 16.28 83.72
1EFU 0.00 0.20 6.53 93.47
1FBI 0.00 6.23 25.83 7417
1EO8 0.00 0.60 15.88 84.12
1FIN 0.00 0.00 5.23 94.77
1FQ1 0.00 0.60 22.61 77.39
1FSS 0.40 14.70 31.50 68.50
1GLA 0.10 4.20 32.23 67.77
1GOT 0.00 0.20 9.18 90.82

11Al 0.00 4.00 15.40 84.60
11GC 0.70 2.30 31.30 68.70
1JHL 0.00 1.70 27.40 72.60
1MAH 0.71 21.01 37.17 62.83
1MDA 0.61 8.99 30.10 69.90
1MEL 0.00 5.04 35.75 64.25
1MLC 0.40 7.16 28.15 71.85
1NCA 1.03 10.70 30.66 69.34
2BTF 0.61 9.11 29.96 70.04
1NMB 6.28 19.13 33.20 66.80
1PPE 4.92 17.47 48.59 51.41
1QFU 0.30 9.50 28.01 71.99
1TAB 0.10 16.78 34.87 65.13
1SPB 5.91 13.21 32.53 67.47
1TGS 2.02 6.98 30.16 69.84
1STF 12.63 21.44 32.57 67.43
1UDI 0.80 20.26 42.23 57.77
2JEL 0.20 6.90 42.50 57.50
1UGH 3.61 17.23 38.98 61.02
2KAI 0.80 19.90 41.00 59.00
1WEJ 0.00 2.22 24.65 75.35
1WQ1 0.00 5.20 34.15 65.85
2PCC 0.00 1.91 28.74 71.26

2PTC 1.61 5.83 29.05 70.95
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S6

3HHR 0.00 0.20 10.61 89.39
2SIC 0.50 17.39 33.67 66.33
2SNI 0.40 9.85 29.95 70.05
2TEC 4.21 13.04 31.90 68.10
2VIR 0.70 6.32 37.81 62.19
4HTC 0.30 10.91 28.13 71.87
Average 1.05 7.48 27.88 7212

"I Dataset from Baker and coworkers [2].
] percentage of decoys that are within the given all-atom rmsd range.
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Table S5: Distribution of the decoy quality in the “unbound docking” dataset.™

PDB ID" <2AW <54 <104 >10A
1A00 0.00 0.50 19.00 81.00
1ACB 0.00 0.50 3.00 97.00
1AHW 0.00 0.00 5.50 94.50
1ATN 2.50 4.50 7.00 93.00
1AVW 0.00 0.50 7.50 92.50
1AVZ 0.00 0.00 1.00 99.00
1BQL 2.50 10.50 17.50 82.50
1BRC 0.00 0.00 0.00 100.00
1CGlI 0.50 10.00 20.50 79.50
1BRS 0.00 1.00 15.00 85.00
1CHO 0.00 3.00 20.00 80.00
1BTH 0.00 0.00 0.00 100.00
1BVK 0.00 0.00 75.70 24.30
1DFJ 0.00 0.00 0.00 100.00
1CSE 0.00 0.00 9.50 90.50
1DQJ 0.00 0.00 1.00 99.00
1EFU 0.00 0.00 0.50 99.50
1FBI 0.00 1.50 1.50 98.50
1E08 0.00 0.00 0.00 100.00
1FIN 0.00 0.00 0.00 100.00
1FQ1 0.00 0.00 1.00 99.00
1FSS 0.00 3.00 3.50 96.50
1GLA 0.00 0.00 0.00 100.00
1GOT 0.00 0.00 0.00 100.00
1IAl 0.00 0.00 0.00 100.00
11GC 0.00 0.00 0.00 100.00
1JHL 0.00 0.00 6.12 93.88
1MAH 0.50 7.00 7.50 92.50
1MDA 0.00 0.00 0.00 100.00
1MEL 0.00 5.00 20.00 80.00
1MLC 0.50 3.50 4.50 95.50
1NCA 0.00 0.00 0.00 100.00
2BTF 0.00 0.00 0.00 100.00
1NMB 0.00 0.00 0.00 100.00
1PPE 7.50 24.50 83.00 17.00
1QFU 0.00 1.00 1.50 98.50
1TAB 0.00 12.50 22.50 77.50
1SPB 3.00 4.50 7.50 92.50
1TGS 0.50 6.50 25.50 74.50
1STF 4.50 8.00 9.00 91.00
1UDI 0.00 5.35 10.16 89.84
2JEL 2.50 16.50 41.50 58.50
1UGH 3.00 18.00 35.50 64.50
2KAI 1.50 30.50 41.50 58.50
1WEJ 0.00 0.00 0.00 100.00
1WQ1 0.00 0.00 4.00 96.00
2PCC 0.00 0.00 0.00 100.00

2PTC 0.50 2.00 3.50 96.50
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3HHR 0.00 0.00 0.00 100.00
28IC 0.00 7.50 9.00 91.00
2SNI 1.00 3.00 10.00 90.00
2TEC 2.50 8.00 11.50 88.50
2VIR 0.00 0.00 0.00 100.00
4HTC 0.00 5.00 20.00 80.00
Averageld] 1.10 (0.00) 6.68 (0.13) 19.10 (0.40) 80.90 (99.60)

124 targets where 97% or more of the decoys have an all-atom rmsd > 10A are marked in grey. For 17 out of
these 24 decoys no solution with an all-atom rmsd < 10A was generated. For 7 decoys only one solution with an

all-atom rmsd < 10A was found in the whole decoy set.
! Dataset from Baker and coworkers [2].
[ percentage of decoys that are within the given all-atom rmsd range.

[ Numbers not in brackets refer to decoy sets where at least two decoys with an all-atom rmsd < 10A are
available; numbers in brackets consider decoy sets where less than two decoys with rmsd < 10A are available.
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Table S6: Results from rescoring “unbound perturbation” decoys with DrugScore™.

PDB IDI N10AM Best rmsd™
This work Baker and coworkers This work Baker and coworkers

1A00 1 1 8.35 8.22
1ACB 0 2 11.14 9.08
1AHW 3 5 7.40 6.17
1ATN 5 5 2.37 0.96
1AVW 5 5 5.14 6.11
1AVZ 0 0 10.12 10.14
1BQL 1 5 1.57 1.40
1BRC 4 1 3.60 3.76
1BRS 6 4 8.42 3.89
1BTH 6 0 5.15 18.23
1BVK 3 5 6.70 6.25
1CGlI 6 4 3.24 3.15
1CHO 1 3 5.25 5.61
1CSE 4 2 6.11 8.65
1DFJ 6 4 4.30 3.92
1DQJ 3 2 6.65 5.86
1EFU 0 0 19.31 10.64
1EO8 0 1 12.35 7.38
1FBI 2 3 3.58 2.71
1FIN 0 0 14.82 16.56
1FQ1 4 2 7.34 9.61
1FSS 6 5 4.48 2.98
1GLA 0 1 15.17 5.95
1GOT 0 0 16.60 19.27
11Al 4 0 3.96 14.11
11GC 4 2 1.92 1.92
1JHL 3 1 6.11 8.56
1TMAH 6 5 4.60 2.36
1MDA 2 3 3.00 7.86
1MEL 4 5 443 5.38
1MLC 0 0 11.16 18.89
1NCA 6 5 1.24 1.24
1NMB 1 5 2.66 0.65
1PPE 6 5 1.38 0.61
1QFU 0 5 14.28 2.00
1SPB 6 5 0.88 0.91
1STF 5 5 1.57 1.31
1TAB 4 5 3.37 3.67
1TGS 5 5 0.62 1.39
1UDI 5 5 2.08 1.16
1UGH 6 5 1.68 1.69
1WEJ 4 0 6.83 10.65
1wWQ1 2 3 5.81 3.99
2BTF 2 4 2.40 1.90
2JEL 6 5 4.71 4.71
2KAI 6 4 1.21 2.04
2PCC 4 3 8.76 7.28
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2PTC 4 2 5.20 0.98
28IC 6 5 2.64 2.41
2SNI 6 4 1.61 1.61
2TEC 5 5 1.97 2.25
2VIR 3 4 4.99 6.12
3HHR 0 0 12.53 10.75
4HTC 6 5 3.64 3.81
Totals 314 34 44 45'°

1T Dataset from Baker and coworkers [2].
®I'No of decoys that have all-atom rmsd < 10A in the top 5.
¥l Best all-atom rmsd in the top 5. In A.

4 Totals count the number of targets that have at least three solutions with an all-atom rmsd < 10A in the top 5.
¢l Totals count the number of targets that have an all-atom rmsd < 10A in the top 5.
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Table S7: Results from rescoring “unbound docking” decoys with DrugScore’"".

PDB ID™ Best rmsd™
This work Baker and coworkers

1A00 5.08 5.08
1ACB 12.29 11.84
1AHW 7.57 7.24
1ATN 2.3 2.30
1AVW 6.47 5.76
1AVZ 19.84 20.03
1BQL 1.24 2.09
1BRC 15.96 15.96
1BRS 6.59 8.67
1BTH 17.37 16.96
1BVK 6.32 6.15
1CGI 3.88 3.27
1CHO 4.82 6.88
1CSE 8.59 8.87
1DFJ 20.59 22.09
1DQJ 17.75 17.75
1EFU 29.51 29.51
1EO8 29.43 56.51
1FBI 20.99 22.25
1FIN 27.15 26.84
1FQ1 25.59 24.64
1FSS 2.34 3.19
1GLA 53.04 25.66
1GOT 55.46 55.84

11Al 34.04 33.96
11GC 28.09 24.19
1JHL 9.4 14.91
1TMAH 24 2.40
1MDA 54.18 53.71
1MEL 3.56 5.80
1MLC 6.52 2.52
1NCA 31.28 31.47
1NMB 72.82 72.48
1PPE 3.66 0.59
1QFU 28.55 3.20
1SPB 0.9 1.32
1STF 2.32 0.56
1TAB 3.78 3.35
1TGS 4.48 3.31
1UDI 3.75 3.75
1UGH 1.28 2.15
1WEJ 17.9 17.90
TWQ1 5.08 44.03
2BTF 11.97 27.52
2JEL 3.42 1.45
2KAl 3.09 2.40

2PCC 18.75 19.07
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2PTC 9.69 10.35

2SIC 4.93 2.98

2SNI 1.36 1.36

2TEC 0.87 2.09

2VIR 56.65 41.47

3HHR 33.95 33.90

4HTC 4.8 3.84
R10A 24 (6) 22 (6)
R5A% 17 (5) 15 (5)

[T Dataset from Baker and coworkers [2].

[*] Best all-atom rmsd in the top 10. In A. Decoys were clustered according to Baker and coworkers [2].

) Number of targets that have at least one solution with all-atom rmsd < 10A in the first solutions of the top 10
clusters. Numbers not in brackets refer to decoy sets where at least two decoys with rmsd < 10A are available;
numbers in brackets refer to decoy sets where less than two decoys with rmsd < 10A are available.

9 Number of targets that have at least one solution with all-atom rmsd < 5A in the first solutions of the top 10
clusters. Numbers not in brackets refer to decoy sets where at least two decoys with rmsd < 10A are available;
numbers in brackets refer to decoy sets where less than two decoys with rmsd < 10A are available.
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Table S8: Protein-protein complexes where multiple ligand binding modes have to be considered for rmsd

calculations.

Difficulty Category™ PDB ID
Easy E 1EZU
Easy (0] 1F51
Easy AB 119R
Easy AB 1QFW
Easy O 1RLB
Easy E 2PCC
Easy 0] 1SBB
Medium E 1KKL
Medium (0] 1N2C
Medium (0] 2H7V
Difficult (0] 1DE4

T Complex category labels: E = Enzyme/inhibitor or enzyme/substrate, A = Antigen-antibody, AB = Antigen-
bound antibody, O = Others.
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Table S9: Results for bound docking with the DrugScore”™/FRODOCK approach.!

Difficulty Category™ PDBID" Quality 1Y Quality 2') Quality 3" i rmsd® 1 rmsd™ f,,/7 £,
Easy A 1AHW - 260 260 1.58 219 0.92 0.25
Easy 0] 1AK4 - 91 91 1.43 3.73 0.83 0.18
Easy o 1AKJ - 21 21 211 434 0.85 0.32
Easy E 1AVX - 1 1 1.27 296 094 0.26
Easy E 1AY7 - 1 1 1.09 1.31 0.96 0.16
Easy O 1B6C - 1 1 1.53 163 097 0.25
Medium A 1BGX - 1 1 2.45 472 082 0.26
Easy AB 1BJ1 4 4 4 0.84 202 0.93 0.05
Difficult 0] 1BKD 1 1 1 0.48 0.57 0.92 0.03
Easy 0] 1BUH - 7 7 1.12 1.06 0.83 0.04
Easy A 1BVK 10 10 10 0.97 119 092 0.18
Easy E 1BVN 1 1 1 0.39 0.41 0.96 0.12
Easy E 1CGlI 1 1 1 0.92 094 0.82 0.03
Easy E 1D6R 1 1 1 0.62 0.56 0.94 0.03
Difficult O 1DE4 - 803 803 1.55 250 0.97 027
Easy E 1DFJ - 1 1 1.44 1.70 0.86 0.24
Easy A 1DQJ 1 1 1 1.03 1.06 097 0.27
Easy A 1E6J - - - - - - -
Easy E 1EAW - 1 1 1.18 1.39 0.95 0.14
Difficult o 1EER 1 1 1 0.72 0.66 0.90 0.03
Easy E 1EWY - 943 2 9.60 9.68 0.18 0.89
Easy E 1EZU 1 1 1 0.72 0.59 0.93 0.08
Easy o 1F51 - 1 1 1.31 1.08 0.85 0.15
Easy O 1FQJ - 3 3 1.20 1.50 0.88 0.11
Easy AB 1FSK - 1 1 1.09 115 093 0.18
Easy O 1GCQ - 1 1 1.59 152 0.93 0.23
Easy o 1GLA - - - - - - -
Easy o 1GPW - 1 1 1.56 212 085 0.23
Easy O THE1 1 1 1 0.59 0.69 0.89 0.02
Easy E THIA 1 1 1 0.74 1.07 091 0.14
Medium 0] 112M - 1 1 1.16 116 091 0.18
Easy @] 114D - - - - - - -
Easy AB 119R - - - - - - -
Difficult 0} 1IBR - 1 1 1.08 1.08 091 0.10
Easy AB 11QD - 1 1 1.15 116 0.85 0.15
Difficult o 1IRA - 1 1 1.41 144 087 0.27
Easy A 1JPS - 8 8 1.57 1.55 0.95 0.34
Easy AB 1K4C - 2 2 1.09 1.06 090 0.15
Medium o 1K5D - 9 9 1.61 214 0.83 0.16
Easy o 1K74 - 2 2 1.51 278 0.82 0.19
Easy O 1KAC - 184 81 717 9.56 0.31 0.78
Medium E 1KKL - 12 12 1.21 204 0.89 0.19
Easy O 1KTZ - 491 491 3.78 6.81 0.69 0.62
Easy o 1KXP - 3 3 1.81 3.21 0.80 0.13
Easy AB 1KXQ - 1 1 1.13 113 095 0.25
Medium E 1M10 - 2 2 212 324 0.80 0.12
Easy E 1MAH - 1 1 1.72 220 0.86 0.24
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Easy (0] 1MLO - 2 2 1.39 1.34 0.96 0.23
Easy A 1MLC 18 18 18 1.00 1.09 0.93 0.16
Medium (0] 1N2C 1 1 1 0.95 0.95 0.88 0.23
Easy E 1N8O - 1 1 1.50 3.10 0.92 0.15
Easy AB 1NCA - 3 3 2.43 4.25 0.75 0.19
Easy AB 1NSN - 250 246 8.07 9.97 0.31 0.80
Easy E 10PH - 4 4 1.95 345 091 0.18
Easy E 1PPE - 1 1 1.99 1.95 0.89 0.31
Difficult E 1PXV - 1 1 1.61 2.79 0.88 0.19
Easy (0] 1QA9 - 988 469 9.24 9.85 0.21 0.83
Easy AB 1QFW - 18 18 1.45 1.29 0.93 0.21
Easy E 1ROR - 1 1 1.57 4.96 0.92 0.24
Difficult (0] 1R8S - 1 1 3.75 5.60 0.78 0.27
Easy (0] 1RLB - - 609 7.71 9.83 0.30 0.76
Easy (0] 181Q 28 28 28 0.96 0.94 0.94 0.19
Easy (0] 1SBB - - - - - - -
Easy (0] 1T6B - 3 3 1.77 2.76 0.85 0.24
Easy E 1TMQ - 1 1 1.75 1.73 0.97 0.38
Easy E 1UDI - 1 1 1.43 1.74 0.95 0.22
Easy A 1VFB 9 9 9 0.72 0.88 0.88 0.06
Easy A 1WEJ 312 15 15 1.80 3.72 0.79 0.22
Medium (0] TWQ1 1 1 1 0.92 1.44 0.91 0.08
Easy (0] 1XD3 - 1 1 5.71 5.47 0.91 0.16
Medium (0] 1XQS - 1 1 1.84 4.35 0.79 0.17
Difficult (0] 1Y64 - 40 40 1.50 2.68 0.88 0.32
Easy E 1YVB 2 1 1 2.25 5.96 0.75 0.35
Easy (0] 1ZHI - 65 65 1.15 1.18 0.96 0.29
Easy (0] 2AJF - 644 155 6.81 8.03 047 0.71
Easy E 2B42 - 1 1 1.1 1.48 0.96 0.24
Easy (0] 2BTF - 1 1 1.30 1.45 0.71 0.06
Difficult (0] 2C0L - 1 1 243 414 0.95 0.27
Medium (0] 2CFH - 1 1 1.67 1.91 0.93 0.31
Easy A 2FD6 - 666 55 8.93 9.54 0.25 0.82
Medium (0] 2H7V - 79 79 1.08 1.37 0.86 0.06
Easy (0] 2HLE 1 1 1 0.85 5.50 0.94 0.12
Difficult AB 2HMI - - - - - - -
Easy (0] 2HQS - 1 1 1.51 3.41 0.97 0.20
Medium O 2HRK 6 6 6 0.89 1.00 0.92 0.02
Easy A 2125 1 1 1 0.67 0.94 0.95 0.03
Easy AB 2JEL - 1 1 1.30 1.80 0.85 0.10
Easy E 2MTA - 105 105 1.66 2.55 0.88 0.38
Medium (0] 2NZ8 - 1 1 1.23 1.18 0.93 0.22
Difficult (0] 20713 - 1 1 1.12 1.12 0.94 0.09
Easy E 2PCC - - 226 6.93 9.83 044 0.73
Easy AB 2QFW 1 1 1 0.98 1.13 0.96 0.15
Easy E 2SIC - 1 1 1.96 2.48 0.83 0.24
Easy E 2SNI - 1 1 1.09 6.01 0.92 0.28
Easy E 2UUY - 1944 1944 3.00 9.00 0.77 0.35
Easy A 2VIS 1 1 1 1.05 1.58 0.91 0.10
Easy E 7CEl - 260 260 1.58 2.19 0.92 0.25
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[ Subset of 97 structures from the ZDOCK benchmark 3.0.

T Complex category labels: E = Enzyme/inhibitor or enzyme/substrate, A = Antigen-antibody, AB = Antigen-
bound antibody, O = Others.

] Subset of 27 structures skipped from the ZDOCK benchmark 3.0. For details see Materials and Methods
section.

' Rank of the first solution that has a high accuracy. The lower the rank, the better is the prediction. “-* denotes
that no solution was found.

) Rank of the first solution that has at least medium accuracy. The lower the rank, the better is the prediction.
denotes that no solution was found.

[ Rank of the first solution that has at least acceptable accuracy. The lower the rank, the better is the prediction.
“-“ denotes that no solution was found. Additional details for this case are given in the subsequent columns.

el: All-atom interface RMSD of the docked ligand and its bound crystal structure conformation.

[f‘]: All-atom RMSD of the docked ligand and its bound crystal structure conformation.

[ Fraction of native residue-residue contacts of the docked ligand conformation compared to its bound crystal
structure conformation.

Ul Fraction of non-native residue-residue contacts of the docked ligand conformation compared to its bound
crystal structure conformation.

1313
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Table S10: Results for bound docking with the original FRODOCK implementation.”

Difficulty  Category PDBID Quality 1 Quality 2 Quality 3 i rmsd 1 rmsd f, foot
Easy A 1AHW - 10 10 1.71 1.89 0.82 0.19
Easy (0] 1AK4 - 546 546 7.47 9.54 0.73 0.45
Easy (0] 1AKJ - 665 665 3.48 5.61 0.68 0.37
Easy E 1AVX - 1 1 212 356 097 0.26
Easy E 1AY7 - 1 1 1.63 2.19 0.88 0.18
Easy (0] 1B6C - 1 1 3.16 3.73 089 0.25
Medium A 1BGX - 1 1 2.02 2.16 0.82 0.25
Easy AB 1BJ1 - 6 6 1.29 295 083 0.13
Difficult (0] 1BKD 1 1 1 0.88 097 085 0.08
Easy (0] 1BUH 27 27 27 0.81 0.87 094 0
Easy A 1BVK - 24 24 2.1 2.46 0.69 0.08
Easy E 1BVN - 1 1 2.99 3.36 0.78 0.23
Easy E 1CGlI 1 1 1 0.91 094 087 0.03
Easy E 1D6R - 27 27 1.91 295 088 01
Difficult (0] 1DE4 23 23 23 0.89 114 091 0.04
Easy E 1DFJ - 329 52 6.32 6.41 0.45 0.77
Easy A 1DQJ - 12 12 1.24 1564 085 0.15
Easy A 1E64 - - - - - -
Easy E 1EAW - 1 1 2.09 215 091 0.35
Difficult (0] 1EER - 1 1 2.01 252 082 0.22
Easy E 1EWY - 3 3 2.96 2.91 0.83 0.5
Easy E 1EZU - 2 2 2.02 2.55 0.8 0.17
Easy (0] 1F51 - 4 4 1.59 1.87 089 0.11
Easy (0] 1FQJ - 119 74 5.21 664 044 0.55
Easy AB 1FSK - 1 1 1.95 288 072 0.23
Easy (0] 1GCQ - 20 20 1.67 2.03 09 021
Easy (0] 1GLA - 89 89 51 6 06 0.38
Easy (0] 1GPW - 1 1 3.59 59 0.71 0.55
Easy (0] 1HE1 - 1 1 1.75 163 065 0.08
Easy E THIA - 1 1 1.35 142 094 0.21
Medium O 112M - 1 1 1.72 1.89 0.77 0.09
Easy (0] 114D - - - - - -
Easy AB 1I19R - - - - - - -
Difficult (0] 1IBR - 1 1 1.56 182 091 0.15
Easy AB 11QD - 6 6 1.56 2.34 0.89 0.1
Difficult (0] 1IRA - 1 1 217 2.38 0.78 0.31
Easy A 1JPS - 1 11 2.41 3 09 0.27
Easy AB 1K4C - 499 499 1.35 2.31 0.81 0.09
Medium 0] 1K5D 1 1 1 1.05 1.09 091 0.09
Easy (0] 1K74 - 3 3 5.27 9.31 0.71 0.55
Easy (0] 1KAC 51 20 20 2.68 4.6 0.8 0.18
Medium E 1KKL 16 16 16 0.98 1.08 095 0.08
Easy (0] 1KTZ - 158 158 2.32 3.19 09 0.38
Easy (0] 1KXP - 1 1 1.59 2.65 0.86 0.12
Easy AB 1KXQ - 1 1 2.01 2.7 0.89 0.25
Medium E 1M10 - 1 1 2.01 2.55 0.93 0.19
Easy E 1MAH - 1 1 1.89 193 092 0.26
Easy (0] 1MLO - 2 2 2.31 254 085 02
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Easy A 1MLC - 4 4 1.99 332 082 025
Medium (0] 1N2C - 3 3 2.26 3.14 071 0.08
Easy E 1N8O - 1 1 2.14 3.14 091 0.16
Easy AB 1NCA - 28 28 1.32 245 082 0.11
Easy AB 1NSN - 160 160 1.87 195 0.78 0.28
Easy E 10PH - 51 51 2.56 348 087 0.11
Easy E 1PPE 1 1 1 0.82 0.83 096 0.15
Difficult E 1PXV - 1 1 1.37 1.76 09 01
Easy (0] 1QA9 - - - - - - -
Easy AB 1QFW - 186 186 1.68 277 092 024
Easy E 1ROR - 2 2 4.49 488 093 0.14
Difficult (0] 1R8S - 6 4 7.43 811 043 0.37
Easy (0] 1RLB - 728 208 7.06 8.83 0 1
Easy (0] 181Q - 153 153 4.27 5.06 063 045
Easy (0] 1SBB - - - - - - -
Easy (0] 1T6B - 26 26 1.98 261 096 0.34
Easy E 1TMQ - 1 1 1.52 155 098 0.29
Easy E 1UDI - 1 1 1.56 175 0.83 0.06
Easy A 1VFB - 24 24 1.63 2.08 0.75 0.05
Easy A 1WEJ - 80 80 3.32 5.1 0.82 0.29
Medium (0] 1TWQ1 - - 36 5.12 6.05 04 05
Easy (0] 1XD3 - 1 1 6.25 543 0.88 0.09
Medium (0] 1XQS - 20 1 1.07 1.89 0 1
Difficult O 1Y64 - 2 2 2.91 437 0.78 052
Easy E 1YVB - 1 1 3.76 6.6 0.63 049
Easy (0] 1ZHI 117 62 62 3.57 572 093 0.36
Easy (0] 2AJF - 55 55 1.14 146 0.85 0.18
Easy E 2B42 - 1 1 2.84 366 078 0.22
Easy o 2BTF 1 1 1 0.86 0.9 0.84 0.01
Difficult o 2C0L - 2 2 3.17 466 095 0.33
Medium o 2CFH - 1 1 2.01 2.68 09 0.26
Easy A 2FD6 - 161 2 7.88 851 015 0.9
Medium (0] 2H7V - 82 82 1.5 276 089 0.11
Easy O 2HLE - 1 1 3.08 6.76 0.78 0.11
Difficult AB 2HMI - 1575 1575 1.79 352 091 0.07
Easy (0] 2HQS - 1 1 4.07 426 081 022
Medium O 2HRK - 19 19 1.58 1.7 0.85 0.05
Easy A 2125 - 1 1 1.43 1.59 0.89 0.04
Easy AB 2JEL 32 32 32 0.88 1.02 091 0.12
Easy E 2MTA - 2 2 1.39 237 094 0.23
Medium O 2NZ8 - 1 1 1.78 199 095 0.29
Difficult o 20T3 - 1 1 1.68 191 078 0.05
Easy E 2PCC - 30 30 9.25 865 089 0.11
Easy AB 2QFW - 1 1 1.55 279 094 023
Easy E 2SIC - 1 1 1.75 232 093 023
Easy E 2SNI - 2 2 3.69 5.97 0.9 0.07
Easy E 2UUY - - - - - - -
Easy A 2VIS - 10 10 1.73 299 083 0.14
Easy E 7CEl - 10 10 1.71 1.89 082 0.19

T Subset of 97 structures from the ZDOCK benchmark 3.0. See footnotes of Table S9 for further explanations.
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Table S11: Results for unbound global docking with the DrugScore””/FRODOCK approach.™
Difficulty  Category PDBID Quality 1 Quality 2 Quality 3 i rmsd 1 rmsd f, foot
Easy A 1AHW - - 504 8.33 965 023 0.53
Easy (0] 1AK4 - - - - - - -
Easy (0] 1AKJ - - 110 5.31 867 064 0.69
Easy E 1AVX - 6 6 1.69 317 075 012
Easy E 1AY7 - 562 322 7.69 6.55 017 0.84
Easy (0] 1B6C - 43 43 3.6 3.58 0.74 048
Medium A 1BGX - - - - - - -
Easy AB 1BJ1 - 195 195 1.79 329 0.79 0.06
Difficult (0] 1BKD - - 12 6.26 574 017 0.54
Easy (0] 1BUH - - 1136 5.73 6.4 0.36 0.59
Easy A 1BVK - - 70 7.93 8.62 0.1 0.95
Easy E 1BVN - 64 64 2.21 2.36 062 0.14
Easy E 1CGlI - - 162 9.7 9.1 0.13 0.78
Easy E 1D6R - - 79 6.4 962 033 0.68
Difficult (0] 1DE4 - - - - - - -
Easy E 1DFJ - - 4 5.68 552 028 0.78
Easy A 1DQJ - - 530 5.68 7.75 057 0.37
Easy A 1E6J - 438 438 3.46 313 069 06
Easy E 1EAW - 1 1 3.47 433 0.76 0.29
Difficult (0] 1EER - - 392 8.24 935 014 07
Easy E 1EWY - 524 19 7.33 735 025 0.85
Easy E 1EZU - - - - - - -
Easy (0] 1F51 - - 207 8.38 927 014 0.82
Easy (0] 1FQJ - - 892 4.98 6.13 052 044
Easy AB 1FSK - 1 1 1.61 203 096 024
Easy (0] 1GCQ - - 695 4.72 598 059 0.54
Easy (0] 1GLA - - - - - - -
Easy (0] 1GPW - 120 120 3.82 495 0.85 0.59
Easy (0] 1HE1 - - 21 7.66 784 018 0.79
Easy E THIA - - 89 7.89 9.01 0.26 0.61
Medium O 112M - - 255 5.72 6 0.22 0.38
Easy (0] 114D - - - - - - -
Easy AB 1I19R - - - - - - -
Difficult (0] 1IBR - - - - - - -
Easy AB 11QD - - 467 5.86 9.9 0.89 0.1
Difficult (0] 1IRA - - - - - - -
Easy A 1JPS - - - - - - -
Easy AB 1K4C - - ; - - -
Medium 0] 1K5D - - 263 7.3 992 017 044
Easy (0] 1K74 - 311 81 6.44 6.98 046 0.59
Easy (0] 1KAC - 1056 383 7.86 9.33 0.19 0.86
Medium E 1KKL - - - - - - -
Easy 0 1KTZ - - - - - -
Easy (0] 1KXP - - 358 6.64 663 028 0.61
Easy AB 1KXQ - - 37 3.44 5.66 0.7 0.29
Medium E 1M10 - - - - - - -
Easy E 1MAH - 13 13 2.7 349 081 0.39
Easy (0] 1MLO - 39 39 2.47 286 077 0.34
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Easy A 1MLC - 23 23 217 287 085 049
Medium (0] 1N2C - - 1724 8.64 9.98 02 054
Easy E 1N8O - 23 23 4 4.9 06 0.2
Easy AB 1NCA - 1 1 3.03 494 084 025
Easy AB 1NSN - 650 650 4.34 485 063 047
Easy E 10PH - - - - - - -
Easy E 1PPE - 1 1 2.41 255 086 0.27
Difficult E 1PXV - - - - - - -
Easy (0] 1QA9 - - - - - - -
Easy AB 1QFW - 292 292 1.72 203 091 0.18
Easy E 1ROR - 87 87 1.43 191 092 0.21
Difficult (0] 1R8S - - - - - - -
Easy (0] 1RLB - - 387 3.43 5.17 0.7 034
Easy (0] 181Q - 415 70 4.68 533 065 06
Easy (0] 1SBB - - - - - - -
Easy (0] 1T6B - - 901 5.68 8.19 048 0.39
Easy E 1TMQ - 1746 1746 414 462 051 046
Easy E 1UDI - - 75 55 584 036 0.64
Easy A 1VFB - 1024 122 8.61 6.84 016 0.87
Easy A 1WEJ - 649 41 7.33 8.9 024 038
Medium (0] 1TIWQ1 - - 154 6.84 929 028 06
Easy (0] 1XD3 - 1036 518 8.05 969 032 04
Medium (0] 1XQS - - - - - - -
Difficult (0] 1Y64 - - - - - - -
Easy E 1YVB - 1 1 2.3 4.8 0.86 0.25
Easy (0] 1ZHI - - 1095 7.22 94 0.35 0.77
Easy (0] 2AJF - - - - - - -
Easy E 2B42 - 30 30 2.52 3.61 073 0.28
Easy (0] 2BTF - - 630 9.27 988 0.14 0.78
Difficult (0] 2C0L - - - - - - -
Medium (0] 2CFH - 178 178 2.43 236 086 042
Easy A 2FD6 - - - - - - -
Medium (0] 2H7V - - - - - - -
Easy (0] 2HLE - 1077 118 6.21 7.34 027 057
Difficult AB 2HMI - - - - - - -
Easy (0] 2HQS - - 163 5.12 751 052 052
Medium (0] 2HRK - - - - - - -
Easy A 2125 - - - - - - -
Easy AB 2JEL - - 605 8.77 8.99 02 0.74
Easy E 2MTA - - 1080 6.59 823 017 0.86
Medium (0] 2NZ8 - - - - - - -
Difficult (0] 20T3 - - - - - - -
Easy E 2PCC - - 1118 76 98 028 038
Easy AB 2QFW - - 12 3.51 7.01 081 029
Easy E 2SIC - 215 5 4.56 6.61 066 0.45
Easy E 2SNI - - 63 4.88 8.63 051 0.32
Easy E 2UUY - - - - - - -
Easy A 2VIS - 1166 95 5.45 6.22 042 054
Easy E 7CEl - - 504 8.33 965 023 053

T Subset of 97 structures from the ZDOCK benchmark 3.0. See footnotes of Table S9 for further explanations.
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Table S$12: Results for unbound global docking with the FRODOCK approach.”

Difficulty  Category PDBID Quality 1 Quality 2 Quality 3 i rmsd 1 rmsd f, foot
Easy A 1AHW - 288 288 1.41 141 0.78 0.07
Easy (0] 1AK4 - - - - - - -

Easy o] 1AKJ - 486 322 8.77 811 052 0.81
Easy E 1AVX - 11 10 3.53 6.24 065 022
Easy E 1AY7 - 1 1 3.13 445 0.83 0.14
Easy (0] 1B6C - 5 5 3.31 333 069 043
Medium A 1BGX - - - - - - -

Easy AB 1BJ1 - 49 49 1.44 251 067 0.08
Difficult o] 1BKD - - 82 6.07 586 0.19 0.51
Easy o] 1BUH - 1688 476 5.44 565 037 05
Easy A 1BVK - 336 13 7.55 8.2 0.24 0.86
Easy E 1BVN - 2 2 2.22 236 062 021
Easy E 1CGl - 38 19 7.48 762 021 0.59
Easy E 1D6R - - 96 7.14 882 0.14 0.85
Difficult o] 1DE4 - 1597 939 2.99 7.51 05 043
Easy E 1DFJ - 2 1 4.88 57 0.66 0.57
Easy A 1DQJ - - - - - - -

Easy A 1E6J - 17 10 8.94 845 0.23 0.82
Easy E 1EAW - 41 41 3.26 415 079 024
Difficult (0] 1EER - - 191 7.18 843 035 0.58
Easy E 1EWY - 1 1 2.65 255 061 048
Easy E 1EZU - 197 197 3.37 3.21 0.49 0.13
Easy o] 1F51 - 83 83 4.01 401 066 047
Easy ¢} 1FQJ - - 437 4.52 558 0.57 0.35
Easy AB 1FSK - 1 1 2.35 268 085 0.29
Easy o] 1GCQ - - 157 6.75 798 024 0.76
Easy (0] 1GLA - 327 327 4.36 4.72 068 042
Easy (0] 1GPW - 1 1 2.78 404 083 0.53
Easy o] 1HE1 - - 17 8.09 923 022 0.84
Easy E 1THIA - - 3 8.08 879 011 0.88
Medium (0] 112M - - 129 4.45 483 029 02
Easy (0] 114D - - - - - - -

Easy AB 119R - - - - - - -

Difficult o] 1IBR - - - - - - -

Easy AB 11QD - 285 241 6.95 7.42 0.85 0.15
Difficult (0] 1IRA - - - - - - -

Easy A 1JPS - 895 562 3.8 789 057 0.57
Easy AB 1K4C - - - - - - -

Medium (0] 1K5D - - 1307 4.83 6.82 026 0.26
Easy (0] 1K74 - 214 1 495 563 064 0.52
Easy O 1KAC - 529 14 5.6 893 0.67 0.64
Medium E 1KKL - - 300 6.74 7.73 043 0.55
Easy ¢} 1KTZ - 557 557 2.24 251 074 0.21
Easy (0] 1KXP - 223 167 4.73 7.14 04 0.36
Easy AB 1KXQ - 4 4 2.92 3.91 0.76 0.23
Medium E 1M10 - - 1798 6.28 832 029 0.32
Easy E 1MAH - 1 1 1.8 229 079 026
Easy e} 1MLO - 10 10 1.99 242 075 028
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Easy A 1MLC - 46 46 217 2.74 0.9 048
Medium (0] 1N2C - - 6 7.59 9.90 022 0.51
Easy E 1N8O - 101 17 443 5.04 058 0.26
Easy AB 1NCA - 700 700 1.9 256 068 0.11
Easy AB 1NSN - 471 426 5.13 584 044 0.55
Easy E 10PH - - - - - - -
Easy E 1PPE - 1 1 1.67 1.75 091 024
Difficult E 1PXV - - 42 7.8 6.62 0.1 0.85
Easy (0] 1QA9 - - - - - - -
Easy AB 1QFW - 376 331 5.87 9.87 057 048
Easy E 1ROR - 29 8 5.68 765 053 0.53
Difficult (0] 1R8S - - - - - - -
Easy (0] 1RLB - - 547 4.72 826 057 0.34
Easy (0] 181Q - 303 55 5.89 714 054 065
Easy (0] 1SBB - - - - - - -
Easy (0] 1T6B - 886 646 6.32 861 045 043
Easy E 1TMQ - 22 22 3.32 282 072 049
Easy E 1UDI - 13 1 6.75 7.08 035 062
Easy A 1VFB - 303 25 6.84 793 033 0.78
Easy A 1WEJ - 36 36 2.01 2.61 0.7 0.14
Medium (0] 1TIWQ1 - 1630 1630 3.95 495 057 0.38
Easy (0] 1XD3 - 40 5 5.64 6.84 042 0.34
Medium (0] 1XQS - - - - - - -
Difficult (0] 1Y64 - - - - - - -
Easy E 1YVB - 1 1 2.11 281 068 0.31
Easy (0] 1ZHI - 594 153 475 858 061 0.34
Easy (0] 2AJF - 621 621 3.89 3.94 055 048
Easy E 2B42 - 1712 2 453 6.21 055 045
Easy (0] 2BTF - - 457 5.72 6.24 029 0.57
Difficult (0] 2C0L - - - - - - -
Medium (0] 2CFH - 6 6 3.55 429 082 043
Easy A 2FD6 - - 560 3.93 9.01 051 047
Medium (0] 2H7V - - 1615 6.29 8.78 06 04
Easy (0] 2HLE - 13 13 3.38 3.37 053 0.37
Difficult AB 2HMI - - - - - - -
Easy (0] 2HQS - 541 59 5.11 565 047 0.61
Medium (0] 2HRK - - 308 6.77 7.36 06 04
Easy A 2125 - - 36 6.52 853 046 0.31
Easy AB 2JEL - 164 55 7.89 859 022 069
Easy E 2MTA - 72 20 6.66 746 038 0.75
Medium (0] 2NZ8 - - 30 9.59 962 013 0.89
Difficult (0] 20T3 - - 165 9.12 829 014 062
Easy E 2PCC - 734 299 74 964 033 0.75
Easy AB 2QFW - 189 113 419 9.27 069 0.35
Easy E 2SIC - 94 19 3.83 535 065 0.22
Easy E 2SNI - - - - - - -
Easy E 2UUY - - - - - - -
Easy A 2VIS - 465 186 2.77 528 074 02
Easy E 7CEl - 288 288 1.41 141 078 0.07

T Subset of 97 structures from the ZDOCK benchmark 3.0. See footnotes of Table S9 for further explanations.
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Table S$13: Results for unbound knowledge-driven docking with the DrugScore”™/FRODOCK approach.”
Difficulty Category PDBID Quality_1 Quality_2 Quality 3 i_rmsd I_rmsd f..: fiot
Easy A 1AHW - - 177 8.45 965 024 053
Easy 0 1AK4 - - - - - - -
Easy (0] 1AKJ - - 33 5.42 867 064 0.68
Easy E 1AVX - 3 3 1.67 3.17 0.74 0.13
Easy E 1AY7 - 116 54 7.76 6.55 0.18 0.83
Easy (@) 1B6C - 5 5 3.62 3.58 0.74 048
Medium A 1BGX - - - - - - -
Easy AB 1BJ1 - 43 43 1.83 3.29 079 0.07
Difficult (0] 1BKD - - - - - - -
Easy (0] 1BUH - 772 217 5.72 6.4 0.36 0.59
Easy A 1BVK - 1182 16 8.03 862 013 0.92
Easy E 1BVN - 21 21 2.29 236 062 0.15
Easy E 1CGl - - 69 9.04 9.1 0.14 0.77
Easy E 1D6R - - 81 5.34 7.53 06 042
Difficult 0O 1DE4 - - - - - - -
Easy E 1DFJ - - 3 5.7 552 029 0.77
Easy A 1DQJ - - 78 57 775 056 0.38
Easy A 1E6J - 21 21 3.56 313 068 06
Easy E 1EAW - 1 1 3.76 433 075 03
Difficult (@) 1EER - 1999 356 8.36 935 0.15 0.69
Easy E 1EWY - 143 12 7.54 735 026 0.85
Easy E 1EZU - 1993 20 513 875 039 0.33
Easy (0] 1F51 - 627 85 8.7 927 015 0.8
Easy O 1FQJ - - 347 5.09 6.13 052 044
Easy AB 1FSK - 1 1 1.69 203 094 025
Easy 0 1GCQ - - 575 472 598 059 054
Easy 0 1GLA - - 1645 8.61 925 031 063
Easy 0 1GPW - 44 44 3.85 495 0.84 0.59
Easy (@) THEA - 1303 5 7.67 784 019 0.78
Easy E 1HIA - - 19 8.05 9.01 0.27 06
Medium (0] 112M - - 81 5.93 6 0.23 0.39
Easy (@) 114D - - - - - - -
Easy AB 119R - - - - - - -
Difficult (0] 11BR - - - - - - -
Easy AB 11QD - - 62 5.85 9.9 0.82 0.18
Difficult (0] 1IRA - - - - - - -
Easy A 1JPS - 1935 1161 3.47 654 059 0.37
Easy AB 1K4C - - - - - - -
Medium 0 1K5D - - 83 7.32 992 017 044
Easy 0 1K74 - 76 18 6.42 6.98 047 0.59
Easy (@) 1KAC - 273 97 8.16 9.33 0.2 0.85
Medium E 1KKL - 446 70 8.22 8.43 0.1 0.91
Easy (0] 1KTZ - 1101 580 6.66 746 058 049
Easy (0] 1KXP - - 112 6.68 663 029 0.61
Easy AB 1KXQ - 247 4 3.45 5.66 0.7 03
Medium E 1M10 - - - - - - -
Easy E 1MAH - 3 3 2.81 3.49 0.8 0.39
Easy (@) 1MLO - 4 4 2.48 286 0.76 0.35
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Easy A 1MLC 1 1 2.28 2.87 0.84 0.49
Medium (0] 1N2C - 174 8.71 9.98 0.21 0.54
Easy E 1N8O 12 12 415 4.9 0.59 0.21
Easy AB 1NCA 1 1 3.17 4.94 0.83 0.26
Easy AB 1NSN 77 77 4.55 4.85 0.62 0.47
Easy E 10PH - - - - - -
Easy E 1PPE 1 1 2.44 2.55 0.85 0.28
Difficult E 1PXV - 699 7.65 8.87 0.25 0.58
Easy (0] 1QA9 - - - - - -
Easy AB 1QFW 47 47 1.84 2.03 09 0.19
Easy E 1ROR 30 30 5.52 1.91 091 0.22
Difficult (0] 1R8S - - - - - -
Easy (0] 1RLB 790 52 3.54 517 0.69 0.35
Easy (0] 1S1Q 83 12 5.53 533 065 06
Easy (0] 1SBB - - - - - -
Easy (0] 1T6B 539 69 6.02 8.19 0.48 0.39
Easy E 1TMQ 216 216 417 4.62 0.51 047
Easy E 1UDI 1920 9 5.73 5.84 0.36 0.64
Easy A 1VFB 335 45 8.64 6.84 0.18 0.86
Easy A 1WEJ 67 4 7.61 8.9 0.25 0.78
Medium (0] TWQ1 - 27 717 9.29 0.28 0.59
Easy (0] 1XD3 151 66 8.25 9.69 032 04
Medium (0] 1XQS - 1261 7.43 8.81 0.22 0.53
Difficult (0] 1Y64 - - - - - -
Easy E 1YVB 1 1 2.31 4.8 0.85 0.25
Easy (0] 1ZHI - 288 7.22 94 0.36 0.76
Easy (0] 2AJF 521 373 6.25 6.88 0.26 0.69
Easy E 2B42 12 12 2.63 3.61 0.73 0.28
Easy (0] 2BTF - 37 9.37 9.88 0.15 0.76
Difficult (0] 2C0L - 843 9.73 9.39 0.3 0.78
Medium (0] 2CFH 59 59 3.52 236 0.85 042
Easy A 2FD6 - 714 418 8.55 0.45 0.54
Medium (0] 2H7V - 726 7.66 9.32 0.33 0.67
Easy (0] 2HLE 433 59 6.24 7.34 0.28 0.57
Difficult AB 2HMI - - - - - -
Easy (0] 2HQS 1427 54 5.14 7.51 0.52 0.52
Medium (0] 2HRK - 571 10.37 9.91 0.33 0.67
Easy A 2125 - 1095 9.17 8.07 0.28 0.46
Easy AB 2JEL - 37 9.35 8.99 0.21 0.73
Easy E 2MTA - 126 6.68 8.23 0.18 0.85
Medium (0] 2NZ8 866 678 7.79 8.97 0.26 0.67
Difficult (0] 20T3 - 530 6.67 9.19 02 0.29
Easy E 2PCC - 96 10.02 8.42 0.12 0.94
Easy AB 2QFW 1702 8 3.67 7.01 0.8 0.29
Easy E 2SIC 85 4 4.49 6.61 0.66 045
Easy E 2SNI - 35 7.5 8.63 0.51 0.32
Easy E 2UUY - - - - - -
Easy A 2VIS 393 34 5.69 6.22 0.42 0.54
Easy E 7CEl - 177 8.45 9.65 0.24 0.53
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[ Subset of 97 structures from the ZDOCK benchmark 3.0. Results from one of the three docking runs (see main
text for explanation) are shown only. See footnotes of Table S9 for further explanations.
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Table S14: Calculation of A,.

PDB ID" allrmsd™  log all rmsd ! Mw AlPervedle] A Predicted A
1AHW_| 1.25 0.10 23005 11914 9996 1.19
1AHW_r 0.75 -0.13 46947 19131 17190 1.11
1AK4_| 0.84 -0.07 15126 8585 7268 1.18
1AK4_r 0.37 -0.43 17887 7394 8256 0.90
1AKJ_| 0.62 -0.21 25652 10918 10859 1.01
1AKJ_r 113 0.05 43649 18692 16264 1.15
1AVX_| 0.55 -0.26 17865 8308 8248 1.01
1AVX_r 0.52 -0.28 23483 9238 10154 0.91
1AY7_| 0.68 -0.17 10175 5016 5377 0.93
1AY7_r 0.44 -0.35 10571 5619 5536 1.02
1B6C_| 0.34 -0.47 11824 5876 6027 0.97
1B6C_r 0.94 -0.03 37434 15518 14472 1.07
1BGX_| 0.98 -0.01 92091 36273 28685 1.26
1BGX_r 1.62 0.21 46611 18950 17096 1.11
1BJ1_| 0.62 -0.21 22013 11079 9667 1.15
1BJ1_r - - - - - -
1BKD_| 1.34 0.13 18833 8203 8586 0.96
1BKD_r 2.11 0.32 54436 24586 19236 1.28
1BUH_| 1.02 0.01 9190 5528 4977 1.11
1BUH_r 0.99 -0.01 33490 14320 13298 1.08
1BVK_| 0.70 -0.15 14307 6307 6967 0.91
1BVK_r 0.73 -0.13 24762 10110 10571 0.96
1BVN_| 0.55 -0.26 7959 4337 4462 0.97
1BVN_r 0.47 -0.33 55212 17440 19444 0.90
1CGI_I 1.03 0.01 6339 4056 3753 1.08
1CGL_r 0.71 -0.15 25672 10724 10865 0.99
1D6R_| 1.05 0.02 6211 4287 3695 1.16
1DBR_r 0.47 -0.33 23315 9545 10098 0.95
1DE4_| 0.82 -0.09 43032 18569 16089 1.15
1DE4_r 1.21 0.08 143072 46707 40093 1.16
1DFJ_| 0.65 -0.19 13699 6878 6741 1.02
1DFJ_r 1.38 0.14 49009 18385 17760 1.04
1DQJ_ 0.69 -0.16 14307 6306 6967 0.91
1DQJ_r 0.66 -0.18 46107 19039 16955 1.12
1E6J_| 1.48 0.17 8204 5021 4566 1.10
1E6J_r 0.91 -0.04 46576 19161 17086 1.12
1EAW_| 0.60 -0.22 6524 3924 3836 1.02
1EAW _r 0.47 -0.33 26439 10633 11111 0.96
1EER_| 2.38 0.38 45757 22573 16857 1.34
1EER_r 2.78 0.44 18447 10312 8452 1.22
1EWY_ 0.82 -0.08 10685 5085 5581 0.91
1EWY_r 3.32 0.52 62754 26062 21431 1.22
1EZU_| 2.15 0.33 32169 16220 12897 1.26
1EZU_r 0.41 -0.38 23738 9389 10237 0.92
1F51_| 0.80 -0.10 13290 6016 6588 0.91
1F51_r 0.86 -0.06 35319 16402 13846 1.18
1FQJ_ 0.91 -0.04 15679 8722 7470 1.17
1FQJ_r 0.51 -0.30 36206 15058 14110 1.07
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1FSK_|
1FSK_r
1GCQ_
1GCQ_r
1GLA_|
1GLA_r
1GPW_|
1GPW_r
1HE1_|
1HE1_r
THIA_I
THIA_r
12M_|
112M_r
114D _|
114D _r
119R_I
119R_r
11BR_I
1IBR_r
11QD_I
11QD_r
11IRA_|
1IRA_r
1JPS_|
1JPS_r
1K4C_|
1K4C_r
1K5D_|
1K5D_r
1K74_|
1K74_r
1KAC_|
1KAC_r
1KKL_|
1KKL_r
1KTZ_|
1KTZ_r
1KXP_|
1KXP_r
1KXQ_|
TKXQ_r
1M10_
1M10_r
1MAH_|
1MAH_r
1MLO_|
1MLO_r
1MLC_|
1MLC_r

0.67
0.80
0.55
0.50
0.54
0.55
0.89
0.59
0.96
2.34
0.53
0.42
1.86
0.68
0.85
0.77
2.70
1.41
0.35
0.53
6.01
0.87
0.68
0.60
0.56
1.44
0.77
0.57
0.71
0.44
0.55
1.08
0.38
1.16
1.85
0.81
0.43
0.61
0.63
0.88
0.62
1.09
1.52
0.67
0.84

-0.17
-0.10
-0.26
-0.30
-0.27
-0.26
-0.05
-0.23
-0.02
0.37
-0.27
-0.37
0.27
-0.17
-0.07
-0.12
0.43
0.15
-0.46
-0.28
0.78
-0.06
-0.17
-0.22
-0.25
0.16
-0.11
-0.24
-0.15
-0.36
-0.26
0.03
-0.42
0.07
0.27
-0.09
-0.37
-0.21
-0.20
-0.06
-0.21
0.04
0.18
-0.18
-0.07

17405
24495
7740
15713
55287
22339
27686
19609
13889
5177
25586
42788
22833
19609
45682
47415
49107
20925
18049
16311
35612
20831
46003
39854
38223
38841
32422
26329
13397
19936
8938
48858
11963
12724
50566
39636
556383
29549
23676
6764
58791
8151
81489
14307
46789

8654
12638
4187
6479
18157
9022
11152
9194
7152
3990
10370
15891
10397
9194
21804
16155
20679
9732
8316
7909
16766
10937
18834
17153
14480
16318
14390
11490
6431
8607
4579
22865
6175
6975
23502
16562
17407
12817
9910
4106
19586
5508
31623
6306
18995

8086

10484
4368
7482

19464
9775

11507
8853
6812
3218

10837

16020
9939
8853

16837

17320
17787
9301
8313

7697
13933
9270
16926
15178

14703
14884
12974
11076
6628
8965
4873
17719
6081
6373
18188
15114

19490
12091
10217
3943
20395
4543
26139
6967
17146

1.07

1.21
0.96
0.87
0.93
0.92
0.97
1.04
1.06
1.24
0.96
0.99
1.06
1.04
1.30

0.93
1.16
1.05
1.00

1.03
1.20
1.18
1.1
1.13

0.98
1.10
1.1
1.04
0.97
0.96
0.94
1.29
1.02
1.09
1.29
1.10

0.89
1.06
0.97
1.04
0.96
1.21
1.21
0.91
1.1
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1N2C_|
1N2C _r
1N8O_|
1N8O_r
TNCA_|
1INCA_r
TNSN_I
INSN_r
10PH_|
10PH_r
1PPE_I
1PPE_r
1PXV_|
1PXV_r
1QA9_|
1QA9_r
1QFW_I
1QFW_r
1ROR_|
1ROR_r
1R8S_|
1R8S_r
1RLB_|
1RLB_r
181Q_|
1S1Q_r
1SBB_|
1SBB_r
1T6B_|
1T6B_r
1TMQ_I
1TMQ_r
1UDL_I
1UDI_r
1VFB_|
1VFB_r
1WEJ_
1WEJ_r
TWQ1_|
1WQ1_r
1XD3_|
1XD3_r
1XQS_|
1XQS_r
1Y64_|
1Y64_r
1YVB_I
1YVB_r
1ZHI_|
1ZHI_r

4.10
0.45
0.69
0.39
0.29

0.94
0.30
0.82
0.59
0.40
0.72
0.81
0.80
0.79
1.26
0.62
0.31
112
0.86
0.62
0.74
0.74
0.66
0.50
0.82
0.50
1.19
0.76
0.37
0.88
0.47
0.60
0.43
0.44
0.75
0.78
0.85
0.59
0.56
0.65
2.29
0.98
10.45
1.33
0.59
0.88
0.72

0.61

-0.35
-0.16
-0.41
-0.54

-0.03
-0.52
-0.09
-0.23
-0.40
-0.15
-0.09
-0.10
-0.10
0.10
-0.21
-0.51
0.05
-0.07
-0.21
-0.13
-0.13
-0.18
-0.30
-0.08
-0.30
0.08
-0.12
-0.44
-0.05
-0.33
-0.22
-0.37
-0.36
-0.13
-0.11
-0.07
-0.23
-0.25
-0.19
0.36
-0.01
1.02
0.12
-0.23
-0.06
-0.14

58716
224238
15828
24830
43681

15505
23315
41913
3257
23315
13063
19991
19914
20604
21252
5580
27278
22536
20484
20055
49328
7936
16418
28033
25850
19821
74897
12686
51095
9334
25876
14307
24700
11714
47139
19490
36965
7936
23585
21361
28343
40038
47317
12192
27152
13302
23502

20887
57197
8802
9863
14481

7708
9117
17026
2630
9124
7133
9086
9992
10736
11053
35653
9826
11048
9186
9681
19388
4280
8342
11668
12380
8496
31161
5994
15955
5361
10713
6627
10035
6288
18785
8443
16587
4280
9734
10875
13037
16078
25630
6993
11055
7494
12050

20375
56414
7523
10593
16273

7406

10098
15770
2262
10098
6502
8984
8958
9193

9412
3407
11378
9841
9152
9006
17848
4452
7736
11616
10922
8926
24515
6359
18332
5036
10931
6967
10551
5985
17243
8813
14334
4452
10187
9449
11714
15231
17293
6170
11338
6592
10160

1.03
1.01
1.17
0.93
0.89

1.04

0.90
1.08
1.16
0.90
1.10
1.01
1.12
1.17

1.17
1.04
0.86
112
1.00
1.07
1.09
0.96
1.08
1.00
1.13
0.95
1.27
0.94
0.87
1.06
0.98
0.95
0.95
1.05
1.09
0.96
1.16
0.96
0.96
1.15
1.1
1.06
1.48
1.13
0.98
1.14
1.19
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2AJF_| 0.95 -0.02 20821 10317 9266 1.1
2AJF _r 0.47 -0.33 69075 25433 23053 1.10
2B42_| 0.54 -0.27 20386 7956 9119 0.87
2B42_r 0.42 -0.37 37016 15229 14349 1.06
2BTF_| 0.56 -0.25 14930 6952 7197 0.97
2BTF_r 1.1 0.05 39636 16563 15114 1.10
2C0L_| 1.23 0.09 13183 6845 6547 1.05
2COL_r 0.80 -0.10 33183 13554 13205 1.03
2CFH_I 1.43 0.15 16030 8103 7596 1.07
2CFH_r 0.64 -0.19 17536 8613 8133 1.06
2FD6_| 2.73 0.44 29526 14313 12084 1.18
2FD6_r 1.23 0.09 46278 18855 17003 1.11
2H7V_| 0.67 -0.17 19609 9194 8853 1.04
2H7V_r 1.64 0.22 30882 15555 12503 1.24
2HLE_| 0.80 -0.10 15938 8214 7563 1.09
2HLE_r 0.72 -0.15 20449 9809 9140 1.07
2HMI_I - - - - - -
2HMI_r 3.48 0.54 113417 47483 33605 1.41
2HQS_| 0.52 -0.28 12189 5939 6168 0.96
2HQS_r 1.85 0.27 42119 16605 15829 1.05
2HRK_| 0.69 -0.16 11635 6332 5954 1.06
2HRK_r 0.63 -0.20 19560 9784 8837 1.11
2125_] 0.48 -0.32 14322 6317 6973 0.91
2125_r 0.49 -0.31 12439 6545 6264 1.04
2JEL_| 0.64 -0.19 9119 4832 4948 0.98

2JEL_r - - - - - -

2MTA_I 0.38 -0.42 11491 5281 5898 0.90
2MTA_r 0.30 -0.52 53042 18653 18861 0.99
2NZ8_| 0.99 0.00 19609 9194 8853 1.04
2NZ8_r 1.69 0.23 35622 16417 13936 1.18
20T3_l 1.26 0.10 17763 8064 8212 0.98
20T3_r 0.91 -0.04 28536 14533 11775 1.23
2PCC_I 0.48 -0.32 12063 6395 6120 1.04
2PCC_r 0.34 -0.47 33011 12421 13153 0.94
2SIC_| 0.60 -0.22 11044 5938 5723 1.04
2SIC_r 0.24 -0.61 27538 9891 11460 0.86
2SNI_| 0.49 -0.31 7400 4510 4221 1.07
2SNI_r 0.27 -0.58 27453 9801 11433 0.86
2UUY_| 1.39 0.14 6030 4230 3613 117
2UUY_r 0.27 -0.56 23315 9027 10098 0.89
2VIS_| 0.50 -0.30 28952 12724 11905 1.07
2VIS_r 5.08 0.71 46343 19411 17021 1.14
7CEI_l 0.66 -0.18 15032 7741 7234 1.07
7CEl_r 0.62 -0.21 9887 5705 5261 1.08

T Subset of 88 structures from the ZDOCK benchmark 3.0. « r” refers to the receptor protein, « I” refers to the

ligand protein.

1 All-atom rmsd. Calculated with PyMol [3].

(el Logarithm of the all-atom rmsd.

[13K13

indicates that no unbound structure was given in the dataset.

[ Molecular weight in kD. Calculated with Maestro [4].
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[l Observed solvent accessible surface area, for details see ref. [5]. Calculated with Maestro [4].
[ predicted solvent accessible surface area calculated as given in eq. 1 from ref. [5].

Il Relative solvent accessible surface area calculated as given in eq. 2 from ref. [5].




10.2.1 Paper II - Supplementary Information 133

DrugScore™" in protein-protein docking - D.M. Kriiger, J. I. Garzon, P. Chacén, H. Gohlke S31

Supplemental Figures

Figure S1: Crystal structures of protein-protein complexes where interfaces are incomplete,
i.e., residues are missing: (A) Bovine alpha chymotrypsin in complex with eglin ¢, (B)
Caspase-9 in complex with XIAP-BIR3. Depicted are bound and unbound complexes
including the bound receptor (green), unbound receptor (cyan), bound ligand (orange),

unbound ligand (yellow), and missing (incomplete) interface parts (red), respectively.
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interface  reference points 25 A 210 A
— Global space = —Restricted space

Figure S3: Restriction of the ligand search space for knowledge-driven docking (dark blue
dashed line) compared to the global search space (dark blue straight line). For this, a reference
point (red) within 5 A distance (black dotted line) of the receptor interface (green line) is
chosen. The search space was then restricted to 10 A around this reference point (magenta).
To minimize the bias by the selected reference point on the docking results, each docking run
was repeated three times using a randomly selected reference point where each of the points

must be at least 5 A away (blue arrows) from the other two points.
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Figure S4: Logarithm of the all-atom rmsd versus calculated A (see eq. 2 in ref. [5]) for 88
binding partners in the cleaned version of the ZDOCK benchmark 3.0 where both of the
proteins are in the unbound state. The log(rmsd) ~ A relation was chosen according to eq. 5
in ref. [5]. Of those unbound knowledge-driven dockings that failed to get a near-native
solution with i rmsd < 10 A in the top 100, the binding partner with the larger A is depicted
in red. In 80% of these dockings, at least one of the binding partners had A, > 1.1 (green
dashed line).
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Figure S5: Confusion matrix for two possible outcomes p (positive) and » (negative) for
classifying 88 unbound complexes with respect to whether they can be successfully docked
with at least acceptable accuracy in the top 100 predictions using as a criterion that both
binding partners have A < 1.1. No. of true positives: 41, no. of false positives: 0, no. of false

negatives: 7, no. of true negatives: 40.
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Preparation of the PPIM dataset

In order to investigate the ability of the docking tools to predict near-native ligand geometries
in protein-protein interfaces we manually selected a dataset of 22 different target proteins
consisting of 63 crystal- and 17 NMR-structures, a total of 80, from the PDB database (see
Table S4). The dataset contains 26 (modified) peptide ligands. All but two crystal structures
have a resolution <3 A. PPIM complex structures were selected from the literature, and it was
required that either the target protein interface has been described or that the corresponding

protein-protein complex has been resolved. These references are given in Table S1.

Protein structure and ligand preparation for docking

The coordinates from the protein complexes were retrieved from the Protein Data Bank
(PDB)." For each complex structure, the ligand was removed, as were all water molecules.
Ions were considered as heteroatoms and included into the docking. Ligand coordinates were
extracted from the Relibase database together with the assignment of Sybyl atom types. When
using the AutoDock forcefield for docking, for each protein, hydrogens were added using
AutoDock-Tools (ADT) 1.5.4 except for nonpolar hydrogen atoms, and charges were added
as suggested by ADT.? When using the DrugScore potentials for docking, hydrogens and
charges are not needed and, therefore, not considered. The ligands were further prepared by
ADT by assigning aromatic carbon atoms and rotatable bonds.

For Glide, all protein structures were prepared with the PrepWizard in Maestro version 9.1.°
using two different settings: (1) Default settings using full setup including H-bond assignment
and minimization; (2) Proteins were prepared with the PrepWizard by just adding hydrogens.
For investigating the structural differences that arise from the minimization in the case of
setup (1), we calculated the interface rmsd (defined by all heavy atoms within 5 A distance
around the ligand) with respect to the crystal structure. The results show an interface rmsd
<0.4 A for 84% of the systems. This small difference in receptor coordinates is within the
experimental uncertainty of the X-ray experiment. For the remaining 16% of the systems, an
interface rmsd between 0.4 and 0.7 A is found. The latter fraction might explain why a small
(~ 4%) increase in the docking success rate is observed (see Figure S4) if hydrogens are
added only during the receptor setup. All ligands were prepared with LigPrep version 25223
using default settings.4 That way, the preparation of protein and ligand was done
independently of each other, i.e., neglecting any knowledge about the correct binding mode as

in a “real-life” case.
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Alternatively, protein and ligand structures were prepared with the PrepWizard while still
being in the complex, as described in ref. °. The latter procedure does require knowledge of
the complex crystal structure and, hence, precludes the use of the docking tool in a predictive

manner.

Docking engine, scoring function, and docking experiments

For the evaluation of various AutoDock versions, we used AutoDock3.0.5.® AutoDock4.2.3,”
and AutoDock Vinal.l.1® as a docking engine. The program Glide’ was used with Glide
Script version 56107. In addition to the respective AutoDock scoring functions of version 3
and 4, we used the distance-dependent pair potentials of DrugScore.” In these cases,
DrugScore potential grids were pre-calculated. For all AutoDock and Drugscore potential
grids, a grid spacing of 0.375 A and a grid dimension of 61x61x61 grid points (resulting in a
grid size of 22.5x22.5x22.5 A®) was used. The same was applied for Glide grid calculations.
Grid dimensions were chosen to be identical for the different docking tools to provide for the

same search space, thus enabling a comparability of the results.

Docking parameters

Docking with AutoDock3 and 4 was performed using the Lamarkian genetic algorithm.® Each
docking experiment was repeated 100 times, yielding 100 docked protein-ligand
configurations. The following parameters were used for docking: A population size of 200, a
random starting position and conformation, a maximal effect of mutation of 2 A for
translation and 50° for rotation, a mutation rate of 0.02 and a crossover rate of 0.80, a local
search rate of 0.02, a maximum number of consecutive successes or failures before a change
is made to the stepsize of the local search of 4. All docking simulations were performed with
a maximum of 50.000 generations. The number of energy evaluations was set to 3*10°,
Finally, all docked conformations were clustered using a tolerance of 0.5 A rmsd. Docking
with AutoDock Vina and Glide was performed using default settings based on the assumption

that the standard parameters identified by the authors perform best.

Evaluation of docking accuracy

The docking accuracy was evaluated by calculating the rmsd between docked ligand poses
and the experimental ligand configuration. For AutoDock3 and 4, the ligand pose found on
the first scoring rank of the largest cluster generated by AutoDock was chosen. This follows

the idea carried over from protein folding that the narrow well of the native state is
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surrounded by a broad, shallower minimum in which near-native conformations can be found.
Accordingly, it has been hypothesized that native-like structures reside in a broader energy
minimum than non-native structures.'® This then implies that instead of focusing solely on the
conformation of best scoring, the best-scoring structure of the largest cluster of structurally
related solutions should be considered the most probable pose.'®'? For AutoDock Vina and
Glide, the ligand pose found on the first scoring rank was considered. We note that AutoDock

Vina results are already clustered in‘[emally.13
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Tables

Table S1: Results for re-docking on 80 protein-ligand complexes from the PPIM dataset for
DrugScore-adapted AutoDock3 and GlideSP.

Target protein PDB ID AD[:a’:]DS Gslig;[sb]P iRuI:[SC]D Pe;[)dt]ide gggu;llje[é llJ:nDbBo:g\md Refellg']ence
BclL-2 4AQ3 0.98 10.11 2.04 no nd. 1G5M 1418
BcL-2 2022 274 5.71 223 no
BcL-2 202F 073 1183 227 no
BcL-2 1YSW  1.51 1099 224 no
BcL-2 / BeL-XL chimera 2W3L  0.71 6.48 - no n.d. 1R2D 18
BcL-XL 202M  3.04 11.45  2.44 no 1BXL 1R2D 118
BcL-XL 202N 1.71 3.22 2.70 no (bak)

BeL-XL 3NQ 147 634 251 no 2BZW

BeL-XL 3QKD  1.26 n.d. 2.44 no (bad)

BeL-XL 1YSG  8.32 3.10 276 no

BeL-XL 1YSI 175 1049 239 no

BeL-XL 1YSN 169 1242 262 no

BoL-XL 2YXJ 167 1268 248 no

Calmodulin 1A29 1.41 2.45 9.73 no 1CFF 1CCL 118
Calmodulin 1CTR 4.38 5.28 9.77 no

Calmodulin 1LIN 0.99 1.35 8.17 no

Calmodulin TMUX 5.94 3.13 1.80 no

Calpain 1ALW 521 1.06 2.29 no nd. 1AJ5 19,20
Calpain 1NXO0 4.98 414 2.63 yes

DIAP1-BIR1 1SEO 1.80 412 - yes 3sIP n.d. &
DIAP1-BIR1 1SDZ 099  11.13 - yes

DIAP1-BIR2 1JD5 2.39 3.95 - yes 1JD4 n.d. #
DIAP1-BIR2 1JD6 3.27 5.65 - yes

DIAP1-BIR2 1Q4Q 486  11.15 - yes

Grb2-SH2 1BM2  0.74 0.95 1.51 yes n.d. 3EAC 2
Grb2-SH2 1JYR 440 1081 143 yes

Grb2-SH2 1ZFP 479 6.29 1.35 yes

HexA 2GK1 0.97 4.49 0.68 no n.d. 2GJX ®

hGST P1-1 22GS 3.65 5.52 4.93 no n.d. 2LJR o
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HIV Integrase 3LPT 12.06 7.09 1.01 no 2B4J 2ITG
HPV11-E2 1R6N 0.54 4.19 1.25 no 1TUE 1QQH
Human Cardiac Troponin C 1DTL 3.53 5.57 2.69 no 10Z8 3SD6
Human Cardiac Troponin C 1IHO 6.44 9.51 4.69 no

Human Cardiac Troponin C 2KDH 4.42 7.09 5.70 no

Human Cardiac Troponin C 2KFX 3.97 4.26 3.34 no

IL2 1M48 1.05 0.64 1.73 no 1292 1M47
IL2 1M49 1.62 3.77 1.76 no

IL2 1PW6 0.45 0.88 1.80 no

IL2 1PY2 0.81 4.51 1.55 no

IL2 1QVN 2.45 n.d. 1.86 no

INTEGRIN Alpha (lib) beta3 2VC2 0.98 3.38 0.98 no n.d. 3FCS
INTEGRIN Alpha (lib) beta3  2VDM 1.13 1.43 0.98 no

INTEGRIN Alpha (lib) beta3  2VDN 2.36 3.83 1.39 yes

INTEGRIN Alpha (lib) beta3  2VDO 5.60 n.d. 0.94 yes

INTEGRIN Alpha (lib) beta3  2VDP 3.50 422 0.93 yes

INTEGRIN Alpha (lib) beta3  2VDR 5.07 8.34 0.97 yes

MDM2 2AXI 1.15 n.d. 2.81 yes 1YCQ 1Z1M
MDM2 1T4E 0.66 0.60 2.42 no

MDM2 2GV2 423 n.d. 2.58 yes

MDM2 1RV1 1.32 9.21 2.43 no

MDM2 1TTV 4.73 0.69 2.60 no

MDM4 3FE7 5.08 n.d. - yes 3DAB n.d.
MDM4 3FEA 4.61 n.d. - yes

ML-IAP-BIR 10Y7 1.1 1.84 - yes n.d. n.d.
ML-IAP-BIR 10XN 3.38 3.34 - yes

ML-IAP-BIR 10XQ 0.67 1.20 - yes

ML-IAP-BIR 3F7G 0.68 0.60 - no

ML-IAP-BIR / XIAP-BIR3 2I3H 0.61 0.78 - yes n.d. n.d.
ML-IAP-BIR / XIAP-BIR3 2131 1.02 0.61 - yes

ML-IAP-BIR / XIAP-BIR3 1TW6 0.56 0.83 - yes

ML-IAP-BIR / XIAP-BIR3 3F7H 0.66 2.18 - no

ML-IAP-BIR / XIAP-BIR3 3F71 0.71 0.45 - no

TNF-alpha 2AZ5 2.48 10.67 5.03 no 1TNF 2E7A
TNFRc1 1FT4 7.60 7.09 1.23 no 1TNR 1EXT

15, 28

15,16

29, 30

15, 16, 31

32-34

15, 16, 35

35, 36

37,38

38, 39

15, 40

15,41
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XIAP-BIR3 1TFQ 1.16 1.17 415 yes 1NW9 1FOX 19,16, 42,43
XIAP-BIR3 ATFT 113 1.25 3.99 yes (caspas-
XIAP-BIR3 2JK7 1.52 1.46 422 no %)
XIAP-BIR3 3CM2  1.36 1.19 4.19 no 1673
(smac)
XIAP-BIR3 3CM7  0.65 1.87 429 no
XIAP-BIR3 3CLX  0.95 0.99 4.24 no
XIAP-BIR3 20PY 505 459 4.42 no
XIAP-BIR3 20PZ  0.55 0.98 429 yes
XIAP-BIR3 3G76 574 7.67 419 no
XIAP-BIR3 3EYL 077 0.79 422 no
XIAP-BIR3 3HL5  3.36 3.75 457 no
XIAP-BIR3 2VSL 175 1.37 4.41 no
ZipA 181J 3.68 5.40 0.83 no 1F47 1F46 19,16, 44
ZipA 181S 527 475 0.96 no
ZipA 1Y2F 874 4.26 1.13 no
ZipA 1¥2G  5.30 8.33 0.98 no
% <2A 53.8 30.0

(62.1)  (45.5)
* Ligands with > 20 rotatable bonds were neglected.

[l Rmsd values (in A) given for docking with AutoDock3.0.5 using DrugScore as objective
function.
) Rmsd values (in A) given for docking with GLIDE Script version 56107. Protein and
ligand were seperated and prepared independently: The protein was prepared with
PrepWizard, and the ligand was prepared with LigPrep from Maestro version 9.2.112. “n.d.”
indicates that no results could be determined due to scoring penalty reasons.
[ Interface-RMSD between the unbound protein structure and the ligand-bound protein
structure. In A. The interface was defined as all residues within 5A distance of the ligand.
[ Indicates whether the ligand is a (modified) peptide or not.
el «n.d.” indicates that no unbound protein structure is available.
fl «n.d.” indicates that no protein-protein complex structure is available.
[l For each target protein a reference is given where the protein interface and the

corresponding protein-protein complex that should be inhibited is described.
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Table S2: Results for re-docking on the CCDC/Astex clean set” with three versions of

AutoDock, two DrugScore-adapted AutoDock versions, and GLIDE.?

PDB ID AD3" AD4"  AD3 DS" AD4 DSE vINA GLIDE™
first) clust”  first clust first clust first clust wb. Lb.T first" first™
1a28 0.6 0.6 0.5 0.5 0.5 0.5 0.5 0.5 1.2 12 0.8 1.2
1a42 2.8 34 2.9 2.9 2.9 2.9 2.9 2.9 14 14 1.3 5.1
1a4g 1.1 1.1 1.0 1.0 1.1 1.0 1.0 1.0 2.5 25 2.6 3.2
1a4q 1.0 0.5 2.1 2.1 0.8 0.8 21 2.1 3.0 3.0 0.6 0.7
1abw 1.5 1.5 1.1 1.6 1.2 1.2 1.1 1.6 2.4 24 1.3 3.7
1a9u 5.2 0.4 5.4 54 55 5.5 5.4 54 4.1 4.1 8.4 6.9
1aaq 1.7 1.7 2.0 2.0 1.7 1.7 2.0 2.0 2.0 2.0 3.6 4.8
1abe 1.0 1.0 0.8 0.8 0.9 0.9 0.8 0.8 1.1 1.1 3.4 0.3
1abf 0.9 0.9 0.6 0.6 0.9 0.9 0.6 0.6 1.2 1.2 1.2 0.3
1acj 3.3 3.3 0.9 0.9 0.9 0.9 0.9 0.9 04 0.4 1.2 0.6
1acl 4.0 4.0 3.7 3.7 3.7 3.7 3.7 3.7 0.7 0.7 2.3 0.9
1acm 9.6 9.6 0.8 0.8 0.9 0.9 0.8 0.8 2.2 2.2 1.1 3.4
1aco 104 10.8 0.5 0.5 1.3 0.5 0.5 0.5 1.3 1.3 3.1 1.3
1aec 4.0 4.0 3.2 3.2 3.1 1.1 3.2 3.2 3.5 3.5 7.0 3.4
1ai5 24 24 8.0 7.7 7.7 0.8 8.0 7.7 2.6 2.6 5.4 4.5
1aoe 0.9 0.9 4.4 4.4 4.4 4.4 4.4 4.4 4.1 4.1 7.6 0.7
1apt 0.9 0.9 1.3 1.3 1.8 1.8 1.3 1.3 1.5 1.5 9.7 1.7
1apu 1.7 1.6 14 1.4 1.7 2.0 14 14 1.8 1.8 4.0 9.0
1aqw 4.3 2.7 4.1 6.4 4.1 2.6 4.1 6.4 10.4 104 0.9 0.8
1ase 3.5 3.5 24 2.4 24 2.4 24 2.4 5.3 5.3 8.5 1.9
1atl 3.1 0.9 3.0 1.2 2.8 1.2 3.0 1.2 3.1 3.1 3.6 4.1
1azm 3.0 2.2 4.0 4.0 41 4.1 4.0 4.0 2.1 21 1.0 1.7
1b58 2.0 0.8 1.0 1.0 1.3 1.1 1.0 1.0 1.8 1.8 1.5 0.7
1b59 2.7 1.6 4.2 2.4 4.1 1.2 4.2 2.4 1.8 1.8 3.4 1.8
1b9v 14 1.2 4.1 0.9 4.0 0.8 4.1 0.9 2.2 2.2 1.2 1.0
1baf 4.1 4.1 4.4 4.4 4.6 4.6 4.4 4.4 2.2 22 7.5 7.5
1bbp 0.8 1.0 0.7 0.8 0.9 0.9 0.7 0.8 1.7 1.7 1.6 1.7
1bgo 15 1.5 1.6 1.6 4.1 2.0 1.6 1.6 1.6 1.6 2.4 2.3
1bl7 8.5 8.5 9.0 9.0 8.8 8.8 9.0 9.0 1.2 1.2 0.8 0.5
1blh 59 6.3 4.8 5.0 4.3 4.3 4.8 5.0 0.3 0.3 4.7 3.2
1bma 0.8 0.8 0.7 0.7 0.8 0.8 0.7 0.7 3.2 3.2 1.4 1.4
1bmq 1.9 1.7 1.6 1.6 1.6 1.6 1.6 1.6 1.3 1.3 4.8 3.9
1byb 0.8 1.0 1.0 1.0 1.1 1.2 1.0 1.0 1.5 1.5 4.8 2.0
1byg 1.0 1.0 0.5 0.5 0.4 0.4 0.5 0.5 2.3 2.3 0.6 0.6
1¢12 54 3.7 4.5 4.5 4.5 3.9 4.5 45 2.0 2.0 9.3 9.1
1cle 0.3 0.3 9.8 9.8 9.8 9.8 9.8 9.8 3.3 3.3 1.3 6.6
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1c5¢ 0.9 0.9 3.0 4.5 46 46 3.0 4.5 2.5 2.5 6.4
1¢bx 4.7 4.7 0.9 0.9 0.8 0.8 0.9 0.9 2.5 2.5 1.7
1c83 0.7 0.7 0.4 0.4 0.6 0.6 0.4 0.4 3.9 3.9 0.6
1cbs 9.7 5.1 6.1 6.1 6.3 6.3 6.1 6.1 0.7 0.7 3.0
1cbx 1.9 5.6 0.6 0.6 0.7 0.7 0.6 0.6 3.1 3.1 0.8
1cdg 26 2.9 2.7 3.0 3.0 2.6 2.7 3.0 1.5 1.5 2.5
1cil 4.2 1.9 3.0 2.7 3.0 28 3.0 2.7 2.4 24 4.7
1ckp 5.8 5.8 4.9 0.7 0.7 0.7 4.9 0.7 3.2 3.2 2.0
icle 24 24 52 5.2 4.4 4.4 52 52 3.1 3.1 12.9
1com 0.7 0.7 0.5 1.5 0.4 0.4 0.5 1.5 1.1 1.1 1.2
1coy 7.2 2.9 0.8 0.8 0.8 0.8 0.8 0.8 1.1 1.1 1.0
1cps 3.1 1.1 5.9 6.1 4.7 5.9 5.9 6.1 2.7 2.7 1.9
1cap 2.5 1.2 3.1 3.1 3.1 20 3.1 3.1 2.2 2.2 2.3
Tevu 53 1.2 5.8 5.8 54 0.8 5.8 5.8 1.1 11 71
1ex2 1.6 1.6 6.2 6.1 6.1 1.3 6.2 6.1 0.3 0.3 1.2
1d0l 1.8 1.5 3.1 3.2 1.8 1.6 3.1 3.2 1.7 1.7 3.4
1d3h 1.6 1.6 2.0 5.7 5.6 5.6 2.0 5.7 9.0 9.0 2.0
1d4p 41 0.9 0.6 0.6 0.7 0.7 0.6 0.6 1.6 1.6 0.3
1dbb 4.0 3.8 0.7 0.7 0.7 0.7 0.7 0.7 16 1.6 1.7
1dbj 5.0 5.0 0.9 0.9 0.9 0.9 0.9 0.9 22 22 4.4
1dd7 52 4.7 3.7 3.4 34 0.6 3.7 34 3.3 3.3 7.7
1dgb 6.7 5.1 5.3 5.3 5.7 5.7 5.3 5.3 0.4 0.4 4.4
1dhf 4.8 1.1 6.6 3.7 6.9 1.0 6.6 3.7 1.7 1.7 1.3
1did 1.5 1.7 8.7 1.1 1.2 1.2 8.7 1.1 3.7 3.7 4.0
1dmp 0.8 0.8 0.7 0.7 0.6 0.6 0.7 0.7 0.5 0.5 12
1dog 21 1.5 1.0 1.6 1.0 1.0 1.0 1.6 1.1 1.1 0.8
1dr1 24 24 1.1 1.1 1.4 1.4 1.1 1.1 1.8 1.8 4.6
1dwb 2.0 2.0 9.2 9.2 9.3 9.3 9.2 9.2 0.0 0.0 1.9
1dwce 41 41 4.9 42 4.3 4.5 4.9 4.2 24 24 2.7
1dwd 2.1 2.3 4.1 3.0 2.9 0.9 4.1 3.0 2.0 2.0 5.1
1dy9 6.6 6.6 7.2 7.2 3.1 3.1 7.2 7.2 2.8 2.8 3.0
1eap 4.7 0.9 1.4 4.7 4.9 1.2 1.4 4.7 1.7 1.7 1.8
1ebg 12.7 12.7 1.8 1.8 1.6 1.6 1.8 1.8 0.9 0.9 2.0
1eed 3.0 3.0 1.7 1.7 1.3 1.3 1.7 1.7 3.2 3.2 11.4
1eil 0.9 0.8 3.1 2.8 0.4 0.4 3.1 2.8 1.2 1.2 21
1ejn 1.2 1.2 0.6 1.2 1.1 1.1 0.6 1.2 1.2 1.2 22
1eoc 1.1 1.1 0.5 0.5 0.8 0.8 0.5 0.5 1.8 1.8 4.8
1epb 2.0 1.7 23 24 2.0 2.0 2.3 2.4 1.9 1.9 2.7
1epo 1.1 1.1 1.3 1.3 0.8 0.6 1.3 1.3 1.9 1.9 10.4
1eta 8.1 5.7 9.2 8.4 8.8 2.3 9.2 8.4 5.0 5.0 8.3
Tetr 3.6 1.0 52 5.2 4.8 1.5 52 52 1.7 1.7 6.6

0.3
0.3
0.9
2.0
0.9
2.8
4.0
1.7
11.3
3.3
0.5
1.1
6.6
7.4
0.9
7.0
1.5
1.6
26
23
6.3
59
50
4.5
0.8
0.4
6.4
0.3
42
6.4
3.6
2.4
25
11.7
4.8
0.8
23
29
71
4.6
27
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lets 1.8 1.4 2.7 1.1 1.0 1.0 2.7 1.1 3.4 34 6.5
Tett 3.0 0.8 2.8 3.8 5.6 24 2.8 3.8 2.2 2.2 17.4
1f0r 1.7 1.7 1.1 1.1 12 1.2 1.1 1.1 2.8 2.8 2.7
1f0s 1.7 1.9 23 2.3 1.5 1.5 23 2.3 1.5 1.5 8.9
1f3d 1.0 1.0 0.3 0.3 1.0 0.4 0.3 0.3 1.3 1.3 1.4
1fax 1.8 1.4 29 25 27 1.8 29 25 1.8 1.8 1.7
1fen 1.2 1.2 0.9 0.9 2.0 1.7 0.9 0.9 12 1.2 12
1fgi 41 41 1.8 1.8 1.8 1.8 1.8 1.8 1.9 1.9 1.0
1fkg 1.1 0.9 1.8 0.9 0.8 0.8 1.8 0.9 21 21 1.8
1fki 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 1.6 1.6 1.6
113 1.9 1.5 1.7 1.7 1.8 1.8 1.7 1.7 1.5 1.5 1.3
1flr 0.6 0.6 0.5 0.5 0.5 0.5 0.5 0.5 n.d. n.d. 4.8
1frp 9.8 1.7 0.9 29 1.1 1.1 0.9 2.9 1.9 1.9 1.4
1glp 9.1 7.0 6.0 6.0 5.9 3.9 6.0 6.0 5.8 5.8 1.3
1glq 1.5 1.7 8.2 8.2 6.6 3.5 8.2 8.2 3.3 3.3 1.3
1hak 5.1 1.5 4.1 5.0 5.0 5.0 41 5.0 46 4.6 9.9
1hdc 21 1.5 5.8 3.3 3.4 3.3 5.8 3.3 6.2 6.2 3.6
1hfc 2.0 1.9 4.8 46 1.7 1.7 4.8 4.6 21 21 3.0
1hiv 1.8 1.8 3.9 3.9 1.7 1.7 3.9 3.9 1.3 1.3 11.4
1hos 2.0 2.0 23 23 1.7 1.9 23 23 0.3 0.3 5.5
1hpv 3.5 3.0 1.4 1.4 0.9 0.9 1.4 1.4 1.5 1.5 4.4
1hri 2.2 23 116 6.0 3.1 30 116 6.0 49 4.9 2.3
1hsb 2.5 1.0 1.6 1.6 29 1.6 1.6 1.6 2.5 2.5 12
1hsl 2.0 0.6 0.6 1.6 1.4 1.4 0.6 1.6 1.4 1.4 2.7
1htf 2.8 1.8 3.7 3.4 3.4 1.7 3.7 3.4 4.7 4.7 9.5
Thvr 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.1 0.1 1.1
Thyt 52 5.2 0.8 2.0 0.9 0.9 0.8 2.0 5.4 54 11
1ibg 4.5 1.8 1.4 1.4 1.4 1.4 1.4 1.4 0.8 0.8 3.3
1ida 1.1 1.1 26 26 3.0 1.2 2.6 26 27 2.7 4.9
1imb 56 5.6 6.2 6.2 5.9 5.9 6.2 6.2 4.0 4.0 1.8
1ivb 9.2 9.2 3.1 3.1 3.4 3.4 3.1 3.1 2.7 2.7 5.4
1ivg 1.0 1.0 2.0 2.0 0.7 1.2 2.0 2.0 1.3 1.3 2.0
1jap 52 52 7.6 6.9 5.9 5.9 7.6 6.9 1.0 1.0 22
1kel 1.4 1.4 11 1.1 12 12 1.1 1.1 1.9 1.9 1.7
1lah 1.3 0.3 0.5 0.5 0.5 0.5 0.5 0.5 1.6 1.6 1.3
1lcp 2.8 2.8 1.3 1.3 1.5 1.5 1.3 1.3 1.0 1.0 3.1
1ldm 8.3 8.3 8.4 8.4 8.7 8.7 8.4 8.4 2.0 2.0 1.6
1lic 7.3 7.3 4.8 4.8 4.7 4.7 4.8 4.8 1.4 1.4 3.5
1Ina 6.9 4.7 3.3 3.5 3.5 3.5 3.3 3.5 1.9 1.9 3.5
1lpm 1.8 23 1.2 1.2 1.2 1.2 1.2 1.2 1.6 1.6 9.8
1lst 3.0 1.5 1.1 1.1 1.1 1.1 1.1 1.1 1.4 1.4 1.5

3.9
2.0
42
3.3
1.2
1.6
9.0
1.6
4.6
1.1
1.5
0.8
1.4
1.8
4.8
8.9
3.3
2.8
3.7
27
4.0
2.0
47
0.9
4.0
0.9
2.0
9.0
10.8
51
0.6
4.3
6.0
47
0.4
3.8
22
11.4
4.4
2.6
1.0
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1lyb
1lyl
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1mcq
1mdr
1mid
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Tmts
1mup
1nco
1ngp
1nis
1okl
1okm
1pbd
1pdz
1phd
1phg
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1ppc
1pph
1ppi
1pso
1ptv
1gbr
1gbu
1qcf
1gpe
1apq
1rds
1rne
1rnt
1rob
1rt2
1slt
1snc
1srj
1tdb
1tlp

1.6
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14.2
59
9.4
13.3
1.0
2.8
26
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3.2
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11.0
1.1
3.0
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16.6
9.0
6.5
25
1.7
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2.0
46
0.9
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4.8
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2.3
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0.6
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3.4
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6.1
3.6
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21
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26
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0.9
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43
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46
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9.4
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42
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46

2.0
1.3
6.7
5.9
9.8
0.7
1.1
0.5
2.1
0.9
27
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0.8
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0.8
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42
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26
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0.5
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2.0
51
0.9
0.8
3.9
0.6
8.8
1.1
1.1
1.1
14
0.5
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3.1
0.9
6.7
46

2.0
24
6.7
52
9.9
6.0
1.2
0.4
21
0.9
3.1
1.2
0.8
1.4
2.8
3.5
0.3
1.9
5.1
1.9
1.3
3.4
3.8
1.1
2.0
51
0.9
0.8
3.9
0.6
1.2
0.9
1.1
1.1
1.4
0.5
4.3
3.5
4.2
6.7
46

2.0
8.9
2.0
22
9.1
1.3
1.6
1.3
1.2
1.5
23
26
1.8
1.9
1.1
27
5.0
1.8
2.1
23
1.9
43
2.9
1.2
1.6
0.2
02
1.7
0.1
1.6
0.9
23
1.5
2.9
46

n.d.

3.9
1.6
1.8
43
1.4

2.0
8.9
2.0
22
9.1
1.3
1.6
1.3
1.2
1.5
23
26
1.8
1.9
1.1
27
50
1.8
21
23
1.9
4.3
2.9
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0.2
1.7
0.1
1.6
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23
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2.9
46

n.d.

3.9
1.6
1.8
4.3
1.4

3.6
1.7
8.6
59
3.2
22
8.6
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1.9
14
5.1
9.3
4.9
5.8
5.1
3.8
0.9
6.3
1.9
8.3
2.9
3.7
4.0
9.5
3.2
25
0.9
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3.3
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3.6
2.9
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23
0.6
8.6
2.6

4.0
1.3
5.8
5.1
21
3.1
7.9
0.5
3.0
1.9
4.1
8.4
43
0.9
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2.3
23
438
7.9
6.2
1.4
1.8
5.1
9.4
3.5
2.0
0.8
0.8
0.3
0.4
1.4
0.9
1.0
24
4.5
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1.2
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0.7
8.8
5.1
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1tmn
1tng
1tnh
1tni
1tnl
1tpp
1trk
1tyl
1ukz
1ulb
Tuvs
Tuvt
1vge
1wap
1xid
1xie
1ydr
1ydt
1yee
25c8
2aad
2ack
2ada
2ak3
2cht
2cmd
2cpp
2ctc
2db
2fox
2gbp
2h4n
2ifb
2Igs
2mep
2pcp
2phh
2pk4
2qwk
2r07

2tmn

46
35
3.8
2.1
48
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0.9
9.2
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2.6
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26
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2tsc 32 3.2 4.5 23 24 24 4.5 23 22 22 9.9 4.9
2yhx 54 24 5.8 49 3.8 3.0 5.8 4.9 1.8 1.8 7.9 7.4
2ypi 11.5 11.5 1.0 1.0 1.1 1.1 1.0 1.0 0.4 04 5.1 1.0
3cla 4.2 6.3 9.1 8.2 9.0 6.8 9.1 8.2 6.2 6.2 8.4 1.5
3cpa 29 4.0 0.6 5.1 5.1 5.1 0.6 5.1 2.8 2.8 24 1.3
3erd 1.2 0.8 1.2 0.8 0.5 0.5 1.2 0.8 0.1 0.1 1.2 0.3
3ert 1.6 1.6 1.4 1.5 1.3 1.3 1.4 1.5 0.4 0.4 16 11
3gpb 9.7 23 102 102 103 10 102 102 8.6 8.6 6.5 8.9
3hvt 0.4 0.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 0.7 4.4
3tpi 1.3 1.3 0.5 0.5 0.7 0.5 0.5 0.5 2.2 22 1.4 1.0
4aah 12.2 0.8 0.7 0.7 0.8 0.8 0.7 0.7 1.0 1.0 0.7 0.7
4cox 1.0 1.0 1.2 1.2 1.6 1.6 1.2 1.2 9.2 9.2 1.0 1.1
4cts 8.7 1.1 0.7 0.7 0.6 0.6 0.7 0.7 16 1.6 1.0 0.3
4dfr 1.6 12 6.9 6.7 6.8 6.8 6.9 6.7 3.2 3.2 1.3 1.3
4est 3.2 3.2 5.7 4.4 2.8 3.3 5.7 4.4 4.7 4.7 9.9 6.0
4fbp 4.0 4.0 0.9 1.6 0.9 0.9 0.9 1.6 1.0 1.0 24 2.9
41bd 1.3 1.3 0.4 0.4 0.4 0.4 0.4 0.4 0.7 0.7 0.5 0.3
4phv 26 3.3 0.8 0.8 0.6 0.6 0.8 0.8 0.3 0.3 23 1.3
5abp 0.9 0.9 0.8 0.8 0.6 0.6 0.8 0.8 1.1 11 1.3 0.4
5cpp 8.0 8.0 23 23 23 23 23 23 0.1 0.1 22 1.7
5er1 1.8 1.8 5.8 5.8 4.7 4.7 5.8 5.8 2.8 2.8 2.5 8.7
6rnt 54 5.4 5.7 5.8 5.8 5.8 5.7 5.8 5.2 5.2 7.4 8.0
6rsa 1.0 1.0 1.3 1.3 12 1.2 1.3 1.3 2.3 2.3 n.d. -
7tim 2.8 3.4 0.9 1.3 1.2 1.0 0.9 1.3 22 22 2.4 1.2
% <2A 42.0 54.0 585 571 522 643 496 509 143 571 42.2 46.0

' Tn addition to these results, we also tested the recently developed scoring function DSX.*
When using DSX for re-scoring DrugScore-adapted AutoDock3 docking results for the
CCDC/Astex clean set, we achieved a success rate of 54.9% for identifying a solution with

rmsd < 2A. Just considering cases where at least one near-native solution could be sampled

(79.5%, i.e. 178 complexes out of 224 from the CCDC/Astex clean set), DSX achieved a

success rate of 69.1% in recognizing such a solution, whereas DrugScore adapted AutoDock3

achieved a success rate of 80.9% in doing so.

*) Rmsd values (in A) given for docking with AutoDock3.0.5.°

(' Rmsd between the docking pose found on the first scoring rank and the native solution.

[9' Rmsd between the docking pose found on the first scoring rank of the largest cluster and

the native solution.

' Rmsd values (in A) given for docking with AutoDock4.2.3.”
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' Rmsd values (in A) given for docking with AutoDock3.0.5 using DrugScore as objective
function.
'8 Rmsd values (in A) given for docking with AutoDock4.2.3 using DrugScore as objective
function.
("' Rmsd values (in A) given for docking with AutoDock Vinal.1.1."
[l Rmsd/ub matches each atom in one conformation with itself in the other conformation,
ignoring any symmetry.& 13
U1 Rmsd/1b of two conformations is defined as follows:
rmsd/lb(c;, ¢;) = max(rmsd'(c;, ¢3), rmsd'(cy, ¢;)),where rmsd' matches each atom in one
conformation with the closest atom of the same element type in the other conformation (rmsd'
cannot be used directly, because it is not symmetric).& 13
M Rmsd values (in A) given for docking with GLIDE Script version 56107.
' Rmsd between the docking pose found on the first scoring rank and the native solution.
Proteins were prepared with the PrepWizard using full setup including H-bond assignment
and minimization.

™ Rmsd between the docking pose found on the first scoring rank and the native solution.

Proteins were prepared with the PrepWizard by just adding hydrogens.
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Table S3: Results for re-docking using differently prepared proteins and ligands of a subset
of 135 complexes from the CCDC/Astex clean set* used in a study by Friesner ef al..

PDBID GlideSP  GlideSP  GlideSP  GlideSP
SEP F  Sgp H® REFY  com

1aaq 36 4.8 1.3 1.2
1abe 3.4 0.3 0.2 0.1
1abf 1.2 0.3 0.2 0.3
1acj 1.2 0.6 0.3 0.1
1acm 1.1 34 0.3 1.0
1aco 31 1.3 1.0 3.9
1apt 9.7 1.7 0.6 1.5
1apu 4.0 9.0 1.2 1.8
1atl 3.6 4.1 0.9 4.0
1azm 1.0 1.7 1.9 1.0
1baf 7.5 7.5 0.8 5.7
1bbp 1.6 1.7 5.0 0.4
1bma 1.4 1.4 9.3 0.4
1byb 4.8 2.0 10.5 0.4
1c83 0.6 0.9 0.1 0.7
1cbs 3.0 2.0 2.0 2.4
1cbx 0.8 0.9 0.4 0.2
1cdg 25 2.8 4.0 4.8
1cil 47 4.0 3.8 0.3
1com 1.2 33 3.6 0.3
1coy 1.0 0.5 0.3 0.3
1cps 1.9 1.1 3.0 0.8
1dbb 1.7 26 0.4 0.5
1dbj 4.4 2.3 0.2 0.2
1did 4.0 4.5 3.8 3.1
1dog 0.8 0.4 3.7 0.3
1dr1 46 6.4 1.5 2.7
1dwb 1.9 0.3 0.3 1.1
1dwc 2.7 4.2 0.9 14
1dwd 51 6.4 1.3 4.5
1eap 1.8 24 2.3 0.9
1ebg 2.0 25 0.2 1.3
1eed 1.4 11.7 5.9 6.0
1ejn 2.2 0.8 0.7 0.5
1epb 2.7 29 1.8 1.6

1eta 8.3 46 2.9 1.6
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Tetr
lets
Tett
1fOr
1f0s
1fen
1fkg
1fki
1frp
1glp
1glq
1hdc
1hfc
1hpv
1hri
1hsl
Thtf
Thvr
Thyt
1ida
1imb
1ivb
1lah
1lcp
1ldm
1lic
1lna
1Ist
1mbi
1mdr
1mid
1mmq
1mrg
1mrk
1mup
1nco
1nis
1okl
1pbd
1phd
1phg

6.6
6.5
17.4
27
8.9
1.2
1.8
1.6
1.4
1.3
1.3
3.6
3.0
4.4
23
27
9.5
1.1
1.1
4.9
1.8
54
1.3
3.1
1.6
3.5
3.5
1.5
8.6
3.2
22
8.6
0.5
1.9
51
9.3
5.8
51
0.9
1.9
8.3

27
3.9
2.0
42
3.3
9.0
4.6
1.1
1.4
1.8
4.8
3.3
2.8
4.0
2.0
0.9
4.0
0.9
2.0
10.8
51
0.6
0.4
3.8
22
11.4
4.4
1.0
5.8
2.1
3.1
7.9
0.5
3.0
4.1
8.4
0.9
0.7
23
7.9
6.2

15
1.4
0.6
1.4
16
0.7
1.3
1.9
0.3
0.3
0.3
0.6
2.2
0.9
16
1.3
3.0
15
0.3
11.9
0.9
5.0
0.1
2.0
0.3
4.9
1.0
0.1
1.7
0.5
0.3
0.9
0.3
1.2
44
7.0
1.0
2.8
0.2
1.2
43

5.4
2.9
0.6
14
1.0
0.6
0.7
1.1
0.5
0.2
3.6
0.8
27
0.5
1.2
1.5
25
0.2
0.4
2.0
54
0.8
0.2
25
0.3
2.0
59
0.3
0.4
0.9
1.6
0.2
0.2
1.7
3.0
7.4
3.6
0.2
0.2
1.1
5.5
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1poc
1ppc
1pph
1ppi
1pso
1rds
1rne
1rnt
1rob
1slt
1snc
1srj
1tdb
1tlp
1tmn
1tng
1tnh
1tni
1tnl
1tpp
1trk
1tyl
1ukz
Tulb
1wap
1xid
1xie
2ack
2ada
2ak3
2cht
2cmd
2cpp
2ctc
2dbl
2gbp
2ifb
2lgs
2mep
2phh
2pk4

2.9
3.7
4.0
9.5
3.2
23
1.6
3.6
2.9
1.2
2.3
0.6
8.6
26
1.9
0.4
0.3
2.9
24
3.1
1.2
1.8
1.8
0.5
0.8
41
4.3
3.6
2.9
4.0
41
2.3
2.8
0.9
1.2
3.2
1.6
59
3.6
0.7
2.0

1.4
1.8
51
9.4
3.5
0.9
1.0
24
4.5
1.2
26
0.7
8.8
51
8.4
0.2
0.6
26
2.1
3.1
1.8
1.1
3.5
0.4
0.3
52
4.5
4.1
0.5
42
0.6
3.2
2.1
0.6
1.0
2.8
0.9
2.1
4.0
1.8
1.4

51
7.9
4.3
6.2
131
3.8
10.1
0.7
1.9
0.5
1.9
0.6
1.5
1.9
2.8
0.2
0.3
22
0.2
1.1
1.6
1.1
0.4
0.3
0.1
4.3
3.9
1.0
0.5
0.7
0.4
0.7
0.2
1.6
0.7
0.2
1.4
7.6
1.3
0.4
0.9

8.1
1.1
4.5
3.4
43
0.9
0.5
0.5
0.8
0.6
3.0
0.2
1.9
3.4
1.7
0.2
0.2
22
0.2
1.5
1.5
1.1
0.8
0.3
0.2
5.0
0.5
0.9
0.2
0.8
0.6
1.3
0.2
0.2
1.1
0.2
0.9
47
1.3
0.2
0.9
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2r07 1.7 11.3 0.5 1.1
2tmn 3.3 3.7 0.6 0.7
2yhx 7.9 7.4 3.8 2.3
2ypi 5.1 1.0 0.3 1.1
3cla 8.4 1.5 8.5 6.8
3cpa 2.4 1.3 2.4 0.5
3hvt 0.7 4.4 0.8 0.8
3tpi 1.4 1.0 0.5 0.3
4aah 0.7 0.7 0.3 0.6
4cts 1.0 0.3 0.2 0.1
4dfr 1.3 1.3 1.1 1.0
4fbp 24 2.9 0.6 0.3
4phv 23 1.3 0.4 0.4
5abp 1.3 0.4 0.2 0.2
5cpp 22 1.7 0.6 0.8
ernt 7.4 8.0 2.2 26
7tim 24 1.2 0.1 0.8

% <2A 40.7 444 72.6 75.6

[l Rmsd values (in A) given for docking with GLIDE Script version 56107. Protein and
ligand were separated and prepared independently: The protein was prepared with
PrepWizard, and the ligand was prepared with LigPrep from Maestro version 9.2.112.
Proteins were prepared with the PrepWizard using full setup including H-bond assignment
and minimization.

I Rmsd values (in A) given for docking with GLIDE Script version 56107. Protein and
ligand were separated and prepared independently: The protein was prepared with
PrepWizard, and the ligand was prepared with LigPrep from Maestro version 9.2.112.
Proteins were prepared with the PrepWizard by just adding hydrogens.

(I Docking results taken from Friesner ef al.’ Rmsd values in A.

9 Rmsd values (in A) given for docking with GLIDE Script version 56107. Protein and
ligand were prepared while being in the complex with PrepWizard from Maestro version
9.2.112. Proteins were prepared with the PrepWizard using full setup including H-bond

assignment and minimization.
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Table S4: Properties of ligands that bind to protein-protein interfaces.
Target protein PDBID Resolution Ligand % Lig. in MW PSA/100  Binding BEI'" SEIl!
al torsions solvent'  [g/mol] [ (A2l constant
[uM]"

BelL-2 4AQ3 2.4 15 50.1 865 1.22 0.037" 8.59 6.11
Bel-2 2022 - 10 9.8 596 1.24 0.067% 12.04 5.77
BcL-2 202F - 13 25.0 688 1.34 n.d. n.d. n.d.
Bel-2 1YSW - 13 229 694 1.34 n.d. n.d. n.d.
BcL-2/BeL-XL chimera 2W3L 2.10 7 38.1 577 0.86 01" 12.13 8.13
BeL-XL 202M - 13 271 688 1.34 n.d. n.d. n.d.
BeL-XL 202N - 13 42.3 731 1.28 n.d. n.d. n.d.
BeL-XL 3INQ 2.0 17 29.9 780 1.33 n.d. n.d. n.d.
BeL-XL 3QKD 2.0 16 32.8 839 1.42 0.009 " 9.60 5.67
BeL-XL 1YSG - 2 18.2 215 0.40 300 16.37 8,78
BeL-XL 1YSI - 10 29.0 551 1.21 0.036¢ 13.52 6.15
BeL-XL 1YSN - 13 6.3 694 1.34 n.d. n.d. n.d.
BeL-XL 2YXJ 2.20 16 446 814 1.33 0.0005 ¢ 11.42 6.98
Calmodulin 1A29 2.74 5 28.6 409 0.11 1 14.69 54.95
Calmodulin 1CTR 2.45 5 46.4 403 0.10 1 14.87 61.73
Calmodulin 1LIN 2.00 5 39.3 409 0.11 1 14.69 54.95
Calmodulin 1MUX - 9 27.3 342 0.74 31" 13.19 6.11
Calpain 1ALW 2.03 3 15.4 307 0.40 0.3¢ 21.24 16.25
Calpain 1NXO0 2.30 17 31.3 459 1.89 n.d. n.d. n.d.
DIAP1-BIR1 1SEO 1.75 22 51.8 779 2.31 0.12 8.88 3.00
DIAP1-BIR1 1SDz 1.78 21 50.9 765 2.31 0.27 8.59 2.85
DIAP1-BIR2 1JD5 1.90 26 48.4 893 3.00 0.24 7.41 2.21
DIAP1-BIR2 1JD6 2.70 25 53.0 919 2.91 0.04 8.05 2.54
DIAP1-BIR2 1Q4Q 2.10 22 36.4 772 2.63 n.d. n.d. n.d.
Grb2-SH2 1BM2 2.10 9 56.1 839 3.10 0.07" 8.53 2.30
Grb2-SH2 1JYR 1.55 32 60.8 1069 5.14 0.018 7.24 1.51
Grb2-SH2 1ZFP 1.80 26 40.0 861 413 0.026" 8.81 1.84
HexA 2GK1 3.25 4 14.3 222 0.87 n.d. n.d. n.d.
hGST P1-1 22GS 1.90 3 16.7 194 0.70 3.7 27.97 7.80
HIV Integrase 3LPT 2.00 3 54.5 313 0.73 12.2h 16.71 6.73
HPV11-E2 1R6N 2.40 5 39.0 607 1.38 0.04 12.18 5.35
Human Cardiac Troponin 1DTL 2.15 10 222 368 0.17 n.d. n.d. n.d.
Human Cardiac Troponin 1IHO - 4 20.0 426 0.80 10 11.75 6.23
Human Cardiac Troponin 2KDH - 12 42.4 458 1.97 1100 6.45 1.50
Human Cardiac Troponin 2KFX - 9 31.8 342 0.74 100 11.70 5.42
L2 1M48 1.95 10 36.4 448 1.10 8.2 11.36 4.61
L2 1M49 2.00 12 31.7 558 1.83 n.d. n.d. n.d.
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L2 1PW6 2.60 5 38.9 535 1.42 6" 9.75 3.68
L2 1PY2 2.80 12 311 671 1.87 0.06" 10.77 3.86
L2 1QVN 2.70 12 38.3 687 1.69 n.d. n.d. n.d.
INTEGRIN Alpha (lib) 2VC2 3.10 10 294 523 1.45 0.00007 19.43 7.01
INTEGRIN Alpha (lib) 2VDM 2.90 14 30.0 441 1.12 0.0019 19.79 7.78
INTEGRIN Alpha (lib) 2VDN 2.90 10 49.1 832 3.28 n.d. n.d. n.d.
INTEGRIN Alpha (lib) 2VDO 2.51 32 51.2 1189 5.56 n.d. n.d. n.d.
INTEGRIN Alpha (lib) 2VDP 2.80 27 40.4 745 3.82 n.d. n.d. n.d.
INTEGRIN Alpha (lib) 2VDR 2.40 29 51.9 774 4.17 n.d. n.d. n.d.
MDM2 2AXI 1.40 18 65.7 1379 4.25 0.14" 4.97 1.61
MDM2 1T4E 2.60 4 43.8 580 0.90 0.08 12.23 7.93
mMDM2 2GV2 1.80 32 54.2 1207 3.92 0.005" 6.88 212
mMDMm2 1RV1 2.30 9 51.2 690 0.83 0.14" 9.93 8.23
mMDM2 1TTV - 6 32.3 458 0.47 0.16" 14.83 14.43
MDM4 3FE7 1.35 32 65.9 1172 3.95 0.075 6.08 1.80
mDM4 3FEA 1.33 32 57.8 1207 3.95 0.036 6.17 1.88
ML-IAP-BIR 10Y7 2.70 13 25.0 400 1.72 4.4°% 13.38 3.11
ML-IAP-BIR 10XN 2.20 13 231 372 1.72 2.1¢ 15.25 3.30
ML-IAP-BIR 10XQ 2.30 10 259 384 1.23 0.5¢ 16.43 5.11
ML-IAP-BIR 3F7G 2.30 10 41.2 466 1.06 0.043% 15.82 6.94
ML-IAP-BIR / XIAP-BIR3 2I3H 1.62 10 20.6 472 1.62 0.03¢ 15.95 4.64
ML-IAP-BIR / XIAP-BIR3 2131 2.30 6 25.7 498 1.13 0.05¢ 14.67 6.46
ML-IAP-BIR / XIAP-BIR3 1TW6 1.71 10 25.9 384 1.23 0.35¢ 16.83 5.24
ML-IAP-BIR / XIAP-BIR3 3F7H 1.80 9 36.8 520 0.95 0.08¢ 13.66 7.46
ML-IAP-BIR / XIAP-BIR3 3F7I 1.90 7 20.0 480 0.95 0.046°¢ 15.30 7.71
TNF-alpha 2AZ5 2.10 9 45.0 549 0.43 22h 8.49 10.88
TNFRe1 1FT4 2.90 6 71.0 458 0.85 0.27" 14.36 7.75
XIAP-BIR3 1TFQ - 7 34.4 444 0.95 0.012 17.86 8.33
XIAP-BIR3 1TFT - 9 33.3 536 1.04 0.005 15.50 7.95
XIAP-BIR3 2JK7 2.82 8 38.9 488 0.95 0.0672 14.71 7.54
XIAP-BIR3 3CM2 2.50 10 50.0 494 1.34 0.34% 13.10 4.83
XIAP-BIR3 3CM7 3.10 10 222 494 1.26 0.25% 13.37 5.22
XIAP-BIR3 3CLX 2.70 10 41.7 494 1.26 0.25¢ 13.37 5.22
XIAP-BIR3 20PY 2.80 8 281 439 1.59 30 10.29 2.84
XIAP-BIR3 20PZ 3.00 10 32.3 433 1.46 0.5 14.57 4.31
XIAP-BIR3 3G76 3.00 27 38.2 975 2.38 0.23" 6.81 2.79
XIAP-BIR3 3EYL 3.00 1 43.2 508 1.34 0.22¢ 13.11 4.98
XIAP-BIR3 3HL5 1.80 8 51.4 508 1.21 0.034¢ 14.71 6.18
XIAP-BIR3 2VSL 2.10 14 30.3 462 1.40 0.0042 18.19 6.01
ZipA 181J 2.18 0 44.4 241 0.37 498 22.00 14.24
ZipA 1818 2.10 6 321 405 0.73 49¢ 13.13 7.31
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1Y2F 2.00 6 36.7 425 0.84 12 11.58 5.83
1Y2G 1.90 3 26.9 344 0.66 83 11.85 6.19

2] Resolution of the crystal structure. In A. For NMR structures, no value is given.

*I The ligand’s number of torsions as indicated by AutoDock.

[ percentage of the ligand exposed to solvent, i.e., where there is no contact of a ligand atom
to the protein interface. A ligand atom was defined to be not in the interface when there is no
protein atom within a distance of 4 A.

[I'Molecular weight

I polar surface area

[t Protein-ligand binding constants (Kd, K or ICs¢); “n.d.” indicates that no binding constant
was found.

[g] K;

e 50

ti Binding efficiency index; BEI = (pKOI or pK; or pICsp)/MW; “n.d.” indicates that no value
for BEI could be determined.

U Surface efficiency index; SEI = (pKd or pK; or pICs0)/PSA; “n.d.” indicates that no value for
SEI could be determined.
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Table S5: Properties of protein-protein interfaces.

Target protein PDB ID No. of No. of No. of No. of No. of Pocket Hot[sy{)ots
arom. charged  polar res. hydro. salt- volume ¢
res. res. le res.ld! briges!®! Al

BelL-2 4AQ3 5 3 0 5 0 827.1 n.d.

Bel-2 2022 1" 5 4 19 0 239.42

Bel-2 202F 9 8 3 9 0 257.52

BelL-2 1YSW 8 8 5 13 0 350.74

BcL-2/ BeL-XL chimera 2W3L 6 8 1 9 0 186.52 n.d.

BoL-XL 202M 8 6 3 13 0 205.12

BeL-XL 202N 10 9 5 13 0 3276  DYRIOT

BeL-XL 3INQ 5 5 1 4 1 993.3 GLN125
VAL126

BeL-XL 3QKD 7 4 2 6 1 1042.9 LEU130

BeLXL 1YSG 5 7 6 10 0 29124 AgN136

BeL-XL 1Y8SI 8 8 5 17 0 47122 ARG 139

BeL-XL 1YSN 8 5 6 12 0 285.06 TYR195

BeL-XL 2YXJ 10 9 9 14 0 325.96

Calmodulin 1A29 5 17 7 29 0 1207.46 None

Calmodulin 1CTR 2 7 1 1 0 144.26

Calmodulin 1LIN 5 18 5 29 0 1169.82

Calmodulin 1MUX 2 5 1 14 0 152.40

Calpain 1ALW 4 3 1 8 1 83.24

Calpain 1NX0 4 4 2 1 0 61.60 nd.

DIAP1-BIR1 1SE0 2 5 1 2 0 3564 ILES7

DIAP1-BIR1 1SDZ 2 5 1 2 0 32.94 Asp94
TRP103
ASN106
ARG111
ASP135
ILE136
ASP141

DIAP1-BIR2 1JD5 4 6 4 6 0 103.66

DIAP1-BIR2 1JD6 2 5 3 4 0 55.22 nd.

DIAP1-BIR2 1Q4Q 2 4 4 5 0 53.58

Grb2-SH2 1BM2 3 4 3 2 2 44.56 n.d.

Grb2-SH2 1JYR 4 5 6 4 2 83.72

Grb2-SH2 1ZFP 3 5 3 3 1 49.30

HexA 2GK1 7 9 1 1 0 85.36 n.d.

hGST P1-1 22GS 2 4 1 3 0 23.32 n.d.

HIV Integrase 3LPT 1 0 3 3 0 114.42 TRP131
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HPV11-E2 1R6N 5 3 7 6 0 289.76 TRP446
ARG447
ARG454
TYR455
ILE461
ARG622
Human Cardiac Troponin 1DTL 7 28 11 38 0 1036.38
Human Cardiac Troponin 11HO 3 5 0 13 0 171.06 V160
Human Cardiac Troponin 2KDH 2 4 0 14 0 124.34
Human Cardiac Troponin 2KFX 4 2 3 16 0 223.78
IL2 1M48 3 5 2 5 1 56.02 ARG38
L2 1M49 3 5 4 5 1 48.80 PHE42
IL2 1PW6 8 22 9 18 1 967.86 TYR45
L2 1PY2 2 2 1 4 1 32.38 TYR107
IL2 1QVN 2 2 1 4 1 23.94
INTEGRIN Alpha (lib) 2VC2 8 9 7 8 0 326.52 n.d.
INTEGRIN Alpha (lib) 2VDM 8 9 6 8 0 301.40
INTEGRIN Alpha (lib) 2VDN 9 9 7 8 1 336.66
INTEGRIN Alpha (lib) 2VDO 9 10 7 8 1 313.68
INTEGRIN Alpha (lib) 2VDP 8 10 6 9 1 291.82
INTEGRIN Alpha (lib) 2VDQ 10 14 8 10 1 323.94
INTEGRIN Alpha (lib) 2VDR 9 10 6 5 1 129.40
MDM2 2AXI 7 3 3 11 0 195.50 ILE57
mMDMm2 1T4E 7 2 4 13 0 183.66 TYR63
MDM2 2GV2 8 0 2 11 0 177.22 TYR96
MDM2 1RV1 7 0 2 9 0 101.20
MDM2 1TTV 6 0 1 13 0 80.64
MDM4 3FE7 5 1 3 10 0 134.04 ILE6O
MDM4 3FEA 5 1 2 14 0 141.14 TYR66
GLN71
VAL92
TYR99
ML-IAP-BIR 10Y7 2 3 2 1 0 24.62 n.d.
ML-IAP-BIR 10XN 2 3 2 2 0 26.12
ML-IAP-BIR 10XQ 2 2 2 1 0 17.20
ML-IAP-BIR 3F7G 3 5 3 3 0 56.50
ML-IAP-BIR / XIAP-BIR3 2I3H 2 3 2 1 1 10.02
ML-IAP-BIR / XIAP-BIR3 213l 2 3 2 1 0 12.32 n.d.
ML-IAP-BIR / XIAP-BIR3 1TW6 2 3 2 1 0 23.80
ML-IAP-BIR / XIAP-BIR3 3F7H 2 4 2 1 0 21.76
ML-IAP-BIR / XIAP-BIR3 3F7I 2 2 2 1 0 21.80
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TNF-alpha 2AZ5 1 0 2 3 0 1134.60 TYR59
ILE97

ARG103
LYS112
TYR115
TYR119
VAL123
ILE155

TNFRe 1FT4 6 0 4 6 0 33.02 None

XIAP-BIR3 1TFQ 2 5 2 4 0 25.14

XIAP-BIR3 1TFT 1 3 2 1 0 12.56 LEU307
GLU319

XIAP-BIR3 2JK7 2 5 2 4 0 43.22 TRP323

XIAP-BIR3 3CM2 2 3 2 1 0 46.00 TYR324

XIAP-BIR3 3CM7 2 5 2 4 0 42.80 ASN340

XIAP-BIR3 3CLX 6 9 7 7 0 426.88 LEU344

XIAP-BIR3 20PY 6 7 7 7 0 162.44

XIAP-BIR3 20PZ 3 6 2 4 0 53.82

XIAP-BIR3 3G76 13 17 8 24 0 754.94

XIAP-BIR3 3EYL 2 3 2 1 2 21.14

XIAP-BIR3 3HL5 2 5 2 4 0 40.34

XIAP-BIR3 2VSL 2 3 2 1 0 17.56

ZipA 181J 2 1 1 2 0 11.72

ZipA 1818 1 0 2 7 0 30.68

ZipA 1Y2F 1 3 4 8 0 89.76 VALBS

ZipA 1Y2G 1 2 2 3 0 15.60 LYS66

[ Number of aromatic residues in the protein binding interface. The interface is defined as all
residues within 5 A distance around the ligand.

*I Number of charged residues in the protein binding interface. The interface is defined as all
residues within 5 A distance around the ligand.

[l Number of polar residues in the protein binding interface. The interface is defined as all
residues within 5 A distance around the ligand.

'Number of hydrophobic residues in the protein binding interface. The interface is defined
as all residues within 5 A distance around the ligand.

I Number of salt bridges between protein and ligand.

M pockets were determined with PocketAnalyzer“, corresponding volumes were calculated
with McVol*,

le] Hotspots were determined with DrugScore™"" ¥ A residue was considered to be a medium

hotspot if AAGey > 1.0 kcal/mol and < 1.5 kcal/mol and to be a strong hotspot if AAG gy >
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1.5 kcal/mol. Residue identifiers for strong hotspots are underlined. “n.d.” indicates that no
protein-protein complex structure is available. “None” indicates that no hotspot could be

determined.




10.4.1 Paper IV - Supplementary Information

How good are state-of-the-art docking tools in predicting ligand binding modes in protein-protein interfaces?
D. M. Kriiger, G. Jessen, H. Gohlke

S26

Figures

Success rate (RMSD < 2A) [%]

Figure S1: Success rates for re-docking on the CCDC/Astex clean set® with three versions of
AutoDock, two DrugScore-adapted AutoDock versions, and GlideSP are depicted in blue.
When “1° rank is stated, the solution from the first rank with the lowest energy was
considered as the result. When “larg. clust.” is stated, the solution from the the first rank with
the lowest energy from the largest cluster was considered as the result. In addition, success

rates for re-docking on the PPIM dataset are depicted in green for DrugScore-adapted

1004

“performed on a dataset of 89 PP binders
* neglecting ligands with rotatable bonds > 20

64.3%

58.5% 5719 (62.1%)*

54.0% 53.8%

42.0%

(45.5%)*
30.0%

AD3 AD3 AD3DS AD3DS AD4 AD4 AD4DS AD4DS ADVINA GLIDESP AD3DS GlideSP
1strank larg. clust. 1strank larg. clust. 1strank larg. clust. istrank larg. clust. o PP PP

Docking method & solution resource

AutoDock3 and GlideSP.
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“performed on a dataset of 89 PPI binders

Figure S2: Percentage of largest clusters for a given minimal number of ligand

conformations. For example, DrugScore-adapted AutoDock3 generated largest clusters with

89.3% of them containing more than 10 conformations, 71.0% containing more than 30

conformations, and 57.6% containing more than 50 conformations. Results are shown for

docking with AutoDock version 3 and 4 to the CCDC/Astex clean set*’ and with DrugScore-
adapted AutoDock3 to the PPIM dataset.
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450+ Aperformed on a dataset of 89 PPI binders
*neglecti with bonds > 20 (401.9)°
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AD3 AD3DS AD4 AD4DS ADVINA  GLIDESP AD3DS GlideSP
PPI® PPI®

Docking method
Figure S3: Average runtimes per compound for re-docking on the CCDC/Astex clean set®
are depicted in blue for three versions of AutoDock, two DrugScore-adapted AutoDock
versions, and GlideSP. The same is shown for re-docking on the PPIM dataset, depicted in
green for DrugScore-adapted AutoDock3 and GlideSP. In the case of AutoDock, average
runtimes were calculated over 100 docking simulations each. In the case of Glide, the average

runtime is reported per compound per docking job.
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100+
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Docking method
are S4: Success rates for re-docking on a subset of 135 protein-ligand complexes from the
DC/Astex clean set*’ with GlideSP based on differently prepared proteins and ligands. The
set chosen agrees with the dataset from Friesner ef al.” I) “SEP” indicates that the protein and
ind were separated and, subsequently, prepared independently from each other, i.e., the protein
s prepared with PrepWizard, and the ligand was prepared with LigPrep. “F” indicates that
pWizard was used with full setup including H-bond assignment and minimization, whereas
" indicates that PrepWizard was only used to add hydrogens. II) “COM” indicates that the
tein-ligand complex as a whole was prepared with PrepWizard using full setup including H-
1d assignment and minimization. For comparison the results from Friesner et al.” are denoted

“REF”. The success rates for the whole CCDC/Astex clean set* are given as the first two bars.
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BEI

SEI

Figure S5: Mapping of binding (BEI) and surface (SEI) efficiency indexes for the 54 PPIM
from the PPIM dataset. Docking successes obtained with Autodock3 and DrugScore are
depicted in blue, failures in red. The dashed green lines mark the lower (BEI) and upper (SEI)
limits of the efficiency indices within which most of the PPIMs (61.3%) were docked

successfully.
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Figure S6: Mapping of binding and surface efficiency indexes for the 26 (modified) peptide
ligands from the PPIM dataset. Hits achieved with Autodock3 and DrugScore are depicted in
blue, failures in red. The dashed green lines mark the lower (BEI) and upper (SEI) limits of
the efficiency indices within which most of the PPIMs (90.9%) were docked successfully.
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