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Abstract

Knowledge of the binding sites of biomolecules and understanding the com-

plex formation of proteins are essential for the understanding of the functional-

ity of biological processes. Bioinformatic methods can be used if experimental

methods are unable to resolve the structure of individual protein complexes.

The aqueous solvent in the cell surrounds the proteins and other biomolecules

and can in�uence the stability and functionality of those molecules. This thesis

is concerned with the question, whether solvent molecules and the protein's

surface interact di�erently depending on the function of the surface. The study

analysis the behavior of solvent molecules at protein-protein and protein-ligand

binding sites.

Experimental methods are often applied to solve the three dimensional

structure of protein-protein complexes at high resolution. If this is not pos-

sible for individual protein complexes, computational docking can be used to

generate possible complexes by means of a force �eld based approach. In the

second part of this thesis, methods for the optimization of complex predic-

tion are investigated. Predictions from bioinformatic methods ans information

from experiments are used to optimize the docking procedure. This method is

then applied to predict the three dimensional structure of a protein complex

which could not be resolved so far.

Solvation of proteins, mixed solvents, protein binding site prediction, protein-

small ligand binding site prediction, desolvation penalty, unbound protein pro-

tein docking, C1q, complement system, complex prediction





Zusammenfassung

Die Kenntnis der Bindestellen von Biomolekülen sowie des Bindungspro-

zesses zweier oder mehrerer Proteine ist von entscheidender Bedeutung für

das Verstehen biologischer Prozesse. Rechnerbasierte Methoden können ein-

gesetzt werden, wenn experimentelle Methoden für die Aufklärung einzelner

Proteinkomplexe nicht anwendbar sind.

Die wässrige Lösung innerhalb der Zelle, welche die Proteine während ihres

Lebenszyklus umgibt, kann die Funktion und die Form ebendieser beein�ussen.

Daher beschäftigt sich der erste Teil dieser Arbeit mit der Frage, ob die In-

teraktion zwischen Molekülen der Flüssigkeit und der Proteinober�äche in

Abhängigkeit von der Funktion der Ober�äche variiert. Im Fokus der Unter-

suchungen stehen dabei Bindestellen zwischen zwei Proteinen sowie zwischen

Proteinen und kleinen organischen Bindepartnern.

Mit Hilfe experimenteller Methoden ist es oftmals möglich dreidimensio-

nale Strukturen von Proteinkomplexen in hoher Au�ösung zu bestimmen.

Sind diese für spezielle Proteinkomplexe nicht anwendbar, können computer-

gestützte Methoden zur Bestimmung des Komplexes herangezogen werden.

Diese generieren, zum Beispiel mit Hilfe von Kraftfeld basierten Interaktions-

berechnungen, mögliche Komplexe. Im zweiten Teil dieser Arbeit werden Me-

thoden zur Optimierung der Komplexbildungsvorhersage untersucht. Dazu

werden computergestützte Bindestellenvorhersagen sowie Informationen aus

experimentellen Studien herangezogen. Abschlieÿend wird die Leistungsfähigkeit

dieser Prozedur an einem Beispiel mit unbekannter dreidimensionaler Struktur

demonstriert.

Solvatisierung von Proteinen, Bindeseitenvorhersage, Protein-Liganden Bindung,

Desolvatisierungskosten, Optimierung des Protein-Protein Dockings, Komplexvorher-

sage
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Chapter 1

Introduction

Interactions between biomolecules are essential for the functioning of biological

systems. The life cycle of a cell is determined by cellular processes, based on

interactions between proteins, organic ligands, DNA and RNA. They take place

in the aqueous solution within the cell, under the direct or indirect in�uence

of the aqueous solvent, which all these interactions have in common.

The binding of water and other solvents to the surface of proteins has been

under investigation by experimental groups for decades, and has revealed in-

formation on dry and wet protein binding interfaces. Often single solvent

molecules tightly bound to the surface, or known to be involved in biologi-

cal processes, were observed. In recent years, more and more computational

approaches arose, investigating the binding and the dynamics of diverse sol-

vents. These methods are becoming of increasing interest in the context of

binding site as well as binding a�nity prediction, especially for ligand design

in pharmaceutical research.

Besides the prediction of binding sites, the prediction of the three-dimensional

structure of a complex between two or more proteins is of essential interest.

X-Ray crystallography and other experimental methods reveal the structure of

protein complexes, but are limited to the size of the system, its dynamics and

structural features. In the past decades, many di�erent methods have been

developed to computationally predict the structure of associated proteins, as

well as the driving forces of this complex formation. The �nding of such com-

plexes is often supported by knowledge on the binding process derived from

experimental studies or computational prediction methods.



2 Introduction

In this thesis, both of the above introduced �elds of research have been

investigated. The behavior of solvents in known protein binding sites was

analyzed and the use for binding site prediction explored. Furthermore, the

best practice for the use of external data for complex prediction was developed

within a competitive complex prediction approach, and the limit of achievable,

using state of the art bioinformatics methods, shown. This procedure has been

applied to a protein complex of the complement system with an unknown three

dimensional structure, relevant for medical research in the �eld of immunology,

to predict the former unknown three dimensional structure.



Chapter 2

Fundamentals

2.1 Protein interactions

Many processes in biological systems are based on the interaction between pro-

teins and other biomolecules. Therefore, knowledge on the kind of interaction

is crucial for understanding the function and dynamics of biomolecular pro-

cesses. Proteins can interact with most of the components in the cell, as there

are other proteins, peptides, small organic ligands, DNA and RNA, lipids and

others. Some form high a�nity complexes which last for nearly the whole life-

time of the proteins (Gavin et al., 2002) and ful�ll their function only in those

special and often complex arrangements (for example transporter proteins in

membranes). Other complexes form just for a short period to activate processes

in the cell (e.g. in the signal pathway) or bind until other interactions occur

(e.g. enzyme inhibitors). A full understanding of cellular functions requires

structural knowledge of all these interactions. It will not be possible, in the

foreseeable future, to determine the structure of all detected protein-protein

interactions (PPI) experimentally at high resolution. Structural modeling and

structure prediction is of increasing importance to obtain at least realistic

models of complexes (Halperin et al., 2002, Bonvin, 2006, Andrusier et al.,

2008, Vajda and Kozakov, 2009, Zacharias, 2010a). If the structure of the iso-

lated protein partners or of closely related proteins is available it is possible to

use a variety of computational docking methods to generate putative complex

structures.

The driving force for the protein binding process corresponds to the associ-

ated change in free energy which depends on the structural and physicochem-
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ical properties of the protein partners. The �lock and key� concept of binding

proposed by E. Fischer (Fischer, 1894) emphasizes the importance of optimal

sterical complementarity at binding interfaces as a decisive factor to achieve

high a�nity and speci�city.

However, proteins and other interacting biomolecules are not rigid but can

undergo a variety of motions, even at physiological temperatures. The in-

duced �t concept has evolved based on the observation that binding can result

in signi�cant conformational changes of partner molecules (Koshland, 1958).

Within this concept protein partners induce conformational changes during the

binding process that are required for speci�c complex formation. It should be

emphasized, that in principle all possible molecular recognition processes re-

quire a certain degree of conformational adaptation. In recent years, extensions

of the induced-�t concept emerged, based on ideas from statistical physics. A

preexisting ensemble of several inter convertible conformational states being in

equilibrium has been postulated (Tsai et al., 1999). Structures are among these

states close to the bound and unbound forms. Binding of a partner molecule

to the bound form shifts the equilibrium towards the bound form. Since every

conformation is, in principle, accessible albeit with a potentially low statistical

weight already in the unbound state the original induced �t concept is a special

case of ensemble selection where only the presence of a ligand gives rise to an

appreciable concentration of the bound partner structure.

Proteins can often form a complex with a variety of di�erent binding part-

ners, either at di�erent or shared binding sites (Gavin et al., 2002, Rual et al.,

2005). Interactions between those partners are of diverse strength and can

base on di�erent types of interactions as electrostatic interactions (Schreiber

and Fersht, 1996, Sheinerman and Honig, 2002), hydrogen bonding and salt

bridges across the binding site (Xu et al., 1997), the hydrophobic e�ect (Tsai

et al., 1997), water mediated hydrogen bonding (Rodier et al., 2005) or cofac-

tor induced binding (Ryu et al., 1999, Giangrande et al., 2000). Hints on the

interactions that play a role in an individual binding process can be derived

from the protein structure of the isolated proteins, as well as assumptions on

the contribution of particular residues to binding, undergoing some kind of

interaction (e.g. electrostatic interactions, hydrophobicity). Other possible

binding factors (hydrogen bonding networks, cofactor induced binding) need

additional information that is often not available or has to be generated with

costly methods.



2.1 Protein interactions 5

Figure 2.1 � Examples of protein-protein and protein-ligand associations. A) Small ligand bound
within an enclosed cavity with mostly hydrophobic residues in the surrounding (pdb1srf). B) Ligand
bound to the surface of a protein, inhibiting the protein-protein association of Interleukin 2 (IL 2) and
IL-R2α (pdb1pw6). Possible polar contacts between protein and ligand are shown as red dots. C)
Example of a protein-protein binding with the binding site of alpha-Amylase and it's inhibitor shown
in surface representation (pdb1tmq).

A binding site can be determined as those residues buried under complex

formation and which become inaccessible from solvent. To ease this criterion

often atoms within a distance of 5 Å to the protein partner in a known complex

are counted as binding site atoms. Since not all residues within a binding site

have to contribute to the binding in the same manner (Reichmann et al., 2005),

regions that add a high amount to the binding free energy are called a protein

binding sites �hot spot� (Clackson and Wells, 1995, Bogan and Thorn, 1998)

and are obligatory for many complex formation processes.

It is often found that in case of protein-protein binding the binding region

of a protein can be split into a core region and a rim region. The core is

completely buried upon complex formation and often of hydrophobic nature,

whereas residues in the rim region can be, at least partially, solvent exposed

(Clackson and Wells, 1995, Janin and Seraphin, 2003, Bahadur et al., 2004).

The size of the binding site also contributes to the strength of the coupling

between proteins as well as the packing of residues (Conte et al., 1999). Ad-

ditionally, the composition of those regions or hot spots often di�ers from
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other regions on the protein's surface (Jones and Thornton, 1996, Tsai et al.,

1997, Bahadur and Zacharias, 2008), as also the geometric arrangement of the

residues. Binding sites for small ligands, like organic molecules, often tend

to be concave and form in many cases a cavity with distinct physiochemi-

cal properties like a high amount of hydrophobic residues (Mattos and Ringe,

1996, Vajda and Guarnieri, 2006) whereas protein-protein binding sites often

have a more �attened contact area (with exceptions, e.g. enzyme-inhibitor

complexes; some examples of protein-protein and protein-ligand binding are

shown in Figure 2.1).

Many statistical analysis have been performed from known crystal struc-

tures to characterize protein-protein binding sites (Jones and Thornton, 1996,

Tsai et al., 1997, Glaser et al., 2001, Janin and Seraphin, 2003, Reichmann

et al., 2005) as well as protein-small ligand binding sites (Mattos and Ringe,

1996, Liang et al., 1998, Vajda and Guarnieri, 2006). In some cases a signi�-

cant di�erence between binding site and non binding site could be found, while

in other cases the binding site followed the average distribution of physiochem-

ical properties and residue concentrations (Lichtarge et al., 1996, Conte et al.,

1999, Chakrabarti and Janin, 2002).

Experimental methods have been developed to identify protein binding sites,

such as mutagenesis experiments, e.g. alanine scanning. In these experiments

guessed or predicted residues are substituted with an alanine residue and the

change in binding free energy is measured (Cunningham andWells, 1989, Wells,

1990, 1991). High changes in binding free energy above a given threshold, in-

dicate the relevance of the residue in the binding process (Thorn and Bogan,

2001, Keskin et al., 2005). Hot spots of binding can be identi�ed with this

method at the cost of high lab e�ort. Computational methods try to follow

these methods (Kortemme and Baker, 2002, Benedix et al., 2009) by iden-

ti�cation of such hot spots due to alanine scanning. Hot spot and binding

site prediction has also been the e�ort of many computational approaches (re-

viewed in Zhou and Qin (2007), de Vries and Bonvin (2008), Leis et al. (2010),

Wass et al. (2011)) which base on di�erent interaction motifs or statistical

evidence.
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2.2 Protein interaction prediction

If there is no information on the binding sites of a protein given by experimen-

tal methods, in silicio approaches are used to predict atoms or residues that

are involved into binding processes. Those predictors aim to de�ne atoms,

residues or approximated regions on the protein's surface involved into bio-

logical processes on the base of either the properties of the protein itself or

meta informations e.g. from data mining processes. The former try to identify

characteristics of active sites: One starting point is to scan and select physico-

chemical properties of the protein that mediate protein-protein or protein-small

ligand interactions while alternative methods take the geometric characteristics

into account and ascertain cavities and clefts where small ligands or peptides

can bind. The latter use information on evolutionary conservation or structure

alignment methods to identify known interactions in similar proteins that can

be assigned to the investigated protein. As a bene�t, if the number of similar

proteins is reasonably high, it is also possible to get information for structures

where only the sequence is known and, with the help of homology modeling,

propose three dimensional structures including their interaction hot spots.

2.2.1 Protein-protein interaction prediction

One of the most challenging parts of protein-protein interaction prediction is

the combination of properties with independent predictive power in such way

that the wide range of possible protein-protein complex formations is captured.

Since no basic rule de�nes the association of proteins and many di�erent types

of aggregations with di�erent dominating interactions exist, predictors tend to

be more predictive for certain types of association than for others. Protein-

protein complexes can be divided roughly into two groups: permanently (ho-

modimers/heterodimers or multimers) or transiently bound. The former type

of complexes can be determined with experimental methods � at least up to a

certain size � while, for the latter, the duration and conformation of the com-

plex formation determines if it can be captured with experimental techniques �

this class includes interesting cases like enzyme-inhibitor or antigen-antibody

complexes.

The properties of binding sites can be divided into three groups: 1. Prop-

erties of residues; 2. Evolutionary conservation; 3. Data obtained from atomic

coordinates; the latter property includes, for example, secondary structure or
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solvent accessibility of residues or protein regions (according to de Vries and

Bonvin (2008)). Zhou and Qin (2007) and de Vries and Bonvin (2008) an-

alyzed existing predictors which are available as a web-server and evaluated

the performance of these servers, using 25 structures from the CAPRI targets

and several other datasets. They showed the diversi�ed methods, each tar-

geting one or more of the di�erent properties of binding sites, and their key

bene�ts on very di�erent test sets, including permanent and transient bound

complexes.

An increasing amount of information on protein-protein interaction has been

gathered during the last decade using experimental methods. Improved tech-

niques in structure identi�cation like X-Ray crystallography or NMR Spec-

troscopy enrich databases such as the protein database (Berman et al., 2000)

with new complexes which are the basis for statistical analysis. This makes it

possible to include information from those analysis of known protein binding

sites into PPI prediction, beside the individual physicochemical property ex-

amination. Out of these, evolutionary methods analyzing the conservation of

certain key residues show a high amount of signi�cance.

Evolutionary methods

Residues that ful�ll an essential role in the life cycle of a protein are often

evolutionary conserved for a family of proteins within one species or through

comparable classes of proteins in di�erent species. Those residues play a lead-

ing role in protein folding or in the interaction with other molecules (Lichtarge

et al., 1996, Lichtarge and Sowa, 2002). Highly conserved residues, at the pro-

tein surface not involved in folding, are often found to be part of fundamental

protein functions in the cell.

Information from data bases are used to generate classes and subclasses of

protein families. Sequence alignment is a frequently used method to identify

conserved residues within a family of structures (Lichtarge et al., 1996, Ar-

mon et al., 2001, Mihalek et al., 2004). Although residue conservation shows

high bene�t in identifying protein-protein interaction sites, it is not su�cient

to determine the correct binding site for all complexes (Ca�rey et al., 2004).

This is also, because in many similar structures, single residue mutations can

occur, reducing the e�ciency of sequence conservation methods and entail

more sophisticated methods to cluster families of relevant proteins (La and
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Kihara, 2012). Therefore, many PPI predictors based on sequence analysis,

combine this information with other data e.g. derived from physicochemical

analysis. Some methods focus on sequence conservation and physicochemical

property analysis like WHISCY (surface sequence conservation and physico-

chemical features, de Vries et al. (2006)), consPPISP (position speci�c sequence

conservation and solvent accessibility, Chen and Zhou (2005)), others identify

evolutionary coherence using phylogenetic trees or evolutionary trace methods.

This methods roughly assemble proteins in families and divide them into sub-

groups (Lichtarge and Sowa, 2002, Mihalek et al., 2004, La and Kihara, 2012)

and might end up with one protein per subgroup and can identify function-

ally conserved residues by merging subgroups (e.g. ET-viewer (Morgan et al.,

2006) or JET (Engelen et al., 2009)).

All these methods have the advantage that only the sequence is necessary to

generate the background for the prediction. Backbone or side chain movement

does not a�ect such kinds of analysis, so that bound as well as unbound struc-

tures can be used. In contrast the local arrangement of residues often matter

for physicochemical analysis (Reuveni et al., 2008, Ruvinsky et al., 2011).

Methods based on physicochemical properties

Amino acid composition and their chemical properties, the arrangement of

amino acids as well as the overall polarity or hydrophobicity of the binding

site became the target of exhaustive investigations (Bordner and Abagyan,

2005, de Vries and Bonvin, 2008, Ezkurdia et al., 2009). Statistical analy-

sis are based mostly on the comparison of properties of amino acids in the

binding site and the rest of the surface of known structures in the protein

database (Berman et al., 2000) or other databases. In such analysis, especially

statistics on residues not in the known binding site, might be diluted by the

lack of knowledge of all interaction sites of a protein. Additionally, the form

of the protein taken for analysis might in�uence the results, e.g. comparison

of unbound and bound structures for known protein binding sites (Reuveni

et al., 2008). A change in side-chain conformation can in�uence calculations

of solvent accessibility of single residues as well as side-chain rotameric con-

formational space or side-chain packing and are therefore concerned in recent

approaches (Lexa and Carlson, 2010, Ruvinsky et al., 2011, Kozakov et al.,

2011). Also none of the investigated properties showed themselves to be ade-
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quate to identify all protein binding sites on its own. As a consequence, most

predictors combine the detection of several of these physicochemical features

as well as additional sequence conservation methods.

Nevertheless, some distinguishing features could be found. Di�erences in

the solvent accessibility of residues had been observed and included into pre-

diction methods, showed larger accessibility in the binding site than on average

(Jones and Thornton, 1997a, Porollo and Meller, 2007). This might also be an

implication of secondary structure arrangements found in binding sites which

showed a preference for beta strand formations over helices and in other cases

an enlargement of unstructured loops (Neuvirth et al., 2004), which are often

found in inhibitor complexes. Such kind of analysis have been used in Pro-

Mate (Neuvirth et al., 2004), giving valid results for many targets and has

therefore found it's way into recent consensus prediction methods. Also the

ability to adapt di�erent rotameric states is limited compared to residues not

in the binding site (Liang et al., 2006). The composition of the residues can

also di�er so that single residues or combination of residues are more often

found within certain binding sites than on the rest of the surface (Lichtarge

et al., 1996).

Of all physicochemical features the desolvation property of a protein area

has shown to be a promising characteristic and is used directly or indirectly in

a variety of methods. The desolvation penalty denotes the energy necessary

to remove water from a protein surface and can be calculated as the loss of

solvent accessibility upon binding.

Optimal docking areas (ODA) are used to predict binding sites by cal-

culating the solvent accessible surface area (SASA) of patches of residues

(Fernández-Recio et al., 2005). A second possibility is to calculate the change

in electrostatic energy upon binding using small probes (Fiorucci and Zacharias,

2010a). This method also detects changes in the electric �eld upon loss of sol-

vent accessibility on the protein's surface by solving the Poisson-Boltzmann

equation (Baker et al., 2001) but which comes with the demand of more com-

putational e�ort than the calculation of SASA. Electrostatic recognition also

plays a role in complex formation and formation stability for many complexes

(Schreiber and Fersht, 1996, Camacho et al., 1999, Sheinerman et al., 2000).

Since also the overall hydrophobicity di�ers from binding site to non binding

site, for single targets exhaustive analysis were made to identify binding sites

of pharmaceutical interest (Chennamsetty et al., 2011).
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Consensus prediction

Although many of the above mentioned predictors already combine several dif-

ferent approaches, the attempt to use multiple predictors to generate consensus

predictions has shown noticeable improvement. Cport (de Vries and Bonvin,

2011) for example uses with WHISCY (de Vries et al., 2006), PIER (Kufareva

et al., 2007), ProMate (Neuvirth et al., 2004), cons-PPISP (Chen and Zhou,

2005), SPPIDER (Porollo and Meller, 2007) and PINUP (Liang et al., 2006)

six stand alone predictors to generate a combined prediction. Three modes in

Cport allow a precise prediction up to a strong overprediction, including none

up to all of the predictions of the single predictors. Meta-PPISP (Qin and

Zhou, 2007) includes the three predictors cons-PPISP, ProMate and PINUP

and generates a new scoring using a linear regression method. A third consen-

sus predictor MetaPPI (Huang and Schroeder, 2008) generates surface patches

with a score depending on the occurrence in the results of the single predic-

tors as binding site. PPISP, SPIDDER, PINUP, PPI-PRED (Bradford and

Westhead, 2005) and ProMate were used to generate the initial predictions.

All these meta prediction tools were designed to ful�ll a speci�c task. Cport

was developed for data driven docking with HADDOCK (Dominguez et al.,

2003) providing a list of residues for restrained docking. MetaPPI was devel-

oped to �lter results after docking with the BDOCK docking program (Huang

and Schroeder, 2008) and therefore provides continuous patches. Meta-PPISP

was designed to combine the di�erent approaches of the used predictors to

consider all possible types of physicochemical features as well as data from

evolutionary conservation but was not designed towards a speci�c complex

prediction approach. Since none of these predictors is able to identify all pos-

sible binding sites, various predictors as well as meta-predictors have been

developed recently and will be in the foreseeable future.

2.2.2 Protein-small ligand interaction prediction

Small organic ligands or small peptides are often bound in concave regions on

the protein's surface. Those shallow areas or cavities are often found to be of

observable physicochemical composition with a large hydrophobic areas and

polar residues with distinct functionality (Miller and Dill, 1997, Liang et al.,

1998). Hydrophobicity, desolvation, electrostatics and sequence conservation

have been found signi�cant to detect small ligand binding sites (Burgoyne and
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Jackson, 2006). The often predetermined location of the ligand in a speci�c

arrangement of residues enables to focus on geometric properties of the surface,

such as deep cavities, as an additional prediction criterion. Most of the small

ligands are found in cavities (Laskowski et al., 1996, Fuller et al., 2009), which

makes geometry-based cavity detection a valuable technique.

Beside the good performance of geometry-based cavity detection (also called

pocket detection), these methods often do not allow prediction of both, the cor-

rect position of the ligand within the pocket and the binding sites' hot spots.

Whether a pocket ful�lling geometric criteria for binding small molecules is

actually able to bind small molecules is part of further investigations. Subse-

quently the question evolves of what kind of small molecules can bind in these

detected pockets and is this cavity druggable, id est of interest for medical ap-

plications. The �rst problem is treated by di�erent methods to exclude parts

of the pockets from the predicted binding area within a larger pocket: DogSite

extracts subpockets (Volkamer et al., 2010), ROLL de�nes the deepness of

cavities (Yu et al., 2010) and PocketPicker uses shape descriptions to de�ne

the buriedness of the cavity (Weisel et al., 2007, 2009), to name but a view

examples of recent techniques. The binding sites' hot spots detection is e.g.

done by placing probes on the surface and calculating favorable interactions

(Laurie and Jackson, 2005), or by adding calculations of solvent accessible sur-

face areas (SASA) and conservation analyzes to the pocket detection (Huang

and Schroeder, 2006).

More sophisticated approaches not only try to identify the binding site but

also attempt to measure binding a�nities or suggest chemical components

as favorable binders. This is done for example, using molecular dynamics

simulations or fragment docking to calculate binding energies within pockets

found to attract small organic ligands (Seco et al., 2009, Kozakov et al., 2011).

Geometry-based approaches - cavity detection

Cavity detection algorithms base on the assumption that small ligands bind

in one of the largest clefts on the protein's surface. Therefore, all algorithms

of this class try to identify suitable cavities on the protein's surface. After the

cavities on the protein's surface are detected, algorithms use either geometric

criteria to identify the most favorable pocket (free volume, deepness, etc.) or

energetic evaluations.
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Figure 2.2 � Figure taken from Huang and Schroeder (2006). The procedure of several geometric
binding site predictors are shown. A) The basic algorithm of Pocket and LIGSITE (Levitt and Ba-
naszak, 1992, Hendlich et al., 1997) places a grid over the protein and discards grid points which are
not placed on grid lines intersecting with the protein. B) The Surfnet algorithm (Laskowski, 1995)
places probes within two atoms and return the largest spheres not intersecting with the protein. C)
CAST (Liang et al., 1998) describes pockets via merged clusters of triangles between protein atoms. D)
PASS (Brady and Stouten, 2000) places probes on the protein's surface and detects those with many
protein atom contacts. This procedure is repeated until no new probe ful�lls the minimal neighbour
criteria.

A method often used to detect cavities, is to set up a grid covering the

complete protein and beyond. The LIGSITE algorithm deletes all grid points

which intersect with the protein and spreads lines from each leftover grid point

along all axis. The grid points are kept that are nested on a line which intersects

with both ends with the protein (Hendlich et al., 1997). Other methods place

large probes on the surface not intersecting with the protein itself and keep all

grid points that have not been covered by the large probes but are in contact

with the protein's surface as for example ROLL does (Yu et al., 2010).

The PASS algorithm (Brady and Stouten, 2000) uses small probes to calcu-

late atom contacts within a given radius of 8 Å. This procedure is repeated, also

covering already placed probes, until no new ones can be found which satisfy

the atom neighbor criterion. Probes with many atom contacts are kept and or-

dered concerning the number of probes de�ning a cavity (Brady and Stouten,

2000) � for a graphical illustration of widely used algorithms see Figure 2.2.

Cavities are often marked with single spots in the center of the prediction or

deliver the grid used, often spreading through the complete cavity (Hendlich
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et al., 1997, Yu et al., 2010), without further investigation of possible binding

hot spots. Some approaches try to reduce the area predicted by deleting edge

points of the accepted grid points (Yu et al., 2010) or by dividing pockets into

subpockets if narrow regions within the predictions could be found (Volkamer

et al., 2010). Cavities are than ranked according to their free volume, other

shape criteria e.g. the deepness of the cavity (Weisel et al., 2007, Yu et al.,

2010) or physicochemical properties of the cavity like solvent accessibility or

hydrophobicity (Halgren, 2007). Cavity detection is also used as a �rst step

towards more exhaustive methods using the detected cavities as initial point

(Venkatachalam et al., 2003, Huang and Schroeder, 2006).

Surface property approaches and methods of comparison

Besides pure geometric cavity detection, energy-based methods or combined

methods have been developed. An extension of the LIGSITE algorithm com-

bines the volume based cavity detection with calculation of solvent accessibil-

ity and residue conservation (LIGSITEcsc by Huang and Schroeder (2006)).

The Q-SiteFinder algorithm calculates van der Waals interactions between a

methyl-group placed on the surface of the protein and the protein atoms in

contact with the probe (Laurie and Jackson, 2005). Also hydrophobic regions

have been investigated and successfully used to predict ligand binding sites

with the Fuzzy-Oil-Drop method (Brylinski et al., 2007).

A more exhaustive approach uses molecular dynamics simulations to inves-

tigate the binding of alcohol within an aqueous solution on the surface (Seco

et al., 2009). The small alcohol was used to identify the binding sites for eight

targets and to estimate the maximum binding free energy ∆G and the disso-

ciation Kd for each binding site, showing good agreement with experiments

(Seco et al., 2009). A grid was used to estimate the amount of alcohol bound

to the surface compared the occurrence in the bulk. The calculation of the

binding free energies also allowed a more sophisticated ranking of the binding

sites and revealed informations for druggable sites (Seco et al., 2009).
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Fragment based methods have also been used to identify putative binding

sites, binding geometries and chemical components most likely binding in the

identi�ed pockets. Often grid based approaches are used to place chemical

components from a large library on the protein's surface and calculate the en-

ergy change upon binding (methods reviewed in Hajduk and Greer (2007)).

Chemical fragments bound to the surface with high a�nity are clustered af-

terwards and large clusters or combinations of small and independent clusters

are used to identify binding sites. Also, the composition of di�erent chemical

fragments within one cluster is used to predict favorable attributes for possible

ligands. With a smaller amount of fragments but with the inclusion of evolu-

tionary information Kozakov et al. (2011) were able to identify the binding hot

spots of 15 protein-protein inhibition sites and determined their druggability.

Since such kind of approaches are time consuming, only small test sets can be

investigated but, as a bene�t, more informations than the simple geometry of

the binding site is generated and often, e.g. with molecular dynamics simu-

lation, �exibility of the protein is included (Seco et al., 2009, Kozakov et al.,

2011, Schmidtke et al., 2011a).

The higher amount of time and computational power that has to be invested,

compared to strictly geometric methods, comes with more information on the

binding spots. For pure detection of the cavities, geometric based method

already show very good results � up to 90% of the binding sites were detected

in the three top ranked predictions, depending on the test set (Huang and

Schroeder, 2006, Yu et al., 2010, Volkamer et al., 2010) and on the criterion

chosen for hit counts (Chen et al., 2011) � but do not reveal any information

beyond the indication of the most likely cavity.

Some methods also include conservation properties in their prediction (Glaser

et al., 2003, Huang and Schroeder, 2006, Kozakov et al., 2011) which have al-

ready shown good performance for protein-protein binding sites. FINDSITE

(Brylinski et al., 2007) enlarges the idea of sequence comparison: Known pro-

teins with bound ligands are aligned with the targeted protein if sequence

identity and RMSD does not exceed a given threshold. Ligand positions are

extracted and clustered and the geometric center of these clusters are returned

as prediction (Brylinski et al., 2007). With a su�ciently large template library,

sequence comparison showed a very good performance (Chen et al., 2011).
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2.3 Protein-protein docking

The purpose of computational protein-protein docking methods is to predict

the structure of a protein-protein complex based on the structure of the isolated

protein partners. One general strategy is to use rigid bodies for the docking

procedure, another one to add �exibility in terms of side chain or backbone

movements. The latter follows the natural behavior of many biomolecules but

adds the challenge of predicting the protein's �exibility to the docking problem.

In the most interesting cases only the unbound geometry, if at all, and

no information on the change upon binding of the protein is known. The

structure of the unbound protein might di�er several Ångstroms from its bound

form, including large side-chain movements in the putative binding site. If the

structure of the isolated partner protein is not known in atomic resolution but

as the sequence of amino acids, it is often possible to build structures based on

sequence homology to a known structure using comparative modeling methods.

2.3.1 Rigid protein-protein docking methods

A variety of computational methods have been developed in recent years to

e�ciently generate a large number of putative binding geometries. The initial

stage consists typically of a systematic docking search keeping partner struc-

tures rigid (Bonvin, 2006, Vajda and Kozakov, 2009). Subsequently, one or

more re�nement and scoring steps of a set of preselected rigid docking solu-

tions are added to achieve closer agreement with the native geometry and to

recognize near-native docking solutions preferentially as the best or among

the best scoring complexes. In the initial search some unspeci�c sterical over-

lap between docking partners is typically tolerated to implicitly account for

conformational adjustment of binding partners (e.g. Pons et al. (2010)).

Among the most common are geometric hashing methods to rapidly match

geometric surface descriptors of proteins (Norel et al., 1994) and fast Fourier

transform (FFT, see Figure 2.3) correlation techniques to e�ciently locate

overlaps between complementary protein surfaces (Katchalski-Katzir et al.,

1992). In the latter approach the two protein partners are represented by

cubic grids, the grid points are assigned discrete values for inside, outside

and on the surface of the protein. A geometric complementarity score can be

calculated for the two binding partners by computing the correlation of the two

grids representing each protein. Instead of summing up all the pair products
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Figure 2.3 � Rigid protein-protein docking using Fast Fourier Transformation to solve a correlation
problem. Receptor and ligand proteins are discretized on three-dimensional grids and are portioned
into inside, surface and outside regions, respectively. Matching of surfaces is measured by the overlap
of surface regions. For each ligand rotation with respect to the receptor the correlation problem is
solved using Fast-Fourier-Transformation (FFT). After �ltering and possible re�nement steps solutions
with high overlap of surface regions (high surface complementarity) are collected as putative solutions.

of the grid entries one can make use of the Fourier correlation theorem. The

corresponding correlation integral can easily be computed in Fourier space.

The discrete Fourier transform for the receptor grid needs to be calculated

only once. Due to the special shifting properties of Fourier transforms, the

di�erent translations of the ligand grid with respect to the receptor grid can be

computed by a simple multiplication in Fourier space. This process is repeated

for various relative orientations of the two proteins. A disadvantage of standard

Cartesian FFT-based correlation methods is the need to perform FFTs for each

relative orientation of one protein molecule with respect to the partner. This

can be avoided by correlating spherical polar basis functions that represent,

for example, the surface shape of protein molecules. It has been successfully

applied in the �eld of protein-protein docking (Ritchie et al., 2008). Recently,

new multidimensional correlation methods have been developed that allow the

correlation of multi-term potentials. Each function needs to be expressed in

terms of spherical basis functions characterizing the surface properties of the

protein partners (Ritchie et al., 2008, Zhang et al., 2009b).

Geometric hashing is another common approach to identify possible protein-

protein arrangements. Each protein surface is discretized as a set of triangles,

which are stored in a hash table. By means of a hash key similar matching

triangles on the surface of protein partners can be found quickly. During dock-
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ing, these triangles comprise points on a molecular surface, having a certain

geometrical (concave, convex) or physicochemical (polar, hydrophobic) char-

acter. By matching triangles belonging to di�erent molecules and being of

complementary character, putative complex geometries can be generated.

A third class of methods uses either Brownian Dynamics (Gabdoulline and

Wade, 2002, Schreiber et al., 2009), Monte Carlo, or multi-start docking min-

imization to generate large sets of putative protein-protein docking geome-

tries (Zacharias, 2003, Fernández-Recio et al., 2003, Gray et al., 2003). These

methods have in principle the capacity to introduce conformational �exibil-

ity of binding partners at the initial search step. Since these approaches are

computational more expensive compared to FFT based correlation methods

or geometric hashing a search is frequently limited to prede�ned regions of the

binding partners (Bonvin, 2006). Alternatively, it is possible instead of atom-

istic models to employ coarse-grained (reduced) protein models to perform

systematic docking searches. With such reduced protein models it is possible

to optimize docking geometries starting from tens of thousands of protein start

con�gurations (Zacharias, 2003, May and Zacharias, 2005). In order to limit

the number of putative complex structures generated during an initial docking

search cluster analysis is typically employed to reduce the number to a subset

of representative complex geometries.

Recently, the limitations of rigid docking strategies combined with a re-

scoring step have been systematically investigated by Pons et al. (2010). The

authors applied a combination of rigid FFT-correlation based docking and re-

scoring using the pyDock approach (Cheng et al., 2007). PyDock combines

electrostatic Coulomb interactions with a surface-area-based solvation term

(and an optional van der Waals term). The protocol showed a very good per-

formance for most proteins that undergo minor conformational changes upon

complex formation (<1 Å Rmsd between unbound and bound structures) but

unsatisfactory results for cases with signi�cant binding induced conformational

changes or applications that involved homology modeled proteins.

A conclusion is that more speci�c scoring requires, at the same time, an

improvement of the prediction accuracy of proposed binding modes in terms

of deviation from the experimental binding interface. It also indicates the cou-

pling between realistic scoring and accurate prediction of the complex struc-

ture.
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2.3.2 Flexible protein-protein docking methods

A signi�cant fraction of experimentally known protein-protein complexes be-

longs to the class that show only little conformational change upon complex

formation. In such cases, it is possible to separate the initial rigid search from

a subsequent �exible re�nement and re-scoring step. However, for many in-

teresting docking cases with large associated conformational changes explicit

consideration of conformational �exibility during the entire docking procedure

or at an early re�nement step appears to be necessary.

One possibility to directly use computationally rapid rigid docking algo-

rithms is to indirectly account for receptor �exibility by representing the re-

ceptor target as an ensemble of structures. The structural ensemble can, for

example, be a set of structures obtained experimentally (e.g. from nuclear mag-

netic resonance (NMR) spectroscopy) or can be formed by several structural

models of a protein. It is also possible to generate ensemble from MD simula-

tions (Grünberg et al., 2004) or from distance geometry calculations (de Groot

et al., 1997). Docking to an ensemble increases the computational demand

and due to the large number of protein conformations may also increase the

number of false positive docking solutions. In the �eld of small-molecule dock-

ing, a variety of ensemble based approaches have been developed in recent

years (reviewed in Totrov and Abagyan 2008). Cross docking to ensembles

from MD simulations have also been used to implicitly account for conforma-

tional �exibility in protein docking (Krol et al., 2007). Mustard and Ritchie

2005 generated protein structures deformed along directions compatible with

a set of distance constraints re�ecting large scale sterically allowed deforma-

tions. Subsequently, the structures were used in rigid body docking searches

to identify putative complex structures.

Conformer selection and induced �t mechanism of protein-protein associa-

tion have been compared by ensemble docking methods using the RosettaDock

approach (Chaudhury and Gray, 2008). The RossettaDock approach includes

the possibility of modeling both side chain as well as backbone changes for a

set of starting geometries obtained from a low-resolution initial search (Wang

et al., 2007). The method was able to successfully select binding-competent

conformers out of the ensemble based on favorable interaction energy with

the binding partner (Chaudhury and Gray, 2008). It was recently shown that

the Rosetta approach can also be used to simultaneously fold and dock the
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structure of symmetric homo-oligomeric complexes starting from completely

extended (unfolded) structures of the partner proteins (Das et al., 2009).

For a limited number of start con�gurations (in the case of knowledge of the

binding sites) it is possible to combine docking with molecular dynamics (MD)

or Monte Carlo (MC) simulations. This allows, in principle, for full atomic

�exibility or �exibility restricted to relevant parts of the proteins during dock-

ing. The HADDOCK program employs MD simulations including ambiguous

restraints to drive the partner structures towards the approximately known

interface (Dominguez et al., 2003). The success of HADDOCK in many Capri

rounds for targets where some knowledge of the interface region was avail-

able underscores also the bene�ts of treating �exibility explicitly during early

stages of the docking process. For protein-protein docking it is always helpful

to include some knowledge on the putative interaction region. In these cases

the docking problem can often be reduced to the re�nement of a limited set of

docked complexes close to the known binding site. Fortunately, for proteins of

biological interest and with experimentally determined structure there is often

also some biochemical (e.g. mutagenesis) data available on residues involved

in binding to other proteins.

Protein partner structures can undergo not only local adjustments (e.g. con-

formational adaptation of side chains and backbone relaxation at the interface)

during association but also more global conformational changes that involve for

example large loop movements or domain opening-closing motions. Proteins in

solution are dynamic and the question to what extent the accessible conforma-

tional space in the unbound form overlaps with the bound conformation, has

been at the focus of several experimental and computational studies. Elastic

Network Model (ENM) calculations are based on simple distance dependent

springs between protein atoms and despite its simplicity are very successful

to describe the mobility of proteins around a stable state (Bahar et al., 1997,

2007).

Systematic applications to a variety of proteins indicate that there is often

signi�cant overlap between observed conformational changes and a few soft

normal modes obtained from an ENM of the unbound form (Tobi and Bahar,

2005, Keskin et al., 2008, Bakan and Bahar, 2009). ENM-based normal mode

analysis has been used to identify hinge regions in proteins (Emekli et al.,

2008) and can also be used to design conformational ensembles. It is also

possible to use soft collective normal mode directions as additional variables
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Figure 2.4 � Docking including minimization in soft �exible normal modes (A) Illustration of
the �exible docking process of the taxi-inhibitor protein (pdb3hd8) to the xylanase target receptor
protein (pdb1ukr) using the ATTRACT program (May and Zacharias, 2005). Putative translational
motion of the inhibitor during docking approach is indicated by an arrow and the deformability of the
xylanse by the superposition of several structures deformed in the softest normal mode (grey backbone
tube representation). Best possible docking solutions (in pink) of the inhibitor relative to the bound
(green cartoon) and unbound xylanase (red tube) are shown for rigid (B) and �exible (C) docking
employing minimization along the 5 softest normal mode directions of the xylanase receptor protein.
The placement of the inhibitor in the experimental

during docking by energy minimization (Zacharias and Sklenar, 1999, May

and Zacharias, 2005). This allows the rapid relaxation of protein structures

on a global scale involving much larger collective displacements of atoms dur-

ing minimization then conventional energy minimization using Cartesian or

other internal coordinates (see Figure 2.4). The application of re�nement in

normal mode variables has been applied successfully in a number of studies

(May and Zacharias, 2005, Mashiach et al., 2010). Based on a coarse-grained

protein model in the ATTRACT docking program (Zacharias, 2003) it has also

been used in systematic docking searches to account approximately for global

conformational changes already during the initial screen for putative binding

geometries (May and Zacharias, 2008). In cases where protein partners un-

dergo collective changes that overlap with the NM variables, the approach

can result in improved geometry and ranking of near-native docking solutions

and can also lead to an enrichment of solutions close to the native complex

structure.
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2.3.3 The ATTRACT docking program

The ATTRACT docking program (Zacharias, 2003, Fiorucci and Zacharias,

2010a) employs a coarse-grained protein representation with two pseudo atoms

per residue representing the main chain (located at the backbone nitrogen and

backbone oxygen atoms, respectively). Small amino acid side chains (Ala, Asp,

Asn, Cys, Ile, Leu, Pro, Ser, Thr, Val) are represented by one pseudo atom

(geometric mean of side chain heavy atoms). Larger and more �exible side

chains are represented by two pseudo atoms to account for the shape and dual

chemical character of some side chains. E�ective interactions between pseudo-

atoms are described by soft distance(rij)-dependent Lennard-Jones(LJ)-type

potentials of the following form:

Attractive pairs:

V = εAB

((RAB

rij

)8 −
(RAB

rij

)6

)
+

qiqj

ε(rij)rij
(2.1)

Repulsive pairs:

V = −εAB

((RAB

rij

)8 −
(RAB

rij

)6

)
+

qiqj

ε(rij)rij
, if rij > rmin (2.2)

or

V = 2emin + εAB

((RAB

rij

)8 −
(RAB

rij

)6

)
+

qiqj

ε(rij)rij
, if rij <= rmin (2.3)

where RAB and εAB are e�ective pairwise radii and attractive or repulsive

Lennard-Jones parameters. At the distance rmin between two pseudo atoms

the standard LJ-potential has the energy emin. A Coulomb type term ac-

counts for electrostatic interactions between real charges (Lys, Arg, Glu, Asp)

damped by a distance dependent dielectric constant (ε = 15r). This form

allows for purely repulsive interacting pseudo-atom pairs. The attractive and

repulsive parameters for each pseudo-atom pair were iteratively optimized by

minimizing the root-mean-square-deviation of near-native docking minima and

by comparing the scoring of near-native minima with many high-scoring decoy

complexes (published in Fiorucci and Zacharias 2010b).
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Figure 2.5 � Prediction of putative protein binding interfaces Predictions were performed with
the meta-PPISP server (Qin and Zhou, 2007) on the partner proteins of an enzyme inhibitor complex
(pdb2sic, left panel) and partners of a second complex (pdb1buh, right panel). In each case one partner
is represented as surface or collection of spheres, respectively. Protein partners are slightly displaced
from the complexed state to indicate the native binding interface. Red indicates high predicted prob-
ability for a residue to be in the binding site and dark blue represents a low probability. Left example:
The results match the real binding site. Right panel: The prediction for the smaller protein overlaps
with the real binding site while for the larger protein residues quite far apart from the correct binding
site are marked as putative binding site residues.

2.3.4 Application of protein-protein binding site predic-

tion in protein-protein docking

If no experimental data on binding sites is available, binding site prediction

methods can provide useful data for information driven docking (for examples

of predictions compare Figure 2.5). This type of information can be very help-

ful in order to limit the docking search or to evaluate and �lter docking results.

Docking approaches like HADDOCK (Dominguez et al., 2003) are based on

applying restraints derived from experimentally known binding sites or pre-

dicted binding regions. Several di�erent approaches exist to identify putative

protein-protein binding sites. These methods focus on di�erent characteristics

of protein interaction sites like solvent accessibility (Chen and Zhou, 2005) or

desolvation properties (Pons et al., 2010, Fiorucci and Zacharias, 2010a) and

in many cases on combining di�erent surface properties (Neuvirth et al., 2004,

Liang et al., 2006).

The data generated by predictors using one or more binding site features

is presented either as a list of residues (Qin and Zhou, 2007) or as a patch on

the protein's surface (Jones and Thornton, 1997a,b). Patch methods generate

one or more patches of circular shape which can be found close to each other

or distributed on the surface, sometimes additionally center coordinates of

these spots are given. In the other case residues from residue list predictors

do not have to be nearby each other but are often clustered afterwards to
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receive a joint prediction at one or more spots on the protein's surface. Since

proteins often have more than one binding site, prediction tools can indicate

a correct binding site but maybe for the wrong binding partner. The binding

site predictions can be used to evaluate possible predicted docking geometries

but also to generate arti�cial binding sites around the prediction to bias the

docking run towards a desired region. Additionally, predictions can be used to

discard complexes with a low overlap of predicted contacts after a systematic

docking run or re-score previously sampled structures.

2.4 Molecular dynamics simulations

The function of a biomolecule depends on its three dimensional structure and

its �exibility upon contact with other biomolecules: internal motions, confor-

mational backbone as well as side-chain movements are an essential part in

many biological processes. To calculate and observe the dynamics of such sys-

tems, Molecular Dynamics (MD) simulation is a widely used tool. Software

packages including the Molecular Dynamics algorithms compute the movement

and the interactions of and between atoms over time such that it is possible to

create a trajectory of the dynamics of a system from pico- up to microsecond

timescales. The application area of MD simulations ranges from re�nement

of experimentally solved as well as computationally designed structures over

sampling of the dynamics for the investigation of the behavior of the system

to observations of the equilibrium state (Karplus, 2002).

2.4.1 Molecular dynamics simulation steps and algorithms

As an approximation of the more accurate but very time demanding quantum

chemical simulations, Newtons second law

Fi = miai (2.4)

is used in a classical description of the system. To calculate the e�ective forces

between the atoms classical mechanical force �elds are used which include ap-

proximations of interactions based on experimental methods as well as quan-

tum chemical calculations. Such a force �eld can treat interactions of atoms,

not covalent bound to each other, with electrostatic Coulomb and Lennard-
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Jones potentials and atoms covalent bound with terms for bond length, rota-

tions around bonds and angles:

V =
∑
i<j

qiqj
4πε0rij

+
∑
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Aij
r12
ij

− Bij
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ij
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V describes a classical force �eld term with qi the charge of atom i, rij
the distance between atom i and atom j, Lennard-Jones parameter Aij,Bij,

the constants kbij, k
θ
ijk, k

φ for bond length, angles and dihedrals and b0
ij, θ

0
ijk, φ

0

equilibrium values. Those values di�er from force �eld to force �eld and are of-

ten optimized for special tasks. Commonly used force �elds (FF) are AMBER

(Weiner et al., 1984), CHARMM (Brooks et al., 1983), OPLS/AA (Jorgensen

et al., 1996) or GROMOS (van Gunsteren et al., 2002). It is possible to simu-

late molecules at a preset temperature. This allows to simulate biomolecules at

physiological as well as high and low temperatures, depending on the question

to be answered. This kind of temperature coupling is done via an external

heat bath e.g. the Berendsen thermostat (Berendsen et al., 1981).

Newtons equation of motion (see equation 2.4) has to be integrated for each

time step. Two widely implemented algorithms, the Leap-Frog algorithm (van

Gunsteren and Berendsen, 1988) and the Verlet algorithm (Gillia and William,

1992), are used for numerical integration. The time step has to be conform

to small molecular movements like hydrogen bond vibration which is less than

1 femtosecond but can be extended due to the use of constraining algorithms

like SHAKE (Hünenberger et al., 2001) or LINCS (Hess et al., 1997) to up to

2 femtoseconds. Those algorithms correct after each time step the values for

bond length between covalently bound atoms.

To expand MD simulations to a more realistic scenario solvents can also

be included into simulations, providing a more realistic environment but come

with an increase of computational costs. The basic set up of an MD simulation

consists of one or more molecules to be studied, a shell of water around the
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molecules surface and ions to neutralize the simulation box. Since it is not

possible to realize large boxes of water around the molecules, periodic repli-

cation of the box in all directions are created so that water molecules, ions

or other solvent components from one side of the simulation box can interact

with those on the other side. To avoid self interaction, the box size has to be

chosen large enough so that molecules cannot interact with them self. Pairwise

electrostatic interactions are usually restricted to a cut-o� value while the long

range interactions are calculated with a grid based Ewald summation. Also

Lennard-Jones interactions are reduced to cut o� of about 10 Å. Electrostatic

and Lennard-Jones interaction calculation is one of the most costly parts and

with restrictions to cut-o� distances speed up is traded for slight loss of accu-

racy. It is in general possible to do simulations as accurate as desired but with

each enhancement in accuracy a loss of simulation size or time is associated;

however, this loss of time or size can be compensated by the technical devel-

opment, allowing longer simulation times, larger systems, faster calculations

or more accuracy.

Classical molecular dynamics simulations are limited for example in the as-

pect of bond formation and breaking which can be overcome with the inclusion

of quantum chemical simulations as part of a combined simulation. Also the

simulation length is limited, due to the computational cost of a simulation

of a biomolecule in water. Simulation length depends also on the size of the

system, so that extremely large protein assemblies can hardly be simulated for

a reasonable time. With specially designed hardware, millisecond simulations

of smaller proteins are already reachable (Shaw et al., 2007, 2009) and o�er

insight into time scales including e.g. protein folding and protein associations

for larger complexes.

2.4.2 Solvation of biomolecules

Biomolecules are within the cell in an aqueous environment in contact with

a variety of other molecules, ions and small organic compounds. Water is

the basis for most solvents used in MD simulations as it is in the natural

environment of the cells. Besides water molecules, ions are added to the solvent

to neutralize the overall electrostatic net charge commonly but are sometimes

added to simulations to mimic natural or experimental concentrations.
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Many processes in the cell depend on the special properties of water e.g.

folding of a protein due to the hydrophobic e�ect (Tsai et al., 1997, Chandler,

2005) or the long range electrostatic interactions. To meet the basic require-

ments of a protein, within a simulation or further analysis, an aqueous solvent

has to be considered either explicitly, each atom of the water molecule is treated

explicitly in the calculations of the force �eld, or implicitly, thus accounting

for the overall e�ect of the water on other biomolecules as an approximation

in the force computation.

Explicit water model

Di�erent models of water molecules have been developed which model the

three atoms explicitly (SPC/SPCE (Berendsen et al., 1981, 1987) or TIP3P

(Jorgensen et al., 1983)) or add additional features e.g. the center of mass

(TIP4P (Jorgensen et al., 1983)) or charge distributions (TIP5P (Mahoney and

Jorgensen, 2000)) as pseudo atoms. These water models mimic the behavior of

water slightly di�erently (Zielkiewicz, 2005) and were optimized for di�erent

force �elds. Besides the large costs for the calculations of explicit water in MD

simulations, models with additional pseudo atoms increase the computational

cost accessorily.

Solvents play a crucial role for the formation and folding of biomolecules

due to direct interactions (Ebbinghaus et al., 2007, Reichmann et al., 2008)

or the hydrophobic e�ect (Chandler, 2005). Single water molecules are also

elementary for the function of several biomolecules in the cell (Sue et al., 2001,

Carla and Mattos, 2002). Analysis of the water around biomolecules have been

performed using computer simulations (Makarov et al., 1998a, Henchman and

McCammon, 2002b, Samsonov et al., 2008) or comparison of experimentally

revealed bound water (Rodier et al., 2005, Barillari et al., 2011). One of the

important interactions of water with biomolecules, besides the general long

range electrostatic interactions, is the formation of hydrogen bonds (Tarek

and Tobias, 2002) which allow strong interactions for the biomolecule with the

solvent e.g upon binding processes or to stabilize proteins and complexes (Re-

ichmann et al., 2007, 2008). One limitation of molecular dynamics simulations

is that proton transfer from water to a protein can not be represented but

can be included with time consuming quantum mechanical (QM) simulations

combined with classical methods (Sproviero et al., 2008).



28 Fundamentals

As used for experiments (Mattos and Ringe, 1996, 2001) also organic com-

pounds are added to simulations (Schellman, 1990, 2003, Shulgin and Ruck-

enstein, 2005). These computational experiments try to describe the behavior

of the protein in an environment with a high amount of organic molecules or

take advantage of the physicochemical features of those molecules to mimic

interactions with larger partners (Seco et al., 2009).

Implicit water model

Beside the explicit calculation of each water molecule, implicit water models

can be used to mimic the overall e�ect of water on biomolecules. Due to

the lower number of atoms involved in inter molecular force calculation, the

computational cost can often be reduced. This allows to increase the simulation

time and enables to sample more of the conformational space. Additionally

the cost for the equilibration of explicit water around the molecule � essential

in explicit water simulations � can be omitted.

To calculate the energies of solvated solutes the free energy of the transfer

of a molecule into the solvent is summed up with the potential energy of the

molecule in vacuum and can be written as (Onufriev, 2010)

Etot = Evac + ∆Gsolv (2.6)

with the decomposition of ∆Gsolv as

∆Gsolv = ∆Gel + ∆Gnonpolar (2.7)

Thereby ∆Gnonpolar is often approximated by the calculation of solvent ac-

cessible surface areas (SASA) or separation in repulsive and attractive inter-

actions (Tan and Luo, 2007) with low computational demand, while the ap-

proximation of the electrostatic interactions ∆Gel is the most time consuming

step (Onufriev, 2010).

A frequently used approximation is the Poisson-Boltzmann (PB) model

(Fixman, 1979, Tironi et al., 1995, Im et al., 1998). The molecule is rep-

resented in all atom resolution, while the solvent is treated as a continuum.

The electric �eld between the charges of the solute and the continuum of the
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solvent can be calculated with the help of the Poisson-Boltzmann equation

(Warwicker and Watson, 1982, Klapper et al., 1986):

∇[ε(r)∇Φ(r)] = −4πρ(r)− 4πλ(r)
∑
i

ziciexp(−ziΦ(r)/kbT ) (2.8)

with ε the dielectric constant, Φ the electrostatic potential, ρ the charge of the

molecule, λ the Stern function, zi charge of an ion and ci the bulk density of

the ion. To solve this equation, numerical methods have been implemented to

approximate the analytical solution of the Poisson-Boltzmann equation (e.g.

Baker et al. (2001)).

Another approximation is the generalized Born (GB) model which repre-

sents the protein as N particles with distinct radii ri and charge qi settled in

a medium of permittivity ε. It has emerged from the formula of a single ion in

solvent expressed by Born:

∆Gel = − q2
i

2pi

(
1− 1

ε

)
(2.9)

with qi the charge and pi the van der Waals radius of the ion. For the general

approach, the radii have to be approximated within each time step to account

for the degree of burial of a single atom in context to the surrounding atoms.

The interior of each sphere is �lled with a dielectric medium and surrounded

by a continuum of higher dielectric constant representing the solvent. For a

multi-atom system, e.g a protein, the formula for the calculation of ∆Gel is

often (e.g. in the simulation software suite AMBER (Weiner et al., 1984))

written as

∆Gel = −1

2

∑
ij

qiqj
fGB(rij, Ri, Rj)

( 1

εin
− exp[−κfGB]

εout

)
(2.10)

with rij the distance between the atoms, R the e�ective Born radii, εin and εout
the dielectric constant for the interior and the exterior, respectively, and κ the

Debye-Hückel screening parameter which accounts for the salt concentration in

the solvent (Srinivasan et al., 1999). fGB denotes a smoothing function often

used (due to Still et al. (1990))

fGB =

√
r2
ij +RiRjexp

(−λr2
ij

RiRj

)
(2.11)
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to correct the radii for the electrostatic calculations, where λ can be varied

(Onufriev, 2010). To calculate the e�ective Born radii and the border between

the molecule and the solvent, many methods have been developed (Hawkins

et al., 1995, Ghosh et al., 1998, Onufriev et al., 2000, Romanov et al., 2004),

based on di�erent approximations for volume and surface, a comparison of

di�erent methods can be found in Onufriev (2010).

Implicit solvent approaches allow to account for solvation e�ects with a

low amount of computational e�ort compared to explicit solvent simulations.

Depending on the chosen model (PB vs. GB) and the level and type of approx-

imation made within these models, di�erent levels of accuracy can be reached.

This makes it possible to choose the optimal modeling settings, depending on

the demands of the simulation and the available computer power.

2.5 Motivation

As already noted, most interactions between proteins and their binding part-

ners occur in an aqueous media and therefore, water molecules and other com-

pounds of the solvent interact with the protein. The protein's physiochemical

properties in�uence the aqueous solvent at close distance to the protein's sur-

face. Hydrophobic regions on the surface are expected to be di�erently popu-

lated by water molecules than the hydrophilic areas and highly bound water

molecules are more likely to be found in polar cavities than at exposed and

�exible residues.

Pure water simulations as well as water molecules observed by X-ray crys-

tallography have often been investigated with the attempt to identify special

properties of water e.g at the binding site of target proteins (Rodier et al., 2005,

Amadasi et al., 2006, Barillari et al., 2007, Samsonov et al., 2008). Hydration

mapping is a widely used computational approach to identify spots and regions

of high and low water concentration around protein surfaces from molecular

dynamics simulations (Henchman and McCammon, 2002a,b, Virtanen et al.,

2010) and diverse experimental methods (Svergun et al., 1998, Ebbinghaus

et al., 2007, Zhang et al., 2009a). Recently published studies report on the

thermodynamic properties of water around pharmacological relevant proteins

and the attempt to connect the hydration of the protein with its functional

sites (Beuming et al., 2011), with limited but notable success. Seco et al.

(2009) also used solvents to identify small ligand binding sites and determine
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their druggability. They mimicked experimental studies with proteins satu-

rated in mixed solvents, composed of varying volumes of alcohol molecules in

the solvent, for a small number of proteins. In their report, coherence between

high a�nity binding spots of the solvent with the known drug target site could

be shown in some cases. It was emphasized, however, that this procedure was

subject to several limitations concerning the selection of hot spots, as well as

the unambiguity of the binding site prediction.

Former approaches focused either only on one aspect (Beuming et al. (2011)

concentrating mostly on low hydration sites of water to identify small ligand

binding sites) or on a very limited set of proteins (Seco et al., 2009). In this

thesis (see chapter 3), the interplay between solute and solvent was studied

for a pure water solvent as well as for a mixed solvent system, using molecular

dynamics simulations. In contrast to previous studies, which investigated small

ligand binding sites, large protein-protein binding sites are focused in this

thesis. The presence and absence of the solvent molecules within functional

sites of the proteins was investigated and used to predict possible binding sites.

Previous studies often focused on a certain type of protein or protein families,

while in this work, a wide range of protein interfaces are investigated to identify

general trends. Additionally, 15 proteins were analyzed for which is known,

that the protein-protein binding can be inhibited by small ligands, with some

of the inhibitors binding at the protein-protein binding site.

Distinct criteria have been observed for small ligand binding sites. As re-

ported in chapter 2.1 small ligands are often found in one of the largest cavities

and therefore, the search for these ligand binding sites can be cut down to the

detection of cavities. Many geometry-based methods were developed (summa-

rized in Leis et al. (2010)) which focus on the detection of cavities, but only a

few methods came up which analyze energetic properties (Laurie and Jackson,

2005, Brylinski et al., 2007). While geometry-based methods only focus on

the size or deepness of a cavity, energy-based methods try to identify the key

interaction between the probes and the protein's surface. It has been found,

that many ligands bind in hydrophobic cavities with a low amount of clearly

de�ned polar contacts, which is not included in geometric cavity detection, but

is covered at least partially by energetic methods.

A new method proposed in this thesis (see chapter 4) combines a fast

geometry-based approach to identify small ligand binding site cavities with

calculations of desolvation free energies using an implicit solvent model. This
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enables the detection of the main interactions of ligands with proteins, the

hydrophobic as well as the polar contacts. Recently developed cavity detec-

tion algorithms try to reduce the size of the predicted binding site by applying

additional geometrical criteria (Weisel et al., 2009, Yu et al., 2010, Volkamer

et al., 2010). The procedure presented here does not only include the shape of

the cavity to identify binding regions but uses the detection of distinct ener-

getic pro�les to overcome the limitations of pure geometry-based pocket area

reduction and sub-pocket prediction.

Adjacent to the identi�cation of binding sites, the prediction of the complex

formed between a protein and its partner are of fundamental interest for the

understanding of molecular recognition. As discussed in chapter 2.3 there are

many approaches in existence, which can be applied to identify the complex

of two proteins. Fast approaches based on geometrical correlation follow the

assumption of the lock-and-key mechanism and try to identify optimal sterical

complementarity (e.g. FFT methods, for example see Katchalski-Katzir et al.

(1992)). Other methods use force �elds to mimic the driving forces of protein-

protein interaction, providing less approximated scoring of docked complexes

but come with an increase of computational costs (e.g. Zacharias (2003)).

During the docking procedure, thousands and hundreds of thousands of

complexes are docked and the selection of the near native complex among all

results, invokes an additional level of complexity. Therefore, knowledge on a

protein's binding site or its prediction are often included to re-score the docking

results afterwards (Ben-Zeev and Eisenstein, 2003, Huang and Schroeder, 2008)

or are directly included as restraints during the docking procedure (Dominguez

et al., 2003). Both attempts have drawbacks: the re-scoring procedure does

not generate any new complexes, besides the ones predicted without any infor-

mation on the binding site, and the restraining procedure does not allow any

results apart from the restraint regions. To overcome these restrictions, in this

thesis information from binding site predictors are used to control the scores of

a force �eld based docking procedure (see chapter 5). This enables increasing

the sampling and scoring of complexes in contact at proposed surface regions,

without reducing the sampling at sites of the protein's surface far away from

the predicted regions. Additionally, the e�ect of inclusion of experimental

information into complex prediction was analyzed using optimal parameters

(compare chapter 5) and for an important complex of the complement system

with unknown three dimensional structure (see chapter 6).
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Chapter 3

Solvation of proteins in explicit

solvent simulations

Interaction between proteins and other biomolecules is based on a variety of

e�ects including hydrophobic collapse, electrostatic interaction, solvation ef-

fects, hydrogen and salt bridges or cofactor binding (Xu et al., 1997, Tsai et al.,

1997, Sheinerman and Honig, 2002, Rodier et al., 2005, Chandler, 2005). This

occurs in an aqueous solvent within a compartment of the cell or in the cytosol,

and some of this interaction is directly or indirectly related to the solvent. The

hydrophobic e�ect (Tanford, 1978, 1979) is based on the presence of water and

is one of the major contributors to the binding of obligatory protein complexes.

It was found, that most enzymes are only able to ful�ll their functionality in

the presence of water (Monsan and Combes, 1984, Smolin et al., 2005) and also

that protein association is mediated and stabilized by water molecules (Bhat

et al., 1994).

Upon binding of a ligand, water has to be replaced from the surface of the

binding partners, contributing to the energy barrier to be overcome during such

processes (Beuming et al., 2011). Then again, spots of water can reduce the

in�uence of unfavorable residues in the binding site of a complex (Samsonov

et al., 2008). Small ligands, binding within a deep cavity, would have to

displace water in the interior of a cavity to the bulk (Michel et al., 2009).

Within polar regions, this includes the breaking of hydrogen bonds between

the protein's surface and the water molecules, within hydrophobic regions,

water is released to the bulk, allowing it to form hydrogen bonds with other

water molecules or hydrophilic residues.
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Several di�erent approaches to analyze the presence or absence of water

or other solvents in the binding sites of proteins are available. One kind of

method analyzes waters found in experimental studies, e.g. X-Ray crystallog-

raphy. Di�erent concentrations of bound water molecules were found within

binding sites of small ligands (Barillari et al., 2007, 2011) as well as a high

amount of water in speci�c protein-protein binding sites (Rodier et al., 2005,

Reichmann et al., 2008). Another method uses molecular dynamics simula-

tions, or other computational approaches, to sample the behavior of water

around the protein's surface. Several approaches exist to identify hydration

sites around the protein and correlate these regions to binding sites, either

aiming at the identi�cation of permanently bound waters (Merzel and Smith,

2005) or regions with low solvation (Beuming et al., 2011). Besides pure water

solvents, also mixed solvents have been widely used to investigate the behav-

ior of proteins. Solvent analysis were used to identify binding sites of proteins

using experimentally determined structures (Mattos and Ringe, 2001) or com-

puter simulations (Seco et al., 2009).

In this chapter, the solvation of proteins will be discussed using several

distinct methods to analyze the interacting behavior of solute and solvent. In

previous studies, only small ligand binding sites, a small amount of proteins

or proteins of one family have been the target of investigations. Therefore, the

study presented in this chapter focuses on a set of protein-protein complexes

of di�erent types, binding site size and binding site residue composition to

investigate general trends of solvation. Also protein-protein binding inhibition

sites are investigated in a second test set, including inhibitors binding at the

protein-protein binding site.

Pure water simulations were performed for the former test set to study

the behavior of water at the protein-protein binding site, with a main focus

on low hydration areas. Also, the protein-protein binding sites as well as

the inhibitor binding sites were investigated using mixed solvent simulations.

Mixed solvent simulations have the advantage, that regions on the protein's

surface with low or medium a�nity for water binding can be populated by the

other solvent ingredients. This allows accounting for the di�erent aspects of

hydration, which is the main focus of this study: the low hydration found in

single protein complexes as well as wet spots �lled with water in the interior

of a binding site. Analysis of the solvation of the unbound partner enables

investigation into whether this low or high solvation information can already
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be found before complex formation and if this information can be used to

directly predict binding sites.

3.1 Molecular dynamics simulations of proteins:

setting and application

Molecular dynamics simulations were performed to sample solvent molecules

on the protein's surface. Therefore, a long simulation of nearly 25 ns per

protein structure was performed. The �rst 15 ns of the simulation were used

to equilibrate the system, followed by the sampling of solvent distribution in

equilibrium state, within the last 10 ns of the trajectory. Solvent molecules

will be counted afterwards using a grid based approach to identify regions of

high and low solvation near the protein's surface.

3.1.1 Simulations in aqueous solvents

Water is the most dominant solvent enclosing biomolecules within a cell. Sol-

vents are often investigated to identify either interactions of individual water

molecules or the global behaviour within protein-protein and protein-small

ligand binding sites (Steinbach and Brooks, 1993, Timashe�, 2002, Barillari

et al., 2007, Amadasi et al., 2008, Beuming et al., 2011). Water was found to

mediate the binding of biomolecules and is in many cases essential for ligand

binding and drug design (Oubridge et al., 1994, Bhat et al., 1994, Ladbury,

1996). Replacing water upon ligand binding, especially from deep cavities,

is connected to an energy barrier which has to be overcome (Barillari et al.,

2007, Michel et al., 2009). Since small ligands can often be found in more

hydrophobic cavities (Miller and Dill, 1997, Liang et al., 1998), such binding

sites were recently studied with respect to low hydration sites (Beuming et al.,

2011).

Also, mixed solvents have widely been used to analyze biomolecules in ex-

periments (Timashe� and Inoue, 1968, Wüthrich et al., 1992) as well as in

computer simulations (Schellman, 1990, 2003, Shulgin and Ruckenstein, 2005).

Since in nature proteins do not exist in pure water but in a mixture of diverse

molecules, mixed solvents allow the investigation of protein surface features

(Seco et al., 2009, Dechene et al., 2009), co-solvent contribution to binding
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Figure 3.1 � Figure taken from (Seco et al., 2009) Supporting Information. Isopropyl alcohol and
its partial charges for the amber force�eld.

(Shukla et al., 2009), protein functionality (Buhrman et al., 2003) or general

interaction networks (Vagenende et al., 2009).

Isopropyl alcohol (iPrOH) is a small alcohol often used to investigate protein

features in experiments (Mattos and Ringe, 1996, 2001), e.g. small ligand

binding sites on di�erent protein surfaces (English et al., 2001, Mattos et al.,

2006, Ho et al., 2006). Also, isopropyl alcohol was used in computer simulations

to predict the binding sites of small molecules (Dennis et al., 2002, Seco et al.,

2009). The work of Seco et al. (2009) revealed that for one structure iPrOH

bound exactly at the protein-protein binding site of protein phosphatase (PTP-

1B) and insulin receptor tyrosine kinase (IRK) (compare Seco et al. (2009)).

Therefore, it can be assumed that the high a�nity of the mixed solvent in

cavities containing small ligands also can be found in protein-protein binding

sites. On one hand, the accumulation of the iPrOH molecules at the binding

site can be used to indirectly account for surface regions which are unfavorable

for water molecules. On the other hand, the interaction between iPrOH and

the protein can be assumed as a simpli�ed contact to a possible partner protein.

Isopropyl alcohol is soluble in water and o�ers two di�erent chemical fea-

tures (Figure 3.1): the hydroxyl group (OH-group) in the second position

can be involved in hydrogen bonding and the propyl group (Me-group) avoids

polar regions on the protein's surface and therefore, can often be found at hy-

drophobic surface areas. Both sites of the isopropyl alcohol represent chemical

features, often found in organic ligands as well as several amino acids.

In the simulations studied in this chapter, pure water solvents as well as

mixed solvents are used to investigate the solvation of protein-protein binding

sites. In contrast to most approaches so far, which focused on either only small
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ligand binding sites or a distinct type of protein, here, a discriminable set of

proteins is investigated to analyze the global e�ect of solvation within binding

sites.

3.1.2 Molecular dynamics simulation protocol

Simulations were run following roughly the protocol of Seco et al. (2009). The

Amber package was used to perform the simulations using pmemd (Cornell

et al., 1995). The solution was composed of a 20 % v/v mixture of Isopropyl

alcohol (iPrOH) molecules and TIP3P water molecules for the mixed solvent

simulation and 100% TIP3P water for the water simulations. Proteins were

simulated in a 10 Å octahedral box and counter ions added (either Na+ or Cl-).

Minimization was performed for the protein and for the solvent before heating

the system in 50 K steps from 100 K to 600 K and back to 300 K. Typically,

these steps lasted 10 ps with the exception of the 600 K step (600 ps) and

the last step at 300 K (800 ps). Equilibration was performed at 300 K for 1

ns followed by two productive runs with each 10 ns at 300 K. Restraints were

used during heating on Cα atoms (25.0 kcal mol−1Å−2) and gradually released

during the 800 ps step to 0.0 for the equilibration. During the productive run

restraints of 0.25 kcal mol−1Å−2 on all heavy atoms were used to keep the

protein and the side-chains in shape to allow proper sampling along the entire

surface.

Restraining atoms during the simulation, after heating to high temperatures

and cooling down to 300 K with subsequent, fully free, 1 ns simulation of

the protein, might result in an unfavored conformation. Therefore, it must

be emphasized, that results might di�er slightly in general, but signi�cantly

in an opened or closed cavity, depending on the structures gained from the

free simulation. Allowing full �exibility during the sampling procedure would

result in less meaningful grid calculations and even side-chain �exibility can

reduce the magnitude of solvent sampling with a grid based approach near the

residue's surface. Full �exibility is on one hand prerequisite to allow opening

of pockets, which is necessary to identify small ligand binding sites, but on the

other hand it reduces the sampling of solvation sites at exposed regions while it

accentuates the population in cavities (for restraining protocols for hydration

site mapping compare e.g. Beuming et al. (2011) and therein). It can be a

general drawback of all grid based approaches that, for exposed and �exible
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residues, the magnitude observed might be lower than for enclosed residues

with less �uctuation, as found in cavities, maybe even if a comparable amount

of iPrOH is in contact with those residues.

3.1.3 Test sets

Solvents do not behave in the same way all over the protein's surface (Makarov

et al., 1998b, Rodier et al., 2005). Hydrophobic regions as well as polar contacts

have a signi�cant in�uence on the behavior of the solvent within the �rst

solvation shell (Pizzitutti et al., 2007, Beuming et al., 2011). The speci�c

features of cavities, found to bind small ligands, di�er from those of exposed

regions. Therefore, di�erent test sets have been investigated. A mixed set of

ten protein complexes from a published benchmark set (Mintseris et al., 2005)

was used to track the behavior of water and iPrOH at protein-protein binding

sites. These proteins were chosen, because of their highly diverse contact areas,

di�erence in size, shape and residue composition and are members of di�erent

protein families (see Table 3.1). The unbound protein partners were used for

the simulations, as prepared in the Benchmark 2.0 test set (Mintseris et al.,

2005). This set is called protein-protein binding test set during the rest of the

chapter.

Additionally, 15 proteins have been investigated with iPrOH simulations,

which can form a complex with other proteins, but can be inhibited by small

(organic) molecules (called protein inhibition test set). This test set was part

of other studies for small ligand binding site detection and druggability studies

(Kozakov et al. (2011) and within, pdb codes: 1m47, 1r2d, 1z1m, 1r6k, 1f46,

1tnf, 1f9x, 1iu2, 1i6c, 2o8t, 1cqr, 1e31, 1bi4, 1aly, 1kd7, if several models or

chains had been within the �les, models and chains were chosen according to

Kozakov et al. (2011)). For three of the 15 molecules, no bound structure is

available and they will therefore be excluded from most of the protein-inhibitor

binding site statistics (1e31, 1aly, 1kd7) but included in the general analysis.

For binding site statistics, only those sites were taken into account for which the

partner was given by Kozakov et al. (2011). Alternative small ligand binding

partners, as well as the protein partners, will be discussed separately.
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Table 3.1 � Test set containing unbound structures from Benchmark 2.0

pdb code partner category protein name residues

1ACB receptor enzyme Chymotrypsin 184
ligand inhibitor Eglin C 62

1AY7 receptor enzyme Barnase 91
ligand inhibitor Barstar 75

1BUH receptor other CDK2 kinase 294
ligand other Ckshs1 71

1AKJ receptor other MHC Class 1 HLA-A2 375
ligand other T-cell CD8 coreceptor 193

1D6R receptor enzyme Bovine trypsin 179
ligand inhibitor Bowman-Birk inhibitor 58

1KAC receptor other Adenovirus �ber knob protein 158
ligand other Adenovirus receptor 105

1KTZ receptor other TGF-beta 103
ligand other TGF-beta receptor 91

1TMQ receptor enzyme alpha-amylase 470
ligand inhibitor RAGI inhibitor 102

2JEL receptor bound antibody Fab Jel42 435
ligand antigen HPr 67

1IQD receptor bound antibody Fab 334
ligand antigen Factor VIII domain C2 132

3.2 Solvent pro�les on the proteins' surfaces

Solvent molecules at the protein's surface behave di�erently from those in the

bulk region (Pal and Zewail, 2004). Hydrogen bonds play a crucial role in the

interaction between solvent molecules and the surface of a biomolecule and

are involved in many processes (Park and Saven, 2005, Raschke, 2006). The

number of hydrogen bonds a solvent molecule can establish with the surface

depends on the physicochemical composition of the surface as well as the shape

(Lee and Rossky, 1994, Scatena et al., 2001). Depending on the surface, hy-

drogen bonded water networks can be established that in�uence the activity

and dynamics of the protein (Smolin et al., 2005).

To investigate the behavior of water and iPrOH at the proteins' surfaces, a

grid based approach was used to count the occurrence of central parts of the

molecules at certain positions in the simulation box. From these values, density

pro�les for regions around surface residues could be extracted, giving insight

into most favored binding contacts of water and, in the case of iPrOH, of the

Me-groups as well as the OH-group. Additionally, proximal radial distribution
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functions were calculated to identify the position and amplitude of solvation

shells. This allows the determination of the proximal average position of the

solvent molecules on the solutes surface within the �rst solvation shell.

3.2.1 Measurement of the radial solvent distribution around

proteins

In experimental studies, a solvation shell with higher density than the bulk

concentration is found within close distance to the protein's surface (amongst

others, Svergun et al. (1998)). Such solvation shells, or the probability of

�nding a molecule A at a certain distance to molecule B, is often measured

using radial distribution functions (RDF) (Madan and Sharp, 1999, Henchman

and McCammon, 2002b, Schmidtke et al., 2011b). This function can provide

useful information on the number of observable shells and the intensity of the

peaks, as well as the distance between those peaks, but are uncertain if the

shape of B is less spherical (Brooks et al., 1990). This is especially the case

for larger macromolecules like proteins, so that proximal radial distribution

functions (pRDF) are used instead (Makarov et al., 1998b, Jha et al., 2005,

Lin and Pettitt, 2011). This method identi�es the density around a molecule

as a function of the minimal distance of the solvent to the solute's atoms.

Often, the solute's atoms are separated into atom groups (see Lin and Pettitt

(2011) and within) or pruned to backbone atoms (Schmidtke et al., 2011b).

In this work, shells are de�ned in 0.2 Å steps from the protein's van der

Waals surface and solvent molecules located within each shell are counted. To

de�ne a shell's free accessible volume, a grid is used with a 0.1 Å step size.

Using

d(a, r) =

1, if r ≤ dist(a, protein) < r + b

0, else
(3.1)

fshell(r) =

∑N
i=0 d(mi, r)∑G

i=0 d(gi, r)VbulkT
(3.2)

fshell(r) returns the relative probability to �nd a solvent molecule within a
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Figure 3.2 � Proximal radial distribution function of the proteins in simulations with pure water
solvent. A) Single atom groups are shown separately. B) pRDF for all heavy atoms is shown. The
peaks for the entire heavy atoms can be explained from the pRDFs of the atom groups: the �rst
peak corresponds to the contacts made with oxygen and nitrogen rich amino acids and the second peak
results from contacts with carbon atoms. C) and D) pdb1acb with the hydration sites shown as spheres
(color coded with blue hydration of 4 times the bulk as the lowest and red as the highest). Arginine
residues are shown in light blue and histidine residues in red.

given shell at distance r to the protein atoms, with b the bin size, N the

total number of solvent molecules, G the number of grid points, T the total

number of time steps and Vbulk the expected bulk value. The latter is done to

normalize the value towards a relative probability of 1 in the bulk region. The

distance between a solvent and the solute is de�ned as the minimal distance

between the solvent coordinates and the protein atom coordinates in each time

step. Depending on the type of atom observed (three atom types represent the

di�erent chemical groups: oxygen, nitrogen and carbon atoms (Makarov et al.,

1998a)), only distances to atoms of the corresponding atom type are used to

determine the relative distribution around the atom groups.

In general, pRDFs show the same position of the peak, with little divergence,

for each protein, while the height of the peak can change signi�cantly for the

di�erent atom groups (see Figure 3.2). The latter depends on the composition

of the amino acids at the protein's surface as well as on the shape of the surface.

Lin and Pettitt (2011) showed on nine di�erent proteins and peptides the

universality of pRDFs, surrounded by TIP3P water molecules, in a 10Å box,
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Figure 3.3 � pRDFs of the di�erent solvents are shown. Upper left shows the density distribution
of the Me-group of iPrOH at the surface, divided by atom contact groups. Upper right shows the same
for the OH-group and lower left for water. Lower right pRDF shows the relative density of iPrOH and
water relative to all heavy atoms.

using snapshots from 2 ns of simulation time. Figure 3.2A shows for one

pRDF a signi�cant di�erence in the height of the peak for nitrogen contacts.

The high peak is mostly in�uenced by hydration sites in a cavity formed by

three arginine residues (Figure 3.2D). A loop involved into enzyme inhibition

(Figure 3.2C, black circle) creates a large cavity, surrounded by two histidine

residues, the backbone of the loop and the arginine residues, in which proximity

a high amount of hydration sites can be found.

3.2.2 Orientation and density distribution of isopropyl

alcohol molecules at the surface

The orientation at the protein's surface can be manifold for mixed solvents. In

general, three di�erent classes of poses for Isopropyl alcohol on the protein's

surface exist (examples can be found in Figure 3.4):
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Figure 3.4 � Three examples for di�erent binding poses of iPrOH. Protein surface is shown in
spheres and iPrOH in line representation. Red spheres show oxygen, gray carbon and blue nitrogen
atoms of the protein. Distances are given from the center coordinates of the atoms.

1. The OH-group can be found at the surface of the protein while both Me-

groups point away from the surface. The distance between the center

of the OH-group and the carbon of the Me-group is ∼2.3 Å. Dependent
on the angle between the molecule and the surface, the distance of the

Me-group to the (ideally planar) surface can vary. In the most extended

conformation, both Me-group centers are 4.3 Å away from the protein's

vdw-surface.

2. Either one Me-group or both can be found at the protein's surface with

a distance of 2.5 Å between the centers of the Me-groups. In the former

case, the second Me-group and the OH-group are up to 4.8 Å away from

the vdw-surface, while in the latter case only the OH-group is far away

from the surface and can often be found at carbon rich areas.

3. The OH as well as one or both Me-groups are at the protein's surface.

This conformation is observed often, if the iPrOH molecule is stacked

between residues. Often, one Me-group is not in contact with the surface,

but exposed to the solvent, and can be found more than 4 Å away from

the protein's vdw-surface.

For the Me-group of iPrOH, the density with contact to carbon atoms is

distinct as compared to contacts with oxygens and nitrogens (compare Figure

3.3). Contacts to oxygens are represented by two small peaks, the �rst at the

direct contact distance and the second determined by the binding of the two

other groups of iPrOH to the surface. The contact to nitrogen atoms is de�ned

by the contact of the OH-group to the nitrogen, depending on the surrounding

atoms (see Figure 3.4 on the right). The OH-group preferably contacts the

oxygen and nitrogen atoms on the protein's surface, which is shown in the
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density pro�les in Figure 3.3. A second broad peak can be identi�ed for OH-

oxygen and OH-nitrogen contacts, which can be related to iPrOH bound to

the surface via the Me-groups. This is also the reason why a large peak of

the OH-group can be found around carbon atoms. The varying distribution

of iPrOH beyond the �rst peaks can also be related, up to a certain degree,

to isopropyl molecules building clusters at the protein's surface, resulting in

layers of iPrOH that are not directly in contact with the protein (see also Seco

et al. (2009)).

The contacts for each speci�c atom group are represented in the diagram

including all heavy atoms (see Figure 3.3). For the Me-group, the contacts with

carbon rich surface areas have the largest impact, resulting in a relative density

three to �ve times the bulk concentration. Oxygen and nitrogen contacts are

essential for the relative distribution of the OH-group, while the carbon as

well as the second peak of oxygen and nitrogen contacts rely on the binding

of the Me-group. Water molecules in the mixed solvent simulation are slightly

lower represented beyond the �rst peak, due to the solvation of the solute with

iPrOH molecules. This results in a decrease of relative concentration lower

than the bulk, within 3 to 6 Å from the protein's surface.

3.2.3 Solvent-solute contact time

The shape of the protein's surface as well as the residue composition have

an in�uence on the time a solvent stays in contact with the solute. In deep

and polar cavities, a water molecule can establish the maximum number of

hydrogen bonds with the protein. Water molecules in such cavities can be

found strongly bound, and therefore, replacement of such a solvent molecule

requires the breaking of hydrogen bonds and replacement of several other sol-

vent molecules and takes more time, than the replacement of water at exposed

and hydrophobic surface areas. The protein-protein binding sites in the test

set used in this study are often rather �at, so that water molecules in the bind-

ing site are able to exchange with water molecules at the surrounding surface

area, as well as with the bulk water molecules. Only in single cases (pdb1ay7

the protein-protein binding site, pdb1acb the enzymatic region, pdb1buh the

ATP binding site), solvent molecules are strongly bound within a small cavity,

but in general the time in which a single molecule stays within the binding

region during the simulation is rather small. If a solvent molecule is bound
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Figure 3.5 � For the ligand of protein pdb1buh: A) shows the occurrence of the Me group of
iPrOH on the protein's surface at a certain time step. Distance cut-o� was 5.0 Å to be counted to
be at the surface. Me-iPrOH was counted at the surface if one of the two groups ful�ll the criterion.
A) on the right shows a close up of two Me-groups. B) Lifetime of solvent molecules near the surface
during the simulation for the entire surface (left) and the binding site (right). C) Distribution of the
three solvent types at the surface of the protein-protein (left) and protein inhibition (right) test set
(using 5% bins).

in a small cavity, as they are found in the second test set, the time of single

solvent molecules within the �rst solvation shell can be higher than on �at or

exposed areas. However, only a few percent of the solvent molecules are in

contact to the surface longer than half of the simulation time (see Figure 3.5).

This shows that in general, the exchange between surface and bulk is given

and only single solvent molecules in internal cavities are trapped during the

entire simulation.

Figure 3.5A shows that some molecules, which are in contact with the sur-

face for a long period of time, can lose contact with the surface, either �uc-

tuating between surface and bulk or leaving the surface region and enter the

bulk (for cut-o� criteria compare legend of Figure 3.5). Fluctuation of one

chemical group of iPrOH, for example the OH-group, often does not depend
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on the binding of the group to the surface itself, but depends on the opposing

Me-group, which give a major contribution to the binding of the molecule to

the surface. On average, only 0.1% of the iPrOH molecules within a simula-

tion have never been at the surface and 26% were never in the binding site

(19% in the protein-protein binding sites and 37% in the small ligand binding

sites). On one hand, the probability of not being at the binding site at least

once increases within large boxes, especially for the protein inhibition test sets,

including small ligand binding sites. On the other hand, within smaller boxes

around more spherical proteins, all solvent molecules are in contact with the

protein's surface at least once and only in four cases (out of 35, receptor of

pdb1ktz and pdb1iqd as well as pdb1cqr, pdb1f9x) a solvent molecule was not

in contact with the surface.

3.2.4 Grid based sampling principles and sampling issues

The identi�cation of local solvent accumulations is done via a rigid grid ap-

proach. Therefore, a grid is constructed around the protein's surface using a

grid spacing of 0.5 Å. An average structure of the protein, sampled during sim-

ulation, was used as a reference protein state for grid generation and distance

calculations. Since restraints have been applied, the general geometry of the

protein was preserved. Grid points at a distance of more than 4.0 Å from the

protein's (vdw-)surface were deleted to reduce the amount of computational

e�ort. This value covers the �rst solvation shell of water as well as iPrOH (see

Chapter 3.2.1). 2500 frames were taken from the second 10 ns of the simula-

tion, and the occurrence of the solvents on each grid point counted. The O1 of

the isopropyl was counted for the OH group, either the C1 or the C2 counted

for the Me-Group of the isopropyl and the central O for the position of water

molecules. Those concentrations were mapped on the grid points and nor-

malized by the expected concentration (taken from an only solvent simulation

following the exact protocol). Then, as the �rst step, grid points were aver-

aged over the direct neighbors to generate smoother patches and reduce grid

artefacts. In the second step, beginning with the grid point with the highest

concentration, all neighbors within 1.4 Å (the approximated radius of a water

molecule) were deleted and the procedure repeated for the next grid points,

according to their concentration, until none is left to be deleted. This is done

for water, OH-group of iPrOH and Me-group of iPrOH separately, resulting
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Figure 3.6 � For pdb1m47, two independent simulations have been performed. On the left,
high a�nity binding spots (spheres) are shown for the Me groups of iPrOH while on the right values
averaged of neighbors within 6 Å are shown (mesh). A) second 10 ns of the �rst simulation. B) third
10 ns of the �rst simulation. C) second 10ns of the second simulation. Coloring is relative to the
highest and lowest values found. These values might di�er, especially in cavities surrounded by �exible
sidechains.

in one (in case of water only simulations) to three (in case of water/iPrOH

simulations) grids, each presenting the local ratio of sampled value to bulk

value on each grid point.

Seco et al. (2009) reported convergence of the simulation after 1.5 ns of

equilibration, for the proteins used in their study. Besides the fact that, in

at least one case, di�erences between the �rst eight of the 16 ns productive

run and the second eight nano seconds could be found, all changes of iPrOH

population during the simulation could be related to conformational changes.

The modi�ed procedure presented in this chapter implies a 2.2 ns free equili-

bration, followed by additional 10 ns restrained equilibration at 300 K before

sampling. The �rst 5 ns from the �rst 10 ns simulation di�er from the second,

while the second 5 ns of the �rst 10 ns simulation only modestly di�er from

the second 10 ns simulation.
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Figure 3.7 � A) and B) show di�erent conformations of the ligand of complex pdb1d6r from
independent simulations. The protein complex is shown in bound form for illustration purpose with
the receptor shown in green and the ligand in mint, respectively. A representative of the average
structure of the second 10 ns run (lowest RMSD between average structure and one structure of the
trajectory) is shown in each case as extended cartoon with sticks. Small spheres show binding spots of
Me-iPrOH with 8 fold the expected bulk value or more.

For some cases (pdb1m47, Figure 3.6 and the ligand of pdb1d6r, Figure

3.7), additional 10 ns were performed as well as a completely independent

simulation, showing, that only slight di�erences occur and the simulations are

converged within the second 10 ns. If the protein undergoes larger deformations

during simulation, the pro�le on the surface can change, due to formation and

deformation of cavities where water and iPrOH bind. In the case of the ligand

of pdb1d6r, the di�erence in backbone RMSD between two representatives of

independent runs is 2.8 Å and results in a signi�cant di�erence in solvation in

opened and closed cavities (compare Figure 3.7).

Larger structural changes, especially at exposed loop or terminal regions,

may in�uence the binding of water and iPrOH. In some cases (e.g. in Figure

3.7A and B) the contact residues stay the same, while the global or local posi-

tion of the side-chains changes. In many cases, if a formed cavity is narrowed

or even closed upon side-chain or backbone movement, less iPrOH molecules

are able to bind in such cavities, resulting in a divergent solvent distribution

at this local spot in independent simulations.
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3.2.5 Gibbs free energy approximation from rigid grid

calculations

Values obtained by the grid calculations can be directly transfered into ∆G

values, so that for each grid point

∆G = −RTln(
Ni

N0

) (3.3)

is calculated, with N0 the bulk value extracted from only solvent simulations

and Ni the value measured on grid point i. Seco et al. (2009) used this method

to calculate binding a�nities of clusters of iPrOH in small ligand binding sites

and to propose the druggability of these sites. Seco et al. (2009) truncated val-

ues above 12.5 times the bulk value to 12.5 (-1.5 kcal/mol) and neglected values

higher than ∆G of -0.84 kcal/mol. The truncation was made according to the

maximal possible contribution found for ligand atoms (Kuntz et al., 1999).

Here, values above 12.5 times the bulk are truncated, but higher values than

-0.84 kcal/mol accepted. One has to emphasize, that a certain exchange of iso-

propyl alcohol in the binding site with the bulk must take place, to approximate

∆G values reasonably well. Figure 3.5 shows, that a high exchange is given, as

reported for other test sets (Seco et al., 2009). Nevertheless, calculating ∆G

values for large regions on the protein's surface is less straight forward than for

small clusters within small binding sites. Therefore, ∆G values can hardly be

used to estimate the binding a�nity of protein-protein binding sites. However,

the distribution of ∆G values can be compared between di�erent regions on a

protein's surface or between independent simulations.

Figure 3.8 shows the di�erence of ∆G distribution of the solvents near the

surface (Figure 3.8A, 4.0 Å to the vdw surface of the protein) and within a

larger box (Figure 3.8B, cut-o� 10 Å). Values around zero mark spots where the

concentration of the solvent was equal to the bulk concentration. If considering

only the near surface area, then the occurrence of these values decreases, but

does not disappear. The latter is also true for values lower than the bulk

(resulting in positive ∆G), showing that local spots on the protein's surface

are avoided by the solvent or are only transiently populated. Using ∆G values,

it is possible to identify regions on a speci�c protein with high or low a�nity

to the solvent.
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Figure 3.8 � Distribution of ∆G values of the solvent within the truncated grid (A) and the
complete grid (B) for all 35 proteins. The �rst column shows the entire distribution of the solvent's
∆G values up to a cut-o� of 10 Å. Column two shows a close up of the distribution of the attractive
energies (from -1.8 kcal/mol to -0.6 kcal/mol) and column three the same but normalized towards
the amount of solvent found within this regime. C) Distribution of ∆G values of water in the unary
simulation for the 4 Å grid for the 20 protein-protein test set.

The relative solvation density derived from proximal radial distribution

functions is also re�ected in the distribution of ∆G values around the di�erent

atom groups (Figure 3.3 and 3.9). The Me-group prefers binding in carbon

as well as oxygen rich areas. The a�nity to nitrogen atoms is only slightly

shifted towards higher a�nity. Nevertheless, contacts to favored carbon atoms

do not necessarily have to be high a�nity contacts. Oxygen contacts are

largely favored, in terms of a�nity, over carbon contacts by the OH-group,

while contacts to nitrogen atoms are balanced. Water avoids carbon contacts

in the mixed solvent simulation as well as in the pure water simulation. The

peak of the water-oxygen contacts is shifted towards lower a�nity within the

mixed solvent simulations. This is due to the accumulation of iPrOH at the

surface, reducing the accessibility for water molecules.
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Figure 3.9 � Histogram of solvent distribution around certain atom groups. The �rst column
shows the occurrence of solvent in close distance to carbon atoms, the second to nitrogen and the third
to oxygen, respectively. A) Distribution of the Me-groups using a maximal distance of 4.2Å. B) Same
for OH-group using a distance criterion of 3.2Å. C) Distribution of water oxygen from the mixed solvent
around the atom groups within 3.2Å. D) Distribution of water oxygen from the water only simulation.

3.2.6 Solvation pro�les for iPrOH

Proximal radial distribution functions allow the identi�cation of the distance

of the peak of solvation concentration around certain atom groups and the

protein's surface as a whole, while grid calculations provide approximated in-

formation on local solvent agglomerations. To investigate the binding a�nity

of the solvent in respect to individual residues, the information on the distance

of the peak to the protein's surface is taken as a cut-o� value to calculate

the amount of solvent around a single residue. This can be done for each

residue of the protein to identify high and low a�nity binding regions, but can

also be summed up to identify favored and disfavored types of residues. This

method can be extended to analyze the behavior of the solvent in a certain
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Figure 3.10 � Pro�les for solvent accumulation near certain residues. Shown are results for
pdb1acb receptor (A - C) and both test sets (D). Red colors Me-group, yellow OH-group and blue
water. A) Pro�le for the mixed solvent simulation. B) Pro�le for the water only simulation. C)
Summed up ∆G values around residue types. The average value is given as a bar with an error
bar representing the standard deviation. Residues are roughly ordered by their hydrophobicity with
hydrophobic residues on the left and hydrophilic on the right. D) ∆G values for solvation sites near a
certain residue type, averaged over all test set proteins.

environment of distinct chemical properties. Therefore, all residues with less

than 20% of their surface accessible to the solvent are discarded, while the

remaining residues are counted as surface residues. Around each residue, the

concentration of the solvent is counted on the grid, using the turning point

after the highest peak as a distance cut-o� value. For the Me-group, the cut-

o� is determined as 5.0 Å and for the OH-group, as well as the water, 3.6 Å.

The sum of the ∆G values is afterwards normalized for each residue by the

amount of grid points around the residue itself. If the values are summed up

for a residue type, the resulting value is again normalized by the amount of

residues of one type that occurred at the surface.

Such kind of analysis enables the investigation of the population of solvent

around individual residues. As the pro�le of a single protein shows (compare

Figure 3.10A and B), the distribution of solvent around one type of residue
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varies along the surface. Since the local structure and the �anking residues

in�uence the accumulation of solvent, it is not possible to identify a certain

accumulation of solvent around residue types (Figure 3.10C). Even though the

iPrOH molecules on average behave as expected, e.g. Me-group favors hy-

drophobic residues over hydrophilic, the standard deviation shows, that pre-

dicting the a�nity of the solvent at a residue of certain type, cannot be done

accurately.

As Figure 3.9 indicates, iPrOH, especially the Me-group, tends to be highly

a�ne to carbon rich regions. Since hydrophobic residues contain a high amount

of carbon atoms at the surface, Me-iPrOH can be found more often within hy-

drophobic than hydrophilic regions. The head group of OH-iPrOH can be

found in hydrophilic regions, but is also often located near hydrophobic areas

due to the high a�nity to hydrophobic residues of the Me-group. To measure

the a�nity of solvent molecules in regions of higher hydrophobicity or hy-

drophilicity, for each surface residue, neighbor residues within 5 Å are taken to

generate a surface patch for which the average hydrophobicity/hydrophilicity

is calculated (hydrophobicity values are taken from Eisenberg et al. (1984)).

Afterwards, each grid point providing ∆G values is taken into account that is

within the above given cut-o� distance to any of the residues within the gen-

erated patch. In such a way, the surface is scanned to identify solvent a�nity

in areas with distinct hydrophobicity.

Figure 3.11 shows the trend of iPrOH and water within certain regions

of averaged hydrophobicity. The distribution of ∆G values of the Me-group

of iPrOH follows the expected a�nity towards hydrophobic regions (Figure

3.11A), showing a clear lower average ∆G for regions with high hydrophobicity

and lower for hydrophilic regions. Nevertheless, the standard deviation is

relatively high, so that even in very hydrophobic regions a lower amount of

Me-iPrOH can be found. This uncertainty is even more re�ected when focusing

on OH-iPrOH: following the a�nity of Me-iPrOH, OH-iPrOH can sometimes

be found in hydrophobic regions, but with an even higher variance. There

is still a tendency for OH-iPrOH to populate hydrophilic regions, but since

the variance is high (see Figure 3.11B), a prediction of OH-iPrOH binding

to regions with distinct hydrophilicity is not possible. One major reason is

the avoidance of highly polar regions on the surface (Seco et al., 2009) which

also might contribute to the saturation of hydrophobic regions on the protein's

surface. Water, in contrast, avoids hydrophobic regions and prefers hydrophilic
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Figure 3.11 � Pro�les for solvent accumulation near certain hydrophobicity patches. Shown are
results for pdb1acb receptor (A, B and C left column). A, B and C right column: same but for the
entire test set of 35 proteins. A) shows the a�nity of the Me-group, B) the OH-group and C) the
a�nity of water in the mixed solvent simulations. D) Shows the accumulation of water from the only
water simulation around residue types (left) and patches of certain hydrophobicity (right). Positive
values on the x-axis account for hydrophobic regions and negative values for hydrophilic (Eisenberg
et al., 1984).

areas. The fact that the a�nity of water at hydrophilic areas is still in a more

positive regime than in water only simulations, allows the assumption that

iPrOH is still, at least transiently, present in most parts of these areas. Water

molecules within the pure water simulations show also a trend to hydrophilic

areas but also a general trend to be more a�ne at the surface compared to the

mixed solvent simulations (Figure 3.11D). Since water only simulations have

been performed only for the protein-protein test set, the sampling is slightly

worse than for the mixed solvent simulations (which also included the protein

inhibition test set).
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3.3 Solvation of binding sites

Accumulation of iPrOH at the binding site of small ligands was investigated by

carrying out experiments as well as computer simulations. Seco et al. (2009)

could identify the binding sites for small ligands for a subset of their eight

protein test set and estimate the binding a�nity of the generated clusters rep-

resenting the ligand binding site. Beuming et al. (2011) clustered cold spots

and hot spots of water around proteins known to bind drug-like molecules and

tried to identify the binding sites clustering the coldest spots, which are the

spots mostly disfavored by water. For speci�c protein-protein binding sites

high or low a�nity spots for water could be found within experiments and

simulations (Rodier et al., 2005, Reichmann et al., 2008). Using a di�erent

approach, the penalty of replacing water was estimated using continuum sol-

vent calculations to identify regions with lower costs of water replacement in

the binding sites (Fiorucci and Zacharias, 2010a).

In the following chapter, the solvation of binding sites of di�erent types of

interfaces will be explored and di�erences to the solvation of the entire surface

illustrated. Low hydration as well as high solvation of the protein interfaces

will be the focus of the analysis and the predictive power of low and high

solvation patterns presented.

3.3.1 Water in protein-protein binding sites

Ten protein complexes with diverse binding site characteristics have been in-

vestigated with pure water simulations. Since hydrophobicity plays an impor-

tant role for several association processes and hydrophobic residues can often

be found in the center of the binding sites (Jones and Thornton, 1997a, Tsai

et al., 1997, Chandler, 2005), the focus is set on low hydration sites. Also,

water that is not bound with high a�nity to the surface can be less costly

replaced upon complex formation. Water molecules bound to the surface with

high a�nity, as well as the absence of these, can in�uence the binding process

and complex stability (Nagendra et al., 1998, Tarek and Tobias, 2002, Barillari

et al., 2007, Reichmann et al., 2008, Samsonov et al., 2008).

Radial distribution functions can identify the relative solvent density around

a protein's surface. To estimate this relative density for the binding site of the

protein, only those residues were taken into account which are found in the

binding site of the known complex. These distributions can di�er signi�cantly
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Figure 3.12 � A) pRDFs for the binding site (left) for all proteins in the test set. One has to
emphasize, that the approximated bulk value used to normalize the pRDFs di�ers in the case of binding
site pRDFs from those of the entire surface. This is due to the fact, that in the case of binding site
pRDFs in a distance of 10 Å not only bulk solvent contributes to the pRDFs but also other parts of
the surface. Therefore, pRDFs for the binding site and the entire surface cannot be compared directly
concerning the height of the peak. Proximal relative solvation density for the entire protein (red line)
and the binding site only (black line) for receptor of pdb1buh (middle) and ligand of pdb2jel (right).
B) On the left, the pRDFs for the entire surface are given, showing clear di�erences in the relative
density of the binding sites. In the middle, the receptor of pdb1buh is shown in surface representation
while the ligand is shown as cartoon. The small spheres indicate hydration sites with at least 3 fold
the expected bulk value. The black circle indicates the binding region, the red circle an area on the
surface showing similar solvation density. On the right, same is shown for the ligand of pdb2jel.

from those including the entire protein. Figure 3.12A shows the wide variance

of the local relative density of water and can be clearly distinguished from the

relative density along the entire surface (Figure 3.12A, B and C). As shown

in Figure 3.12B for the receptor of pdb1buh, the proximal radial distribution

function for the binding site clearly di�ers from the overall surface. This is

also re�ected in the grid representation of hydration sites, showing less high

a�nity spots in the binding site than on many other spots on the surface

(Figure 3.12B: black circle indicates binding site, red circle indicates another

spot of similar water density).

Figure 3.12C shows the ligand of pdb2jel, which has the highest peak among

all relative density pro�les for binding sites. In this case, the distribution of

water is relative even around the protein's surface, showing only small spots

with less high a�nity. Since this protein is rather small, no large clusters

of increased or lowered a�nity can be found at �rst sight as they have been

found for the receptor of pdb1buh. Also, the binding site of pdb2jel is more
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A B

Figure 3.13 � A) The receptor of pdb2jel is shown in mixed surface/cartoon representation and
the binding ligand shown as cartoon. Small spheres indicate the clusters of low solvation, color coded
by their average ∆G value. Red indicates most positive ∆G among the results. B) Same for the ligand
of pdb2jel (same protein partners as in A), the view is rotated to allow the best view on the binding
site), shown as cartoon/surface, showing only two clusters of low hydration. The second cluster can be
found in pdb entries as a second binding site (e.g pdb3eza).

hydrophilic than the binding site of pdb1buh, which shows the trend found

within this test set, that the peak of the binding site correlates roughly with the

amount of hydrophilic residues on the surface. Interestingly, it correlates only

weakly with the average hydrophobicity of the binding site, but the peak of the

pRDFs for the entire surface correlates stronger with the overall hydrophobicity

of the entire surface. In any case, none of the peaks of the binding site pRDFs

has a higher amplitude than for the entire surface. This might be due to

varying concentrations of hydrophobic residues in the binding site, that the

amplitude is lower than on the average surface. Hydrophobic residues have

been found relevant for the prediction of binding sites (Jones and Thornton,

1997b, de Vries and Bonvin, 2008).

Since small spots of high a�nity in�uence the average distribution, cluster-

ing of low a�nity areas was used to identify continuous patches of low solvation.

Therefore, grid points with a positive ∆G value are clustered together using

a distance cut-o� of 1.8 Å between each grid point, leaving numerous small

clusters of low solvation. Clusters with a size smaller than 10 hydration sites

are discarded in order to not take into account single low solvation spots in

areas of high solvation. Subsequently, the small clusters are clustered again to

bigger clusters, using a distance cut-o� of 4.0 Å. Among the larger clusters,

those were taken for analysis, that at least cover as much surface as a possible

binding partner would cover. In most of the binding sites, at least some over-

lap with one or more of these clusters of low hydration can be found but also

other regions are widely covered by low hydration sites. Since a protein can

be involved in more than one binding event, it is possible that those regions

are part of other interaction pathways.



60 Solvation of proteins in explicit solvent simulations

Table 3.2 � Prediction statistics of the three clusters with lowest solvation.

receptor ligand average

Sensitivity 0.22 0.63 0.42
Speci�city 0.11 0.30 0.20
Accuracy 0.67 0.60 0.64

De�nition of Sensitivity: TP/(TP+FN); Speci�city: TP/(TP+FP); Accuracy
(TP+TN)/(TP+TN+FP+FN) with TP true positive, TN true negative, FP false positive and
FN false negative.

After clustering, around 52% of the protein's surface is covered by unfa-

vorable hydration sites on average and also 56% of the known binding site is

covered with clusters of low solvation. In some cases, a binding site is covered

by more than one cluster of low solvation, while one cluster contributes most

to the coverage, other clusters can be found in the rim region, only brie�y

overlapping with the known binding site. In 12 from 20 binding sites, the

binding site is at least, partially covered with the cluster of lowest hydration

and 17 are covered by one or more of the lowest three. Except for one binding

site (see Figure 3.13A), at least one region with unfavorable hydration could

be found overlapping with the binding site. While in some cases it was just

a small overlap of 10%, it could be up to a 90% overlap with the binding site

in other cases. Taking all unfavorable hydration clusters into account, 56% of

the binding sites are covered by all and 42% of the binding sites by the three

clusters with the lowest a�nity.

In some cases, single spots determine the unfavorable hydration at the bind-

ing site (see Figure 3.13B), while in other cases the binding site is subdivided

into several clusters of low hydration. The latter is not surprising, since po-

lar contacts play a crucial role in many binding processes and therefore, high

a�nity spots for water are likely to be found within the protein binding sites.

Also, no binding site was found within this test set, that was entirely covered

by unfavorable hydration clusters, which is not surprising, since 15 out of the

20 binding sites are more hydrophilic than hydrophobic. In some cases, the

amount of hydrophilic residues goes up to 80% within the binding site, allow-

ing only a small overlap with low hydration clusters (e.g. receptor pdb1ay7),

while binding sites with more than 50% of hydrophobic residues are covered

in a larger scale.
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The size and number of clusters generated this way depends mostly on

the minimum size and the maximum distance discriminator for the clustering

procedure. Therefore, using such cluster analysis for low hydration patterns

on the surface is not straight forward and will largely depend on the proteins

within the test set. To predict a binding site using low hydration pro�les on

the surface might also not be successful, since, at least in this study, the top3

low hydration clusters cover 36% of the surface and all hydration clusters 52%

(for prediction statistics see Table 3.2). The overprediction can be reduced to

lower values by changing the minimum cluster size, the distance discriminator

and the minimum ∆G value, but hydrophilic parts of the binding site will

probably not be covered and the overall sensitivity reduced.

3.3.2 Binding site solvation using a mixed solvent

Mixed solvents provide di�erent behavior for the di�erent chemical groups

enclosed within this solvents. Mixed solvent simulations allow accounting for

the density distribution of all chemical groups of the solvents and therefore,

di�erent features of the protein's surface can be investigated. In the case of

iPrOH/water simulations, three di�erent chemical groups are available: water

tends to avoid hydrophobic regions, the Me-group of iPrOH tends to avoid

polar and hydrophilic regions, while the OH-group is attracted to hydrophilic

regions in principle, but can be found near hydrophobic residues due to the

corporate e�ect of both Me-groups of iPrOH.

To compare the overall a�nity of the binding site with the non-binding

site, ∆G values of the corresponding residues are summed up and normalized

by the amount of counted solvation sites. This value represents the average

a�nity of a solvation site within the binding site or the non-binding site. It

has to be emphasized, that only the known binding site for the given complex

is taken into account and other possible binding sites are neglected.

Results including the protein-protein test set show for Me-iPrOH, that the

average a�nity, in 15 of 20 cases, is higher for the binding site in the order

of two to �ve times than the average value for the non-binding site. For OH-

iPrOH, this was found for 13 out of 20 proteins with up to two times the

average non-binding site value. Within these mixed solvent simulations, the

a�nity of water molecules does not di�er so clearly from binding site to non-

binding site. In ten cases, the a�nity was higher in the binding site and vice
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Figure 3.14 � Results are shown for the 20 proteins from the protein-protein binding site test
set. A) Distribution of patches of certain hydrophobicity on the entire surface and the binding site.
For patches generated for binding site residues, also residues in the proximity of this residue not in the
binding site were taken into account. B) A�nity of iPrOH in the binding site. Compare Figure 3.10
for the entire surface.

versa. The di�erence between binding site and non-binding site is within the

range of only 1 to 20%. No clear trend can be observed for the inhibitor test

set, including only the binding site of the inhibitor. In the case of Me-iPrOH,

the same amount of binding sites have higher a�nity than the non binding site

and vice versa. OH-iPrOH is slightly more often a�ne towards the binding

site (seven to �ve), but often the di�erences are small. Only for water does

the binding site seem less a�ne than the non-binding area, resulting into four

proteins with a slightly higher a�nity for water than the non-binding areas

and in eight cases the non-binding area could be found more attractive.

Random spots on the surface of the protein-protein test set were used to

validate the independence of the di�erence in ∆G between binding site and

non-binding site from the size of the observed surface. Therefore, ten random

spots with the same number of surface residues as the known binding site were

generated for each protein. These spots were created around one random non-

binding site residue and are continuous on the surface of the protein while not

overlapping with the known binding site. The same protocol was applied as

used for binding site versus non-binding site solvent a�nity di�erentiation.

In the case of Me-iPrOH, the binding a�nity of one random spot versus

the rest of the surface was found tending towards the rest of the surface.

Averaging over all ten random spots, 7.2 out of 20 proteins were found with a

higher a�nity of the random spot compared with the rest of the surface (with

a standard deviation of 2.8). This is only half the value as found for the known
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Figure 3.15 � pRDFs for the known binding region are shown. From left to right: pRDFs for
Me-iPrOH, OH-iPrOH, water. The The estimated bulk value for the binding site pRDFs is higher than
for the entire surface, since solvent detected in 9 or 10Å distance from the known binding site might
be in the bulk or at the protein surface, 9 or 10 Å away from the binding site.

binding site versus the non-binding site. The OH-group average was 7.8 (2.6).

The di�erences for water were 8.1 in average (4.8). This shows on one hand,

that the higher a�nity of iPrOH at the binding site is not simply based on

the size, but holds some special features attracting the isopropyl alcohol, and

on the other hand, that there are also several other spots on the surface, that

have a high concentration of iPrOH bound to the surface.

Interestingly, the a�nity of iPrOH within regions of certain hydrophobicity

in the binding site does not signi�cantly di�er from those of the entire surface.

The only di�erence found was the lower population of hydrophilic patches in

the binding site (see Figure 3.14) and therefore, the deviation for those patches

was higher, if they existed at all. It is possible, that the higher a�nity of Me-

iPrOH for the binding site shown above, is indirectly e�ected by the absence

of very hydrophilic patches within the binding site, rather than the overall

hydrophobicity of the site.

If higher cut-o� values are chosen (-1.2 kcal/mol, Me-iPrOH and OH-iPrOH

resulting in about 50% surface coverage in each case), the number of solvation

sites are less (Figure 3.17B). However, these sites are still distributed over the

surface and therefore, mapping onto the surface would still result in a large

percentage of surface covered (77% for iPrOH alone). This also results in a high

overlap with the binding site of 85%, while high a�nity spots of water cover

parts of the rest of the binding site, ending up with 85% surface coverage and

90% binding site overlap. Although most of the surface is covered by solvation

sites, the density of the distribution varies strongly along the surface. This

di�erence in the density of the distribution can be used to favor clusters of

solvent at the surface.
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A

B

Figure 3.16 � Comparing pRDFs for the entire surface (left) and the binding site (right) A)
Me-iPrOH versus the hydrophobicity of the surface. B) Peek of Me-iPrOH versus peak of OH-iPrOH.

Proximal radial distribution functions for the entire surface show a slight

variance for each protein, de�ned by the physicochemical composition of the

surface. The pRDFs for the three di�erent solvent groups perform di�erently

for the known binding sites, compared to those for the entire surface (see Figure

3.15). A higher variance in the peak of the relative solvent distribution can

be observed, pointing on diverging composition of physicochemical properties

within the binding site compared to the average distribution on the surface.

It is found, that the height of the peak of Me-iPrOH only slightly corre-

lates with the overall hydrophobicity at the surface (Figure 3.16A on the left)

and the correlation is even weaker if the binding site pRDFs are compared

to the hydrophobicity of the known binding sites. The height of the peak of

the pRDFs for OH-iPrOH does not correlate with the hydrophobicity at the

surface and only slightly if comparing the binding site pRDFs with binding

site hydrophobicity. The height of the peak of the pRDFs for any solvent at

the binding site is thereby not correlating with the height of the peak of the

solvent around the entire protein. Interestingly, the height of the peak of the

Me-iPrOH pRDFs correlates stronger with the OH-iPrOH pRDFs peak height

for the binding site, compared to the entire surface (see Figure 3.16B).
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A B

Figure 3.17 � Solvation spots of Me-iPrOH (blue spots), OH-iPrOH (green spots) and water (red
spots). The receptor of pdb1acb is shown in surface and cartoon representation. A) Low cut-o� values
for iPrOH (-0.84 kcal/mol) and water (-0.5 kcal/mol) B) Cut-o� values for iPrOH set to -1.2 kcal/mol.

High a�nity solvation sites for Me-iPrOH, OH-iPrOH and water can be

found spread over the surface of the proteins. Depending on the cut-o� value

chosen, most of the surface is covered by such spots, while the density of the

distribution along the surface varies. As reported before, iPrOH avoids highly

polar regions and is therefore only rarely found within this region. Using -0.84

kcal/mol as cut-o� value (see Seco et al. (2009)), large areas are covered by

iPrOH (about 90% of the surface residues are within 4.0 Å to one solvation

site) and water (77% of the surface), as shown in Figure 3.17A.

Binding site prediction for the protein-protein test set

To account for protein-protein binding site prediction with the help of iPrOH,

the di�erent chemical groups were clustered separately (see Figure 3.18 for

a schematic representation of the procedure). Since it was found, that the

binding site has a higher a�nity for iPrOH than the rest of the surface, as

a �rst step, small clusters of solvation sites with high a�nity were identi�ed.

Therefore, all Me-iPrOH solvation sites with a ∆G lower than -1.2 kcal/mol

(approximately the eight fold of the expected bulk value, populating half of

the protein's surface) were clustered.

The same was done for OH-iPrOH solvation sites, while for water hydra-

tion sites, the lower limit for the ∆G was set to -0.5 kcal/mol (∼2.5 fold the

expected bulk value), since the ∆G distribution for water is slightly shifted to-

wards more positive values. This cut-o� allows accounting for approximately

the same amount of solvation sites (compare Figure 3.8C). The minimum clus-
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Figure 3.18 � A) High a�nity solvation sites of Me-iPrOH (orange spots), OH-iPrOH (yellow
spots) and water molecules (blue spots) are clustered separately. Accepted clusters are shown as spots
within colored borders. B) Solvation sites outside of the clusters as well as small clusters are discarded.
Remaining clusters merged to larger clusters of (mixed) solvation sites (black borders around the
clusters). C) Medium a�nity solvation sites (colored crosses) are added to the existing high a�nity
clusters if they are in the close proximity of high a�nity clusters (black borders). D) Solvation sites
outside of the clusters are discarded and up to three of the remaining clusters returned as prediction.

ter size was set for all three to include at least 2% of all solvation sites, which

reduced the amount of solvation sites by about 50% and resulted in a high

amount of small high a�nity binding sites (Figure 3.18A). These were then

merged, which resulted in larger patches of mixed solvation sites for iPrOH

and water (Figure 3.18B). The size of each cluster had to be 10% of the left-

over solvation sites (reducing the amount of solvation sites by additional 50%

on average). Smaller clusters were deselected in this way and only clusters

kept, which were populated by several chemical groups or at least by a very

dominant one. Since iPrOH avoids highly polar regions and water is attracted

by these regions, favored areas were the hydrophobic interaction of iPrOH as

well as the polar interactions of water are close to each other, increases the

probability of �nding the binding site among clusters of solvation. Hydropho-

bic binding sites would not be discarded, since iPrOH itself can be found in

clusters with high a�nity in close proximity. Unfortunately, larger polar re-

gions can be overlooked because of the low amount of high a�nity hydration

sites of water close to each other and the lack of iPrOH.

Subsequently, larger spots of solvation sites with medium high a�nity for

iPrOH (between -1.2 and -0.8 kcal/mol, eight to four fold the expected value)
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Table 3.3 � Prediction accuracy of the top3 clusters from high solvation clus-

tering in mixed solvents.

receptor ligand average

Sensitivity 0.41 0.66 0.53
Speci�city 0.20 0.45 0.33
Accuracy 0.66 0.70 0.68

De�nition of Sensitivity: TP/(TP+FN); Speci�city: TP/(TP+FP); Accuracy
(TP+TN)/(TP+TN+FP+FN) with TP true positive, TN true negative, FP false positive and
FN false negative.

Table 3.4 � Detailed sensitivity and speci�city for the protein-protein test set

pdbcode partner type sensitivity speci�city

1ACB receptor enzyme 83 70
ligand inhibitor 72 45

1AY7 receptor enzyme 57 16
ligand inhibitor 100 30

1BUH receptor other 0 0
ligand other 87 45

1AKJ receptor other 17 10
ligand other 0 0

1D6R receptor enzyme 76 27
ligand inhibitor 67 21

1KAC receptor other 42 14
ligand other 61 24

1KTZ receptor other 44 6
ligand other 79 67

1TMQ receptor enzyme 82 59
ligand inhibitor 79 63

2JEL receptor bound antibody 0 0
ligand antigen 92 65

1IQD receptor bound antibody 4 2
ligand antigen 69 69

Sensitivity and speci�city for the proteins in the protein-protein test set. For de�nition of sensitivity
and speci�city see legend of Table 3.3.



68 Solvation of proteins in explicit solvent simulations

were clustered around the existing high a�nity regions to smoothen the edges

of the clusters on one hand and on the other hand to connect separated clusters

(Figure 3.18C). Therefore, the medium high a�nity clusters had to be close

to high a�nity clusters of the solvent, with a maximum distance of 4.0 Å. The

�nal clusters were ranked by size and three clusters of the solvation sites were

kept as a maximum (Figure 3.18D). Protein residues within 4.0 Å of such high

a�nity sites were mapped as possible binding sites.

Table 3.3 shows the results for the prediction of the protein-protein binding

sites. On average, 50% of the known binding sites were found close to high

a�nity solvation sites. Among all surface residues, for the larger receptor

proteins 33% of the surface was counted as possible binding sites and for the

smaller partner protein 38%. This is much larger than the known binding site

size (which is 15% of the total surface on average) and therefore, the speci�city

of the prediction is rather low and only 33% of the predicted residues are actual

binding site residues, which reduces the accuracy of the prediction to 68%.

In half of the cases, more than two-thirds of the known binding site is

predicted to be involved in binding (Figure 3.19A and C, Table 3.4). For

the proteins pdb1ay7 receptor, pdb1kac receptor and pdb1ktz receptor, large

parts of the surface were predicted, resulting in some overlap but very low

speci�city and the binding site is completely missed by the prediction for four

proteins (Figure 3.19B, Table 3.4): in the case of the receptor of pdb1akj,

only a small overlap with the known binding site could be found, while the

peptide binding site of the MHC molecule was highly populated by high a�nity

solvation sites. For the ligand of pdb1akj, other proteins are also known to

bind at a di�erent binding site, but the high a�nity clusters of iPrOH were

only partially overlapping with these binding sites.

In the case of the receptor of pdb1buh, the ATP binding site was fully

covered by solvation sites, while the binding site of the ligand of pdb1buh

was found to be highly a�ne for Me-iPrOH but only on a small area of the

surface and was therefore discarded during prediction. In contrast, the known

binding site of the ligand of pdb1buh was predicted accurate and other parts of

prediction could be found overlapping with an additional binding site (pdb2ass,

Hao et al. (2005)). The accuracy and sensitivity for proteins belonging to the

class of so called �other� proteins varies strongly. Often, a large overlap with

the known binding site can be found (except for pdb1akj and the receptor of

pdb1buh), but also other areas on the protein are predicted.
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A B

C

Figure 3.19 � A) Receptor of pdb1tmq shown in surface representation and the ligand in cartoon
representation. Small spheres represent the high a�nity solvation sites for Me-iPrOH (blue), OH-iPrOH
(green) and water (red). B) Ligand of pdb1akj shown in surface representation and the receptor as
cartoon. The high a�nity solvation sites were mapped onto the surface, indicated by the red surface
color on the ligand. Blue surface represents residues not predicted as binding site. C) The ligand of
pdb2jel shown as surface and the receptor as cartoon. Spots mark solvation sites as described above.

For the both antibodies in this test set (pdb2jel and pdb1iqd), only a very

small amount of solvation sites populated the antigen binding site, while the

prediction for the antibody binding site on the surface of the antigens was

in good agreement with the known binding sites (for pdb2jel compare Figure

3.19C). For each partner of the four enzyme-inhibitor complexes in this test

set, an overlap of the prediction with the known binding site could be found.

With the exception of the receptor of pdb1ay7, all predictions were in good

agreement with the known binding site and also the prediction accuracy was

very good. In case of the receptor of pdb1d6r, the binding site of the inhibitor

was largely overpredicted, while for the ligand of pdb1d6r nearly all remaining

high a�nity sites could be found correlating with another known binding site

(pdb2iln, Capaldi et al. (2007)).
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Binding site prediction for small protein-protein binding inhibitors

To identify the binding sites of the small drug-like protein-protein binding

inhibitors in the second test set, an adjusted approach for clustering was used

as described above. The parameters had to be adapted to the di�erences in

protein-protein binding sites compared to protein-small ligand binding sites.

Some of the organic inhibitors are bound in cavities, larger ones in very concave

regions. In contrast to protein-protein binding sites, these cavities might be

much smaller. To account for these di�erences, the parameters used above had

to be adjusted in order not to exclude small cavities.

While steps A) and B) of the clustering procedure was performed (Figure

3.18A and B) also for protein inhibitor binding site prediction, steps C) and

D), including lower solvation values, were skipped. Instead, the ∆G value used

in step A) was reduced to -1.0 kcal/mol, increasing the size of small clusters.

Otherwise, most of the cavities would have been overlooked by default, since

these sites are smaller on average than the minimum requisite of solvation sites

used to predict protein-protein binding sites. To directly account for the size of

small ligand binding sites, the minimum number of elements within one cluster

was slightly reduced, while the rest of the settings was used as described above.

Interestingly, within many cavities of this test set, a certain amount of

water was found. While high a�nity water hydration sites are sometimes

only overlapping partially with lower a�nity or density, in at least three cases

(pdb1m47, pdb2o8t, pdb1cqr) water populates the surface of the binding site

by 30-45%. Within eight of the eleven binding sites, water clusters with more

than 10% binding site coverage were found, while 11% of the entire surface

were covered by water clusters. The speci�city of 25% shows a noticeable

amount of water clusters was within one of the given binding sites.

Including iPrOH, 36% of the surface of the proteins was covered by clusters

of high a�nity solvation sites, resulting in a sensitivity of 45%, a speci�city

of 19% and an accuracy of 62%. In each case, the binding site was at least

partially overlapping with high a�nity clusters by 25% and six were covered by

60 to 100%. Only about 15% of the highest solvation spots (< -1.4 kcal/mol)

of each solvent are to be found within the binding site. Since a protein can be

involved in more than one binding process and it is known, that the proteins

within this test set bind to other proteins, additional high a�nity spots may

point to additional binding sites.
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A B

Figure 3.20 � A) pdb1bi4 in complex with ligands and binding partners (pdb3lpu, pdb1qs4,
pdb3ao1, pdb3nf6, pdb3ovn). The high a�nity clusters are shown in blue mesh representation. B)
Protein pdb1r2d shown in gray cartoon and clusters shown in blue mesh. The inhibitor is shown
in green sticks (from pdb2yxj), and the protein partner in yellow ribbon at the same position (from
pdb2p1l). Parts of the binding site were not available for solvent molecules due to a closing of the
upper end of binding site with the short α-helix.

One example for a protein with multiple binding sites is the catalytic do-

main of HIV-1 integrase (pdb1bi4, see Figure 3.20A), for which several crystal

structures exist. Besides several other small ligand binding sites, the partner

protein binding site can also be found partially overlapping with clusters of

high a�nity. Some proposed fragment binding sites near known binding sites

(pdb3ao1 (Wielens et al., 2011)) as well as a novel binding site proposed by

fragment design (pdb3ovn (Wielens et al., 2011)) were not identi�ed among

the predicted high a�nity clusters. In case of Bcl-XL (pdb1r2d, Figure 3.20B),

the inhibitor binding site is the same binding site as for its partner protein.

Besides this region, a large binding site was predicted, for which in several

PDB entries crystal contacts were found.

3.4 Conclusion

Explicit solvent simulations enable the investigation of solute solvent inter-

actions and of the behavior of solvents within di�erent parts of the protein.

In experimental studies, the population of water was found to vary in indi-

vidual binding sites and depending on the water content one distinguishes

between wet and dry interfaces (Janin, 1999, Chandler, 2005). Nevertheless,

several studies showed that binding sites contain more hydrophobic residues

than the average surface (Jones and Thornton, 1997a, de Vries and Bonvin,

2008). Therefore, several approaches attempted to identify unfavorable solva-
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tion sites on protein surfaces in order to further predict possible binding sites

(Barillari et al., 2007, Beuming et al., 2011).

In this study, solvation of protein binding sites with water was investi-

gated using explicit solvent simulations. Proximal radial distribution func-

tions showed, that the solvation varies strongly among the di�erent binding

sites, dependent on their composition. Binding sites with a high amount of

hydrophilic residues show a pRDF with a higher peak of solvent density near

the surface than hydrophobic sites. Also, the form of the distribution depends

on the composition of the binding site: the second peak found in pRDFs, and

mostly in�uenced by carbon contacts, decreases around surfaces with a high

amount of hydrophilic residues.

Unfavorable aqueous hydration sites could be found widely distributed over

the surface with divergent density. Clustering of such unfavorable sites revealed

a signi�cant overlap with known binding sites. Nevertheless, highly polar

binding sites were rarely covered by clusters of low aqueous solvation, which

excludes such binding sites from the prediction. Although the removal of

water upon binding may increase the energy barrier for protein binding, high

a�nity clusters of water are found within many binding sites, resulting in a

low sensitivity of 42% for predicting putative binding sites due to clustering of

low energy hydration sites. This is not surprising, since it is found that water

molecules can mediate the binding between biomolecules (Ladbury, 1996).

To mimic the behavior of molecules with di�erent chemical properties at the

protein's surface, mixed solvent simulations were used. Using isopropyl alcohol

and water, high a�nity spots were identi�ed in protein-protein binding sites as

well as small ligand binding sites. Isopropyl alcohol showed a tendency towards

hydrophobic regions due to the methyl groups. Nevertheless, the hydrophilic

hydroxyl group could be found binding to hydrophilic regions of the protein.

Highly polar areas on the surface were avoided by iPrOH, so that water clusters

with high a�nity were also included for the prediction of binding sites. While

the methyl and the hydroxyl group of iPrOH showed only a low tendency

to correlate according to their relative density in the proximity of the entire

surface (as shown in the peak height of the pRDFs), a strong correlation for

the height of the peaks at the binding site was found. The binding sites were

favored by iPrOH over the rest of the surface, which could not be found for

random spots on the surface in this magnitude.
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The clustering of high a�nity solvation sites was in good agreement with

known binding sites, resulting in a high sensitivity of 53% in case of protein-

protein binding sites. In fact, in many cases the binding site was predicted by

a large fraction or not at all. Since, for many proteins within this test set, only

one partner is known, additional high a�nity binding sites might be related

to additional protein binding sites. This might be true in some cases, since

predictions for proteins with multiple binding partners agreed well with all

known binding sites. Also, high a�nity clusters of iPrOH and water were found

within binding sites of small organic protein-protein binding inhibitors. In

those cases a partial overlap of the binding site with one of the clusters could be

found in every protein in the test set. However, in some cases larger parts of the

binding site were unavailable for solvent molecules, due to a deformed or closed

binding site. Moreover, additional binding sites of the partner protein could

be found populated with high a�nity clusters of iPrOH and water molecules,

while other areas on the surface were avoided.

The information gained by high solvation mapping and binding site predic-

tion is in many cases of high value. The high sensitivity of predictions e.g.

for pdb1acb, pdb1tmq and pdb1d6r could be valuable if included into docking

methods (compare Chapter 5). Since the antigen binding site of antibodies

is approximately known, also the iPrOH/Water predictions for the antigens

could result in a successful docking. The overall sensitivity is quite high,

especially when additional known binding sites are considered. As the very ac-

curate prediction of the peptide binding site of the MHC molecule (pdb1akj)

and the ATP binding site (pdb1buh) have shown, the prediction of small lig-

ands should in principle be possible, if the cavity can be accessed by solvent

molecules. Therefore, inclusion of �exibility could improve the identi�cation

of small ligand binding sites.
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Chapter 4

Desolvation properties of small

ligand binding sites

The identi�cation and classi�cation of small ligand binding sites plays a crucial

role in computer guided drug development. Therefore, detailed information

on the binding site of small ligands or drug like molecules is essential for

the development of new lead drugs. If the real binding site is unknown, or

alternative binding sites or con�gurations are in focus, computational methods

can help to identify those binding sites and guide towards possible binding hot

spots and binding geometries (Nayal and Honig, 2006, Wells and McClendon,

2007, Fuller et al., 2009).

Since small ligands have less possible contacts to the partner protein than

larger ligands (e.g. other proteins), those contacts have to be strong enough to

interact e�ectually. Matching this requirement, small binding partners can of-

ten be found in cavities with less polar and more hydrophobic properties (Miller

and Dill, 1997, Liang et al., 1998, Campbell et al., 2003). Henrich et al. (2010)

gave a summary of possible detectable characteristics for small ligand binding

sites and protein-ligand interactions: the shape of the cavity, amino acid com-

position, solvation e�ects, hydrophobicity and electrostatic potentials. Thus,

three major classes of prediction methods have emerged: geometry-based cav-

ity detection algorithms try to identify the most favourable cavities among all

clefts on the protein's surface by geometrical pocket description or free acces-

sible volume calculation (Hendlich et al., 1997, An et al., 2004, 2005, Weisel

et al., 2007), while energy based methods attempt to �nd energetically favored

positions, e.g. by calculation of interactions with di�erent single probes and
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the protein's surface (Wade and Goodford, 1993, Laurie and Jackson, 2005,

Brylinski et al., 2007) � an overview of available methods from this two classes

is given in e.g. Leis et al. (2010). The third class includes fragment based

search and docking procedures, which place di�erent chemical fragments on

the protein's surface and calculate e.g. the Gibbs free energy of a fragment

at the protein's surface. This enables the most attractive binding sites to be

discovered for di�erent chemical groups, which, clustered to a meaningful size,

propose a certain chemical ligand composition (Brenke et al., 2009, Fukunishi

and Nakamura, 2011, Kozakov et al., 2011). Besides these methods, a fourth

class of binding site detection algorithms appeared based on structure compar-

ison methods in order to generate templates of similar sequence or function-

ality. Algorithms of this class try to identify evolutionary conserved regions

to rank cavities generated with geometric approaches (Huang and Schroeder,

2006) or superimpose known structures to �lter possible binding sites (Brylin-

ski and Skolnick, 2008). Most methods based on geometry calculations, only

present the center of the cavity representing the predicted binding site. Some

other methods also return the grid, or probes, used for binding site predic-

tion (Hendlich et al., 1997, An et al., 2005, Weisel et al., 2007) but just a few

try further re�nement, mostly based also on geometrical calculations (Weisel

et al., 2007, Yu et al., 2010, Volkamer et al., 2010).

The method presented in this chapter combines a geometry based approach

with more meaningful energy calculations, aiming at three characteristics of

small ligand binding sites, the shape and volume of the cavity, solvation e�ects

and indirectly the hydrophobicity of the cavity. Computational e�ort for cal-

culations of energies is reduced to a minimum using an e�ective and fast cavity

detection algorithm: A pure geometry-based approach, related to fundamen-

tal techniques (e.g. Brady and Stouten (2000), Kawabata and Go (2007), Yu

et al. (2010)), identi�es major cavities for which the desolvation free energies

are calculated, that is the cost of removing water upon ligand binding.

The cost for water replacement does not only impact binding site detection,

but as well ligand optimization in cases of drug design (Michel et al., 2009,

Luccarelli et al., 2010) and is therefore a valuable target for investigations �

besides the pure cavity detection. Using desolvation free energy calculations

also allows discarding probes which represent regions that are unlikely for lig-

and binding and allow reduction of the prediction area within a cavity towards

more native binding areas.
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Accessorily to cavity detection and in contrast to most geometry-based ap-

proaches, the algorithm tries not only to predict the most favorable cavity but

also to contour potential binding areas within the cavities as well as favored

polar contacts between groups of the ligand and the protein's surface, without

knowledge of the ligand. The restriction of calculating energies for probes only

in or within the proximity of cavities, reduces the computational cost compared

to other energy based methods, which often carry out calculations for probes

on the entire surface. The method was optimized for a small set of proteins

(used to classify binding site predictors in Leis et al. (2010)) and validated

on a test set of bound and unbound proteins, widely used to benchmark the

performance of several binding site predictors (amongst others: Huang and

Schroeder (2006), Yu et al. (2010)).

4.1 Settings and statistical measurements

A published test set was used to evaluate the method. This set contained

48 bound and unbound structures including several proteins widely used to

benchmark binding site predictors ((Yu et al., 2010)). It was used to determine

the performance of several geometry-based and energy-based methods (see Yu

et al. (2010) for a list of a subset of methods evaluated on this test set). Here,

evaluation principles were applied which are commonly used and established

statistical measurements were employed, in order to be comparable with the

performance of previous methods.

4.1.1 Structure preparation and prerequisites

The PDB �les were downloaded from the protein data base (Berman et al.,

2000) and separated into protein and ligand �les. Hydrogen atoms were re-

moved from the protein �les and missing atoms added by the tleap program

from the AMBER package (Weiner et al., 1984). The ligand �les were cleaned

and if multiple ligands at the same position were presented, only one was held.

Unbound structures were superimposed on their bound complement so that

the ligand could be placed in the binding site for statistical calculation and

visualizations. All calculations were performed in the absence of the ligand,

while the ligands are shown in the �gures for illustration purposes.
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The prediction consists of two steps: in the �rst step the cavity detection

algorithm places probes on the surface of a protein's cavities. The second step

includes the calculation of the cost to place one of these probes onto the surface

in the presence of water. To calculate this penalty, the generalized Born (GB)

model included in the Sander program from the AMBER 11 package was used

(Hendlich et al., 1997).

4.1.2 Statistical measurements

Chen et al. (2011) summarized three di�erent measurements for the quality of

small ligand binding site predictions. One option is the measurement of the

distance of the center of a predicted cavity to any atom of the ligand with a

certain cut o�, named DCA. This is a fundamental measurement, since many

predictors result in the prediction of a complete cavity or directly in a single

point in the center of the cavity and is therefore widely used. DCC de�nes

the distance between the center of the prediction and the center of the ligand

and reveals whether a prediction is more in the periphery of the real binding

site or near the center of the ligand. A third measure is called OPL and tries

to identify the accuracy of the prediction by calculating the overlap of the

prediction with the ligand atoms and vice versa. This is only possible if the

predictor o�ers more information than just the center of the cavity.

To evaluate the method presented here, DCA and DCC values were cal-

culated while for OPL a di�erent measurement was chosen. The overlap of

ligands with predictions and predictions with ligands were calculated sepa-

rately, to directly account for sensitivity and speci�city. A ligand heavy atom

(a) is counted as covered, if the distance to a probe (p) is smaller than the

sum of the ligand atoms van der Waals radius, plus the radius of the probe

(see equation 4.1).

f(a) =

1, if dist(a, p) ≤ (avdw + pr) ∀p in the prediction

0, else
(4.1)

These values indicate the ability of the method to identify the correct posi-

tion of the ligand atoms and can be perceived as sensitivity when accounting
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for all heavy atoms of the ligand (see equation 4.2):

Osens =

∑n
i=1 f(ai)

n
, with n the number of ligand atoms (4.2)

Analog a probe is considered as a correctly predicting probe if - within

the same distance as above - a ligand heavy atom can be found, giving the

speci�city of the prediction method (equations 4.3 and 4.4):

f(p) =

1, if dist(a, p) ≤ (avdw + pr) ∀a of the ligand(s)

0, else
(4.3)

Ospec =

∑n
i=1 f(pi)

n
, with n the number of probes (4.4)

The number of ligand atoms is de�ned by the number of heavy atoms be-

longing to one or more ligand/s found in the crystal structure of the bound

complex, whereas the number of predicting probes is restricted to the method

explained in the next chapter and is usually the sum of all probes found in the

top1 or top3 cavities.

4.1.3 Evaluation of prediction quality

Two di�erent criteria are chosen to evaluate the performance of the method:

top3 indicates that the three best ranked cavities are used for the prediction.

Top1 indicates that as many top ranked cavities are taken into account as

ligands are found bound to the protein. This was recommended by Chen et al.

(2011) and also describes a more feasible treatment of predictions than e.g.

counting the prediction of one of several binding sites with 100%. To calculate

the speci�city and sensitivity of the method, only those probes are taken into

account that are in the actual prediction (top3 cavities or top1 cavities). The

speci�city and sensitivity of all probes generated for prediction are shown

separately. The method presented in this chapter does not generate a distinct

number of predictions, which means that cavities are not marked as possible

binding sites if they do not ful�ll certain criteria, just to present a number of

cavities demanded. Therefore, it is possible that less than three cavities are in
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the output of the predictor. In this case, all remaining cavities are taken into

account for the top3 statistics.

In contrast to other predictors such as LIGSITE, Roll, etc. the method

presented here does not �ll the entire cavity with probes (as those methods do

with grid points), but covers only the surface. As a consequence, not all ligand

atoms can be overlapped, even if a probe is placed at every possible position on

the protein's surface. Another implication is that the estimated center of the

cavity might be shifted more towards the protein's surface, depending on the

curvature of the cavity, reducing the performance while using above mentioned

statistics, compared to methods trying to propose the center of the cavity.

4.2 Geometry-based cavity detection

Cavity detection using geometrical criteria is a widely used tool to identify

cavities on a protein's surface and to estimate its size. Cavities are often

ranked according to the size of the identi�ed cavities, since studies have shown

that the ligand can often be found in the largest cavity (Campbell et al.,

2003). Besides the size of a complete cavity, which might be larger than the

binding ligand, methods attempt to �nd additional scoring methods (e.g. by

ranking according to a depth value (Yu et al., 2010)) or better sampling of

possible interaction regions (e.g. the identi�cation of subpockets (Volkamer

et al., 2010)). The presented method follows the assumption that the ligand

is found within the largest cavities.

4.2.1 Principles of the cavity detection algorithm

The cavity detection procedure starts by rolling a small probe over the van der

Waals surface of each protein atom. The position is kept, if no collision with

other atoms is detected and if it was not closer than half its radius to another

already placed probe. Similar to many other cavity detection algorithms, a

larger probe is used to discriminate between probes placed in and outside of

cavities by discarding intercepting small probes. Therefore, the large probes

as well as the small probes are �rst placed on the protein's surface. Depending

on the size of the probes, small cavities can be detected (small radius for the

small probe, large radius for the large probe) as well as been overlooked (large

radius for the small probe, small radius for the large probe). The choice of
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the probe size not only in�uences the ability of the algorithm to cover every

possible ligand in this initial step, but also accounts for the computational

demand for further energy calculations. Nevertheless, further calculations are

fruitless if the probes do not cover the important cavities.

Subsequently, if a probe is farther away than its radius to any other probe,

single probes, e.g. probes in the interior of the protein, are deleted. Resulting

probes are clustered roughly to generate continuous patterns of probes on

the protein's surface � which is illustrated schematically in Figure 4.1A and

demonstrated on a sample protein in Figure 4.1B. As a distance discriminator

the radius of the probe is taken (this value can be changed on demand to values

between 1.0 and 2.0 times the radius, so that probes within one patch at least

touch one of the other probes in the patch). Clusters with a size lower than

an expectable ligand are discarded, whereas the default value of the expected

size can be substituted by a parameter given to the algorithm.

Figure 4.1 � A) Schematic representation of the geometric cavity detection method. Small probes
are placed on the protein's surface as well as large probes with a larger radius. All small probes
intercepting with the large probes are deselected (white small probes) and the rest is kept (blue small
probes). B) Showing the three di�erent stages of the algorithm around a protein (pdb2ctb). Raw data
from the cavity detection procedure in A) is shown as transparent grey surface area, blue crosses show
the resulting probes after clustering. Ligand is shown in sticks.

4.2.2 Performance of initial cavity detection

The presented cavity detection method has the same restrictions as most other

geometry-based approaches and is sensitive to the orientation of the protein

in space as well as to the chosen settings. Basic parameters are in this case

the size of the small probes as well as the size of the large probes. While for
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Figure 4.2 � A) The bound structure pdb1blh shown in red spheres with the initial probe placement
shown in red mesh. Blue spheres and mesh represent the unbound structure pdb1djb and the prediction,
respectively. The ligand is shown in stick representation. The movement of one residue closes the pocket
upon binding with the ligand and allows a larger overlap of the real binding site for the placed probes.
B) After desolvation free energy calculation and further selection and clustering the prediction for
the unbound structure was reduced (mint mesh) while the prediction for the bound was kept (orange
mesh). C) and D) In the unbound structure (shown in grey, pdb2tga) the backbone at one residue
position is �ipped inside, completely closing the binding site (see D) grey transparent spheres overlap
with the ligands atoms). In the bound conformation (pdb1mtw) the residue is �ipped out as shown in
yellow/orange cartoon and sticks in C) and red transparent spheres in D), widen the binding site and
o�er enough free space for ligand binding.

this study, and the use as settle points for further energy calculations, the size

of the small probe was �xed to 1.4 Å (which is the approximated radius of a

water molecule), but the size of the large spheres can vary. Small radii for the

large probes (like 4.0 Å) result in a very low but precisely described number

of cavities but does not cover parts of the known ligands at more exposed

surface areas. Larger spheres (e.g. 6.0 Å) allow probes to overlap with nearly

all ligand atoms, but come with increasing demand for desolvation free energy

calculations.

Table 4.1 shows the impact of varying probe size on the results. Larger

large probes enable the sampling of more spots on the protein's surface result-

ing in a higher number of cavities as well as more probes per cavity. Taking all

cavities into account, the larger probes show better performance for sensitivity

values, which therefore indicates a large fraction of ligand atoms overlapped

with probes, at the cost of an increasing total number of probes. As a starting
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point for further calculations, a high sensitivity is the prerequisite for the iden-

ti�cation of all possible interaction points, however a large number of probes

increases computational time.

The geometry-based approach performed di�erently well for bound and un-

bound protein structures. While for bound complexes cavities are already

formed, unbound structures sometimes di�er signi�cantly from the bound form

(see Figure 4.2). Either cavities are too narrow to be detected with the small

probes, or they are opened widely (e.g side-chains are rotated, opening the

cavity unfavorable) and large probes with large radii are necessary not to

eliminate the small probes. The performance on the bound set can be reduced

when closing of the binding site of a small ligand upon binding reduces the free

accessible volume to a minimum, and is discarded due to the reduced size of

the detected cavity. The minimum size describing a cavity is set in this study

to a volume of a minimum of 200 Å3 per cavity, which is at the lower range

found for ligand binding sites (100 to 1000 Å3 (Liang et al., 1998)).

For further energy calculations the size of the small probes was set to 1.4

Å (as reported above to approximate the size of a water molecule) and for

the large probes a size of 4.5 Å was chosen. This combination showed good

results in case of the widely used DCA values for top1 and top3 predictions,

on the small test set used to optimize the method, with an acceptable amount

of probes to be calculated.

Compared to other predictors in the �eld which have been tested on the

same test set, the geometry-based cavity detection can be found among the

best performing methods. Yu et al. (2010) collected results reported by the

authors of di�erent binding site prediction methods on this test set (listed in

Table 4.2). According to the ordering used by Yu et al. (2010), this method is

second best for the bound test set. For the unbound structures the performance

is slightly worse, resulting in third place for the top1 predictions and fourth

for the top3, respectively.



84 Desolvation properties of small ligand binding sites

Table 4.1 � Prediction statistics for geometry-based binding site prediction

unbound overlap sensitivity speci�city DCA DCC nr probes

top1 BP 4.5 72.92 66.91 47.92 61.11 46.53
BP 5.0 73.96 69.45 45.30 61.11 41.32
BP 5.5 78.12 73.77 44.47 62.15 41.32
BP 6.0 75.00 72.54 43.10 58.33 45.29

top3 BP 4.5 87.50 80.80 38.14 75.69 59.03
BP 5.0 90.62 84.99 36.04 75.69 53.82
BP 5.5 94.79 89.05 34.43 76.74 53.82
BP 6.0 94.57 89.99 33.72 73.55 56.16

All BP 4.5 93.75 85.06 33.77 81.94 63.19 4.66 119.58
BP 5.0 93.75 87.33 31.13 79.86 55.90 5.35 130.18
BP 5.5 97.92 92.51 29.35 80.90 57.99 5.94 139.86
BP 6.0 97.83 94.62 28.79 77.90 60.51 6.30 135.80

bound

top1 BP 4.5 82.29 79.65 61.38 75.00 57.29
BP 5.0 80.21 77.73 54.78 75.00 51.04
BP 5.5 77.08 75.61 48.21 65.62 47.92
BP 6.0 76.04 74.66 45.07 60.42 44.79

top3 BP 4.5 94.79 90.90 46.27 87.50 69.79
BP 5.0 92.71 90.02 41.68 87.50 63.54
BP 5.5 95.83 93.16 38.64 84.38 64.58
BP 6.0 91.67 89.41 35.23 76.04 58.33

All BP 4.5 95.83 91.73 41.74 88.54 70.83 4.54 123.87
BP 5.0 93.75 90.85 36.04 88.54 64.58 5.33 128.27
BP 5.5 97.92 95.24 32.92 86.46 66.67 6.21 131.52
BP 6.0 95.83 93.57 29.26 80.21 62.50 7.02 132.01

Statistics for geometry-based cavity detection for the test set of 48 unbound (upper part) and 48 bound
(lower part) structures for the top1 and top3 prediction as well as for all cavities. BP indicates the
size of the large probe in Å. Other parameters are kept the same for all statistics. Overlap gives the
percentage of ligands for which at least one probe of the prediction (within top1 cavity or top3 cavities
or All cavities) ful�lls the criteria given for sensitivity (see chapter 4.1.2). Sensitivity, Speci�city, DCA
and DCC values are given in percent and calculated following procedures in chapter 4.1.2. Additionally,
for All cavities the average number of cavities as well as the number of probes per cavity are given.
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Table 4.2 � Results for the 48 bound and 48 unbound structures

Method top1 top3

Unbound Bound Unbound Bound

POCASA 75 77 88 94
dPredgeo 61 75 76 88
PocketPicker 69 72 85 85
LIGSITEcs 60 69 77 87
LIGSITE 58 69 75 87
CAST 58 69 75 83
PASS 60 63 71 81
SURFNET 52 54 75 78

Q-SiteFinder 51 80 86 97

Data shown in this table is taken from Yu et al. (2010). All methods are ranked according to the
ranking in the original paper by the bound top1 value. dPredgeo is the geometry-based binding site
detection method presented in this chapter. For details of statistical calculations see chapter 4.1.2 and
for possible di�erences in top1 de�nition see chapter 4.1.3. Values for Q-SiteFinder are taken from
Laurie and Jackson (2005) for a subset of the presented test set. Also, the declaration of a successful
prediction is di�erent from the other methods. Results are given with reservation therefore.

4.3 Energy calculation procedure and statistics

Areas on a protein's surface that are known to bind small ligands are often

found to be cavities with a more hydrophobic character and less polar interac-

tions. Since the geometry of cavities reduces possible entry areas, the necessary

unbinding of bound water molecules upon ligand association describes a large

energy barrier which has to be overcome. To determine the cost for replacing

water molecules, small neutral probes are placed in the protein's cavities, rep-

resenting a position where a ligand atom might be in contact with the surface.

Therefore, the generalized Born (GB) approach of the Sander program was

used to calculate the energy di�erence within an implicit water model.

4.3.1 Calculation of desolvation properties in cavities

The calculation of desolvation penalties in order to determine the hydropho-

bic core of protein-protein interaction sites using the �nite di�erence Poisson

Boltzmann equation had previously shown success on a variety of complexes

(Fiorucci and Zacharias, 2010a). Probes were placed at a 3 Å distance to each

other on the complete surface of the protein. In the approach presented here,

more probes are placed per Å2 of surface area and are afterwards treated

independently, while in the approach of Fiorucci and Zacharias (2010a) probes
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within 10 Å are averaged to generate smooth transition from favorable to non-

favorable areas, reducing the in�uence of locally high penalties. This may

be bene�cial for the investigation of large surface areas that become buried

upon protein-protein complex formation, but is not suitable if the number of

contacts is small as it is for protein-ligand binding.

To estimate the change in solvation free energy upon binding of a small

neutral probe, a reference energy is calculated for the protein alone. Each

probe is then placed separately on the surface and the change in energy is

calculated as

∆EGBi = EGBi − EGBref (4.5)

which is an approximation of the energy required to displace water at the

given position, where EGBref is the reference energy of the isolated protein

and EGBi is the energy of the protein plus the probe i. The di�erence is stored

on the probe and represents the penalty of placing a neutral ligand atom at

the position of the probe.

4.3.2 Desolvation free energy statistics and generalized

Born settings

Initial optimization on a small test set of bound and unbound, as well as

homology modeled, protein structures (see Leis et al. (2010) for the list of

proteins) revealed the best parameters: a small probe size of 1.4 Å was used

to mimic a water molecule, while for the large probes a radius of 4.5 Å showed

the best compromise between sensitivity and number of probes. Smaller large

probes (3.5 Å or 4.0 Å) resulted in a very good performance for DCA values but

had a low sensitivity and vice versa for bigger large probes (a range of 3.0 Å to

7.0 Å was tested, data not shown, results for large probes on the evaluation

test set for varying large probes between 4.5 Å and 6.0 Å are shown in Table

4.1). Variations of small probes were also tested, showing better DCA results

with a probe radius of 1.2 Å to 1.3 Å, as well as good sensitivity. Despite

better results for the pure geometry-based approach, for desolvation penalty

calculations only the small probe size of 1.4 Å was used.
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To calculate the desolvation free energies with the generalized Born model,

the Sander program of the AMBER11 suite was used with the OBC method

(setting igb=5, based on Onufriev et al. (2000, 2002)). The electric constant for

the outer region was set to ε = 80.0, while for the interior of the protein ε = 4.0

was used, which is related to the dielectric constant of the buried regions of

the protein (Schutz and Warshel, 2001). Other parameters were tested: the

default for the GB calculation of ε = 1.0 (also used for hot spot detection of

transient small ligand binding pockets in protein-protein binding sites by Metz

et al. (2011)) was tested as well as ε = 10.0, which was used for desolvation

calculation of protein-protein binding sites (Fiorucci and Zacharias, 2010a).

The ∆EGB values for the di�erent settings are given in Figure 4.3C, show-

ing di�erences in magnitude and amplitude: the general distribution of values

within the probes di�ers only slightly, resulting in approximately the same

predictions with adjusted selection criteria, while the values for the penalty

signi�cantly di�er. This is also re�ected in the prediction performance, di�er-

ing only slightly from the ones obtained using ε = 4.0.

Since enlargement of the small probe lead to a signi�cant drop in the per-

formance of the cavity detection, larger small probes could only be tested by

resizing probes only for GB calculations, resulting in overlaps with the pro-

tein. As an outcome, energy di�erences enlarge, but do not change the overall

picture dramatically (distribution is shown in Figure 4.3D). Following the pro-

cedure developed for 1.4 Å probes, DCA and DCC values decrease slightly

which is mostly a�ected by single probes with extremely large penalties for

2.8 Å probe radius. In fact increasing the radius slightly to 2.1 Å can help to

distinguish between di�erent values of low penalties more e�ectively, but was

not tested systematically however in this study.

The desolvation penalty for probes near the ligands binding site and probes

in other areas di�er slightly (see Figure 4.3A, see also for de�nition of ligand

contact area), but a signi�cant larger amount of probes with a low desolvation

penalty could be found at probes near the known ligand. Also, the number of

probes associated with a high penalty is slightly larger within cavities where

ligands are found, indicating possible polar contacts between the ligand and

the protein. For probes outside the ligands binding site, a higher amount

compared to binding site probes could be found beyond the maximum (Figure

4.3A). Figure 4.3B shows that the di�erence between the bound and unbound

test set concerning the ∆EGB distribution is negligible.
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Figure 4.3 � A) Shows the distribution of desolvation penalties for the unbound test set (bound
similar, data not shown). Desolvation free energy for probes near the known ligand ( within a maximum
distance of 1Å from the vdW surface of the ligand heavy atoms to the probes surface, resulting in probes
with at least touching vdW and probe radii) in orange and for other probes in blue. B) Distribution of
the desolvation penalties in the bound (orange) and unbound (blue) test set. C) Showing the di�erences
in the distribution for di�erent internal dielectric constants of the interior of the proteins. D) Varying
probe sizes during desolvation free energy calculation. All probes had been placed at 1.4Å in respect
to the vdW surface of the protein. Larger probe sizes result in an overlap of the probe with the protein
during energy calculations. The internal dielectric constant of 4.0 was used.

4.4 Predicting binding site geometries using de-

solvation penalties

The distribution shown in Figure 4.3A indicates, that ligands are more often

found in cavities containing probes with low and high desolvation penalties.

Therefore, the �ltering of probes for cavity selection and deselection is based on

clusters of probes with high and low ∆EGB, representing regions of high hy-

drophobicity as well as stabilizing polar contacts (illustration of the algorithm

in a schematic view can be found in Figure 4.4).

4.4.1 Clustering of desolvation penalties

If within the result list only one cavity is given, a basic correction function

is called, deleting single probes in the rim region of the prediction as well as

narrow regions within the cluster. The latter is done to partition a pocket
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Figure 4.4 � Sequence of the algorithm: The raw data is generated by placing small probes on
the surface and discarding those intercepting with large probes on the surface. Then single probes
and small clusters are discarded and desolvation free energies are calculated for the remaining probes.
If only one cavity is given, narrow regions are deleted and probes at the rim region are trimmed.
Otherwise, if more cavities are present, high and low desolvation penalties are separated from each
other followed by clustering of the probes in the two probe sets. Clusters that are large enough, are
kept and �nally clustered together to form binding pockets or subpockets.

into subpockets by deleting contacts between independent regions connected

via thin accumulations of probes, if possible. A probe is deleted if it has less

neighbors as requested by a threshold value and less than half of the neighbours

of this probe have less neighbors as requested by themselves.

The procedure is augmented for those predictions containing more than one

cavity: the probes are separated into two lines, one containing the lower 70%

of all probes and the other containing the 30% with the highest desolvation

penalties. Both lines are clustered separately resulting in a neglecting of small

high or small low penalty clusters. This discards single extreme values within

a homogeneous environment on one hand and on the other hand, completely

refuses pockets interspersed with varying penalty values. Since the border

between low and high desolvation penalty is arti�cially generated from the

average distribution of penalties in this particular test set, it might not suit

perfectly for a speci�c protein but works well in the general case. The output

is ranked by the size of the clusters but energy values are given additionally, so

that a compartmentalization and re-ranking based on the penalties is possible.

Figure 4.5B illustrates the procedure of clustering of single cavity predic-

tions: As a �rst result of the raw probe placement and deletion, the initial

probes are set (grey surface representation) and after clustering reduced to one

large cluster (blue crosses, partially overlapped by small red spheres). After

desolvation penalty calculation and further clustering, the number of probes
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Figure 4.5 � A) Resulting clusters and cavities for pdb1qpe. Grey mesh indicates all cavities
found after cavity detection using geometric criteria and clustering and colored mesh those left after
desolvation free energy calculations and clustering. B) Shows the three di�erent stages of the algorithm
around a protein (pdb8rat). Raw data from the cavity detection procedure (see Figure 4.1a) is shown
as transparent grey surface area, blue crosses show the resulting probes after clustering. Red spots
mark the remaining probes after desolvation calculation and further clustering. Ligand is shown in
sticks.

(blue crosses) is reduced at the edges and a narrow region in the middle of the

two subpockets deleted, revealing that the large cavity can be divided into one

larger net of spheres encapsulating the ligand, and one smaller cluster beside

the known binding site (shown in red small spheres). For predictions with more

than one cavity, the previously de�ned procedure, using separation of desolva-

tion penalties, is used. As the example in Figure 4.5A shows, all cavities are

taken into account (see Figure 4.5A, grey mesh representation) for desolvation

free energy calculations and after clustering and removal of improper cavities,

the number of cavities reduce from seven to �ve. The largest cavity found in

the �rst stage is thereby divided into two � now independent � subpockets,

with the larger of the remaining two pockets enclosing the known ligand bind-

ing site. The second ligand binding site is also detected, but enclosed in the

fourth largest cluster, marked as failed in top1 and top3 statistics.

4.4.2 Performance of the binding site prediction

The initial approach highlighted, that it is in principle possible to at least

overlap with most of the ligands (for the unbound test set 93.75% of the

ligands were overlapped by at least one probe, 95.83% for the bound test set,

respectively, values are shown in Table 4.2 with settings 4.5 Å large probes

and all cavities). Sensitivity for the unbound structures with a value of 85%

and 91.73% for the bound ones indicates, that in most cases the overlap is
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Table 4.3 � Prediction statistics for dPredGB

overlap sensitivity speci�city DCA DCC nr probes

unbound top1 72.92 66.82 41.97 69.44 50.69
top3 87.50 78.96 41.97 81.94 59.03
All 91.67 82.10 39.65 86.03 61.11 3.69 116.80

bound top1 86.46 82.65 68.55 85.42 64.58
top3 94.79 89.95 51.11 93.75 72.92
All 95.83 90.78 48.10 94.79 73.96 3.69 119.69

Statistics for energy based docking for the test set of 48 unbound (upper part) and 48 bound (lower
part) structures for the top1 and top3 prediction as well as for all cavities. Sensitivity, Speci�city,
DCA and DCC values are given in percent and calculated following procedures in chapter 4.1.2. For
All cavities additionally the average number of cavities as well as the number of probes per cavity are
given.

not only partial but also dominant. Values for the top1 and top3 predictions

denote, that the ligands can not always be found in the largest or among the

largest cavities. Nevertheless, taking all cavities into account illustrates that

a rescoring of cavities or a resampling of probes can be successful.

Reducing the amount of possible probes, and therewith the size of a cavity as

well as its relative center, resulted in a reordering of the geometrically detected

cavities as well as the removal of irrelevant ones. For the unbound test set,

the number of detected cavities on average is reduced from 4.66 (with 119.58

probes per cavity) to 3.69 cavities (with 116.80 probes per cavity). Using this

procedure, more than 20% of the probes can be discarded successfully, result-

ing in an increase of speci�city from 38.14% to 41.97% for the top3 predictions

while the sensitivity decreases slightly (compare Table 4.3). Taking all cavi-

ties into consideration, the sensitivity decreases by 2.96% while the speci�city

increases by 5.88%. The same is true for the bound test set, which performs

comparably: speci�city values increase for top1 (7.17%) and top3 (4.84%) pre-

dictions. Sensitivity for the top3 predictions decreases slightly (0.95%), but

increases for the top1 predictions (3%), due to a change in the ranking of the

cavities. Half the probes within the top3 predictions are overlapping with a

ligand atom and almost nearly 70% in the top1. Since this includes all probes

from successful as well as from the unsuccessful predictions, this value indicates

that for all true predictions most of the probes are actually marking protein-

ligand contact areas. On the other hand 82.65% of the ligand atoms were
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Figure 4.6 � Two structures where the ligand could not be found with the ROLL algorithm (Yu
et al., 2010). A) Initial (grey raw surface points, blue geometry-based clustering) and �nal prediction
(red mesh) for pdb1npc (unbound test set) resulting in three cavities with one larger cavity enclosing
the ligand (yellow sticks) and three empty smaller cavities. Before reduction, due to desolvation penalty
calculations, two additional cavities existed and the known binding site was nearly twice as large as the
�nal cavity. B) Shown are all resulting predictions for pdb2sim (bound test set) in mesh representation.
The mesh is color coded from low penalties (blue) to high penalties (red). The ligand (shown in stick
representation) is found in the largest predicted cavity with only slight overprediction.

Table 4.4 � Results for the 48 structure test set

Method top1 top3

Unbound Bound Unbound Bound

dPredGB 69 85 82 94
POCASA 75 77 88 94
PocketPicker 69 72 85 85
LIGSITEcs 60 69 77 87

Q-SiteFinder 51 80 86 97

See Table 4.2 for details. dPredGB is the method presented in this chapter using geometry-based cavity
detection and subsequent desolvation free energy calculations.

in touch with probes (top1, 89.95% for top3, respectively), including missed

ligands, these values point out, that if a ligand is in a predicted cavity, mostly

all its contacts to the protein's surface are near probes.

The binding site prediction performance itself improves as well: for the

unbound test set the top1 and top3 prediction rate gain 6% to 8% (DCA values)

compared to the pure geometry-based approach (see Table 4.1). Within the

top3 predictions, 82% of the ligands are within 4 Å from the prediction center

(DCA value) and 69% of the ligands can be found in the top1 prediction sites.

For the bound test set, top1 results increased by 10% (75% to 85%) and the

top3 by 6% to 93.75%. The protocol, used here for the prediction of small

ligand binding sites, can be found among the best performing methods. The
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Figure 4.7 � Possible polar contacts between the ligand and the protein shown as black dashed
lines. Prediction is shown in mesh representation and with color codes for low desolvation penalties
(bluest) and high desolvation penalties (yellow to red). Ligands are shown as sticks. A) shows results
for pdb2tmn and B) for pdb4phv.

top3 value is comparable to the best performing method (see Table 4.4 and

Figure 4.6 for examples not found with the ROLL predictor), while the top1

prediction performed prominently, compared to all other methods.

The di�erence in the local structure of bound and unbound proteins, indi-

cated by Figure 4.2, is also re�ected in the prediction values: the geometric

probe placement presented in this method is not always able to identify un-

bound protein ligand binding sites perfectly. Therefore, the performance for

unbound structures does not outperform other binding site predictors, but is

among the methods with the best results. The general procedure of using

smaller probes to also de�ne all known binding sites in the unbound form ge-

ometrically, is hardly applicable and would result in an ine�cient sampling

of desolvation energies and therefore, in less distinguishable penalties. Other

methods using grid based approaches (like LIGSITE, ROLL, etc.) de�ne grid

spacing down to 0.5 Å, also enable the detection of narrowed binding sites.

Besides the prediction of the binding area, the method presented here also

attempts to predict polar contacts between the protein and the ligand. High

desolvation penalty regions within, or at the border of larger low penalty areas,

often give a hint of whether a possible polar contact can be established in

this region. Figure 4.7 shows the prediction for pdb2tmn (Figure 4.7A) and

pdb4phv (Figure 4.7B). For pdb4phv most polar contacts are within a high

area of desolvation penalty (1.7 kJ/mol) while others are in a lower area (0.5

to 1.0 kJ/mol). For probes in regions where no polar contact of the ligand

and the protein can occur, values between 0.1 and 0.3 kJ/mol are proposed,

ful�lling the expectations. Also for pdb2tmn high values of desolvation penalty
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Figure 4.8 � The prediction covering the known ligand binding site for pdb1gcg does not show
low desolvation penalties. All possible polar contacts are within high desolvation free energy di�erence
regions.

can be found in regions where polar contacts may occur (up to 1.4 kJ/mol)

while for regions slightly further away placement of probes is less penalized

(0.2 kJ/mol).

Besides predictions with a mixed state of desolvation penalties, cavities are

among the predictions that do not include low desolvation penalty spots. For

pdb1gcg the lowest spot in the correct prediction has a value of 0.5 kJ/mol

covering the ring of the ligand. High penalties are accounted for those probes

covering ligand atoms that can introduce polar contacts with protein atoms

(1.0 kJ/mol for the yellow lower spot and 1.4 kJ/mol for the red spot as shown

in Figure 4.8).

On the other hand, the two additional cavities predicted had a homogeneous

distribution of desolvation penalties of 0.33 kJ/mol for one and 0.4 kJ/mol for

the other predicted binding site. Compared to other results, 0.33 kJ/mol is

at the upper border of lowest penalties sampled for this test set (see Figure

4.9A). In each case, the di�erence between the lowest and highest desolvation

penalty is in the mean of the test set (compare Figure 4.9B), although the

lowest values are higher than on average.

A big di�erence between lowest and highest desolvation free energy di�er-

ence is only found in single predictions. On average, the di�erences are within

0.75 to 2.0 kJ/mol and high values of desolvation free energy hardly exceed

3.0 kJ/mol. These values are noticeably lower than the values found scanning

the protein surface by Fiorucci and Zacharias (2010a). One reason for this

fact might be the size of the probes (2.0 Å for scanning the protein surface vs.

1.4 Å for scanning the cavities), another the di�erence in the test set and the
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Figure 4.9 � A) Occurrence of lowest penalties found in any cavity of one prediction for the bound
and unbound test set. B) Di�erence between the lowest and highest value within one prediction (taking
all cavities in one prediction into account).

search area. Since probes at the more polar surface are omitted during this

procedure, the high amount of hydrophobic contacts within the cavities might

lower the overall penalty.

4.5 Conclusion

The �eld of small ligand binding site detection is dominated by approaches

describing cavities geometrically, while energy based methods are often disre-

garded because of their computational demand (Leis et al., 2010, Chen et al.,

2011). Fast methods based on comparison of sequences or known binding sites

appeared, demonstrating good performance, but are restricted to cases were

a large knowledge base exists. More sophisticated methods, using Molecular

Dynamics simulations or fragment docking, can often give more insight into

binding a�nities or the druggability of a cavity (Seco et al., 2009, Kozakov

et al., 2011), but come with a high computational demand.

In this chapter a method was presented, based on the calculation of penalties

arising from occupying solvent accessible surface areas with a neutral probe.

The general procedure has shown some signi�cance for the detection of hy-

drophobic patches within protein-protein binding sites (Fiorucci and Zacharias,

2010a), but has not yet been applied to small ligand binding sites. Since solving

the Poisson-Boltzman equation for thousands of probes on the protein's surface

requires a signi�cant amount of computational power, the presented method

achieves a remarkable acceleration for the calculation of favorable protein-

ligand binding sites, due to the usage of the generalized Born model.



96 Desolvation properties of small ligand binding sites

The fast and accurate geometrical cavity detection protocol results in a

signi�cant reduction of meaningful probes, for which time consuming energy

calculations must be performed. This assumption is based on the observation,

that small ligands are often found in shallow areas of the protein's surface

(Miller and Dill, 1997, Liang et al., 1998) and enables the breaking down of

GB calculations to some hundred per protein. For small proteins with a few

hundred probes, prediction can be �nished within seconds or take up to a few

minutes.

Binding site prediction statistics show, that calculation of desolvation penal-

ties is a valuable method to detect small ligand binding sites and performs well

amongst the best methods. Similar to more complex methods, this method

can identify hydrophobic, as well as polar binding sites. This makes it valu-

able for the detection of binding poses, since in many cases the approximated

orientation of the ligand in the cavity can be estimated by the distribution of

polar and non-polar contacts. Many of the predictions show a good overlap of

placed probes and known ligand atoms, indicating that not only binding site

cavities can be distinguished from non binding site cavities, but also relevant

from non-relevant areas within a cavity.

One drawback is the lower performance on unbound structures compared

to bound structures. Possible enhancement could be the introduction of �exi-

bility into the probe placing algorithm or a di�ering probe placement, e.g. an

adjusted grid based approach. Nevertheless, for bound structures, the sam-

pling as well as the scoring of the binding cavities showed a good performance

for the identi�cation of relevant binding sites, as the top1 prediction values

show. Additional information, e.g. sequence conservation or statistical evalu-

ation, could help to further discard cavities which do not bind small ligands

and therefore increase the number of top1 predictions.



Chapter 5

Optimizing unbound

protein-protein docking

The realistic prediction of protein-protein complex structures (protein-protein

docking) is of major importance as only a small fraction of real and putative

protein-protein interactions in a cell can be experimentally determined. Some

interactions are only transient or weak such that experimental determination

of a complex structure is di�cult or sometimes even impossible. Computa-

tional protein-protein docking methods are becoming of increasing importance

in order to generate, at least, model structures of possible protein-protein

complexes. Protein-protein docking approaches can also be helpful to evaluate

newly designed protein-protein interactions which are of increasing interest in

the area of biotechnology and medicinal chemistry. Several classes of docking

methods have been developed (reviewed in Pons et al. 2010, Moreira et al.

2010, Zacharias 2010a; Schneider & Zacharias, 2010, see Chapter 2.3).

These methods systematically search for putative protein-protein binding

geometries using various surface matching approaches or employ force �eld

based energy minimization or related optimization procedures. As a �rst step,

rigid docking is performed typically to generate a high amount of possible

binding poses. Afterwards, a rescoring of the rigid solutions, followed by one

or more re�nement steps, often including some �exibility, is applied to gener-

ate complexes in closer agreement with the native geometry in a prominent

position on the result list (Pierce and Weng, 2007, 2008, Pons et al., 2010,

Zacharias, 2010b). It is also possible to re-evaluate the docked complexes ac-

cording to available experimental data on a putative binding surface or based



98 Optimizing unbound protein-protein docking

on predictions from bioinformatics binding site prediction approaches (Ben-

Zeev and Eisenstein, 2003, Gottschalk et al., 2004, Zhang et al., 2005, Liang

et al., 2006, de Vries and Bonvin, 2008, Huang and Schroeder, 2008, Kowals-

man and Eisenstein, 2009, Liang et al., 2009). Alternatively, experimental

or prediction data can also be included directly, during the docking search,

as restraints in force-�eld based docking approaches (de Vries et al., 2006,

Melquiond and Bonvin, 2010). An example of this type of approach is the

HADDOCK program that employs data-derived restraints during molecular

dynamics and energy minimization to drive the docking towards a target re-

gion (Dominguez et al., 2003). A drawback of including experimental data

or binding site predictions during docking is the restriction of the search such

that at least some of the data-derived restraints must be ful�lled. If the data

is incorrect or too inaccurate it may interfere with the success of the docking

procedure (de Vries et al., 2010).

Another option is to include external data as weights on putative interacting

(or non-interacting) atoms of the partner molecules. In the case of force �eld

based docking methods, a weight larger than 1 on an atom implies a stronger

interaction with atoms of the partner resulting in an improved score of solu-

tions including the labeled (weighted) atoms and in addition, it also enhances

sampling of the labeled region during the search. Compared to restraint-driven

approaches the weighting of interactions does not exclude the sampling of re-

gions not covered by the external data and an additional advantage is the

possibility to only use available data on one partner structure. The possibility

to include external data as weights has already been used in combination with

Fast-Fourier-Transform (FFT) correlation-based docking methods (Ben-Zeev

and Eisenstein, 2003). However, since in this case the sampling resolution

is independent of the type of scoring function the approach is similar to re-

evaluation of docked complexes including external data (after completion of

the docking search).

This chapter presents the possibility to include either experimental data or

bioinformatics predictions in the form of force �eld weights during docking us-

ing the ATTRACT docking program (compare chapter 2.3.3). The force �eld

parameters of the ATTRACT docking program have been optimized recently

to optimally identify near-native docking minima among a large set of incor-

rect decoy complexes (Fiorucci and Zacharias, 2010a). To further evaluate

the performance of the parameters in this study, systematic docking was per-
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formed on a set of complexes with available partner structures in the unbound

conformation (Mintseris et al., 2005).

5.1 Settings and proceedings

Various types of weighting interaction potentials were evaluated. This includes

the increase of all the interactions of selected pseudo atoms of a residue by a

factor of 1.5 or 2.0 relative to the unbiased force �eld as well as weighting

(scaling) only the attractive interaction. To evaluate the behavior of weighted

residues, arti�cial binding sites were created, representing possible types of

prediction. For the arti�cially created binding sites the center of the known

binding site was often taken as a starting point to generate growing binding

sites. To emulate predictions from experimental methods in one case, central

binding site residues were selected and in an other case the residues were

randomly selected out of all binding site residues. The meta-PPISP server (Qin

and Zhou, 2007) delivered the information for the docking run with predicted

binding sites. Details on scaling only selected residues or patches around a

putative binding site are given in the following subsections as well as in the

Figure legends.

5.1.1 Binding site prediction, benchmark set and accep-

tance criteria

Protein binding site predictions were obtained using the metaPPISP-Server.

The metaPPISP server collects predictions from three di�erent methods (cons-

PPISP (Chen and Zhou, 2005), PINUP (Liang et al., 2006) and Promate (Neu-

virth et al., 2004)) and forms a consensus (meta) prediction. It is considered

as one of the most successful protein-protein binding site prediction methods

(Zhou and Qin, 2007).

In order to evaluate the performance on unbound partner structures all sys-

tematic docking searches were performed on a benchmark set containing of 82

complexes in the unbound form from a published benchmark set (Benchmark

2.0) (Mintseris et al., 2005). This test set consisted of 63 rigid complexes (in-

terface RMSD between bound and unbound on average 0.82 Å), 13 medium

di�cult (interface RMSD 1.63 Å) and 8 di�cult cases (interface RMSD 3.67

Å), 23 of those complexes are enzyme inhibitor or enzyme substrate, 10 anti-
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body antigen, 12 antigen and bound antibody and 39 other complexes. The

structures pdb1n2c (medium di�culty, other type) and pdb2vis (rigid case,

antigenâantibody complex) were omitted because of di�culties with binding

site predictions using the meta-PPISP binding site prediction server, due to

limitations in the maximum number of atoms (Qin and Zhou, 2007).

Docked complexes were clustered, and acceptable solutions according to the

CAPRI criteria (Lensink et al., 2007) were collected and ranked only according

to the ATTRACT score. The clustering of solutions was performed beginning

with the lowest energy complexes (best scoring) using an RMSD of the ligand

protein after superposition of receptor proteins (RMSDlig) cuto� between any

two solutions of 5 Å. An acceptable solution is de�ned as an RMSD of the

ligand (RMSDlig) < 10 Å and a fraction of native contacts relative to the

native complex larger than 0.1 or only a fraction of native contacts of more

than 0.3.

5.1.2 Force�eld performance on the unbound test set

A recently designed ATTRACT force �eld based on optimizing the scoring

of native interfaces relative to a large set of decoy surfaces gave a very good

performance on bound partner structures with near-native solutions in the

top 10 ranked complexes in 90% of the test cases (Fiorucci and Zacharias,

2010b). The unbound docking run followed the exact protocol (Fiorucci and

Zacharias, 2010b) of the bound docking run. After clustering of the results in

55 out of 82 docking cases (around 65%) at least one acceptable solution was

found in the top100 solutions. Other methods typically achieve this in only

around 50% of the benchmark cases and typically only after rescoring including

a variety of physicochemical and/or bioinformatics parameters (Cheng et al.,

2007, Pierce and Weng, 2008, Liang et al., 2009, de Vries and Bonvin, 2011).

Here, no knowledge on putative binding regions of the partner structures was

included. However, for many docking cases of biological relevance experimental

data on a putative protein binding interface in the form of mutagenesis data

or evolutionary conservation are available. Such data can be included during

docking in the form of data-driven restraints (e.g. used in the docking program

HADDOCK) or for re-evaluation after an unrestrained docking search (Huang

and Schroeder, 2008, Pons et al., 2010).
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5.2 Docking performance evaluation using arti-

�cial binding sites

Docking with arti�cially generated or known binding sites served as proof of

concept and to determine the feasibility of biased force �eld docking. Addition-

ally, binding sites of varying overlap with the known binding site were created

in order to estimate the behavior of the force �eld on weighted regions, as was

expected to be proposed by binding site prediction or experimental methods.

5.2.1 Creation of arti�cial binding sites for known bind-

ing site docking

The known binding site was estimated by de�ning a heavy atom in the binding

site, if within a distance of 5 Å to one heavy atom of the partner protein, for

a proof of concept docking run. The residues allocated to those atoms are

taken as binding site residues for weighted docking. To account for the impact

of weighting, several di�erent scaling methods have been tested. One is the

magnitude of the scaling factor which is set to either 1.5 or 2.0 of the original

forces. Another, the handling of attractive and repulsive forces, where either

both or only the attractive forces are regulated. Besides the kind of scaling,

the impact of the size and position of the weighted region needs to be observed.

Several di�erent conditions have been tested to monitor the behaviour of the

ATTRACT docking program concerning changes in speci�city and sensitivity.

To create those arti�cial surface residue patches, the surface residue closest

to the geometric center of the known binding site was used as an anchor.

Additional residues are then added, beginning with the closest surface residues

to the anchor resulting in rather circular binding spots.

5.2.2 Docking with known binding sites

The possibility of including data on putative binding sites in the form of

weights on the force �eld contributions is ideal for the ATTRACT docking

method. This is based on docking energy minimization in a force �eld that

drives the interaction between two proteins. In order to test di�erent combi-

nations of weights for binding and non-binding regions it was �rst tested for

the case of known protein binding regions for both partner structures. For the
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weights on those atoms that are known to be involved in binding, 2.0 was used.

Although this seems a small weight in the case of a known binding region it

was found that higher weights were not bene�cial in the case of less reliable

data on a binding site (see below) and a weight of 2.0 was therefore chosen as

an upper limit. As expected, inclusion of data on the known binding protein

sites signi�cantly enhances the docking performance and increases the number

of successful docking cases with acceptable solutions in the top1 or top2-10

category. Scaling up the weights in the known binding region as well as the

additional downscaling of the non-binding region reduces the space of accept-

able complexes concerning the energy to complexes near to the native ones.

Methods scaling attractive and repulsive forces results in a top1 rate of around

55% and a top10 rate of 88% (for weights of 2.0 for binding site residues and

0.75 for non binding site residues) while scaling only attractive forces leads to a

top1 rate of around 67% and a top10 rate of 94% (same weighting as previous).

Best results were achieved with an up-scaling of only attractive interactions

involving pseudo-atoms of residues in the known interface by factors 1.5 or 2.0.

In addition, the failure rate drops from �ve runs without an acceptable solu-

tion to one in the run scaling only attractive forces. The fact that there are still

cases were acceptable solutions where only found in the top10-100 category (or

not at all) is due to the large conformational di�erences between unbound and

bound partner structures in these cases. Increasing the attraction of a known

interface region does not restrict the relative orientation of protein partners

upon binding. Including weights did not only a�ect the scoring but also pro-

duced overall more acceptable solutions. While in the reference (unbiased)

run 952 acceptable clusters of solutions were found (for all runs together) this

number more than tripled in the case of including weights on known interface

residues (e.g. 2886 in the case of weighting attractive interactions by 2.0).

The improved sampling can also be observed in the funnel plots (Figure 5.1)

which show a signi�cant shift towards lower ligand-RMSD for sampled com-

plexes with the lowest energy. Counting all receptor ligand contacts of the top

1000 complexes reveals that structures with high amount of native contacts are

scored high even if the RMSD is not acceptable, due to rotation and/or tilts

of the ligand within the receptor's binding site (all results of the best ranked

1000 structures have native contacts > 0.0).

In addition, the number of native contacts for the best acceptable solution

increased from on average 51% (standard deviation (SD) = 23%) in the refer-
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Figure 5.1 � Upper plots: pdb1m10 with a reference rank of 9159 for the �rst structure with
ligand-RMSD of < 10.0 Å, weights of 2.0 for all forces rank 510 and scaling down non binding site
residues to 0.75 while only attractive forces are scaled rank 1. Lower plots: pdb1tmq with reference
rank 889, rank 33 and rank 1 for same weighting as above.

ence search to 58% (SD = 23%) in docking searches including weights. The

top 10/top 100 results included structures with on average signi�cantly more

native contacts (top10: 25% +/- 11% top100: 12% +/- 5%) compared to the

reference docking search (top10: 4% +/- 5% top100: 2% +/- 2%). Instead of

including weights during docking, it is also possible to rescore solutions from

the reference docking search using the force �eld weights. Rescoring can change

the number of acceptable solutions within a given range of ranking but cannot

improve the quality or number of acceptable solutions. Acceptable solutions

were found in 56 of the 82 cases on rank 1 for docking including weights (2.0)

on known binding site residues. Whereas only 49 top 1 solutions were found

using rescoring of unbiased docking runs. No acceptable solution could be

found in the reference run for three complexes (and of course also not upon

rescoring). The weighted docking runs found acceptable solutions for two of

those complexes (pdb1h1v rank 108 and ligand RMSD 8.9 and pdb1ibr rank

22 and RMSD 8.6, both cases claimed as di�cult in the benchmark). Over-

all, using weights during docking resulted in an average rank of acceptable

structures of 5.4 and for rescoring 10.3. Especially for di�cult and medium

di�cult cases, the use of weights during docking improves results (compared

with a rescoring of the structures obtained by the unbiased searches). Docking
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with weights performed better in nine medium and di�cult cases, and for two

structures acceptable solutions could be found that had not been found during

unbiased docking.

In realistic docking cases the protein binding site is often only approximately

known. To mimic such conditions, arti�cial binding sites (representing possi-

ble predictions or known regions) were generated, which represented di�erent

scenarios in terms of sensitivity and speci�city of the approximately known

regions of interaction.

5.2.3 Variations of binding sites covering possible bind-

ing site prediction motifs

�Interface center� indicates inclusion of force �eld weights on only the cen-

tral 50% of the known binding sites on both partners and performed similar to

�Double interface� which consists of twice the size of the known binding site and

including the known binding site completely. In both cases ca. 80% of accept-

able solutions scored among top ranks or top2-10 ranks. Increasing the mean

weights on 50% of the protein's surface residues including the known binding

region (named �50% of total�) still results in acceptable solutions within the

top10 in 63% of the cases, while weights on random surface patches with par-

tial overlap with the known binding sites on both partners, lead to a signi�cant

performance drop comparable to the results of the unbiased run (�Overlapping

Site�). Since predictions or experimental knowledge is often of limited accuracy

the results of the test runs indicate that an over-prediction of the binding site

(too large but including the complete native binding site) is more promising

than an attempt to exactly replicate the shape or size of the binding site.

In comparison �Random assignment� of putative binding regions on the

protein surface excluding the known binding site (prediction with nearly zero

sensitivity and speci�city) resulted in a signi�cant drop of the docking perfor-

mance, even below the performance of the reference docking search. However,

still in the majority of cases an acceptable docking solution within the predic-

tions was found but ranked very badly (only four within the top100). This

indicates a distinct advantage of the present technique of including putative

binding site data as force �eld weights instead of restricting the search to pre-

dicted interaction regions (e.g. as restraints). Inclusion of incorrect predictions

(zero sensitivity and zero speci�city) as distance or contact restraints for ex-
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Table 5.1 � Arti�cial binding site statistics

method receptor fraction ligand fraction sensitivity speci�city

Interface center 4 8 40 100
Doubled interface 18 36 100 35
Overlapping Site 10 20 35 35
50% of total 48 47 100 33
Random assignment 8 16 < 1 < 1
Known binding sites 10 20 - -

Receptor fraction and ligand fraction correspond to the average fraction of protein surface that included
weights on surface atoms. For de�nition of sensitivity and speci�city see legend of Table 5.2.

ample, would have resulted in complete failure of the docking searches for all

complexes. An overview of the performance of the di�erent test cases investi-

gated in this chapter, also including the known binding site, can be found in

Figure 5.2.

5.3 Single and multiple residue experiments

Analogue to former, the di�erent methods were explored as well for inclusion

of knowledge on single residues. A single residue was chosen randomly from

the core of the above determined binding site residues of one of the binding

partners (in all cases the receptor). For the docking runs with multiple residues

three out of all binding site residues were selected without any restriction.

Additionally, residues in the neighborhood of a given residue were also weighted

reducing the weight distance dependent of 1.5 − (0.035 ∗ distance) in case of

single residue. This means that in a radius of ∼14 Ångstroms around the

known residue the forces are raised while in a larger distance constantly reduced

down to a minimum of 0.75 times the normal forces. For the run including

three residues surrounding atoms were weighted with 1.5− (0.0625 ∗ distance)
resulting in arti�cial binding site spots of 8 Å radius around each residue

including 13% of all surface residues. Beyond the up-scaled binding site the

attracting forces are linearly reduced to a minimum of 0.75 leaving the weighted

residues outstanding as attractive regions among a surrounding of gradually

more repulsive surface residues.
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Figure 5.2 � A) Comparison of various types of weighting (scaling) interactions that involve
coarse-grained-atoms that belong to a known interface. The term attractive refers to scaling only the
attractive contribution (otherwise both repulsive and attractive) by a factor of 2.0 or 1.5, respectively,
compared to the unbiased docking run. The ranking (x-axis) indicates the rank of the best acceptable
solution (according to the CAPRI criteria). The y-axis indicates the number of solutions (out of 82)
in each category. B) E�ect of modifying the part of the surface for which attractive interactions were
increased by 1.5. Interface center indicates weighting of only half of the known interface residues
(interface center) whereas doubled interface means weighting twice as many residues but including the
known interface residues. Boxes for ∼35% overlap indicate weights on an arti�cial random protein
surface area that includes on average ∼35% of the known interface whereas 50% of protein surface
indicate weights on 50% of both proteins total surfaces including the known binding region. Random
indicates weighted random arti�cial binding sites that do not overlap with the known binding site.
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Figure 5.3 � Docking performance in case of scaling the interactions of single residues located
approximately at the center of a protein binding region (only attractive interactions by 1.5). For
comparison the results of scaling not only a single residue but also residues within 14 Å of the selected
residue (in a linearly decreasing manner according to w = 1.5 − (0.0035 ∗ distance) from the selected
residue: termed patch) and for three randomly selected residues in the known binding region are also
shown

5.3.1 Inclusion of knowledge on single residues

Frequently, mutagenesis experiments on proteins can identify residues that are

likely to be part of a protein-protein binding interface. Docking searches in-

cluding weights only on one partner (receptor) and on one central core residue

were performed. This shifts the score distribution of acceptable solutions al-

ready signi�cantly towards better ranking solutions (Figure 5.3). Knowing

and weighting one single residue of one of the partners increased the number

of acceptable solutions in the top10 from ∼22% in the reference run to ∼36%.
Increasing the weights also for residues in the neighborhood of the selected

residue (as described above) further improved the docking results.

Similarly, picking three random positions in the known interface (instead of

a central interface residue) and increase the interaction weight around them

resulted in acceptable docking solution in the top10 category in 51% of the

cases (80% in the top100 category, see Figure 5.3). Placement of those three

residues beside each other at the edge of the binding region can lead to a high

a�nity complex generation where the ligand is shifted or tilted towards those

high attractive residues. This causes a shift towards non-native complexes in

terms of sampling and in terms of scoring an increase in energy for structures

out of alignment with the known ligand protein. If the residues are distributed

equally within the binding site or at least one or more are in the core, docking
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results are improved signi�cantly. Using this kind of information leads to 9

docking runs with a loss of ranks (776 in total 86.22 on average), 11 stay the

same (all are either already top ranked or no acceptable structure was found)

while 62 are improved resulting in a �win� of 5042 positions (81.32 on average;

counted are only those results where the reference run and the new run are

below a best rank of 1000, including all the bettering in terms of ranks is

30733, 495.69 on average).

5.4 Handling information from protein-protein

binding site predictions

Several methods for predicting putative protein binding sites on proteins have

been developed (reviewed in de Vries and Bonvin 2008). The metaPPISP-

Server combines the results of three separate approaches and forms a consensus

prediction (Zhou and Qin, 2007). The statistical accuracy of the predictions

was evaluated for the benchmark set of partner structures (using the default

threshold for predictions, Table 5.2 and Figure 5.4). On average a sensitivity

of ∼37% was observed indicating that on average about 37% of the predicted

residues overlapped with the native binding site.

To account for the limited precision of predictions two variants of interaction

weighting were tested. In a �rst approach predicted residues were scaled with

values of either 1.5 or 2.0. Residues were chosen following the proposal of

metaPPISP to count residues as predicted with prediction values above 0.34

(for the distribution of prediction values compare Figure 5.4). In a second set

of test runs the prediction values were directly taken as values in the range of

1.0 to 1.5 and 1.0 to 2.0 respectively, resulting in smoother transition to high

prediction values accounting for uncertainty of predictions with values slightly

above the cut-o� of 0.34.

5.4.1 Inclusion of predictions on protein-protein interac-

tion regions

Information from predictions are not as reliable as experimental knowledge

and often lead to a di�use binding site spot so that in most cases it does not

perfectly �t the real binding site but is rather shifted or sometimes misplaced
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Figure 5.4 � Speci�city of single metaPPISP (Qin and Zhou, 2007) prediction values within a bin
size of 0.05. The red line indicates a speci�city of 50%. The green line represents the percentage of
binding site residues among all surface residues. Values above the green line are better than random
values, since the fraction of binding site residues among all surface residues is 15% (10% for receptor
and 20% for ligand) for the complexes in the test set of complexes.

Table 5.2 � Prediction accuracy of the metaPPISP-Server on the test set of

unbound protein structures.

receptor ligand average

Sensitivity 0.34 0.40 0.37
Speci�city 0.36 0.45 0.40
Accuracy 0.87 0.76 0.81

De�nition of Sensitivity: TP/(TP+FN); Speci�city: TP/(TP+FP); Accuracy
(TP+TN)/(TP+TN+FP+FN) with TP true positive, TN true negative, FP false positive and
FN false negative. Prediction values >= 0.34 are counted for statistics, lower values neglected.
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Figure 5.5 � E�ect of including weights on residues predicted to be part of protein-protein in-
terfaces using the metaPPISP approach (Qin and Zhou, 2007). A) All interactions of pseudo atoms
with a metaPPISP prediction threshold of 0.34 (recommended signi�cance threshold of the metaP-
PISP server) were uniformly assigned a weight of 1.5 and 2.0, respectively. B) The weight on pre-
dicted interface atoms was linearly weighted according to the prediction of the metaPPISP-server
using w=0.5*PPISPscore + 1.0 with a maximum weight of 1.5 or 2.0, respectively.

completely. Additionally the size of the prediction and/or the number of spots

predicted might deviate from the requested native binding geometry. The

latter might be more a feature of binding site prediction since some proteins

can bind to more than one partner but also intense the di�culties for the

prediction of bound complexes. This lack of accuracy is the reason why scaling

predicted values injudicious and high often leads to bad results. As the shifting

of the known binding site showed, binding site spots overlapping with but

not covering the entire binding site often result in very bad binding geometry

prediction (compare run Overlapping site in Figure 5.2B) equal to the unbiased

docking.

In the �rst method all residue atoms above a prediction threshold of 0.34

were assigned a constant weight. In this case a weight of 1.5 or 2.0 (only for at-

tractive interactions) assigned to predicted residues resulted in improved dock-
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Figure 5.6 � Comparison of the quality of acceptable docking solutions (in terms of native interface
contacts) after systematic docking on all test cases. Native contact calculations included all inter protein
coarse-grained atom contacts within a distance of < 7 Å. This corresponds closely to the < 5 Å criterion
used at atomic resolution. This includes also complexes that were not treated as acceptable solutions.

ing results (Figure 5.5B). However, the improvement is modest and concerns

mostly the docking of complexes already in the top categories. In a second set

of systematic docking searches the prediction values for each residue (from the

metaPPISP-server) were directly (linearly) translated into attractive weights

(weight range 1.0-1.5 or 1.0-2.0). This gave a further improvement of docking

results with ∼40% acceptable solutions in the top10 and 77% in the top100

categories (weight 1.5) compared to 22% and 67% in the reference case without

bias (Figure 5.5B).

The inclusion of binding site predictions resulted not only in an overall

improved ranking of acceptable solutions but also in an improvement of the

quality of the docking solutions in terms of the number of native contacts

(Figure 5.5 shows the �nal rankings; Figure 5.6 and Figure 5.7 show the im-

provement in terms of native contacts and ligand RMSD). The improvement

compared to the unbiased docking runs is only modest and, as expected, less

than the improvement found in the case of including weights on known bind-

ing regions. Figure 5.8 illustrates successful predictions and docking results

for one example (pdb2sic). In this case with an accurate binding site predic-

tion (Figure 5.8A) dramatic improvement of the docking performance can be

observed (Figure 5.8B-E).

However, due to the limited accuracy of the binding site prediction, the

data set contained also many examples where the prediction was completely

wrong (illustrated in Figure 5.8F for pdb1qa9) which resulted in weighting of

predicted regions with no overlap to the native interface at all. As a result

the scoring of incorrect complexes was enhanced compared to the solution
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Figure 5.7 � Comparison of the quality of acceptable docking solutions (in terms of ligand RMSD)
after systematic docking on all test cases. Values signed as greater than 7.0Å are in the range of 7.0
to 10.0Å. Only acceptable structures were considered.

Figure 5.8 � A) Meta-PPISP based predicted interface residues (red) on the surface of the protein
partners forming the complex pdb2sic (residues not weighted for docking in blue). The receptor protein
is shown as molecular surface (ligand as cartoon model). B) Docking sampling (mapping contacting
residues in docked complexes) of the top1000 solutions including weights on PPISP-predicted interface
residues (shown in A). Grey indicates no sampling at all, red indicates dense sampling. C) Top100
ligand protein placements (cartoon) from the same docking run (receptor as blue molecular surface;
native ligand placement in yellow).D) Score of docked complexes vs. deviation (only ligand) from
the known placement of the ligand protein relative to the �xed receptor protein during an unbiased
systematic docking run. E) Same as in D) but for a systematic docking run with weights of 1.5 on all
meta-PPISP predicted interface residues. F) Meta-PPISP-predicted interface residues mapped on the
surface of the binding partners of the complex pdb1qa9 (same color coding as in B), receptor shown
as cartoon, ligand in van der Waals sphere representation).
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close to the native complex. For example, pdb1qa9 was predicted with 4.2

Å ligand RMSD on rank 70 within a cluster of 11 structures and 28 structures

with a ligand RMSD of less than 10.0 Å at all. The weighted run lead to a

dramatic decrease of sampled structures as well as scoring. The structure that

was sampled in the unbiased run was then ranked 5409 (in a run with a hard

prediction spot) with an energy of 1/40 of the top ranked. Reducing weights

to the softest method tested lead to a rank of 660 (with weights up to 1.5)

up to rank above 1000 (with maximum weight of 2.0). One has to say that

despite the fact that the prediction was as wrong as it possibly could be for

both proteins (which is not often the case) the weighted run was able to �nd

a solution.

All in all, the number of structures with an RMSD lower than 10.0 Å in-

creases with weighting (see Figure 5.7) as well as the scoring. On average the

rank of the best ranked acceptable structure in the unbiased run was around

650 while 250 using weights. The funnel plot in Figure 5.8D and E shows

the impact of weights, on the entire sampling and ranking, as a shift towards

weighted regions. Whether this results in better RMSD is determined by the

quality of the prediction. To overcome the unfavorable shift towards lower

ranks for runs with bad prediction, reducing the weights to a maximum of 1.5

in linear scaling provides an excellent compromise between supporting with

good predictions and conserving acceptable results when predictions are not

bene�cial.

5.5 Flexible docking using normal mode relax-

ation

The ATTRACT program enables inclusion of minimization of docking partners

not only in translational and orientational degrees of freedom but also in a set

of normal modes of the binding partners (or other collective degrees of freedom)

based on an elastic network model of proteins (May and Zacharias, 2005, 2008).

The minimization in normal modes can account approximately for induced

�t e�ects during the protein-protein binding process. The e�ect of including

conformational relaxation of both partners in the 5 softest normal modes dur-

ing systematic docking was also tested (Figure 5.9). In some docking cases
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Figure 5.9 � Systematic docking search including minimization in 5 pre-calculated soft normal
modes of both binding partners (indicated as +�exibility). Performance was evaluated including elastic
network derived normal modes (May and Zacharias, 2008) and for rigid docking on unbound partner
proteins employing otherwise identical docking search conditions. Added force �eld weights are indi-
cated as known 2.0 (weights of 2.0 on known interface atoms), prediction 2.0 (weights of 2.0 on residues
predicted to be at the interface using the metaPPISP server)

Figure 5.10 � Docking of the unbound partner structures of complex pdb 1BGX (light blue:
receptor and dark blue the ligand). On the left in darker red the docking solution closest to the
native complex (12.6 Å and not acceptable) from a systematic ATTRACT docking. On the right same
docking search approach but including minimization in the 5 softest normal modes of both partners
during docking. Darker red shows the solution with lowest ligand RMSD from the native complex
(ligand RMSD=9.6 Å, acceptable solution) and as light red cartoon the deformed receptor structure.
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Figure 5.11 � Left: Average RMSD of the top10 and top100 results including runs where no
acceptable structure was found at all. Right: Average RMSD of the best ranked, the best RMSD and
of all acceptable structures (< 10.0Å ligand RMSD) for docking runs with modes and without.

signi�cant improvement of the results could be obtained (e.g. see Figure 5.10).

However, in several other cases the inclusion of normal mode minimization

during docking was also of bene�t for incorrect docking solutions. Hence, it

improved also the induced-�t and scoring of non-native solutions such, that

overall the docking performance, in terms of acceptable solutions, did not im-

prove for unbiased docking or docking including binding site predictions. In the

case of known binding sites the percentage of acceptable solutions in the top10

category increased from ∼84% (rigid) to 91% in the case of including normal

mode relaxation. Figure 5.9 shows the results for all docking runs. For the run

without any bias, the performance does not result in global ranking changes,

except some improvement on the one side and some worsening on the other.

Only docking runs with weights on the known binding sites improve in terms

of ranking and sampling. Due to the impact of weights on docking, the results

are already very good in the rigid case so that improvement using �exibility is

moderate. On the other hand, some clashes could be avoided which resulted

in an increasing number of top1 positions and a reduction of >10 Å results.

Additionally, using modes it was possible to create an acceptable structure for

complex pdb1bgx (see Figure 5.10) which was not possible in all the other

runs. The ranking of this result is with rank 569 rather poor but within the

top10 there are some results just missing the criteria of less than 10.0 Å ligand

RMSD. These one might become acceptable after some re�nement steps.

Docking with modes does not only sample additional or di�ering solutions

but can also improve the aggregation of structures that could also be found

in the unbiased (reference) rigid docking runs. In most cases the e�ect is

modest and the average RMSD is just slightly decreased. As Figure 5.11
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Figure 5.12 � Average number of clusters (left) and clustered structures (right) found for a docking
run with acceptable structures.

shows, the improvement is nearly negligible for the best ranked acceptable

solution but noticeable for the best RMSD solutions. Overall, the average

RMSD of all acceptable structures does not change signi�cantly, because the

average number of acceptable structures increases (compare Figure 5.11 and

5.12). Some structures not acceptable in rigid docking became acceptable due

to the introduction of �exibility.

Plus to the decrease of RMSD for best ranked and best RMSD structures

the overall composition of top10 and top100 changes, with reference to the

average RMSD. While in the global view of a complete benchmark this might

be a small decrease in RMSD, it might be signi�cant for single runs (see Table

5.3). Since this also includes results where no acceptable structure was found at

all � with a signi�cant larger amount of those results for the unbiased docking

runs � it can be found as an additional bene�t of �exible docking.

Besides the RMSD of the structures, also the ranking is important for fur-

ther selections of complexes for re�nement. The complete improvement in

ranks for the reference run is thereby remarkable: for the 82 docked complexes

with modes 1415 ranks could be �won�. This includes only solutions where in

the unbiased reference run as also in the unbiased run with modes the rank

was below the 1000 mark. Neglecting this, the total win in places is 10733

resulting in an average rank of best solution of 646.54 for the reference and

525.64 for the run with modes (to compare fairly runs for pdbs 2btf, 1k5d,

1ibr, 1ib1, 1h1v, 1bgx were not included in this analysis because either one or

both runs did not �nd an acceptable solution). Hence, docking with modes

might not be favorable for each docking problem but in general a decrease of

RMSD and average rank as well as an increase of the number of acceptable

structures and clusters could be observed.
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Table 5.3 � Examples for �exible docking RMSDs

pdb best rank best RMSD top10 top100 nr clusters
structure structure structure structure structure

1ATN 9.27 (rank 102) 8.76 (rank 103) 69.15 61.72 2
1ATN modes 9.29 (rank 129) 5.16 (rank 372) 52.25 53.55 4
1EER 6.90 (rank 686) 6.90 (rank 686) 41.17 42.87 2
1EER modes 8.23 (rank 161) 6.79 (rank 807) 37.56 38.67 3
1IQD 9.19 (rank 5) 3.09 (rank 93) 46.46 54.53 3
1IQD modes 2.62 (rank 11) 2.62 (rank 11) 54.40 59.17 5

For the best ranked structure and best RMSD structure the RMSD is shown while for the top10 and
top100 results the average RMSD of the structures is shown. The last column shows the increase of
acceptable clusters due to �exible docking.

5.6 Binding site prediction using top ranked dock-

ing results

As found in the previous chapters, the ATTRACT force �eld itself is often

able to �nd near native complexes within the top scoring results. Investigating

the residue-residue contacts between receptor and ligand for the best ranked

results reveals which contacts are favored by the ATTRACT force �eld and

therefore, which regions on the proteins' surfaces are favored binding regions.

Since no restraints between residues or any additional information is used

during ATTRACTs minimization step except the force �eld, it is possible that

the partners �nd the right binding region but not the right binding mode (as

noted for docking with the known binding site in chapter 5.2.1). However,

these docking results can give hints as to where the partners favor to bind

and therefore, o�er the possibility to extract additional information useful for

further docking. Analysis of energy changes upon complex formation (like e.g.

the change in desolvation energy as indicator for the optimal docking area

(ODA) (Fernández-Recio et al., 2005)) have been used before and proved good

performance as a predictor.

5.6.1 Binding site prediction using the ATTRACT score

To extract information out of docking runs for the given test set (Benchmark

2.0 (Mintseris et al., 2005), compare chapter 5.1) the top1000 results of an

unbiased run were extracted and analyzed. For each residue, the contact with
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Table 5.4 � Prediction accuracy of the ATTRACT scoring function on the test

set of unbound protein structures.

average

Sensitivity 0.60
Speci�city 0.35
Accuracy 0.75

For de�nition compare table 5.2. Only residues with a probability of 20% are used. The fraction of
the predicted surface residues among all surface residues was 13% in the case of the receptor and 46%
in the case of the ligand proteins (average 29%).

a residue in the partner protein in a docking solution was counted for each

of the 1000 results and then normalized to gain a probability of �nding a

certain residue in contact with the partner protein. A contact is ful�lled when

the distance between the residue and the partner protein is lower than < 5.5

Å in coarse grained resolution, which is more rigid than the < 5.0 Å criterion

normally taken for all atom contact determination. This ensures, that only

essential close contact residues are taken into account. Values are mapped on

the residues and compared with the known binding site (Table 5.4).

The fraction of predicted binding site residues for the receptor �ts quite

nicely to the known fraction of binding sites (see table 5.1) while for the ligand

nearly half of the surface is predicted to be in the binding site. Due to the

systematic docking approach many of rotations of a ligand are sampled during

the docking procedure, combined with the lower number of surface residues

a high overprediction occurs. Since overprediction showed good performance

during systematic docking with weights (see Figure 5.2) and the size of larger

proteins binding sites is approximated properly, a residue in contact with the

partner protein in more than 20% of the results is treated as a high a�nity

residue and therefore counted as predicted binding site residue.

These results are comparable to the results from the meta-PPISP server

(compare Table 5.2) and thus, can be used for weighted docking in a similar

manner. One drawback of the method is that for complexes where no near

native complex is found in the top results, the prediction will lead a second

docking run towards even worse results. Also the size of the receptor protein

may in�uence the results since more non native conformations might emerge

between native conformations among the top results because of the systematic
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Figure 5.13 � Left: The occurrence in the binding site for speci�ed sampling values are given for
the receptor (black line) and ligand (red line) proteins. Right: Probability to �nd a value or a higher
value mapped on a structure.

search along the protein's surface, so that the rate of the highest probability

is lower than for small molecules. Even if these residues are signi�cantly more

often sampled than other residues, in many cases the upper limit is around

20% for the highest sampled residues (see occurrence of values in Figure 5.13).

This method indeed identi�es residues in contact with the partner protein

during docking but is not sensitive to the arrangement of binding sites, so that

predicted residues might be distributed over the complete surface (see Figure

5.14), which is largely found in the case of ligand molecules.

5.6.2 Weighted docking using ATTRACT score as pre-

dictor

Docking runs have been performed following the procedure given in chapter

5.1. A maximum weight of 2.0 was chosen. Such high values are rarely reached

(compare Figure 5.13) so that in fact the weighted residues between 1.0 and

1.2 can be found in every protein while residues weighted with 1.4 or higher

are only found in less than half of the structures. This should make it ap-

proximately comparable to the results of the docking runs using meta-PPISP

prediction with maximum weights of 1.5 (see Figure 5.5).

The docking runs using the ATTRACT score as a bias, show that the re-

sults drift further apart from each other. While complexes which had a high

amount of native contacts within the top1000 structures (and in most cases a

noticeable amount of acceptable structures) in the reference run make further

improvement, already badly ranked solutions are ranked worse. In single cases
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Figure 5.14 � On the left the ligand of pdb1i9r is shown (lighter grey), receptor on the right
(darker grey). Residues which had contact to the partner in more than 20% of the results are shown as
sticks. Colors represent the occurrence with blue the lowest amount and red the highest. Grey cartoon
representation indicates sampling of contacts in less than 20% of the cases.

Figure 5.15 � Left: pdb1sbb Right: pdb2qwf. Residues which had contact to the partner
in more than 20% of the results are shown as sticks for the ligand and in sticks (pdb1sbb) or sphere
representation (pdb2qwf) for the receptor. Colors represent the occurrence with blue the lowest amount
and red the highest. Grey cartoon representation indicates sampling of contacts in less than 20% of
the cases.
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even well ranked solutions in the reference run are ranked worse after redock-

ing. For example pdb2sic was listed in the reference run on rank 178 with a

3.34 Å ligand RMSD structure and high amount of native contacts. Unfortu-

nately, this cluster of complexes was together with one other complex the only

acceptable solution in the top1000 while nearly all other solutions had zero

native contacts. In contrast pdb2hmi was listed on rank 5946 in the unbiased

run and in the biased rank 208 was achieved for the best acceptable solution.

The top1000 of the reference run of pdb2hmi were populated by structures

with native contacts of 20% or more, which is slightly below the acceptance

criteria of 30%. Additionally, complexes with the ligand at the right position

but in wrong orientation in the reference run could be improved, due to the

weighted docking, in terms of scoring and sampling of near native structures.

For complexes with already excellent sampling in the top solutions of the

reference run, the ranking and ligand RMSD improves further e.g. pdb2qwf

(see Figure 5.15 on the right) which was rank 27 with 9 Å ligand RMSD in the

reference and rank 3 with 7.6 Å ligand RMSD in the biased run. For medium

quality sampled solutions (e.g pdb1sbb see Figure 5.15 on the left) the rank,

RMSD or native contacts for the best ranked acceptable solution vary only

slightly. Overall the ranking is constantly improved, so that the average rank

for best ranked acceptable solution was in the reference run 647 (51 complexes

ranked in the top100) and was reduced to 430 (55 ranked in top100) in the

biased run. Using meta-PPISP predictions as a bias instead of the ATTRACT

docking score, for 63 complexes an acceptable solution was found within the

top100 solutions (10% more acceptable solutions in the top100 compared to

the ATTRACT score bias).

However, as Figure 5.13 shows, the prediction quality for the �xed receptor

is higher than for the rotated ligand, so that a combination with information

from binding site predictors can help to overcome this limitation. In this

approach, all residues above a given threshold were weighted during docking,

regardless of the neighborhood. The creation of continuous patches can also

improve the docking procedure and can be combined with other prediction

methods to increase the sensitivity of the prediction.
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5.7 Conclusion

One way of improving computational methods for prediction of protein-protein

binding geometries is to include experimental data. Simple restriction of the

search to a predicted binding region or inclusion as restraints during the search

can be a drawback in as much that incorrect data limits the docking run or is

guided to the incorrect binding region. Inclusion of experimental or prediction

data, in the form of force �eld weights on predicted interface residues, creates

a bias towards the predicted binding region, without excluding other possible

binding regions and can be used even if only data for one partner protein is

available. Inclusion during the docking itself may also enhance the number of

sampled docking solutions near a predicted binding region.

A systematic evaluation of the approach in combination with the ATTRACT

docking method indicates, that indeed it can signi�cantly improve the docking

performance if reliable data on putative binding regions is available. Even

single identi�ed interface residues can signi�cantly improve docking results.

However, including prediction data on putative protein binding sites, gave only

modest improvement of the docking performance, compared to the unbiased

reference search. This is due to the limited precision of such predictions and

fully consistent with test cases on designed arti�cial binding sites that included

on average, only part of the known binding site. Although it was tested on

one prediction server only it is expected that the result will be similar to other

prediction methods since the performance of the best available methods di�ers

only slightly in terms of prediction accuracy (de Vries and Bonvin, 2008).

The inclusion of binding site predictions as ambiguous restraints was re-

cently tested on a similar benchmark (de Vries and Bonvin, 2011). Acceptable

solutions were found in the top100 docking solutions for ∼41% of the cases (in

the case of including predictions) and ∼15% for unbiased (ab initio) docking.

This compares to 77% (including predictions) and 65% (unbiased docking) in

this work. Hence, for the ATTRACT method the scoring without additional

data performs quite well but the gain upon inclusion of prediction data is

smaller compared to the study using predicted data as ambiguous restraints.

The scoring of the ATTRACT force �eld showed a tendency towards native

contacts even in the unbiased docking run. Among the residues found in

contact with the partner protein in the 1000 best ranked solutions, a high

amount is part of the known binding site. Nevertheless, using the contacts
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retrieved from the unbiased run to bias a second run, resulted only in a slight

improvement. This was mostly due to the fact, that the ligand was docked

systematically from a variety of starting points and in di�erent rotations, so

that high contact residues were spread over the surface.

It should be emphasized here that even a modest improvement of the dock-

ing performance and a shift of some of the docking results from the top10-100

category to the top10 category can be very helpful. The focus was on the

�rst systematic search without inclusion of any re�nement or re-scoring of the

docking predictions. Typically, a limited set of docking solutions will enter

a re�nement stage at atomic resolution using molecular mechanics modeling

methods and possible rescoring of the solutions. This can make a further

improvement in docking prediction accuracy and speci�city. A restriction of

the re�nement step on a small set of putative docking solutions is an impor-

tant prerequisite for the success of the re�nement and rescoring of predicted

complexes.
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Chapter 6

Prediction of the antibody Fc

interaction with the C1q

component

To solve a structure of a biomolecule in atomic resolution, high quality meth-

ods like X-ray crystallography or NMR Spectroscopy are used in the �rst place.

Although these methods, among others, can clarify many questions concern-

ing the three dimensional structure of biomolecules, certain limitations restrict

the applicability, for example the size of a system or the stability of a tran-

sient complex (Davis et al., 2008, Kobilka and Schertler, 2008, Claudio and

Dalvit, 2009). Other methods attempt to indirectly state assumptions on the

three dimensional structure of macromolecules by e.g. mutagenesis experi-

ments (Moreira et al., 2007b). This allows to identify, whether certain changes

in the amino acid composition of the protein cause local or even global changes,

facilitating the analysis of function and structure of the system (Moreira et al.,

2007a, Bradshaw et al., 2011, Kelly et al., 2012). Complexes unable to be re-

solved by X-ray crystallography (and also other methods) because of their size,

stability or availability e.g. in a crystal, are often target of such mutagenesis

experiments. In such experiments, residues assumed to have functional impact

are mutated to selectively lower certain features relevant for the observed pro-

cess, e.g. hydrophobicity or electrostatics of the region (Williams et al., 2006,

Bostrom et al., 2009). Although these methods yield valuable information,

they can not provide the three dimensional description of a complex.
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Computational methods can enlarge the experimentally obtained indica-

tions towards three dimensional structures, using molecular docking methods.

As shown in the previous chapter, even least amount of information can help to

generate near native structures, while for medical relevant systems often a no-

ticeable amount of trustworthy informations can be found. After re�nement,

employing molecular dynamics (MD) simulations in explicit solvent, docked

complexes can serve as a working model to better understand the details of

the investigated system and to plan future mutagenesis studies for re�ning the

structural model or for improving binding speci�city and a�nity.

In this chapter, a model in atomic resolution of a pharmaceutically relevant

complex is presented, which was generated using previously presented docking

protocols including relevant data from mutagenesis experiments (see Chapter

5 for the protocol). This data allowed to guide the complex prediction pro-

cess towards experimentally documented interactions, while it also allows to

highlight unknown or unnoticed contacts between both partner proteins.

6.1 The C1q-IgG1 complex

One interesting case with uncertain knowledge of the three dimensional struc-

ture is the C1-IgG1-Fc complex of the complement system. Several binding

modes have been proposed, relying on a wide range of mutagenesis experi-

ments, but without identifying the complete interaction spectrum in the bind-

ing site or prospects of all atom models. The high amount of experimental

data and the medicinal relevance of the complex made it a worthwhile target

for sophisticated docking and simulation techniques. Besides the interest of

fundamental research, an all atom model of this complex would allow further

experiments and a�nity analysis, supporting clinical research on the comple-

ment system.

6.1.1 Function of the C1q-antibody-Fc binding in the com-

plement system

The C1 complex of the complement system is a multi-domain protein that

triggers activation of the classical pathway of complement which is a major

part of the innate immunity (Ehrnthaller et al., 2011). The C1 component

consists of six C1q subunits with an overall shape of a bouquet of �owers
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Figure 6.1 � Schematic presentation of the rough binding mode of the C1-IgG1-Fc complex. The
upper part shows the antibody structure in rectangular shapes and in the lower part the trimer of the
C1q subunit as part of the C1 complex

(illustrated in Figure 6.1). Complement activation is triggered by the initial

binding of the globular domains of the C1q subunits to the Fc portion of

IgG or IgM antibodies bound to antigens on the bacterial surface (Sarma

and Ward, 2011, Ehrnthaller et al., 2011). Multiple binding is required to

stabilize this initial molecular complex and leads to a cooperative response

which can distinguish between antibody molecules bound to a bacterial cell

from those free in solution. The process of multiple C1q binding to a bacterial

cell eventually results in complement activation and elimination of the bacterial

cell. Stable binding of two or more of the six globular heads of C1q has to be

established in order to activate the complement C1 component. The binding

event triggers the activation of the C1r and C1s protease subunits of C1 which,

in turn, activates the classical complement cascade (Zlatarova et al., 2006,

Trouw and Daha, 2011, Ehrnthaller et al., 2011).

The C1q globular domain is a heterotrimeric complex with an arrangement

of protein modules that has been found in several other proteins (Ghai et al.,

2007) and is not exclusively binding to antibodies but also to a variety of other

ligands including C-reactive protein, pentraxin 3 and several bacterial surface

proteins (Lu et al., 2008). The structure of the C1q subunit and the struc-

ture of antibody Fc regions have been determined experimentally (Gaboriaud

et al., 2003, 2004). In addition, residues important for the interaction of the
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two proteins were identi�ed by mutagenesis studies (e.g. Kojouharova et al.

(2003, 2004), Kishore et al. (2004), Moore et al. (2010)) and an approximate

arrangement was suggested (Gaboriaud et al., 2003), but the complex struc-

ture between the two proteins has so far not been determined experimentally

in atomic detail. Putative interaction regions between C1q and the antibody

Fc domain have been investigated by mutagenesis studies with the aim to en-

hance the complement activation of therapeutic antibodies (Idusogie et al.,

2000, Moore et al., 2010). Engineering the antibody Fc region to enhance the

cytotoxic activity of antibodies o�ers the potential of designing monoclonal

therapeutic antibodies with greatly increased destructive capabilities against

speci�c target cells. Such target cells include not only invading pathogens but

also cancer cells.

6.1.2 Residues involved in C1q-antibody-Fc binding

The putative interaction region of the globular C1q trimer with the IgG1-Fc

domain of antibodies has been characterized by several mutagenesis studies

(Kaul and Loos, 1997, Kishore et al., 2002, 2004, Kojouharova et al., 2003,

2004, Roumenina et al., 2006, Zlatarova et al., 2006, Gadjeva et al., 2008).

It was possible to identify key residues in C1q that when substituted signi�-

cantly reduce the binding a�nity to Fc (Figure 6.2). These residues include an

Arginine at position 162 in chain A (in short ArgA162), ArgB108, HisB117,

ArgB129, ArgB163 and ArgC156. Several mutations in Fc were identi�ed that

in�uence binding to C1q including also some substitutions that increase the

a�nity (Thommesen et al., 2000, Idusogie et al., 2001, Michaelsen et al., 2006,

Presta, 2008, Moore et al., 2010). For example, the substitution of Asp270,

Lys322 and especially Pro329 and Pro331 on Fc is known to reduce C1q bind-

ing (Burton et al., 1980, Idusogie et al., 2000, 2001, Oganesyan et al., 2008).

It has also been possible to increase the a�nity of C1q to the Fc region of

IgG1 after substitution of the amino acid Lysine at position 326 to Trypto-

phan (in short Lys326Trp) and Glu333Ser (Idusogie et al., 2001). In addition,

Moore et al. (2010) found that the substitution of Ser267Glu, His268Phe and

Ser324Thr signi�cantly increased the binding a�nity of C1q to Fc. Interest-

ingly, the putative interaction regions on the surface of C1q and Fc show also

a high degree of electrostatic complementarity (illustrated in Figure 6.2).
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Figure 6.2 � (A) Cartoon representation of the globular C1q subunit (upper panel) and the
IgG1-Fc subunit (lower panel). Several amino acid residues that have been found experimentally to
contribute to the C1q-Fc interaction are labeled and indicated as van der Waals spheres (in case of
C1q) or as stick model (for Fc). The cartoon colour coding is blue for chain A, red for chain B and
grey for chain C, respectively, of each subunit of the C1q trimer. In case of Fc chain A is in orange
and chain B in yellow. (B) The electrostatic potential around C1q (upper panel) and Fc (lower panel)
contoured at the 2 kT level (k: Boltzmann constant and T; Temperature: 300 K). Negative potential
is shown in red whereas regions of positive potential are indicated in blue. The view is approximately
the same as in (A) indicating electrostatic complementarity of the proposed interaction regions.
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6.2 Computer-aided all atom complex predic-

tion

In this approach the prediction of the all atom complex consisted of three

steps. The foundation of the complex prediction was the fast coarse grained

docking procedure which allowed to rapidly generate binding modes in a re-

duced atom model. Although the number of starting points in the systematic

docking procedure could be lowered by neglecting starting points at areas far

away from the assumed binding region, using minimization in a variety of ori-

entations results in thousands of independent structures. Translation of the

coarse grained to all atom model followed by a short high temperature simula-

tion in vacuum was used to �lter possible binding con�gurations prior to the

more sophisticated and time consuming re�nement with explicit solvent MD

simulations.

6.2.1 Docking and re�nement scheme

Binding mode prediction using coarse grained systematic docking

The protein data bank (pdb) entries 1PK6 and 1HZH served as unbound C1q

and antibody Fc partner structures, respectively, for all protein-protein dock-

ing searches. Only the IgG1 Fc part of the antibody structure (residues 245-475

of chains H and K) in the 1HZH-entry was used for docking. Systematic dock-

ing searches were performed using the ATTRACT docking program (Zacharias

(2003, 2010a), Fiorucci and Zacharias (2010b); also compare chapter 2.3.3 for

the ATTRACT docking program and 5.3 for the protocol used). A weight

of 2.0 for the attractive interactions was included for residues that have been

shown experimentally to be important for C1q-Fc interaction. Surrounding

residues have also been weighted which has been found on many test cases as

a good bias to include experimental data on protein binding sites (compare

chapter 5.3.1). Systematic docking was started from several starting points

(spaced by 8 Å) and orientations of the C1q partner near the roughly known

binding region of the antibody Fc subunit. Each docking run consisted of a set

of energy minimizations in translational and orientational variables following

the previously used protocol (see chapter 5). Comparison of known structures

of the Fc portion of IgG antibodies in complex with di�erent partner pro-

teins indicates that global adjustments may play a role during interaction. To
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account for such global conformational changes in the Fc segment during dock-

ing, minimization in soft global collective modes were included in the docking

procedure (May and Zacharias (2005, 2008) and chapter 5.5).

Structure re�nement at atomic resolution

Atomic models of the docked complexes were obtained by superposition of

the atomic resolution partner structures onto the docked complexes in coarse-

grained resolution. The re�nement steps were performed with the AMBER11

all-atom molecular modelling package employing the parm�03.r1 force �eld

(Case et al., 2010).

The re�nement procedure consisted of two steps: the �rst involves an initial

energy minimization to remove sterical overlap after coarse grained to all-atom

translation (1500 steps, using a distance-dependent dielectric constant: ε = 4r,

r is the distance between atoms). A further optimization step includes the

heating of the system in vacuum using three consecutive MD simulations at

temperatures of 550 K (6 ps), 400 K (4 ps) and 300 K (4 ps) followed by 1500

EM steps. During the MD-simulations harmonic distance restraints between

Cα atoms within each partner protein were applied. This allows full �exibility

of side chains and limited �exibility of the backbone of each partner and �exible

adjustment of the interacting partners.

The second and more time consuming re�nement step involved MD simu-

lations in explicit solvent. After heating up during 1 ns to 300 K and removal

of positional restraints on the two proteins, each docked complex was equili-

brated for 11 ns. For the equilibration procedure three di�erent treatments

of restraints covered possible scenarios: Simulations were run either with no

restraints at all, low restraints on the Cα atoms (0.25 kcal/mol−Å2) or with

distance restraints between the approximated interface residues as used in the

�rst re�nement step. The �nal structures were again energy minimized (2000

EM steps) and served as model structures for the C1q-Fc-complex.

6.2.2 C1-IgG1 complex prediction

The knowledge of the putative C1q binding region on the Fc dimer allowed

focusing the docking search by starting from six initial placements close to the

putative binding region. Each starting placement included 300 di�erent start-

ing orientations that were docked using the ATTRACT energy minimization
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approach (Zacharias, 2003, May and Zacharias, 2008, Fiorucci and Zacharias,

2010b). During docking the �exibility of the Fc protein was approximately

included by energy minimization in the 5 softest normal modes obtained from

an elastic network model (ENM) of each partner protein. The simultaneous

optimization in translation and orientation and in the softest collective de-

grees of freedom allowed for an induced �t during docking. Putative residues

involved in binding to Fc have also been investigated on C1q by mutagenesis

studies (Kojouharova et al., 2003, 2004, Kishore et al., 2004, Roumenina et al.,

2006) which resulted in the identi�cation of several basic (mainly Arg and His)

residues in the B as well as C subunits of the C1q heterotrimer important for

binding (Figure 6.2).

Selection of residues based on mutagenesis experiments

Experimental data was included into the docking following previously estab-

lished procedures as force �eld weights. Inclusion of such data can signif-

icantly enhance the docking performance resulting in improved ranking of

near-native docking solutions and more realistic docking geometries (compare

chapter 5.3 or Schneider and Zacharias (2011)). During docking force �eld

weights for attractive forces were doubled for several residues involved in bind-

ing as suggested by experimental mutagenesis studies. For the IgG1-Fc domain

this included the following residues: Pro329, Pro331,Glu318, Lys320, Lys322,

Asp270) and for the C1q molecule residues ArgB114, HisB117, ArgB129,

ArgB163. The importance of these residues for binding was shown in sev-

eral independent experimental studies giving it high con�dence.

Docking and structure re�nement

Clustering of all docked structures resulted in 1210 solutions (that di�ered in

the placement of C1q relative to Fc by an Rmsdlig C1q of > 5 Å after best

superposition with respect to Fc). Further �ltering of the docking solutions

involved both experimental data on putative residues at the interface as well

as the scoring of the docking geometries. A residue was counted as forming

part of the interface if it was in contact with one or more residue of the partner

protein. Two residues were considered in contact if any pair of coarse-grained

pseudo-atoms of two residues was within a distance of 7 Å. The docking scoring

function in ATTRACT was shown to be quite e�ective in identifying near-
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Figure 6.3 � A) Cartoon representation of the best scoring docking model that agreed with exper-
imental results on C1q-Fc interaction after re�nement simulations in explicit solvent. Several residues
important for binding that were weighted during docking are indicated as sticks. B), C) Representative
structural models for two alternative C1q-Fc docking models that showed larger deviations of the Fc-
structure from the start structure and agreed only partially with available experimental data. Colour
coding is the same as in Figure 6.2

native docking solutions especially in combination with force �eld weights on

putative residues involved in protein-protein interaction (see chapter 5 and

(Schneider and Zacharias, 2011)). However, in order not to overlook a putative

native-like solution, not only the best scoring docking solutions but also all

solutions with 25% of the top score were considered. Of these complexes a

subset of 20 complexes that ful�lled 80% of the experimental data on putative

interface residues was selected for further re�nement using in vacuum high

temperature MD simulations. This cuto� was chosen since test simulations

indicated that the re�nement procedure can still change the percentage of

interface contacts by ∼20% such that the re�nement procedure may result in

perfect (100%) agreement with available experimental data.

Clustering of these initially re�ned 20 structures identi�ed seven complexes

that were selected for further re�nement by MD simulations at all-atom level,

including explicit solvent. After re�nement using explicit solvent MD, resulting

structures could be assembled to three clusters of complexes which kept more

than 80% of the contacts that involved residues identi�ed by experiment to

in�uence binding. The two smaller clusters of complexes (named model 2 and

model 3) showed large conformational changes of the Fc antibody subdomain

(Figure 6.3, backbone RMSD in the binding region > 7 Å with respect to

the Fc start structure). These changes are larger than what was observed in
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previous complexes with di�erent protein partners (Ghai et al., 2007).

Selection of representative model for the C1q-IgG1-Fc complex

Structural model 1 agreed with all experimental mutagenesis data and showed

the least deviation of the partner proteins in the complex from the correspond-

ing unbound conformations (overall Rmsdbackbone < 1.5 Å with respect to the

corresponding experimental crystal structures of Fc and C1q, respectively).

Model 1 also represented the highest populated cluster of docked complexes

for which all members agreed to 80% to 100% with the experimental data

on interface residues hence a representative structure of this cluster serves as

model structure for further analysis. Interestingly, all three �nal models con-

tact mainly one of the Fc monomers (chain A) that contain the Pro329 and

Pro331 residues. Contacts to the second Fc monomer (chain B) involve residues

Asp270 and Glu272 of Fc (Figure 6.3). Michaelson et al. (2006) found that

mutagenesis of Pro329 to Ala (Pro329Ala) resulted in loss of complement acti-

vation if the mutation is introduced in both Fc monomers but that activation

is still possible if only one monomer has been mutated. The model structure of

the C1q-Fc complex explains this observation since contacts predicted involve

Pro329 and Pro331 of just one Fc monomer and the same residues in the other

monomer remain fully exposed to the solvent. As indicated in Figure 6.4 the

structural model is also sterically fully compatible with the presence of the

carbohydrate structure connected with the Fc antibody part.

6.3 Identi�cation of surface residues that medi-

ate the interaction

The structural models of the C1q-Fc interaction allow the identi�cation of

possible contacts that mediate the interaction between the two proteins which

have not been considered in previous experimental studies. This can be helpful

for designing new mutations to prove or disprove a predicted contact, hence

to validate the model, or can help to design mutations that may even enhance

the interaction between the two proteins, which can help to improve the e�-

ciency of therapeutic antibodies. In contrast to mutagenesis studies that can

help to identify putative interface residues that are important for C1q-Fc in-

teractions the �nal model of the C1q-Fc-complex helps to assign one or more
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interaction partner residues to each residue implicated in mediating C1q-Fc

interactions. On the C1q side several mostly basic residues have been identi-

�ed to participate in the interaction with C1q. In case of residues ArgB108,

ArgB109, ArgB114, GluB162, ArgB129 and ArgC156 partner residues in hy-

drogen bonding or salt bridge forming distance are observed in the �nal model

structure (Figure 6.4). This involves an electrostatic contact between ArgB108

and Asp270 (on the B-chain of Fc).

Decrease of the C1q-Fc binding was observed after substitution of residue

Fc:Asp270 (Idusogie et al., 2000, Thommesen et al., 2000). For residue Fc:

Lys322 (chain B) contacts to GluC187 and Glu352 (same Fc chain) and also

the nearby ArgC156 on C1q was found as a possible network of contacting

partners. This interaction is located at the rim of the binding region and

may depend on other residues nearby. It has been found that the involvement

of Lys322 in C1q-Fc interaction depends on the subclass (Thommesen et al.,

2000). In the model residue ArgC156 of C1q can form a salt bridge with

Glu333 of Fc. However, in this con�guration Glu333 is located at the interface

and is partially buried which may destabilize the binding. Indeed, it has been

found that substitution of Glu333 by Ser (or Ala) increases the a�nity of the

complex presumably due to the removal of an unfavorable buried charge in the

protein-protein interface (Idusogie et al., 2001).

Substitution of Ser267 by a Glu was found to signi�cantly enhance the C1q-

Fc interaction (Moore et al., 2010). This result �ts to the proposed model very

well. In the model structure Ser267 (chain B of Fc) is located near LysB123

and ArgB108 of C1q and introducing a Glu at 267 strongly increases the elec-

trostatic interaction with these two basic residues (see Figure 6.4). Since most

of the electrostatic contacts are mediated by residues at the rim region of the

C1q-Fc complex interface, the stability of these interactions were monitored

during the MD simulations in explicit solvent. Many of the electrostatic inter-

actions of the rim region form transient contacts during the simulations with

hydrogen bonds in rapid exchange with solvent. However, for some contacts

hydrogen bonding with long life time were observed as indicated in Table 6.1.

The structural model also gives an explanation for the importance of the

two Pro329 and Pro331 residues for the interaction with C1q. In the model

these two residues �t into a pocket that is located at the interface between

chain B and C of C1q (Figure 6.4). In contrast to most interactions with

C1q and the chain B of Fc, the interactions of the two Pro residues (located
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Figure 6.4 � Cartoon representation of C1q-Fc model complex structure in best agreement with
available experimental data (same colour coding as in Figure 6.2 and 6.3). Interface residues important
for binding are indicated as sticks (Fc) or van der Waals spheres (C1q). Two proposed important
binding regions are highlighted in the insets with C1q in surface representation and contacting Fc
residues as stick model. The positions of key residues for the interaction are labelled.



6.3 Identi�cation of surface residues that mediate the interaction 137

Table 6.1 � High a�nity contacts of the C1q-IgG1 complex

residue C1q residue IgG1-Fc Occupancy

ArgC156 GluA333 100%
ArgC182 GluA318 100%
ThrB134 AsnB297 80%
ArgB161 GluB294 70%
AsnB194 HisB268 50%
ThrB112 GluB269 50%

Hydrogen bonding across the C1q-FC of interface residues during re�nement simulation of model 1.
Occupancy describes the hydrogen bonding over time.

in chain A of Fc) with C1q involves several non-polar contacts. It predicts

contacts of Fc:Pro329 to residues ThrB100, ThrB102, IleB119, ValC162 and

HisB117. Substitution of the latter residue was shown to signi�cantly reduce

C1q-Fc binding a�nity (Kojouharova et al., 2004). Residue Pro331 contacts

ValC159 and ValC161, but shares the contact with ValC159 with SerA324 of

the Fc structure. This contact o�ers an explanation for the observation that

the substitution Ser324 by a slightly larger but more hydrophobic residue (Thr)

with an additional methyl group increases the a�nity of the C1q-Fc complex

(Moore et al., 2010).

In addition to explaining the importance of Pro329, Pro331 and of the

Ser324Thr substitution for C1q-Fc interaction, the model also suggests a hy-

drophobic contact between both partners at the interface between chain B of

C1q and chain B of Fc which involves HisB268 of the Fc molecule. It has

been found by Moore et al. (2010) that the substitution His268Phe actually

increases the a�nity of the complex. In the present model residue HisB268

(of Fc) is located in a binding pocket formed by the hydrophobic residues (of

C1q) PheB196, MetB158 and AlaB164 (Figure 6.4). Residue PheB196 is in

close proximity such that it probably could form e�cient stacking interaction

with a Phe268 which could explain the increase in C1q-Fc binding observed

experimentally.

Several residue substitutions have been found on the surface of the IgG1

Fc antibody fragment that did not in�uence binding. This includes residues

Lys276, Tyr278 an Asp280 (Thommesen et al., 2000) as well as Val282, Val284

and His285 (Moore et al., 2010). In the �nal model, all these residues are out-
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Table 6.2 � Predicted contacts at the interface between C1q and IgG1-Fc

C1q trimer IgG1-Fc dimer

ArgB108 AspB270
ArgB109 GluB269
ArgB114 GluB233
HisB117, ValC162, ThrB100, ThrB102, ValC179 ProA329
ArgB129 AspB265
ArgB161 GluB294
ArgC156 GluA333
GluC187 LysA322
ValC161, IleB119 ProA331
ValC159 SerA324
MetB158, PheB196 HisB268
LysB132, ArgB108 SerB267

All residue-residue contacts between the C1q trimer residues and the IgG1-Fc dimer found in the model
structure are shown. A contact is de�ned if the distance between two heavy atoms belonging to pair
of residues is < 5Å in the �nal energy minimized structural model of the complex.

side of the predicted interface (indicated in Figure 6.4, all residue contacts

found in the model structure are listed in Table 6.2). The placement of the

C1q in complex with the Fc-antibody segment predicts a location on the op-

posite side of the Fab subunits for the arrangement of the complement C1

molecule (illustrated in Figure 6.5). This corresponds to a sterically ideal ar-

rangement for a productive and simultaneous interaction of antibodies with an

antigenic surface and with the C1 complement (Figure 6.5). The model does

not exclude the possibility of additional contacts between C1q and the Fab

fragments themselves or the linker between Fab fragments and Fc.

6.4 Conclusion

The atomic resolution docking structure of the C1q globular head domain

of the complement C1 factor with the IgG1 Fc domain provides a working

model for rationalizing available biochemical data on this important interac-

tion. It explains experimental �ndings based on mutagenesis of putative inter-

face residues and also the fact that only one Pro329/Pro331 motif is su�cient

for C1q-Fc interaction. Due to the direct assignment of contacting residues

within the C1q-Fc interface of the structural model it o�ers the possibility

to speci�cally substitute interface residues in order to con�rm or to disprove
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Figure 6.5 � Arrangement of C1q bound to the Fc domain of an IgG antibody in the context of
the full antibody structure bound to a bacterial surface.

suggested contacts. It is also sterically fully compatible with the carbohydrate

moiety of the Fc fragment and the arrangement of the Fab fragments. In ad-

dition to explaining available mutagenesis data, the structural model suggests

several intramolecular contacts that could form the basis for the design of new

Fc variants with a greater capacity to activate the complement system for ex-

ample on binding to cancer cells or other target structures. This includes not

only residues in the vicinity of the important Pro329/Pro331 motif but also

predicts hydrophobic regions on C1q that interact with residue His268 and

surrounding amino acids as well as the region around residue Glu333 which is

partially buried at the interface. The globular head domain of C1q interacts

also with the Fc regions of other antibody types (e.g. IgM). It will be of inter-

est to use the same docking and re�nement approach for generating structural

models of these interactions in the future.
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Chapter 7

Conclusion and outlook

7.1 Conclusion

Characterization of the putative binding site of a protein is of key importance

in order to investigate the functionality and dynamics of the protein's activ-

ity within the living cell. Since most of the biological function of a protein

involves the interaction with other biomolecules, transiently or obligatory, the

three dimensional structure, as well as the key interactions involved in complex

formation, are of great interest for the understanding of biological processes.

All interactions that occur in a cell are embedded in as aqueous environment

and water is essential for many processes in the cell. Indirectly, the distinct

properties of water in general can be found as driving forces for protein folding

and the formation of obligatory protein complexes. Single water molecules

have also been found to play a crucial role for the stability of proteins as well

as they were found to be a mediator of complex formation. Water molecules

within a binding site can shield unfavorable residue-residue contacts and can

stabilize transient protein-protein complexes.

In this study, the interaction of proteins with the aqueous environment was

investigated using explicit as well as implicit solvent models to account for

the direct and indirect interaction of water with biomolecules. Explicit water

simulations were used to identify the behavior of water in the binding site

compared to the rest of the surface. It was found, that binding sites of the

proteins investigated in this study are always, at least partially, overlapped by

clusters of unfavorable water hydration sites. An implicit solvent model was

used to identify the binding sites for small organic binding partners. Calcu-
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lating the energy necessary to replace a water molecule at the surface with

a neutral ligand atom enabled di�erentiating between hydrophobic contacts

between protein and ligand and regions of polar or water mediated contacts.

In combination with a geometrical cavity detection algorithm, the calculation

of these desolvation penalties enabled distinguishing between cavities binding

a small ligand and non-binding cavities for a large fraction of proteins and was

among the best performing algorithms available.

In experimental studies as well as computer simulations, small organic sol-

vents, such as isopropyl alcohol, have widely been used to identify the binding

sites of small organic solvents. The isopropyl alcohol and water molecules

account for di�erent chemical contacts available upon complex formation. Iso-

propyl alcohol can be found at hydrophobic as well as hydrophilic areas on the

surface while it avoids polar regions. Water is less often found in hydrophobic

areas and can therefore be found in polar regions. In this study, high a�nity

solvation sites have been used to investigate protein-protein binding sites and

in many cases a large amount of solvent could be found in the binding site.

Nevertheless, in some protein-protein binding sites neither water nor isopropyl

alcohol was found to bind strongly to the binding surface. Additionally, it was

found for a set of small organic protein-protein binding inhibitor complexes,

that the binding site of the inhibitor was in every case partially �lled with

clusters of high solvation in the absence of the ligand.

Besides the knowledge of the binding site, knowing the three dimensional

arrangement of two binding proteins is of fundamental interest. Often, no

three dimensional structure of a protein complex is available, but experiments

revealed information on possible contact residues. Many computational ap-

proaches include knowledge gained by experiments or, if this information is

not available, by bioinformatics binding site prediction methods to dock two

or more structures and propose three dimensional models of the unknown com-

plex. Information on interacting residues can be used to restrain the docking

procedure to suppose contact residues or to re-evaluate docking results after-

wards. Restraint docking approaches do not allow the generation complexes

without inclusion of the proposed regions and a re-evaluation only a�ects the

scoring of previously generated structures but does not allow improved sam-

pling of complexes. In this study, a force �eld based docking procedure (AT-

TRACT) was optimized for the inclusion of experimental, as well as predicted

information, on possible binding sites. Using a force �eld, instead of restraints
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or re-evaluation, overcomes the limitations of the former methods. Increasing

the attraction of proposed binding regions does not neglect complexes which

do not include the proposed contacts so that near native solutions can be found

even if the proposed binding site does not overlap with the correct binding site.

If the proposed binding site correlates with the known binding site, additional

structures can be sampled or advantageously scored. The protocol presented

in this study has shown some remarkable advantages compared to other meth-

ods. On a widely used test set, this protocol showed a better performance

in terms of sampling and scoring compared to other protein-protein docking

methods.

Often mutagenesis experiments are performed for complexes, for which no

three dimensional structure can be determined experimentally. Using the pre-

viously developed protocol for the inclusion of external information into a

docking procedure enabled proposing an all atom three dimensional model of

a protein complex of high importance for the activation of the complement sys-

tem. The main interactions proposed by mutagenesis experiments could also

be found as relevant in the computer model. Additionally, further interactions

between residues of the partner proteins could be proposed which have so far

not been investigated by mutagenesis experiments. Furthermore, this model

allows for future investigations to be carried out on the a�nity and speci�city

of the complex and can be the basis for the design of new variants of the

partner protein with a greater capacity to activate the complement system.

7.2 Outlook and future work

The state of the methods presented in this thesis is only a snapshot of the de-

velopment of the methods and therefore future work can improve the presented

techniques.

Binding site prediction using explicit solvent simulations

Mapping of the high a�nity solvation sites of mixed solvent simulations was in

good agreement with the known binding sites. Nevertheless, the test set used

for this study was limited in size. For two classes of proteins, enzymes as well

as antigens, the method showed a high success rate. In the case of antigens,

only two structures were included in this test set, so that a further application
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of the method on an extended set of proteins could reveal, whether the success

can be related to individual features of the proteins' surface or to a general

trend of proteins within this classes.

Among the prediction with the highest a�nity, an ATP-binding site as well

as the peptide binding site of a MHC molecule was found. The precision of the

prediction of the small organic inhibitors binding in comparable cavities as the

above mentioned molecules was rather low. However, in any case high solvation

sites could be found within the binding site. Many of the binding sites were

found to be partially closed or deformed in the sampled conformation. Allowing

full �exibility could improve the accessibility of those cavities but might reduce

the sampling of solvation sites at exposed and �exible residues, so that a scaling

factor might have to be introduced to account for this disproportion.

Binding site prediction using desolvation penalties

The performance of the prediction of small ligand binding sites using desolva-

tion penalties showed to be very successful and accurate in the bound case.

However, in the unbound case, the cavities are often narrowed so that a lower

amount of probes could be placed to calculate the desolvation penalty. In

some cases after the clustering of the probes according to their penalty values

the predicted cavities were found to be too small and were discarded. This is

also re�ected in the lower sensitivity values calculated for the prediction in the

unbound case.

To overcome this limitation, two extensions are planed to be introduced.

In a �rst approach, small probes with smaller radii will be used to preferen-

tially describe the cavities. Smaller probe radii result in a smaller di�erence

between highest and lowest penalty values which increases the challenge to

discriminate between favorable and unfavorable binding sites. Therefore, over-

lapping patches of probes will be used instead of single probes to calculate the

desolvation penalty and hopefully allow a precise classi�cation of the cavities.

As a second attempt, �exibility will be introduced during the probe placing

procedure using normal mode analysis. This allows to place probes on the

surface of the deformed structure, which cannot be placed on the unbound

structure. Additionally, the rotation of single side-chains in the proximity of

the cavities could be introduced to open binding sites.
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Weighted protein-protein docking

The test cases with arti�cially generated binding sites and shifted binding

sites have shown, that the success of the docking procedure depends on the

quality of the prediction. For the known binding site the success rate was

very high and the accuracy decreased for complexes only which undergo a

large conformational change upon binding. This shows, that nearly optimal

parameters have been found to bias the force �eld of the ATTRACT docking

program towards near native solutions, if the binding site is known or can

be predicted precisely. Nevertheless, the performance of this procedure can

be further evaluated on larger test sets including more di�cult cases or using

di�erent binding site predictors.

Additionally, the predictive power of the scoring function of the docking

procedure could be further improved in combination with other binding site

predictors. This is especially true in the cases of the rotated ligands, for which

no continuous predictions could be extracted from the docking results.
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List of publications

Below is a list of papers, which were published in journals and books during
the PHD as well as a list of papers which will be published in the near future.

Published papers and book chapters included in this thesis

• Sebastian Schneider and Martin Zacharias. Flexible protein-protein docking.

Selected Works in Bioinformatics (Xuhua Xia), pages 161-176. InTech, 2011.

• Sebastian Schneider and Martin Zacharias. Scoring optimisation of unbound

protein-protein docking including protein binding site predictions. Journal of

Molecular Recognition, 25(1):15-23, 2012.

• Sebastian Schneider and Martin Zacharias. Atomic resolution model of the

antibody fc interaction with the complement c1q component. Molecular Im-

munology, 51(1):66-72, 2012.

Published papers and book chapters not included in this thesis

• Simon Leis, Sebastian Schneider, and Martin Zacharias. In silico prediction of

binding sites on proteins. Curr Med Chem, 17(15):1550-1562, 2010.

• Sebastian Schneider, A. Saladin, S. Fiorucci, C. Prevost, and M. Zacharias:

ATTRACT and PTOOLS: Open Source Programs for Protein�Protein Dock-

ing, Methods in molecular biology (Clifton, NJ), volume 819, Springer, 221,

2012

Prepared to be published in journals

• Sebastian Schneider and Martin Zacharias. Protein binding site prediction

using high solvation patterns (working title)

• Sebastian Schneider and Martin Zacharias. Cavity detection using desolvation

penalties (working title)
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