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’Ihr seid mir in gewisser Hinsicht ein Lehrer geworden,

und sogar der Maulwurf wurde mir fast lieb.

Trotzdem trete ich beiseite (...).’

– Franz Kafka, Der Riesenmaulwurf –

Denn die bunten und lustigen Möglichkeiten des Lebens

beginnen so recht erst jenseits jener gründlich aufräumenden Katastrophe,

die man treffend als den bürgerlichen Tod bezeichnet

und eine der hoffnungsreichsten Lebenslagen ist die,

wenn es uns so schlecht geht, dass es uns nicht mehr schlechter gehen kann.

(...)

Haben wir ihn nur erst im Freien, so wird die Flut ihn schon tragen

und ihn, wie ich zuversichtlich hoffe, zu schönen Küsten leiten.

– Thomas Mann, Bekenntnisse des Hochstaplers Felix Krull –





Abstract

A molecular understanding of protein-protein or protein-ligand binding is of crucial

importance for the design of proteins or ligands with defined binding characteris-

tics. The comprehensive analysis of biomolecular binding and the coupled rational

in silico design of protein-ligand interfaces requires both, accurate and computation-

ally fast methods for the prediction of free energies. Accurate free energy methods

usually involve atomistic molecular dynamics simulations that are computationally

prohibitive for large mutational screens. In turn, fast prediction methods are fre-

quently based on empirically derived scoring functions that do not take protein

flexibility into account and largely depend on the availability of experimental train-

ing data. Here, a novel fast and accurate structure-based method (CC/PBSA) for

the prediction of the effect of mutations on the binding affinity was developed, taking

both protein and ligand flexibility into account. CC/PBSA is based on a physical

effective energy function, combining molecular mechanics force field contributions

and continuum solvent energies with a fast sampling of the configurational space.

In the latter step, alternative protein and ligand conformations are sampled based

on geometric criteria, starting from random coordinates. This inclusion of full flex-

ibility is shown to dramatically improve the prediction for mutational effects on

protein-protein binding affinities. The excellent scalability of the method together

with its high accuracy enables full mutant scannings of protein-protein interfaces.

Additionally, CC/PBSA was extended for the prediction of absolute affinities in

protein-protein binding and successfully tested on a number of experimentally known

complexes. The prediction of mutational changes in binding affinities and of abso-

lute affinities was complemented by a structure prediction, in a first step coined

on MHC:peptide complexes. The method is easily extendable to different protein-

peptide systems and may serve as a valuable tool in the search for high affinity

binders. It makes use of loosened geometric constraints for non-specific peptide po-

sitions in the generation of structural ensembles. Subsequently the structures are

weighted based on a scoring function composed of different energetic contributions.





Zusammenfassung

Das Verständnis der molekularen Grundlagen von Protein-Protein oder Protein-

Peptid Bindung ist notwendige Voraussetzung für das Design von Proteinen

oder Liganden mit definierten Bindungscharakteristiken. Die umfassende Analyse

biomolekularer Bindungen und das damit verbundene rationale in silico Design von

Protein-Ligand Interfacen ist abhängig von Freie Energie Vorhersagemethoden, die

hohe Zuverlässigkeit mit einer schnellen Berechnung verbinden. Zuverlässige Freie

Energie Methoden verwenden gewöhnlich atomistische Molekldynamiksimulationen,

deren lange Berechnungszeit jedoch keine umfassenden Mutationsscans zulässt.

Schnelle Vorhersagemethoden hingegen basieren im Allgemeinen auf empirischen

Scoring-Funktionen, die die Proteinflexibilität vernachlässigen und stark von der

Verfügbarkeit experimenteller Daten zur Parametrisierung des Modells abhängen.

Eine neue schnelle und zuverlässige strukturbasierte Methode (CC/PBSA) zur

Vorhersage von Mutationseffekten auf die Bindungsaffinität wurde entwickelt, die

beides – die Flexibilität von Protein und Ligand - berücksichtigt. CC/PBSA

basiert auf einer physikalischen Energiefunktion, die molekularmechanische Kraft-

feldbeiträge und continuum solvent Energien mit einem schnellen Sampling des

strukturellen Raumes verbindet. Für Letzteres werden alternative Protein- und Lig-

andkonformationen mithilfe geometrischer Kriterien erzeugt. Es wird gezeigt, dass

Einbeziehen der strukturellen Flexibilität die Vorhersage von Mutationseffekten auf

die Protein-Protein Bindung deutlich verbessert. Die hervorragende Skalierbarkeit

der Methode zusammen mit ihrer hohen Zuverlässigkeit ermöglicht die Berech-

nung kompletter Mutationsscans von Protein-Protein-Interfacen. Zusätzlich wurde

CC/PBSA für die Berechnung absoluter Bindungsaffinitäten von Protein-Protein

Bindungen erweitert und erfolgreich durch den Vergleich mit experimentell bekan-

nten Bindungsaffinitäten getestet. Die Vorhersage der Mutationseffekte auf die

Bindungsaffinität und der absoluten Bindungsaffinitäten wurde durch eine Struk-

turvorhersage für Protein-Peptid Komplexe ergänzt, die bislang für MHC:Peptid

Komplexe entwickelt wurde. Die Methode ist einfach auf andere Protein-Peptid

Systeme auszuweiten und könnte gewinnbringend als Werkzeug in der Suche nach

Wirkstoffen, die mit hoher Affinität binden, eingesetzt werden.





Introduction

Understanding the molecular processes governing life is a major driving force in re-

search. As organic processes take place at time and length scales not accessible to

our normal cognition, instruments are required to bridge these gaps in time and size.

The first instruments of this kind were developed already centuries ago, doubtlessly

the invention of microscopes in the end of the 16th century started a new era in

this field: The Dutch spectacle-maker Hans Janssen is said to be the inventor of

the optical microscope and thereby discoverer of new worlds in magnitude. The

development of instruments, helping to see particles and processes not observable

with the eye, has been widely extended since and is still far from being at its end. A

vast number of experimental techniques, like X-Ray crystallography [1], NMR spec-

troscopy [2], and recently the stimulated emission depletion microscopy (STED) [3]

helped to reveal the atomic constructs, molecular compositions, and many interac-

tions occurring in cells.

In this computational work, the riddle will be approached from a different per-

spective. While experimental methods are starting from our (human) perception,

trying to expand and stretch it as far as possible, computational methods aim at

rebuilding molecular systems from their basic elements, composing them to larger

systems. This way of observation opened up new lanes of research, however, it also

provides new challenges and difficulties. The benefits are obvious: In silico methods

may describe biological processes on the atomistic level, being thus able to address

processes in molecular detail, translating them to our perception.
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Die Zeit ist das Element der Erzählung, wie sie das Element des Lebens ist, –

unlösbar damit verbunden, wie mit den Körpern im Raum. ... Die Erzählung

dagegen hat zweierlei Zeit: ihre eigene erstens, die musikalisch-reale, die ihren

Ablauf, ihre Erscheinung bedingt; zweitens aber die ihres Inhalts, die perspektivisch

ist, und zwar in so verschiedenem Maße, dass die imaginäre Zeit der Erzählung

fast, ja völlig mit ihrer musikalischen zusammenfallen, sich aber auch sternenweit

von ihr entfernen kann. – Thomas Mann, Der Zauberberg –

Biological systems are nowadays partially rebuilt in the computer and simu-

lated as lifelike as possible, i.e. the motions of the constituents are followed as

a function of time. They are composed of as many particles and interactions as

current computer systems can cope with. Computational resources are limited

though. The number of particles that can be treated at once and the quality level of

their interaction with the system are limited by the memory size and the processor

speed. Quantum physics provides the general rules underlying the motion and

interactions of atoms and molecules. However, calculations of quantum-mechanical

forces between all atoms are limited to very small atom numbers and short time

scales. Simulations of larger systems and longer time spans require a significant

reduction of the system complexity. Therefore, a vast number of approximations

and simplifications to the stringent theory of quantum mechanics exists, leading

to a gain in simulation length and system size, but bought by a loss in accuracy.

Finding possible approximations for the task at hand, without loosing too much

of accuracy, is the challenge of most computational methods in biomolecular life

sciences.

The main concept when building computational systems – using the necessary

approximations – is to prove the correctness of the model or system. If this prove

can be given, the method can be applied for research. As the size and time spans

differ, computational methods are not competing with experimental methods,

but rather complementing them, by helping to explain observed mechanisms or

suggesting new experiments.

In this work, the field of computational methods is extended by a method to

describe and analyze the interaction patterns of proteins. Proteins are regulating
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most processes in the cell. Furthermore, they are involved in a multitude of diseases.

Therefore, they are in the focus of the pharmaceutical research and contribute

to the majority of therapeutic schemes. An introduction to the composition and

structures and the experimental analysis of proteins will be given in Chapter 1.

Modeling the behavior and the interactions of proteins requires a detailed

understanding of the underlying mechanisms and energetics. Rational drug design

is not possible without knowledge about the binding properties of the protein at

hand. Here, a computational method is established to calculate and characterize

the fundamental energetic contributions dictating the protein binding mechanisms.

The underlying physical principles and basic computational tools for this work are

described in Chapter 2.

Currently, for the in silico analysis of proteins and their interactions in solu-

tion, classical molecular mechanics studies are widely used. All-atom molecular

dynamics (MD) simulations [4, 5] nowadays reveal the dynamics of systems of

up to several million of atoms [6] or time scales of up to 100µs from a single

trajectory [7] or 30 ms aggregating a multitude of trajectories by the Folding@home

computing network [8]. Using approximations, e.g. applying a coarse-grained

atom description [9], simulations are 100 times faster with respect to the classical

all-atom simulations, enabling simulations on the millisecond time scale [10].

Unraveling the free energy landscape of proteins is the key to understand

the folding or binding mechanisms of the proteins in solution. Accessing the

complete free energy landscape is in general not possible though, therefore, free

energy computations are restricted to the analysis of discrete states of the system.

Several free energy prediction methods have been developed for the energetic

characterization of protein binding in the past: The most accurate prediction

methods are based on MD simulations, i.e. the free energy perturbation (FEP)

method [11] and the thermodynamic integration (TI) scheme [12]. Both methods

simulate the transition of a biomolecular system from its initial state to the final

state, adding up the energy differences along a (frequently unphysical) path. Due

to the underlying all-atom MD simulations, the huge computational cost of FEP
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and TI limits these methods to the study of up to 100 mutants [13, 14, 15, 16] in

calculations of protein stabilities or protein binding affinities.

A gain in efficiency was obtained by the introduction of the simplified MM/PBSA

or MM/GBSA methods. In these so-called end state methods, only the conforma-

tional space of the initial and final states is sampled by MD simulations. The free

energy of the two states includes enthalpic and entropic contributions, combining

molecular mechanics contributions for the protein with an implicit continuum

solvent contribution. A similar accuracy of the MM/PBSA approach as compared

to the rigorous TI has recently been stated [15]. The decreased computation time

of the MM/PBSA method enabled studies of datasets of around 20 [17] to 50 [18]

protein-ligand complexes. Mutation studies using MM/PBSA [15, 20, 21, 22, 17]

cover in general up to 30 mutants. However, virtual screening approaches [19],

generally applied in pharmaceutical industry e.g. for lead discovery, require the

evaluation of larger datasets. Protein-protein interfaces range from a few nm2 to

tens of nm2 [23]. Most interfaces, however, have a (one-sided) interface size of

only 600-800 Å [24] (thus 1200-1600 Å buried area), comprising around 30 interface

residues. The calculation of alanine scans of the interface – i.e. the sequential

mutation of all interface residues to alanine for the analysis of their influence on the

binding affinity – is thus within the range of MM/PBSA. However, the computation

of complete scans – i.e. the mutation of all interfaces residues to all other amino

acids – and multiple mutation analysis – e.g. for the analysis of interacting residues

and cooperative clusters in the interface – both require the calculation of several

hundreds or even thousands of mutations and are therefore out of the range of the

MM/PBSA method.

For the analysis of protein interfaces and protein design, such comprehensive

mutational scans are mandatory, thus faster methods are required.

The computationally cheapest structure-based methods are based on statistical

potentials, e.g. the recently developed BeAtMuSiC method [25]. The potential

is described based on relative atom positions of the structure, parametrized over

a training set. Such empirical methods usually suffer from insufficient or biased

training sets [26]. BeAtMuSiC method achieved a correlation of only 0.55 to

experiment over the full dataset [25]. Other fast methods, e.g. FoldX [27], show

better results and are thus well established for the fast prediction of single alanine
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mutations, but with decreased accuracy for multiple and non-alanine mutations

[28]. Methods based on force fields based on physical chemistry, e.g. EGAD [29],

use a physical free energy function for the prediction of mutational folding and

binding free energies. Flexibility is included by the usage of a rotamer library for

side chain orientations. However, the full flexibility of proteins, including backbone

flexibility, is relevant for computational protein design methods [30]. The structure

description of EGAD is restricted by a fixed backbone description, thus precluding

the reliable prediction of mutations, with a probable influence on the backbone

conformation, e.g. mutations to cysteine, glycine and proline [31].

Here, a novel method is presented, including full protein flexibility required for

reliable predictions – including side chain and backbone flexibility – but without

applying time-consuming MD simulations. Instead, alternative protein confor-

mations are built by iteratively correcting the coordinates of a starting structure

with random coordinates, until all geometric restraints are fulfilled (CONCOORD,

[32]). The generated structures efficiently sample the accessible conformational

space. The free energy change between different states is then calculated based on

a physical effective energy function – comparable to the energy function used in

MM/PBSA – averaged over the generated ensemble of structures.

The comprehensive task of protein binding prediction and analysis can be

separated into the prediction of mutation-induced changes in binding affinity and

in the prediction of absolute protein-protein binding affinities.

In the former task, the different energetic contributions and the composition of

the binding interfaces of protein-protein complexes can be analyzed by mutational

analysis: Single (or multiple) amino acids are mutated to conclude on their

contribution to the binding. Predictions on the effect of mutations are e.g. crucial

for drug design. Chapter 3 introduces this so-called CC/PBSA prediction method

for the effect of mutations on protein-protein binding.

The second task, the prediction of absolute binding affinities of protein-protein

complexes required an adapted free energy function, additionally taking entropic

contributions into account (Chapter 4).

For both methods, the prediction of absolute affinities and that of muta-
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tional changes in protein-protein affinities, the inherent flexibility of the proteins

is considered by generating conformational ensembles using CONCOORD. Both

methods thus rely on the availability of high quality crystal or NMR structures. For

the design of peptides with defined binding properties, however, such structures are

usually not available. Therefore, we developed a novel scheme for the prediction of

peptide-protein structures based on CC/PBSA. It takes into account experimentally

known anchor positions for binding and allows for an increased flexibility of the

peptide at other positions in the sequence. The method was first developed

and tested on peptide binding to the major histocompatibility complex protein

(Chapter 5).

The aim of this thesis was to establish a method that allows to analyze protein-

protein and protein-ligand binding. The suggested CC/PBSA method is thought

to mark a central step in a theoretical framework for protein binding. Models

were established both for the prediction of protein-protein binding affinities, as

well as for an excellent prediction of mutational effects on protein-protein binding.

Additionally, first successful steps in the structure prediction of protein-peptide

complexes were taken. Our method builds a basis for future developments, such

as the inclusion of non-peptide molecules, induced fit motions, or an expansion to

docking and screening tools.
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Chapter 1

Molecular Background and

Experimental Methods

The human body is composed of a variety of different biomolecules accomplishing di-

verse tasks, the main players being information-storing molecules such as the DNA,

energy-storing molecules (e.g. polysaccharides), boundary forming molecules (i.e.

lipids), and enzymes, i.e. proteins. The latter are in the focus of this work, as they

are one of the most diverse building and functional components, being involved in

almost all processes occurring in living cells. In their function as enzymes, proteins

catalyze all chemical reactions emerging in the cell. They are additionally partic-

ipating in and guiding all processes in the body: as regulators, inhibitors, signal

transducers and transporters. Also in immunology, which is being paid a lot of at-

tention to nowadays, as it is strongly related to our health, proteins play essential

roles, e.g. as antibodies. Furthermore, they occur as structural components, mainly

in places where flexibility (collagen) or functionality (actin and myosin in muscles)

is of vital importance. Understanding protein folding, transport, interactions and

binding patterns could finally overtake the sometimes haphazard trial-and-error sys-

tem that is still often used in medical research.
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1.1 Protein Structure

Proteins [33] are biochemical substances ranging from 5 kDa to 3 MDa in size

[34]. They are systematically organized bundles of tidily coiled up chains of

amino acids. The organization of the bundle is strongly dependent on the amino

acid composition. 20 different amino acids are found in human bodies (21 if

selenocysteine is considered), each holding different properties and behaviors, but –

as we are able to group them – having also characteristics in common.

Figure 1.1: Amino acid structure.

Amino Acids

Amino acids (an example is depicted in Fig. 1.1) consist of backbone atoms – a

carboxyl and an amino group, joined by a carbon atom, on which the corresponding

side chain is bound. The side chain differs for individual amino acids, thus deter-

mining its properties. Two amino acids bind together by forming a peptide bond.

Peptide bonds are stable covalent bonds, connecting the carboxyl and amino groups

by splitting-off of a water molecule (as shown in Fig. 1.2). The consecutive binding

of many amino acids results in the formation of large polypeptide chains, with the

regular atom sequence -N-C-C(=O)-, building the backbone of the proteins.

Due to the electron delocalization from the carboxyl to the amino group, the

peptide bond is forming a rigid plane (torsion ω in Fig. 1.2). Those peptide

bond planes are connected by a Cα atom possessing a certain rotational freedom.
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Figure 1.2: Peptide bond: Reaction of two amino acids to a dipeptide, by releasing
one water molecule.

The torsion angles about the Cα-N bond and the Cα-C bond, called φ and ψ

respectively, are variable, but the free rotation is restricted to some preferred

states due to geometric restrictions and quantum mechanical effects [35]. The

atomic orientation is influenced by the neighboring atoms, so the regular backbone

atoms as well as the variable side chain composition. In their natural environment,

proteins do not build long linear chains, but they fold to a complex shape. It is the

backbone flexibility, that permits different shapes. This tendency to form special

conformations is used to characterize and group proteins to different basic folding

motifs of peptide chains, the secondary structure elements, discussed below. First,

the individual properties of the 20 amino acids deployed in the human proteosome

are discussed.

As the backbone atoms of all amino acids are identical, it is the side chain that

distinguishes the amino acids. The side chains may be classified using different

attributes: e.g. charged/uncharged, polar/apolar, basic/acidic, their size, their

ability to build covalent bonds (sulfur bridges) with other side chains, their influ-

ence on the rigidity and orientation of the backbone (proline, glycine), secondary

structure building/breaking, prefered burial or exposure to solvent. In this study,

the focus lies on the mutual interactions of proteins and the underlying energies,

i.e. the side chain interactions with other amino acids and with the surrounding

water molecules. In Fig. 1.3, the amino acids are ordered according to their type

and strength of their interactions.

Due to this multitude of properties, the peptide fold depends on the amino acid

composition and its surrounding. The linear sequence of amino acids is the primary

structure. Its composition is responsible for the formation of higher organizations.

13



Figure 1.3: The amino acids. Atom color coding: C (gray), N (red), O (blue),
S (yellow) and H (white). The amino acids are ordered based on the main binding
characteristics of the side chain: hydrophobic (green), polar (yellow), positively
charged (blue) and negatively charged (red). The three remaining amino acids have
special properties. Cysteine can build covalent bonds with other cysteine side chains.
The small glycine and proline amino acids are characteristic due to their backbone
orientation.
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Figure 1.4: Secondary structure elements: a) α-Helix b) parallel β-Sheet and
c) Loop, connecting antiparallel β sheet.

By the amino acid properties, some parts of the protein are e.g. attracted together

or repelled from each other, some hide from the surrounding water or interact with

it, trying to keep some freedom of movement. Frequently they tend to form a

compact entity. The fold of the protein finally determines its function. The fold of

the protein may be classified by their secondary and tertiary structure. Secondary

structures are interactions and arrangements of neighbored amino acids, mainly

driven by hydrogen bonds of backbone atoms [36]. The basic secondary structure

elements are alpha helices, beta sheets, and the connecting loops (see Fig. 1.4).
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α-Helices

α-helices are structures with specific backbone dihedral angles around φ = −57◦

and ψ = −47◦, resulting in a spiral shape of approx. 3.6 residues per turn (see

Fig. 1.4a). In this orientation an efficient hydrogen bond network of the backbone

atoms is reached. Each amino acid n forms a nearly optimal hydrogen bond with

an N...O distance of 2.8 Å between its N—H group and the C=O group of its

(n − 4)th neighbor. Additionally, this shape is stabilized by its close packing,

resulting in many favorable van der Waals interactions and the dipole of the helix.

Those interactions together lead to a very stable structure.

β-Sheets

Like the α-helices, β-sheets (see Fig. 1.4b) are mainly stabilized by hydrogen bonds

and close packing. But in contrast to the α-helices, these interactions are not

established to closely neighbored amino acids, but occur between the atoms of

(anti-)parallel outstretched strains. As the amino acids are stretched the angles

φ and ψ both adopt values of around 180◦. In this orientation, each amino acid

interacts with two neighboring strands, once by its N—H bond and once with its

C=O group on the opposite site. β-sheets are generally flat structures of more than

two parallel strands. The strands can run antiparallel to each other, concerning

the N to C end of the amino acid backbone, or parallel. However, the antiparallel

orientation is preferred, as the hydrogen bonds distance is closer to its optimum,

whereby in the parallel conformation the interacting atoms are distorted and thus

weaker. The interacting polypeptide strands are often connected by hairpin turns

of only a few amino acids or larger loops.

Loops

Loops occur between the strands of a β-sheet (see Fig. 1.4c) or connect different

secondary structure motifs. The well packed α-helices and β-sheets are mainly

formed in the inferior of proteins, whereas the more flexible loop regions are mainly

found on the protein surface.
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Higher Level Structures

Secondary structure elements interact with each other and form complex shapes,

that are difficult to predict. Those folds are rather stabilized by side chain

interactions than by backbone interactions.

Higher level structures can be differentiated in the tertiary structure, comprising

only one chain forming a compact and in itself stable domain, and the quaternary

structure in which multiple domains and/or chains form together one complex

functional unit. Regarding the tertiary structure of multiple chain complexes alone

can be difficult, as the closeness of the domains to each other has strong influence

on the fold and the stability. Proteins can adopt their function only when correctly

folded to its quaternary structure.

Most solvent proteins show a closed hydrophobic core in their native confor-

mation, which is surrounded and protected by polar and charged amino acids on

the protein surface interacting with the surrounding solvent – water, ions and other

proteins. In this study, only water solvated proteins are addressed. Membrane

proteins e.g. adopt different arrangements and folds.

Protein Folding

The folding process of the peptide chain, after its ribosomal synthesis, can occur

spontaneously in solution. In vivo, it is usually guided by other molecules, the

so-called chaperones [37]. The folding time ranges from microseconds to several

hours. The end-state of the folding process for each protein is its global energy

minimum state. However, the folding process of a protein, may depend on its

environment. There are different possible intermediate states, and the individual

folding steps can occur in different order. Although folding is in general steered,

this process is for most proteins not completely understood yet. Its experimental

observation is difficult, as there are too many intermediate steps. Theoretical

determination by computer simulation [38] is possible only for small and fast folding

proteins so far. Random search algorithms can for most systems not be applied to

study the folding process, as the number of possible states is by far too large by

dimensions. For smaller systems, sampling methods can be applied, leading to an

enormous computational effort [39]. To understand folding of larger systems, the
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reverse process – the unfolding – can be studied by molecular dynamics simulations

[40, 41]. For this process, some artificial force (e.g. heat, mechanic force, addition

of detergents like urea) has to be applied to drive the protein out of its equilibrium

state. Therefore, the unfolding process does not occur in the natural environment of

the protein, thus conclusions on the folding process based on unfolding simulations

are questionable.

To learn about the forces stabilizing a protein in its equilibrium state, other

techniques can be applied. The types of bonds and energies acting between atoms

in proteins can be studied by free energy calculations. For protein folding, the

driving force is an interplay of enthalpic and entropic contributions. Enthalpic

interactions in proteins are e.g. covalent bonds, electrostatic, and van der Waals

interactions. A short overview of the main interactions in protein folding is given

below. The interactions are sorted by their strength and their enclosing range.

The strongest interactions in proteins are covalent bonds.

Covalent Bonds

The atoms of one amino acid and the backbone atoms in a continuous peptide chain

are connected by covalent bonds. This bond can be described as an overlap of the

electron shells of the covalently bound atoms. Thereby, the involved atoms share

the electrons of their outer shell. This is only possible between atoms with not fully

occupied – and thus unstable – outer electron shells. By sharing electrons, the two

atoms together yield full – also called closed – electron shells, which are strongly

energetically favored. The bond length thereof is well-defined and underlies only

minimal fluctuations. This stable bond is within the strongest we find in proteins

[42], with a strength of about 60 – 180 kcal ·mol−1 necessary to break it. Therefore,

the primary structure of a protein is very stable, as breaking its bonds needs a lot

of energy. Besides the primary structure also the tertiary or quaternary structure

can be covalently stabilized, namely by sulfur bridges between the sulfur atoms of

spatially close cysteine residues.

The intermolecular interactions dominating protein folding and binding are

non-covalent bonds. They are physical forces and in general significantly weaker

than the stringent chemically formed covalent bonds. Their significance in protein
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folding can be explained by the variability and abundance of their occurence in

protein folding. (This explains simultaneously the difficulties describing them

computationally.) The bound atoms do not exchange electrons and thus remain

separated from each other. The binding originates in electrostatic interactions

between charges and permanent or induced dipoles.

Salt Bridges

The strongest non-covalent interactions are so called salt bridges, which are

charge-charge interactions. They can be described by Coulombs law (see Eq. 2.5)

and are based on the attraction or repulsion of two charges within a certain distance

in a medium. Especially for computational methods this interaction is difficult to

describe, as the electrostatic forces act over large distances and can be very strong.

They are as well an important force between more distant residues, building weaker,

but still noticeable long-range interactions. In proteins, salt bridges are built

between the charged amino acids (Fig. 1.3) and to ions or charged small molecules

in solution. Therefore, they are of major importance for the protein behavior.

Hydrogen Bonds

Hydrogen bonds are electrostatic interactions between strongly electronegative

atoms – in proteins these are oxygen and sulfur – and a hydrogen bound to

another electronegative atom. The electronegative character of the atom leads to

an irregular electron density distribution and thus to the formation of a dipole.

A hydrogen bound to such an electronegative atom is highly polar and due to its

particular small size interacts strongly with other electronegative atoms. This bond

is comparably strong for being a dipole-dipole interaction. In proteins, a hydrogen

bond has an energy of 2 – 7 kcal ·mol−1, i.e. well above the thermal energy (1 kT at

room temperature 0.593 kcal ·mol−1). It is not the binding energy of one hydrogen

bond stabilizing the fold of proteins, but the combination of a multiplicity of single

hydrogen bonds. Besides being a major driving force in protein binding and folding,

hydrogen bonds govern the protein interactions with water molecules as well. The

strength of hydrogen bonds in proteins is therefore strongly dependent on the

environment. Being exposed to the surrounding water weakens the bonds, as it

stands in high competition with the polar water molecules [43]. Hydrogen-bonds

19



are therefore mainly effective inside the protein.

Van der Waals Interactions

Van der Waals interactions are formed between all atoms – unpolar, polar and

charged ones. The van der Waals force was described [44] to be composed of

three parts: the induction, orientation and dispersion force. In proteins, this force

is of particular importance for unpolar atoms. For these, the dispersion force is

dominating [42] and thus described in more detail.

The dispersion force can be explained in quantum theory as the time-dependent

distribution of the electron density. For unpolar atoms, the average dipole moment

is zero, but for a specific time, the electrons are distributed unbalanced around the

nucleus and thus creating an instantaneous dipole. The electric field emanating

from this dipole is inducing dipoles in neighbored atoms and establishing an

attraction between those atoms. The interaction between two induced dipoles is

very weak, but the induction force is passed on and can affect a large number of

atoms, which in total leads to a strong total attraction of the participating atoms.

The van der Waals interactions are one of the main driving forces in protein

folding and binding. Hydrophobic parts of the protein tend to be excluded from

the solvent, often building a strong hydrophobic core region, surrounded by a

hydrophilic boundary, which is interacting with the adjacent solvent.

The hydrophobic effect, i.e. the aggregation of unpolar molecules or atoms expelling

in particular water molecules is mainly an entropic effect: Water molecules bound

to (un)polar surfaces partially loose rotational degrees of freedom and thus entropy.

Therefore, the water-exposed surface is minimized resulting in aggregates of unpolar

molecules.

1.2 Structure Determination

There are different steps necessary to analyze the structure of proteins, beginning

from the sequence, so the primary structure, to the higher level structures. For

understanding the behavior and the function of the protein, the quaternary

structure is required. The main methods used for structural studies on functional
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proteins in their folded state are X-ray crystallography and NMR spectroscopy.

For larger structures, e.g. the ribosome, cryo-electron microscopy [45] may be

applied as well. X-ray crystallography provides protein structures with the highest

resolution and is generally acknowledged as the most exact method for protein

structure determination. The drawback of this method is that the protein has

to be crystallized. Therefore, the structures of comparatively few membrane

proteins could be determined. For observing the behavior of a protein in its natural

environment the nuclear magnetic resonance (NMR) spectroscopy can be applied.

The result of the NMR spectroscopy is in general not one single structure, but

a set of distance constraints that is used to generate an ensemble of structures

fulfilling those constraints. Both structure determination methods contribute to a

continuously growing database on protein structures.

Until now, there are about 46,000 proteins structurally determined. The global

collecting point is the protein data bank (PDB) http://www.rcsb.org [46], which

harbored in 2012 by his own account (annual report 2012, published in january

2013) 76,537 protein structures (including peptides and viruses), all determined by

experimental techniques. 88 percent of the structures in the PDB were determined

by X-ray crystallography, 11 percent by NMR spectroscopy, and 0.5 percent by

3-dimensional electron microscopy.

Structure-based methods for the prediction of free energies strongly depend

on the quality of the provided structures. Therefore, experimental methods used to

determine those structures are described in more detail below.

Protein Conditioning

Proteins are usually expressed in a host cell [1]. Isolation of the protein follows a

well established, but for the diversity of proteins still challenging and in some cases

maybe defective pathway of cloning, expression, purification and characterization.

Already the selection of the host cell can be difficult. In general, it is beneficial

to select a host organism that is close to the native environment of the protein of

interest. On the other hand, best established and therefore easy to use is the system

of E.coli. It has the advantage to grow and being modified readily and to release
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the proteins easily, often by osmotic shock. But as this Gram-negative bacterium

is missing the human post-translational modification machinery, glycosylation

mechanisms and suitable chaperones for proper folding or correct splicing, it is not

suitable to produce all products. A well-established system for eukaryotic expression

are yeast cells. Nowadays, there are even some special yeast species with adapted

glycosylation available. For even more human-like cells, it is also possible to use

animal or human cells for expression, in which DNA can be virus manipulated.

But in general, they are very sensitive and slow in growth. Now even some cell-free

systems are in use, in which the chemical environment can be established very

exactly, if it is well known and its composition is not too complicated. As protein

production is very complicated for many proteins, the creation of the DNA molecule

and the inclusion into an expression vector is standardized. The expression itself is

not.

For correct expression and folding in solution, which is required for crystallization,

suitable conditions need to be found by testing several protein lengths and specific

mutations (often cysteine is added and active site residues altered). Also toxicity

and rapid degradation can lead to expression difficulties. Expressed proteins are

then subjected to a purification process. In several washing steps and finally

in storage circumstances, the environment – concerning salt concentration, pH,

temperature, stabilizing proteins and cofactors as antibodies and inhibitors – has to

be set very sensibly, to ensure the stability of the correct protein fold. The folding

can be tested by several methods, such as gel electrophoresis, circular dichroism

(CD) and chromatography. The quality of the expressed protein should best be

proven by its activity. If this is not possible, due to missing activity or knowledge

thereof, it is desirable to apply also other verification methods, such as SDS-PAGE.

X-Ray Crystallography

In X-ray crystallography [1], the 3-dimensional order of atoms in space is determined

by firing X-rays on the protein in its solid state. Max von Laue discovered in 1912

that X-rays are diffracted by crystals. From the diffraction of the light waves the

electron density map of the crystal is deduced. Atoms are then fitted into the

density map to obtain the geometrical order of the atoms in the crystal. From
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those, the lengths and angles of the atom bonds can be derived. Since its discovery,

the technique has won the attention of molecular research.

X-rays are light waves of 50–230 pm wavelength (λ), discovered by Röntgen in 1895.

The distances between atoms to detect with this wavelength are in the same order

of magnitude, around 1-3 Å. For X-ray crystallography, X-rays of this wavelength

(around 100 pm) are in general used, obtaining resolutions of the corresponding

precision. Underlying is the property of the electrons of an atom to scatter the

wave. The scattering factor f0 of an atom can be described by the number of

electrons in the atoms Z, their distribution p, and the scattering angle ρ. The

reflection is only detectable, if the wavelength and the scattering angle match the

distance of the symmetric atoms, as described by the Bragg law:

nλ = 2d sin ρ . (1.1)

This law describes the canceling of waves that are out of phase. Only waves that are

in phase are adding up and reinforced, yielding a detectable signal. To be in phase,

the wave needs to sequentially hit the same symmetric atoms in the same phase state.

The distance of symmetric atoms and the wavelength must therefore correspond in

space. In a crystal, symmetry occurs by its continuous ordered construct. The

smallest unit of the crystal, describing the total crystal by repeating this unit in

each dimension, is called the unit cell. The repeated hitting of the same atoms in

different unit cells reinforces the entering wave. These reflections can be observed

at a certain position on the detector. If the structure would be known, the exact

diffraction pattern of an ideal crystal can be produced, using the following expression

for the structure factors Fhkl:

Fhkl =

∫
V

ρxyz exp[2πi(hx+ ky + ly)]dV . (1.2)

On the contrary, for given phases and intensities, finding the structure factors Fhkl

from the electron density ρxyz needs the Fourier transformation:

ρxyz =
1

V

∑
hkl

Fhkl exp[−2πi(hx+ ky + ly)] , (1.3)
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with Fhkl a complex number

Fhkl =
√
Ihkl e

iφhkl , (1.4)

proportional to the intensity Ihkl of the diffraction spot and the sum of the phase

terms on this spot φhkl. Unfortunately, the phases can not be derived from normal

diffraction results. This difficulty is known as the phase problem of crystallization

[47].

In order to fit an atomic structure to the obtained diffraction pattern, frequently

molecular replacement is used. Starting from a homologous structure (searching

for correct orientation by rotation and translation), several improving steps are

conducted, correcting for occurring mismatches. Computer programs help in

this procedure, using common knowledge about the bond lengths and angles for

structure refinement. This resolving method is sensible to errors, as it is unclear

how well the chosen input structures are fitting. More appropriate are often de novo

structure solution methods, using MAD or SAD phases, utilizing the phase problem,

to derive the tree-dimensional orientation. They require a very high resolution

in crystal diffraction and additionally the measure of anomalous scattering of the

crystal. These measures can be obtained, hitting the inner electrons of heavy atoms

in the structure by different wavelength, near the absorption edge of the heavy

atoms, to calculate the initial phase of the atoms. If no heavy atoms are in the

molecule they can be inserted by substituting methionine by selene-methionine or

by soaking.

For a complete quaternary structure, it is necessary to see the crystal from different

sides, obtaining the diffraction pattern in all dimensions. This can e.g. be done by

powder diffraction in which X-rays are passing several different crystals randomly

oriented at once. This method is very fast, and is typically applied for small

molecules or for time-resolved studies. But as this method has a high error

rate, the crystal is rotated in constant speed around a certain axis, for structure

determination of larger proteins.

For receiving a good result, long exposure times are of advantage. But long exposure

to X-rays is leading to radiation damage of the crystals, which is significantly

increased for small wavelengths i.e. at high resolution. Using several analyses and
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crystals for different resolution is another possibility to increase the quality of the

structure. In general, the data quality is increasing with exposure time as the noise

is reduced.

Another challenge in X-ray crystallography is the task to receive a single crystal

of correctly folded molecules. The best crystallization conditions concerning

temperature, pressure, pH, ion and protein concentration, or the addition of certain

stabilizing detergents need to be found. Sometimes it is also helpful to stabilize

the protein or protein agglomerations by mutations in the binding interface. The

crystallization is then achieved by vapor diffusion of a sitting drop, hanging or

sandwich drop. Filling the drop in oil can protect it from contamination and

to regulate the water evaporation. Other methods use diffusion, e.g. through a

semipermeable membrane, or using suitable additives and buffers, which in general

require only small amounts of proteins. All such crystallization conditions and

methods have been standardized and can be tested in robots. The best condition

is detected by initial analysis, using UV fluorescence measurements or initial X-ray

diffraction, which can then be used to build crystals of sufficient size, that are

required for the crystallography data collection.

Derived crystal structures are then refined using chemical information as bond

lengths, angles, dihedrals, and planarity. These parameters are adapted using

optimization software. The need for such refinement depends on the resolution of

the data. High resolution structures with good phases can be built without this

basic knowledge of protein structure. Lower resolution structures, with left space

for individual choices of atom positions in model building, require such optimization

programs for structure building.

As we are using crystal structures mainly for simulations and free energy calcula-

tions, they need to be adapted to the chemical information used in our systems. In

structures solved at high resolution only small adaptations are required to apply

a given force field. For low resolution data it is often not possible to establish

native atom distances and angles, without larger rearrangements or producing

van der Waals overlaps in the structure. Low resolution structures should be

seen as imperfect models rather than correct structures, if applied for further

analysis. But in general, crystal structures are a very useful starting point for

further computational investigations, if considering the need to compensate for ap-
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propriate environmental conditions (solvent, pH, detergents, mutations, relaxation).

NMR Spectroscopy

The nuclear magnetic resonance (NMR) spectroscopy is based on the principle,

that the energy levels of nuclear spins of certain atomic nuclei may be measured

in an applied external magnetic field. Changes induced by the neighborhood can

be measured with high accuracy. This phenomenon was discovered in 1945 by

two groups simultaneously [48]. However, it took until 1985 until this information

could be used to obtain structural information of proteins [2]. This method has

the advantage of working with proteins in solution. Not one static structure, but

rather an ensemble of structures representing the protein motion in its equilibrium

state in solution is obtained, fulfilling certain distance constraints. In-cell NMR

spectroscopy [49] gives the most native structure and behavior of proteins that is

possible with actual techniques. The drawback of the method is the limitation of

protein size. The NMR spectroscopy can be applied to small proteins up to few

hundred residues, only. There are two reasons for this limitation. First, the number

of sensitive and measurable atoms is quickly increasing with protein size, resulting

in overlapping spectra. The second problem is the molecular weight of the protein

itself, as the tumbling times in solution are decreasing with size and thereby the

sensitivity decreases. Another drawback is the comparatively large amount of

purified proteins required.

The basis of NMR experiments is the application of a strong, persistent magnetic

field B0 on the molecule to be studied. Most nuclei have a magnetic moment, but

the resonance depends on the spin I of the nucleus. Nuclei with a spin of 0 do not

orient within the electric field and are therefore called NMR-silent. Those are nuclei

with equal number of protons and neutrons. For NMR experiments it is favorable to

have nuclei with spin I = 1
2

to avoid electric nuclear quadrupole moments, smearing

out the signal. For protein structure determination mainly the isotopes 1H, 13C

and 15N are used. The heavy isotopes for C and N are necessary, as the natural

dominating 12C and 14N are NMR-silent. Using uniform isotropic enrichment, the

signals of these atom types are detectable as well. The magnetic quantum number

m encompasses 2I + 1 states, splitting in m = +I, I − 1, ..,−I + 1,−I states

with different quantized energies, following a Boltzmann distribution. To detect
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resonance, the frequency applied must match the energy difference ∆E between

the states, which is called the Larmor frequency ω0:

ω0 =
∆E

~
= γB0 . (1.5)

The Larmor frequency can also be described by the magnetogyric ratio γ, a con-

stant characteristic for each nucleus. A stronger field leads to increased energy band

separation for the different states, which can be used to increase the sensitivity. In

experiment under constant magnetic field, a radio-frequency pulse close to the Lar-

mor frequency is applied, that forces the spin to rotate at 90◦ to the magnetic field.

This change in magnetization results in different resonance frequencies, depending

on the chemical shift. The chemical shift is a dimensionless value, which is constant

for a nucleus in a special environment and independent of the strength of the mag-

netic field and the frequency. The nucleus is sensing the difference in the magnetic

field resulting from the shielding of its neighboring atoms. Specific chemical shifts

yield information about the chemical environment, so the type of chemical groups

the nucleus is included in and surrounded by. Internuclear distances and their fluc-

tuations in proteins are obtained by evaluating the so-called Nuclear Overhauser

enhancement (NOE): Magnetizations of neighbored nuclei are interconnected. The

irradiation of one resonance influences the intensity of a neighbored nucleus, de-

pending on the distance between the nuclei, which can be concluded from their

cross-reaction rates. The obtained distance limits then help to construct 3D struc-

ture of the protein. Additionally, spin-spin coupling and relaxation times provide

information about the composition and orientation of atoms, which then, by the

help of a simulated annealing protocol [50] using molecular mechanic force fields

and continuum solvent models, is used to construct the protein structure. Although

technological improvements increased the effectiveness of NMR spectroscopy, the

main drawback of the method is still its complexity. In order to obtain the struc-

ture and dynamics from the multitude of signals in one protein, programs need to

be applied combining these NMR results with geometric or quantum mechanical

information and other experimental information e.g. from fluorescence resonance

spectroscopy and in particular from X-ray scattering.
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1.3 Protein Binding

Protein function typically relies on proper interaction patterns with lipids, other

proteins, DNA, or ligands. Thereby, proteins regulate, induce, transform, and signal

basically all processes in the cell. Binding occurs in general by non-covalent bonds

[51, 52] and is mainly driven by salt bridges, hydrogen bonds, hydrophobic contacts

and entropic contributions, as has been described already for the protein folding.

Similar to protein folding, burying of hydrophobic parts and the desolvation of

stabilizing hydrogen bonds [43] are the major driving forces in protein binding,

although less dominant than in the folding process [53]. Moreover, electrostatic

interactions have been found to be essential for the binding process [54].

Binding in general is reversible. The binding strength can differ depending on the

type of bond, the amount and strength of the corresponding forces. Sometimes,

breaking an established bond is almost impossible within the cell environment.

This can be, sometimes painfully, experienced upon irreversible enzyme inhibition

e.g. by toxins [55]. Depending on the interaction partners, binding can lead to

conformational changes, can enable or disable a specific function of one or more of

the bound partners, and can be crucial for a function of the conjunct parts.

Protein binding is an intensively studied process and its exploration is still in

progress. The early ’Lock and Key’ model of protein binding [56], proposed in the

end of the 19th century by Emil Fischer [57], describes the binding partners as

fixed entities with mutually fitting interface regions in shape and energetics. This

model was expanded in 1958 by protein motions, establishing the induced-fit theory

[58]. According to the induced fit principle, the binding process can cause changes

in the structure of the interacting proteins, rearranging the interacting groups in

order to fit to each other. Such induced fit motions are common reactions of the

proteins upon binding and are induced by a change in the free energy landscape

promoted by the closeness of the interacting molecule. This theory is competitive

to the ’conformational selection’ theory [59]. In this theory conformational changes

of the bound molecules, as compared to the unbound structure, are not triggered by

the binding process, but are already sampled in the unbound state at equilibrium.

The presence of the binding partner is in this case shifting the density distribution

of the conformations toward the bound conformation. Recent studies [60] indicate
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that binding may be described as a combination of conformer selection and induced

fit.

The structural rearrangements upon binding can be described computation-

ally by MD simulations. Experimentally, this problem is difficult to approach,

although in some cases, NMR [61] and FRET [62] can be applied to grasp the

protein flexibility.

Experimentally, protein binding is in general addressed quantitatively. Binding

affinity and the change thereof by mutation provide information about the binding

characteristics. For measuring the binding affinity, spectroscopic [63, 64] methods

are widely used. Among these, the two methods introduced below are predominant:

the surface plasmon resonance spectroscopy and the isothermal titration calorimetry.

Surface Plasmon Resonance

The surface plasmon resonance (SPR) spectroscopy is applied for measuring the

rate of association and dissociation of a solvated molecule to a reactant, that is

attached on the surface of a sensor. Thus, the binding affinity can be derived from

the rate constants of this complex formation. The sensing surface consists of a

thin metal film, typically gold, to which one of the reactants is immobilized and

the binding partner is conducted to. The thickness of the molecular layer on the

metal surface influences the refractive index of the sensor, so that an incident light

beam shows changes in the intensity of its reflection in dependence of the amount

of bound solute. The influence on the refractive index is based on the property

of metal surfaces to build surface plasmon polaritons (SPPs) on their interface

with a dielectric material [65]. A light wave arriving at the interface of the metal

propagates in the metal or is reflected at the interface to propagate in the dielectric,

depending on the incident angle and refractive indices of the metal nm and the

dielectric nd. Beyond a certain incident angle, called the limiting angle θc, the light

is reflected and does not propagate in the metal. The critical angle is given by

sin θc =
nm
nd
. (1.6)
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For p-polarized light, the electric field of the reflected wave induces charges at

the interface, that undergo collective oscillations [66]. Those can be excited by an

incident light wave to create propagating electromagnetic waves along the surface,

so called surface plasmon polaritons (SPPs) [67]. The electric field of the SPPs is

penetrating into the metal. If the metal is thin enough, the light can excite SPPs

on the vicinal interface of the metal film, on which the proteins are positioned. The

excitation of SPPs can be measured in the intensity of the reflected light: As the

energy of the light wave is transferred into the surface plasmons, the intensity of

the reflected light decreases [68].

The employment of SPR spectroscopy for the determination of biomolecular

interactions has significantly increased since commercial instruments have been

developed. The first and still the most famous technology has been provided by

BIACORE [69, 70] in the early 1990s [71]. They use a gold film of 40-50 nm bound

to the coupling matrix which is connected to flow cells for the solvent supply. The

other gold interface is connected to a prism to increase the wave vector of the

incident light. Since then, the technique has been further developed, e.g. in the

method of optical excitation of the SPPs [68] and to increase the sensitivity, e.g.

with colloidal gold in solution [71].

Isothermal titration calorimetry

Isothermal titration calorimetry (ITC) measures the kinetic and thermodynamic

cost or gain of molecular interactions by measuring the amount of energy necessary

to maintain a constant temperature during the binding reaction. Thus the released

energy of the observed reaction can be derived.

The reactions are performed in a cooled adiabatic jacket, including two identical

cells – the sampling and the reference cell. The temperature of both cells is kept

constant [72]. The reference cell contains pure buffer, while the sample cell contains

one of the reactants solved in the buffer. In certain time intervals, the other

reactant is injected in small volumes in both cells. The difference in temperature

between the two cells is measured and plotted over time. For a protein-ligand
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reaction, the binding affinity can be derived, using [73]:

qi = v ·∆H · [P ] ·
( Ka[L]i

1 +Ka[L]i
− Ka[L]i−1

1 +Ka[L]i−1

)
. (1.7)

The amount of measured heat qi in the ith injection is described by the volume

of the reaction cell v, the protein concentration [P ], the concentration of the free

ligand [L] for two consecutive injections i− 1 and i, the binding enthalpy ∆H and

the binding constant Ka. The free energy ∆G, the entropy ∆S and, by repeat-

ing the reaction at different temperatures, the heat capacity ∆Cp can be derived [72].

ITC has been applied for the measurement of the thermodynamics of protein

interactions [74] since the 1970th. Since then, improvements of the applied meth-

ods, e.g. blanck runs for noise reduction [75], competition reactions for measuring

high affinity reactions [73], optimized binding and regression models for different

binding reactions [76], and especially the increased sensitivity of the instruments

used, led to a strong expansion of the method. Besides the thermodynamic infor-

mation, ITC is currently applied [75] e.g. to measure molecular dissociation, as well

as to observe kinetic parameters, protonation-deprotonation events, protein-protein

and protein-ligand association with multiple binding sites, binding of metal ions to

biomolecules and membrane-protein interactions.

The label-free experimental assembly is one particular advantage of the method.

The disadvantage so far is the required large amount of sample and its low

throughput [77]. This drawback may soon be overcome [75] by steadily evolving

robotic automated instruments and further development of a single injection mode.
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Chapter 2

Theoretical Background and

Computational Methods

Thanks to theoretical physics, the energies governing the interaction of atoms are

well known, forming the basis to simulate biomolecular systems in the computer.

Nuclear physics describe the interactions of the basic constituents of atoms, i.e. of

protons, neutrons, and electrons. The dynamics of these particles can be described

by quantum mechanics, sampling the time-dependent Schrödinger equation. Based

on the kinetic and potential energies of the electrons and protons in the system, the

molecular state is characterized by its time-dependent wave function ψ(R, r, t).

However, the solution of the Schrödinger equation for typical biomolecular systems

in solution is not affordable due to its huge computational cost. Therefore, several

approximations are applied, decreasing the computation time, but still describing

the system in sufficient accuracy. Here, the method of molecular dynamics (MD)

simulations and the corresponding force fields required for the description of proteins

in solution are introduced.

2.1 Molecular Dynamics Simulation

Compared to the exact quantum approach, MD simulations use several approxima-

tions. First, the Born-Oppenheimer approximation [78] is used for the description of
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atoms, decoupling the motions of electrons from that of the nuclei, which is possible

due to the large difference in mass. Thereby, the wave function can be split into an

electronic and a nuclear part:

ψtot(R, r) = ψnuclear(R)ψelectronic(r;R) , (2.1)

with R representing coordinates and momenta of the nuclei in the system and r

describing coordinates and momenta of the electrons. The nuclei are treated as

classical particles. The electronic part can be solved for nuclei with fixed positions.

Still, solving the electronic Schrödinger equation is too expensive for large systems,

especially when considering explicit water molecules in the system. Therefore, the

properties of atoms and their interactions are described by a set of static parame-

ters, generalized and collected in so-called force fields. There is a number of different

popular force fields, e.g. GROMOS [79], OPLS[80], AMBER[81], CHARMM [82],

with different individual parameters, focusing on different properties of atom inter-

actions. Thereby, the atoms are described as van der Waals spheres, with assigned

partial charges. The covalent bonds between the atoms are described as harmonic

springs. The potential energy function VPotential describes both bonded and non-

bonded interactions:

VPotential = Vbonded + Vnon−bonded . (2.2)

Bonded interactions are often represented by harmonic functions of bond lengths b,

angles θ, and torsions φ:

Vbonded =
1

2

∑
bonds

kb(b− b0)2 +
1

2

∑
angles

kθ(θ− θ0)2 +
∑

torsions

kφ[1 + cos(nφ+ δ)] . (2.3)

The reference value, in equilibrium of each bond, b0, angle, θ0, and torsions, n and

δ, are specific for each bond type (and force field). The weights or force constants

kb,θ,φ penalize deviations from the equilibrium state.

Non-bonded interactions involve electrostatic interactions, VCoulomb, described by

Coulomb’s law, and the Lennard-Jones potential VLennard−Jones, describing the

short-range repulsive interactions (Pauli repulsion), preventing atoms to overlap,

together with their van der Waals interactions:
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Vnon−bonded = VCoulomb + VLennard−Jones , (2.4)

VCoulomb =
∑
i<j

1

4πε0εr

qiqj
rij

, (2.5)

VLennard−Jones =
∑
i<j

(C(12)
ij

r12
ij

−
C

(6)
ij

r6
ij

)
. (2.6)

In classical MD, as an approximation to the solution of the Schrödinger equation,

the atoms follow Newtons’ equations of motion:

−∇Vi(Ri) = mi
d2Ri(t)

dt2
= miai = Fi . (2.7)

From the potential energy Vi(R) of atom i, with the corresponding coordinates Ri,

and atom mass mi, the force Fi acting on this atom is calculated. The resulting

acceleration ai of the atom leads to a change of the position of the atom in time.

The equations of motions are solved numerically using discrete time steps ∆t. These

are small enough to describe the fastest motions in the system, which are in general

on the order of 1–5 fs. Depending on the system size, molecular dynamics simu-

lations allow the observation of the huge bimolecular systems on the time scale of

picoseconds to microseconds.

2.2 Free Energy Calculations

The state of a system in equilibrium is described by a thermodynamic ensemble.

The distribution of the different (micro-)states of the system can be described by

the Boltzmann distribution:

pi =
e−βεi∑
j

e−βεj
. (2.8)
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The probability pi of state i with energy εi is given by the Boltzmann-factor di-

vided by the sum over all states (partition function). The relation is temperature-

dependent, with constant β = 1/kBT , as the inverse of the thermal energy kBT of

the system. The partition function Z =
∑
e−βεj is dominated by low energy states,

the total energy is given by E =
∑
pjεj.

For the description of the free energy, canonical ensembles of the systems are consid-

ered, with constant particle number N , constant volume V , and constant tempera-

ture T . For those NV T -ensembles, generated by molecular dynamics simulations,

the Helmholtz free energy F of the system can be calculated, using the canonical

partition function Z:

F = −kBT lnZ = −kBT ln
∑
i

e−βei . (2.9)

If the complete conformational space of the system can be searched by MD

simulation, deriving the absolute free energy of the system from the distribution of

states would be possible. But the sampling is limited by the simulation time. As

a consequence, the conformational space can in general not be described in total,

thus the free energy calculation is suffering in accuracy. Frequencially, the problem

can be simplified by focusing on free energy differences between two states. These

are in the focus of the free energy perturbation and the thermodynamic integration

methods, both briefly introduced below.

Free Energy Perturbation

In the free energy perturbation (FEP) method, the free energy difference between

the initial state A0 and the final state A1 is calculated, summing up free energy

differences along a path connecting the states. Therefore, a coupling parameter λ

is used, that parametrizes a continuous path between A0 (λ = 0) and A1 (λ = 1).

The Hamiltonian H along the path [11] is then given by:

H(λ) = λH1 + (1− λ)H0 . (2.10)
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For each intermediate state λ the energy difference to its perturbation λ + ∆λ is

calculated and summed up, resulting in the free energy difference between the initial

and the final state:

∆F =
1∑

λ=0

−kBT ln
〈
e

−(H(λ+∆λ)−H(λ))
kBT

〉
λ
. (2.11)

The accuracy of the results depends on a sufficiently small perturbation between

the intermediate steps.

Thermodynamic Integration

Similar to the FEP method, in the thermodynamic integration (TI) method [12] a

coupling parameter λ is applied to describe the transition between the initial and

final state in small steps. But in contrast to the FEP method, in the TI method

the free energy difference is integrated over the derivative of the Hamiltonian:

∆F =

∫ 1

0

〈δH(λ)

δλ

〉
λ
dλ . (2.12)

MM/PBSA

Faster than the methods based on statistical physics are thermodynamic end state

methods, sampling not the complete configurational space of the path, but restrict-

ing the sampling around the initial and final state [83]. The molecular mechanics /

Poisson-Boltzmann surface area method (MM/PBSA) [84] is well-established. The

sampling is done using a set of snapshots of the two states, obtained by MD simu-

lations. The free energy is then computed as a sum of molecular mechanics terms

of the force field, GMM , combined with solvent interactions, GPB, calculated by

a numerical solution of the Poisson-Boltzmann equation for the polar interactions,

and a non-polar part GSA, approximated by the surface area:

GMM/PBSA = GMM +GPB +GSA. (2.13)

The method is very accurate for the prediction of changes in binding affinity of

protein complexes. Although the computation time is significantly reduced by the
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Figure 2.1: The CONCOORD-algorithm: a) Backbone flexibility of a CONCOORD
ensemble. b) Constraints definition of the first step of the CONCOORD-algorithm.
To the measured distance of atom pairs, limits are defined. In the second CONCO-
ORD step, the bond has to be set within these limits.

reduction of the sampled space, the usage of MD simulations for the sampling is still

computational demanding.

2.3 CONCOORD

The CONCOORD-algorithm [32] allows for a sampling of the conformational

space of proteins, based on distance restraints only. To a given input structure,

CONCOORD generates an ensemble of structures, that samples the conformational

space close to the input structure, approximating the thermodynamic ensemble. It

does not apply an energy function but rather applys geometric descriptions instead.

CONCOORD has been shown to lead to a set of structures, comparable to a set of

snapshots obtained by MD simulations [32].

CONCOORD works in two steps: In the first step, the input structure is analyzed.

The distances of all atom pairs in the system are determined. According to the type

of interaction between pairs of atoms, intervals are applied to the atom distance,

specifying the allowed range of fluctuation for this bond. The intervals applied

to the corresponding bond type are provided by the CONCOORD-algorithm

and have been learned by statistical evaluation of conformational ensembles

generated by MD simulations. In the second step, new structures are generated,

adapting all distances in the structure to fit to the given constraints (i.e. the
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fluctuation ranges derived in the first step). By iteratively repeating the sec-

ond step, an ensemble is generated. As the structure generation step is starting

from random coordinates, the generated structures are independent from each other.

tCONCOORD

The tCONCOORD-algorithm [43] is based on the CONCOORD-algorithm, extend-

ing it to sample not only the relevant flexibility around an input structure, but

to cover larger conformational motions, as induced fit motions and other induced

conformational changes. To increase the flexibility of the generated structures, the

stability of hydrogen bonds and hydrophobic clusters are analyzed and, depending

on the environment, the probability of the breaking of a bond is calculated. The

breaking or relaxing of the determined bonds causes an increased flexibility of the

generated ensemble.

2.4 Energy Minimization

For optimization of protein structures, force field parameters can be applied to

transfer the structure to its local energy minimum. Energy minimization can be

applied to optimize crystal structures to the given force field and on the structures

of the CONCOORD ensemble to optimize the energetics of the purely geometrically

derived structures.

The saddle point theorem [85] proposes, that the energetics of a system in equi-

librium can be derived from the free energy density of its minimum value. This

minimum is supposed to be the global minimum, which can in general not be

found by minimization algorithms. But as crystal structures are close to the global

minimum, their energy minimized state may be a sufficient approximation of the

system for free energy calculations.

Two methods with different integration schemes are introduced below. The conver-

gence of the methods is comparable, with only slight differences, dependent on the

problem at hand (e.g. coupling between coordinates, anharmonicity). The classic

conjugate gradient method follows the path of the gradient of the first derivative

of the potential function to the energy minimum, while Quasi-Newton methods
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– as the L-BFGS method, described below – are using the second derivative, by

approximating the Hessian.

Both methods find a local energy minimum by geometry optimization [86]. Finding

the global minimum of the energy landscape by geometry optimization would

require solving the complete potential surface of the system. This is not possible

by current computational methods. The energy minimization methods calculate

the forces only for a few conformations, close to the input structure, optimizing the

energy as a function of nuclear coordinates [87].

Conjugate Gradient

The conjugate gradient method [86] calculates the gradient vector g(q) of the

potential of the system, i.e. the negative vector of forces acting on the atoms in the

system, and follows its slope to the minimum (gradient of zero):

g(q) =
( δφ
δq1

, ...,
δφ

δqn
) . (2.14)

The vector q of the conformations contains n changes in all atom coordinates in the

protein, considering n = 3N − 6 degrees of freedom for N atoms. The gradient is

described by the first derivatives of the potential function φ of the corresponding

conformation. The coordinates are updated iteratively, by

qi = −gi + βi−1qi−1 , (2.15)

with respect to the direction of the negative gradient vector −gi, which is updated in

each step, and the previous search direction βi−1qi−1. The β value can be described

according to the Fletcher-Reeves method:

βi−1 =
gtigi

gti−1gi−1

. (2.16)

The conjugate gradient method is cheap in storage and converges best for near-

quadratic surfaces.
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l-BFGS

Quasi-Newton methods, e.g. the limited memory Broyden-Fletcher-Goldfarb-

Shanno (l-BFGS) method [88], are claimed to have better convergence properties

[87, 89], especially close to a stationary point, as the step size is better controlled

as compared to gradient methods. They are based on second derivatives, and thus

in general more expensive to calculate and to store.

True Newton-Raphson methods calculate, store and diagonalize the full Hessian

matrix H = δ2φ
δq2 , describing the force constants. The potential energy surface φ is

described by the local quadratic approximation around the current conformation

qj:

φ(qj+1) = φ(qj) + gTj ∆qj +
1

2
∆qTj Hj∆qj , (2.17)

evaluating the gradient g and the Hessian H at state j and ∆qj = qj+1 − qj. The

gradient is approximated by differentiation:

∇φ(qj + ∆qj) = gj +Hj∆qj . (2.18)

Assuming that qj+1 is in the minimum, the iteration can be written as:

∆qj = −H−1
j gj . (2.19)

For computational cost considerations the Quasi-Newton methods approximate the

inverse Hessian matrix. So called off-diagonal blocks [87] are often neglected, as

the coupling between those atoms is very small and approaches zero. The L-BFGS

method stores only the inverse Hessian, applying an updating scheme

Hn = Hn−1 + ∆H , (2.20)

solving the first derivatives of the previous and actual step for each iteration, using

the BFGS update:

∆H =
∆g∆gt

∆gt∆q
− H∆q∆qtH

∆qtH∆q
. (2.21)

This update scheme has the advantage of keeping the Hessian positive definite,
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which ensures the step to be in the right direction, as the eigenvalues, describing

the molecular vibrations of the atoms, are supposed to reach their minimum at

zero. The inverse Hessian and a defined number of previous steps are stored for

controlling the length of the steps, for fast convergence.

2.5 Continuum Solvent Approaches

In vivo, protein reactions occur in solution. Therefore, the interactions of the pro-

teins with the surrounding solvent molecules have to be considered in computational

methods. MD simulations in vacuo show clear artifacts, e.g. the unfolding of the

proteins and the formation of too many hydrogen bonds [90]. For MD simulations,

an explicit solvent description is state-of-the-art, although it is computationally ex-

pensive. For other methods, the description of the solvent as uniformly polarizable

medium has shown to represent the interaction with the solvent in sufficient ac-

curacy. Therefore, several implicit solvent models exist, describing the solvent in

different aspects, in different precisions, and at different computational costs [91].

Some basic models use the van der Waals surface or the solvent accessible surface

as a descriptor of the contact area of the solute and the solvent [92], together with a

distance-dependent dielectric [90] as solvent description. Other models consider the

polarization of the solute approximated by geometric structures, e.g. as spheres or

ellipsoids [93].

In this study, a more rigorous treatment of the solvent is applied. The solvation of

a protein can be described by three terms [87]:

∆Gsolvation = ∆Gcavity + ∆Gdispersion + ∆Gelec . (2.22)

To solvate the molecule, a cavity has to be created in the solvent network. Therefore,

the mutual interactions of the solute molecules have to be broken. The energetic

costs, ∆Gcavity, to build the cavity is assumed to be proportional to the size of

the cavity. By inclusion of the solvent in the cavity, ∆Gdispersion, new interactions

are formed between the solvent and the solute molecules. These interactions are

in general energetically favorable, but accompanied by energetically unfavorable
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entropic contributions (by freezing of rotational degrees of water molecules). The

dispersion contribution is frequently described by the surface area of the solute.

Additional electrostatic effects of the solvation, ∆Gelec, are considered: Charges

in the solvated molecule polarize the surrounding water molecules, resulting in an

electrostatic stabilization of the solute-solvent system. This polarization effect can

be described by the Poisson-Boltzmann equation.

The Poisson-Boltzmann equation describes the electrostatic potential of molecules

in a continuum solvent, described by the Poisson equation, including the description

of ions in the solvent, which are assumed to be Boltzmann distributed. The Poisson

equation for the description of the electrostatic potential φ(r) in dependence of the

charge distribution ρ(r) reads:

∆φ(r) = − 4π

ε0εr
ρ(r) , (2.23)

a second-order differential equation, with ∆ = ∇ · ∇ as the Laplace Operator.

Regarding only the charge distribution of two point charges q1 at position r1 and q2

at r2, the equation is reduced to Coulomb’s law:

φ =
q1q2

4πε0εr|r1 − r2|
. (2.24)

The permittivity ε = ε0εr is the product of the dielectric constant in vacuum (ε0)

and the relative permittivity (εr), dependent on the medium. The polarizable water

has a high relative dielectric constant of ≈ 78, for proteins a relative dielectric

constant between 2 and 20 is frequently used.

The ions in the solvent are described as Boltzmann distributed point charges. The

Poisson-Boltzmann equation thus reads:

∇(ε(r)∇φ(r))− κ2
(kT
q

)
sinh

(qφ(r)

kT

)
= −4πρ(r) , (2.25)

with κ2 is the inverse of the Debye-Hückel length, i.e. the length to which the

electrostatic effect decreases to 1/e in solution. κ2 depends on the charge q and the

ionic strength I of the solvent:

κ =
8πq2I

kT
. (2.26)
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An analytical solution of this differential equation is not possible for complex

systems. Therefore, the Poisson-Boltzmann equation is solved numerically. The

Poisson-Boltzmann solver package DelPhi [94] is using the finite difference method,

calculating the electrostatic potential for discrete points in space, on a cubic grid.

The atomic charges are distributed to the grid points: The charge of the atom is

smeared onto the 6 surrounding grid points, using a linear interpolation scheme. The

dielectric permittivity ε and the modified Debye-Hückel parameter κ are assigned to

the grid points, differentiating the location of the grid point to be inside the solute

or inside the solvent. The assignment of the grid points to solute or solvent and the

corresponding boundary is achieved by the solvent accessible surface method [95].

Thereby, a ball of radius 1.4 Å is moved over the van der Waals radii of the atoms.

All grid points, that can be touched by the ball, without overlapping the van der

Waals radii are declared to be solvent accessible and assigned to the solvent area.

The final reduction gives for each grid point i the potential φi as

φi =

4πqi
h

+
6∑
j=1

εjφj

κ2
ih

2 +
6∑
j=1

εj

, (2.27)

for the given grid spacing h, the charge qi, and the Debey-Hückel parameter κi of

the grid point. The potential φi at grid point i depends on the permittivity εj and

the potentials φj of the 6 neighbored grid points. Using e.g. the Jacobian relaxation,

the potential is solved iteratively for each grid point, starting from an initial guess,

adapting the potential to the neighbored grid points until a termination criterium

(e.g. the change in potential between successive iterations) is fulfilled.

By the presentation of the charges smeared over the grid points (in contrast to a

representation as point charges), artifacts can occur in the potential and the cor-

responding energy calculations. By the calculation of energy differences, calculated

on the same grid (instead of absolute energies) these artifacts are cancelled.

Another method to diminish the artifacts of the grid representation is to calculate

induced surface charges on the dielectric boundary. Thereby, the electrostatic po-

tential φ(ri) for a given point ri in the system can be described as a combined effect

of constant charges in the molecule φcoul(ri), polarized surface charges φreact(ri), and
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ions in solution φion(ri) [96]:

φ(ri) = φcoul(ri) + φreact(ri) + φion(ri) . (2.28)

The Coulombic potential can be calculated for fixed charges qi by:

φcoul(ri) =
∑
j 6=i

qj
4πε0εj|ri − rj|

. (2.29)

The corrected reaction field can be derived by the interaction of the induced surface

charges δp on the dielectric boundary [97] by

φreact(ri) =
∑
p

δp
4πε0|ri − rp|

. (2.30)

To derive the energy E of the system, the potential is multiplied by the charges:

E =
1

2

∑
i

qiφi . (2.31)

Additional to the the calculation of the electrostatic free energy in the system, the

hydration free energy of the molecule can be calculated by comparing the electro-

static energy of the molecule in solvent and vacuum. For this purpose, two calcu-

lations with different relative dielectric constants are compared – for water εr = 78

and for vacuum εr = 1. The hydration or solvation energy of a molecule ∆Esolv is

given by:

∆Esolv = Ewater(εr = 78)− Evacuum(εr = 1) . (2.32)

Solvation effects in protein-protein binding can also be treated by calculating the

desolvation energy of protein binding. The desolvation energy (∆Edesolv) is given

by the change in solvation energy upon binding, according to an approach of Perez

et al. [98]. For a protein A desolvated by binding to protein B, it is calculated as

the electrostatic energy difference of two systems: the unbound protein A in water,

EA
water, with ε = 78, and protein A in complex with protein B (solvated complex),

EA
complex, with ε = 2 for the complex, resulting in:

∆EA
desolv = EA

water(εr = 78)− EA
complex(εr = 2) . (2.33)
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2.6 pKa Calculations

Some amino acids have ionizable side chains. In the protein environment, the pro-

tonation states of these titratable sites may differ from those in pure solvent due to

electrostatic interactions. The effect of a protonation change can be significant for

the energy of the system, as it influences the charge of the side chain and thus of

the electrostatic energy of the protein. The electrostatic interactions and charac-

teristics in the protein are thus influenced by protonation changes. Therefore, the

identification of the correct protonation state for a protein can be crucial for free

energy predictions and the analysis of the protein.

The experimental determination of the pKa values for the titratable groups of a

protein is in general not possible, as the single titratable groups can not be observed

detached from each other. But computational methods predicting the pKa for all

titratable side chains of the protein were developed for years already [99, 100, 101]

and the number of available packages is constantly increasing.

Here, a pKa prediction method based on the Poisson-Boltzmann equation [102, 103]

is introduced. The protonation state of the protein can be determined for a given

pH, by computing the free energy difference between the different protonation states.

The equilibrium constant Ka of the acid-base reaction is then given by

∆GpK = −kBT ln Ka , (2.34)

and thus

pKa =
∆GpK

kBT ln(10)
. (2.35)

The electrostatic energy derived by Poisson-Boltzmann calculations includes the

major pH-dependent effects in the system, as the pKa shift is mainly influenced by

electrostatic contributions. Other effects, as conformational changes and entropic

contributions are in general neglected in consequence of computational cost consid-

erations.

The free energy difference ∆Gdeprotonate
Protein between the protonated amino acid (AH)

and its deprotonated (A + H+) state for a given titratable group in a protein is

calculated using a thermodynamic cycle, based on the experimental known depro-
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tonation free energy in solvent ∆Gdeprotonate
Water . The thermodynamic cycle reads:

To calculate the differences in the energy of the titratable group between the pro-

tonated and the deprotonated states in the different environments (e.g. protein and

water environment), the Poisson-Boltzmann equation is consulted.

As the titratable groups in the protein affect each other, their mutual interaction

has to be considered as well. As the successive calculation of the possible 2N states

for a protein with N titratable groups is computationally too expensive already for

N > 20, the energetic minimum for the given pH is approximated by a Monte Carlo

based sampling scheme. The free energy for a protein with N titratable groups

subject to Monte Carlo runs is given by [104]:

∆Gn =
N∑
i=1

[
qn(i)(2.3 kBT (pH− pKint

a )) + δn(i)
∑

1≤j<i

δn(j)∆Gij
]
. (2.36)

From the free energy of the nth state, with δn as vector of dimension N , the proto-

nation state (neutral, charged) of the titrable groups in state n is derived. qn(i) is

the charge of group i in state n and pKint
a is called the intrinsic pKa, describing the

pKa of a group in a protein environment with only one titratable site:

pKint
a = pKexp

a −
λi(∆G

env
Deprotonated −∆Genv

Protonated)

kBT ln(10)
. (2.37)

pKexp
a is the experimentally determined pKa of the isolated group, with λi = −1 or 1

for an acid or a basic group, respectively.

The Monte Carlo minimization yields the average charge 〈pi〉 of group i for each pH
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value with

〈pi〉 =

2n∑
n=1

δn(i)λie
−∆Gn

kT

2n∑
n=1

e
−∆Gn

kT

. (2.38)

The resulting charge can be fitted by a Henderson-Hasselbach curve, with the flex

of the curve corresponding to the pKa of group i. The evaluation of the results of a

pKa calculation can be difficult, as interactions between titratable groups can lead

to not standard Henderson-Hasselbach curves [105]. Therefore, the pH dependent

titration curve can be necessary for the interpretation of the results. The accuracy

of the described Poisson-Boltzmann-based pKa prediction method lays around one

pKa unit.

2.7 Entropy

Although the free energy of a system is an interplay between enthalpy and entropy

[106], the determination of the entropy still remains a difficult task for computa-

tional methods [107]. The entropy can be calculated explicitly as well as implicitly

by the rigorous thermodynamic integration method (Chap. 2.2). For fast free en-

ergy predictions the total entropy of the system is in general divided into different

contributions [108, 109]: the conformational entropy Sconf , describing the atomic

fluctuations in configurational space, the rotational entropy Srot, the translational

entropy Strans, and the solvent entropy Ssolv. The solvent entropy mainly describes

the ordering of the solvent on the surface of the protein in contrast to the bulk.

The determination of this contribution is in general not possible and therefore often

approximated by a term proportional to the solvent accessible surface area of the

protein. Several methods exist to calculate the other contributions to the total en-

tropy. The rotational and translational entropy can be calculated by semi-classical

approaches. For the calculation of the computationally demanding conformational

entropy, several approaches exist. Two methods are described below, one based on

normal mode analysis, the other on a quasi-harmonic approximation, based on MD

simulations. Both methods use vibrational modes to derive the eigenvalues and cor-
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responding angular frequencies ω. The vibrational entropy is approximated by the

entropy of a quantum oscillator:

Sconf =
M∑
m=1

(kBαm
eαm

− kB ln(eαm − 1)
)
, (2.39)

for M unconstrained degrees of freedom in the system, with

αm =
~ωm
kBT

. (2.40)

Normal Mode Analysis

Calculating conformational entropy by normal mode analysis [110, 107] is based

on a single structure. The local vibrational frequencies are derived using quantum

mechanical oscillators, evaluated by force field contributions, for the given Cartesian

coordinates of the protein in its local energy minimum r0. To derive the normal

modes – thus the collective vibrations of all oscillating particles of the system – the

Hamiltonian H of the system is approximated as

H(q,pq) =
1

2
(q− q0)THq(q− q0) +

1

2
pTA−1pq , (2.41)

using the mass-weighted Hessian matrix H, the mass-metric tensor A of the same

dimension, containing the masses associated with the coordinate displacements, and

the configuational probability distribution p in a canonical ensemble, which writes

pr =
e−

1
2
β(q−q0)THq(q−q0)∫

dqe−
1
2
β(q−q0)THq(q−q0)

. (2.42)

The Hessian in its mass-weighted form is evaluated and diagonalized, using a matrix

U of the same dimensions, with UT = U−1

UT
q A

1
2
q HqA

1
2
q Uq = βEq . (2.43)
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The diagonal of Eq contains the eigenvalues, which are weighted by β and yield the

frequencies of the independent harmonic oscillators of the system

ωm = (βEq,m)−
1
2 , (2.44)

with m = 1, ...,M .

Quasi-Harmonic Approximation

Using normal modes to derive the frequencies of the atomic fluctuations, only the

local conformational space close to the initial stationary point can be accessed.

To expand the sampled conformational space by larger atomic fluctuations, MD

simulations can be applied for the description of the conformational space, as

proposed e.g. by Schlitter [111].

The fluctuations of the MD simulation are used to create a covariance matrix Cij

around a mean structure 〈q〉:

Cij = 〈(qi − 〈qi〉)(qj − 〈qj〉)〉 , (2.45)

with q1, ..., q3N being the Cartesian coordinates of N atoms. Diagonalizing the mass-

weighted covariance matrix yields the diagonal matrix Eq with the corresponding

eigenvalues

UT
q A

1
2
q CqA

1
2
q Uq = Eq , (2.46)

that can be transformed to frequencies (Eq. 2.44).

The method requires long simulation times to sample the complete confor-

mational space and thus reach convergence of the entropy value. The time range

that can be covered by current technical means may still be too short for some

systems to overcome all energy barriers and thus for sufficient sampling. As the

method is computationally expensive, the robust normal mode analysis is still

frequently applied.
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Semi-Classical Approach

As the rotational and the translational degrees of freedom are eliminated in the

methods calculating the conformational entropy, both terms need to be calculated

separately [110]. The translational entropy can be approximated as a function of

the mass m of the protein:

Strans = kB

[5

2
+

3

2
ln(

mkBT

2π~2
)− ln ρ

]
, (2.47)

with the density ρ at a concentration of 1 M.

The rotational entropy is based on the three principal moments of inertia Ii of the

molecule:

Srot = kB

[3

2
+

1

2
ln(I1I2I3) +

3

2
ln(

2kBT

~2
)− ln ρ

]
. (2.48)
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Chapter 3

Prediction of Mutational Effects

on Protein Binding

Imagine the attraction of two oppositly charged spheres to each other. It can be

described by simple electrostatic interaction. Unfortunately, protein binding doesn’t

work like this. It is much more complicated and diverse. It is a superposition of

interactions of different type of the protein parts – i.e. the amino acids – active at

rugged interfaces. In order to predict the binding strength and orientation of the

binding interface, all type of interactions have to be considered. As the amino acids

adopt different properties (see Fig. 1.3), they have also different influence on the

binding behavior. The influence and thus specific function or role of single amino

acids is frequently addressed by experimental mutational analysis, in particular by

replacing interface residues by alanine (alanine scanning) [112].

Here, we developed a method for the fast prediction of the effect of mutations on

the binding affinity of protein complexes, combining free energy calculations with

structure generation using the CONCOORD method [32] (Chap. 2.3).
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3.1 Free Energy Calculation

In the following, the energetic analysis for the change in protein-protein binding

affinity upon mutation is discussed. The mutational effect on the binding free

energy is computed using the following thermodynamic cycle:

The mutational effect on the binding free energy, ∆∆G, is given as the difference

between the mutational free energy change of the bound state (∆Gbound) and

the unbound state (∆Gunbound), i.e. the free energies of four different states are

calculated:

∆∆G = Gmutant
bound −Gwt

bound −Gmutant
unbound +Gwt

unbound . (3.1)
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The free energy for each state is approximated by the sum of electrostatic and

unpolar interactions. The electrostatic energy (Gelectrostatic) includes the electro-

static interaction energy and the polar contribution to the solvation free energy,

both calculated using DelPhi [94]. Thereby, the interaction of the protein with the

surrounding solvent is calculated and thus the polar effect of the solvation of the

protein considered. The electrostatic interaction of the protein-internal charges

is calculated using Coulombs law. Unbound non-electrostatic interactions were

computed using a Lennard-Jones potential. Parameters were taken from established

MD force fields that are based on the physical-chemical properties of the molecule.

One observation was that a mutation at a small interface has in general a stronger

influence on the total binding affinity than a similar mutation at a larger interface,

that encompasses many interactions. This finding is probably due to cooperative

effects at the protein-protein interface, as at interfaces with many interacting amino

acids, a mutation can be compensated more easily by the formation of new contacts.

To account for this effect we included an energy proportional to the interaction

surface that is required to compare mutations of different protein complexes with

each other. In summary, the free energy for each state is described by:

G = Gsolvation +Gcoulomb +GLennard−Jones . (3.2)

These single terms are then composed to the mutational differences in the binding

affinity ∆∆G, that is fitted on the dataset of experimental known ∆∆G’s, by:

∆∆Gaffinity
mutation = α∆∆Gelectrostatic + β∆∆GvdW +GPPIS . (3.3)

∆∆GvdW is the Lennard-Jones contribution calculated using the Gromacs pack-

age, with defined force field parameters taken from the GROMOS force field [79].

GPPIS = λIwt + c is the cooperativity contribution, that was chosen to be propor-

tional to the binding interface of the protein-protein complex of the wild type (Iwt),

as described above. We fitted the four parameters on a dataset of 367 mutants of

9 protein-protein complexes, using five-fold cross-validation, obtaining: α = 0.136,

β = 0.259, λ = −0.841 cal ·mol−1· Å−2, and c = 2.573 kcal ·mol−1.
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3.2 Structure Preparation

The CONCOORD package [32] was used to generate an ensemble of structures,

similar to the input structure, which is thought to provide a good estimate for the

thermodynamic ensemble at ambient conditions. For each mutant, 300 structures

were generated for both, the wild type and the mutant complex. Structures for the

isolated proteins were taken from these complex structures.

As input structure for CONCOORD, crystal structures were used, in which

all water molecules and hetero atoms were removed. Gaps in the structure, e.g.

due to missing loops were closed using the ’fillgap’-function of the WHAT IF

package [113]. Mutations included in the structure for improved crystallization

were mutated to reach a sequence similar to the one used for the corresponding

experimental mutation studies. Standard protonation of titratable groups at

physiological pH was used. In some cases certain titratable groups were found to

be sensitive to pH changes. For those it is possible to perform pKa calculations

and protonate according to the pH used in the mutational studies. The protonated

structures were then energy minimized using the l-bfgs integrator [88] and the

GROMOS force field [79]. This structural relaxation helps to correct for artifacts

due to crystal packing or the particular chosen force field. The energy minimized

structures were used as input for CONCOORD. Each structure in the ensemble

created by CONCOORD is energy minimized using the l-bfgs integrator. The

structures for the isolated proteins were cut out of the minimized CONCOORD

structures.

A separate construction of a structural ensemble for the unbound states us-

ing CONCOORD was omitted since this did not improve the results. This finding

is similar to corresponding results for the MM/PBSA method based on the

analysis of snapshots of a MD simulation [114]. Presumably both MM/PBSA and

CC/PBSA suffer from an insufficient description of the energies associated with

conformational changes. This problem was circumvented by using the structure of

the protein-protein complex for the isolated proteins as well.
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3.3 Dataset

A set of 367 mutants was collected, for which the mutation-induced change in bind-

ing affinity was determined by experiment.

In selecting this experimental dataset, we chose mutants, for which the equilibrium

dissociation constant Kd or the association constant Ka are experimentally known.

This can be converted to the Gibbs free energy of dissociation ∆G, which is consid-

ered to be proportional to binding affinity:

Kd = koff/kon = 1/Ka . (3.4)

The binding affinity can thus be described by:

∆G = −RT ln(Kd) , (3.5)

with the ideal gas constant R, and the temperature T .

For the test set, we chose only protein-protein complexes (Table 3.1), thus

excluding protein-ligand complexes, as these may require a different treatment for

their increased flexibility. Furthermore, only structures with a resolution of at least

2.6 Å were chosen. We excluded structures with ions, hetero atoms, mutations

or gaps close to the binding interface, as the correct structure is crucial for the

described structure-based method.

Used databases for affinity data include the ProTherm [115], PINT [116], the

PDBbind [117], and the recently published SKEMPI databases [118] for thermody-

namic data of protein complexes.

Our dataset comprises mutations of 9 different protein-protein complexes, and

367 mutants from 25 published mutation studies. Enzyme-inhibitor and antibody

complexes were included as well as single and multiple mutants with up to 7

mutations. The mutation sites are mainly found at the binding interface, but also

include more distal sites. 293 alanine mutations, 74 mutations to other amino acids,

and 95 non-conservative mutations, i.e. changing the total charge of the system,

were included in the dataset.
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Figure 3.1: Change of the binding free energy upon mutation: The comparison of
experimental results with the predicted results of CC/PBSA obtained by five-fold
cross-validation on a test set of 367 mutants, yielded a correlation of 0.79 and a
standard deviation of 1.19 kcal ·mol−1.

3.4 Fit and Evaluation

The free energy function (Eq. 3.3) was fitted to experimental results. It includes 4

parameters. The whole dataset was used for both fitting and evaluation. Five-fold

cross-validation was applied. Thereby, the dataset was randomly partitioned into 5

parts. Four of these parts were used as training data and one part for validation.

This procedure was repeated 5 times. The obtained fit parameters were averaged

over the 5 tests.

The mean correlation to experiment was 0.79 and the standard deviation

1.19 kcal ·mol−1 (Fig. 3.1).

For mutations to alanine (Fig. 3.2) we obtained a correlation of 0.77 and
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Figure 3.2: Comparison of predicted and experiment mutational affinity changes for
alanine and non-alanine mutants in the complete dataset.

standard deviation of 1.21 kcal · mol−1. For the non-alanine mutants, our method

yielded a correlation of 0.84 and a standard deviation of 1.25 kcal · mol−1. This

excellent prediction also for non-alanine mutants is crucial e.g. for the redesign of

protein interfaces.

The dataset includes 95 charge-changing mutations and 272 conservative mutants

(Fig. 3.3). For both subsets our method performs with a similar high accuracy,

indicating that the different energy terms are correctly described and both energy

terms – the van der Waals interactions, that are governing the effect of the

conservative mutants, as well as the electrostatic interactions, important for the

charge-changing mutations – are well balanced in our energy function.

As mutational scans are most frequently applied to analyze and modify the binding

interface, our dataset contains mainly mutants located at the binding interface,

i.e. sites that directly interact with the residues of the interaction partner. 56 of

our tested mutants are not in direct contact, but on the surface of the complex.

They have in general no or only a slight influence on binding. Our predictions on

these mutants yielded a standard deviation of 0.88 kcal ·mol−1 (Fig. 3.4). Most of

the surface mutants in our test set, having no effect on the binding affinity, belong
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Table 3.1: Protein-Protein complexes used in the prediction of changes in binding
affinities upon mutation, with references for a) the crystal structure and b) the
corresponding mutation studies.

PDB Name Type Res Date Ref a) Mut Ref b)

1A4Y ribonuclease in-
hibitor
angiogenin

Enzyme
Inhibitor

2.0 1997 [119] 39 [120, 121,
122, 123,
124]

1BXI colicin E9 DNAse
domain
immunity protein
Im9

Toxin
Immune
System

2.05 1998 [125] 31 [126]

1CBW bovine chy-
motrypsin
BPTI

Enzyme
Inhibitor

2.6 1997 [127] 24 [128, 129,
130]

1CHO alpha-
chymotrypsin A
turkey ovomucoid
third domain

Enzyme
Inhibitor

1.8 1987 [131] 16 [132]

1DVF anti-hen-egg-white
lysozyme antibody
(D1.3)
anti-idiotopic anti-
body (E5.2)

Antibody
Antibody

1.9 1996 [133] 32 [134, 135]

1IAR interleukin-4
receptor alpha
chain

Immune
System

2.30 1999 [136] 48 [137, 138]

1JTG beta-lactamase
beta-lactamase
inhibitor protein

Enzyme
Inhibitor

1.73 2001 [139] 105 [140, 141,
142]

1VFB IGG1-KAPPA
D1.3 FV
hen egg white
lysozyme

Antigen
Antibody

1.8 1994 [143] 46 [134, 144,
145, 146]

2DQJ hyhel-10 FV/hen
egg lysozyme

Antigen
Antibody

1.8 2007 [147] 26 [148, 149,
150, 151,
152]
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Figure 3.3: Comparison of the subsets for charge conservative (272) and for charge-
changing mutants (95) in the complete dataset. Comparison of predicted with ex-
perimental affinity changes upon mutation.

Figure 3.4: Comparison of the subsets for mutants at the binding interface (311)
and for mutants on the complex surface (56) in the complete dataset. Comparison
of predicted and experimental affinity changes upon mutation.
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to the Colicin E9DNase/Immunity Protein IM9 complex (1bxi). Some mutations

with a larger distance to the interface also showed a larger influence on the binding

affinity. For the TEM1-BLIP complex surface mutants were found that significantly

influenced the binding affinity of the complex. The D163A mutation of BLIP is at

the boundary of the binding interface. As this side chain is on the protein surface,

it is very flexible. By side chain rearrangements it can easily interact with the

residues at the binding interface, and thereby exert an influence on the binding

behavior. Furthermore as it is a non-conservative mutant, its interaction range is

probably increased due to long-range electrostatic interactions. Another example

for surface mutations influencing the binding affinity is the V66A mutation of the

Colicin E9DNase/Immunity Protein IM9 complex (1bxi). For this conservative

mutation, the change in binding affinity may be explained by conformational

changes coupled to the mutation, that is taken into account by the flexibility in the

CC/PBSA method.

The dataset includes 243 single mutants, as well as 124 multiple mutations

(Fig. 3.5). The latter are challenging for computational methods. The energy

function is frequently assumed to be additive in other fast computational methods

[27]. For multiple mutations, cooperative effects have to be considered. It has

been shown, that multiple mutations can not be described by the sum of their

single contributions, but the mutual interaction of the mutated residues has to be

considered as well [153]. Therefore cooperative effects have to described correctly

to be able to predict multiple mutations. A correlation of 0.75 for the multiple

mutations of our prediction compared to experiment indicates that our free energy

function is performing sufficiently well also for multiple mutations. This property

is crucial in the search for mutations with changed binding characteristics, as

these normally have to be composed of multiple mutations for sensible trimming.

CC/PBSA shows an excellent performance on our dataset composed of mutations

from 9 different protein-protein complexes. We can calculate mutants for different

complexes, without having to parametrize the energy function for each protein-

protein complex, as it is necessary for other methods [154]. CC/PBSA performs

well for the mutants of all 9 protein-protein complexes, as can also be seen looking

at the individual complexes (Fig. 3.6):
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Figure 3.5: Comparison of single mutants (243) and multiple mutations (124) in the
complete dataset. Comparison of predicted and experimentally derived results.

The 16 available mutations of the chymotrypson/inhibitor complex (1cho),

span a wide range of changes in binding affinity from -2.20 to 7.14 kcal · mol−1,

CC/PBSA results show a very good correlation of 0.80 to the experimental values

(Fig. 3.6d). The set of 26 mutants of the hyhel-10/lysozyme complex (2dqj) in

contrast has a comparatively low correlation of 0.46, with a standard deviation of

1.0 kcal ·mol−1 (Fig. 3.6i). This result is probably due to small range of free energy

changes for this complex.

The 39 mutants of the ribonuclease inhibitor/angiogenin complex (1a4y) on

the contrary show a high correlation of 0.87, with a standard deviation of

1.74 kcal · mol−1 (Fig. 3.6a). The energetic effect of the mutants in this complex

are well predicted. Although the absolute value is not exactly predicted in this

case, our method gives a clear prediction about the energetic effect of the mutations.

In summary the performance of CC/PBSA is excellent in the prediction of

mutational changes on binding free energies.
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Figure 3.6: Comparison of predicted and experimentally derived results, separately
for the mutants of 9 different protein-protein complexes. The number of mutations
analyzed for every complex is given in brackets.
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3.5 Protonation

pKa calculations (Chap. 2.6) on the interleukin-4/receptor complex (1iar) showed,

that some mutations probably evoke changes in the protonation state of titratable

groups as compared to the wild type. The protonation state influences the charges

in the interface region and thus the binding behavior. Therefore, consideration of

changes in the protonation state upon mutation should be considered in this case.

It is included by the following correction term:

∆GpKa = kBT ln(10)× (pKa − pHexp) . (3.6)

The change in binding affinity ∆∆G by mutation is accordingly corrected to:

∆∆Gaffinity
mutation = α∆∆Gelectrostatic + β∆∆GvdW +GPPIS + ∆GpKa . (3.7)

The predicted changes in binding affinity for these mutants in the interleukin-

4/receptor complex are significant (Fig. 3.7), ranging from a difference of

0.77 kcal ·mol−1 (∆GpKa = 4.00 kcal ·mol−1) for the E9Q mutation of interleukin-4

to a difference of 2.37 kcal ·mol−1 (∆GpKa = 3.98 kcal ·mol−1) for the D67A mutation

of the receptor, compared to the prediction not considering protonation changes.

As the test set for protonation changing mutations is too small for statistical anal-

ysis we do in general not include pKa calculation and protonation changes in the

investigated systems. However, due to its possible large effect, inspection of in-

vestigated protein-protein complexes for mutation-induced protonation changes are

recommended.

3.6 Protein Stability

CC/PBSA was additionally developed to calculate the effect of mutations on the

protein stability. This was achieved by following a similar thermodynamic cycle as

for the affinity changes (Fig. 3.8). The change in stability is computed for both,

the folded and the unfolded structure. The latter was approximated by the trimer
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Figure 3.7: Comparison of predicted and experimental mutational changes in bind-
ing affinity without pKa calculation (left) and with protonation according to pKa

calculation and ∆GpKa (right). Corresponding mutants of the interleukin-4/receptor
complex are colored red.

GXG, where G stands for glycine and X for the mutated amino acid.

∆∆Gstability
mutation = ∆Gfold

mutant −∆Gfold
wildtype = ∆Gmutate

folded −∆Gmutate
unfolded . (3.8)

In the protein stability calculations, a term proportional to the change in the solvent-

accessible surface ∆∆ASA is used to approximate the solute-solvent interactions.

Additionally the change in entropy, −T∆∆S, is considered applying the approach

of Schlitter [111] on the structural ensemble generated with CONCOORD. The total

energy function is as follows:

∆∆Gstability
mutation = α∆∆Gelectrostatic+β∆∆GLennard−Jones+γ∆∆ASA−τT∆∆S . (3.9)

The four parameters α, β, γ, τ , were fitted to a dataset of 582 mutants of 5 different

proteins using five-fold cross-validation. The fitted parameters α = 0.224, β = 0.217,

γ = 0.0166 kcal · mol−1 · nm−1, τ = 0.0287 yielded a correlation to experiment of

0.748 and a standard deviation of 1.04 kcal ·mol−1.
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Figure 3.8: Thermodynamic cycle of the effect of mutations on the folding free
energy of proteins.
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3.7 TEM1-BLIP Complex

The CC/PBSA affinity prediction was applied on two protein-protein com-

plexes in order to analyze and describe their binding propensities. The beta-

lactamase/inhibitor complex (TEM1-BLIP) is the first analyzed complex:

TEM1-BLIP is an intensively studied complex that has been proven to be

very challenging for computational prediction methods due to its high flexibility.

TEM1 is an enzyme, produced by bacteria, destroying beta-lactam antibiotics (e.g.

penicillin) and thus causing antibiotic resistance. TEM1 inhibitors stop the action

of TEM1 and thus break the antibiotic resistance of bacteria which is an important

goal in the bacterial defense. The beta-lactamase inhibitor protein BLIP is a

protein that binds tightly to TEM1 and is a strong inhibitor of TEM1. Therefore,

BLIP can serve as a target for the development of new antibiotic mixtures with

decreased bacterial resistance. Experimental alanine scans have already been

applied to illuminate the binding characteristics of this protein complex.

We use these experimental results to validate our method on this complex.

A dataset of 97 mutants – single and multiple mutations – of which the change in

binding affinity is experimentally known were available for comparison. For this

complex, CC/PBSA yields an excellent agreement to experiment with a correlation

of 0.84 and a standard deviation of 1.04 kcal · mol−1. The CC/PBSA results were

compared to the other well-established computational methods FoldX [27] and

Robetta [155]. Their performance is considerably worse as compared to CC/PBSA

(compare Fig. 3.9a). A probable explanation are cooperative effects in the protein

which can only be captured by our novel approach. The energy functions of

both FoldX and Robetta are additive and thus cannot properly describe multiple

mutations acting in a cooperative way. In contrast, CC/PBSA includes changes

in flexibility by the generated structural ensemble (Fig. 3.9b). The mutation of

e.g. the large phenylalanine-142 of BLIP to alanine causes a large gap in the

binding interface, and, thereby, strongly increases the flexibility in the region of the

mutant. The surrounding residues show a tendency to fill up the gap. In summary,

cooperative effects are considered by CC/PBSA, by a combination of generating
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different structural ensembles for both wild type and mutant complexes with an

effective free energy function.

In a second step, a mutational scan of the TEM1-BLIP complex was per-

formed for an in-depth analysis of hotspots of the complex and for an analysis of

the main determinants of binding (Fig. 3.9c). The aim was to suggest mutations

that increase both the binding affinity and the resistance of BLIP with respect to

mutations of TEM1. We used CC/PBSA for a complete mutational scan of the

binding interface residues of BLIP. The strongest influence on TEM-1 binding was

found for lysine-74 (Fig. 3.9c). It is positively charged and has strong attractive

electrostatic interactions to TEM1. In turn, the van der Waals contacts of this

residue are unfavorable. It is surrounded by a ring of predominantly hydrophobic

residues that form a number of van der Waals contacts to TEM1. This system, the

positively charged Lys surrounded by a ring of hydrophobic residues (Fig. 3.10),

forms the main binding contacts of BLIP to TEM1.

Additionally, performed a double mutation scan of BLIP was performed to consider

cooperative effects at the binding interface as well (Fig. 3.9d). Strong cooperative

effects of neighboring residues were observed, but as well of residues not directly

in contact with each other. The latter are probably due to either modifications

in the side chain packing or due to changes in the overall flexibility of the protein

complex.

3.8 Insulin Dimer

The second protein-protein complex studied using CC/PBSA is the insulin

dimer. Insulin is administered to patients suffering from diabetes mellitus. The

administration takes place via injection. At high concentrations, however, insulin

agglomerates and forms dimers and hexamers. Thereby, the action of insulin on

insulin receptors is delayed due to the required binding in its monomeric form. This

property of insulin to aggregate is used to influence the speed of action entry as

well as a storage effect. By decreasing the agglomeration, insulin starts to operate
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Figure 3.9: TEM1-BLIP: a) Prediction of mutational effects on the binding affinity
of a test set of 97 alanine mutants using CC/PBSA (red), FoldX (blue), and Ro-
betta (green), compared to the experimentally derived binding free energy changes.
b) Flexibility change of the BLIP F142A mutant (green). Increased flexibility by
mutation with respect to wild type in red, decreased flexibility in blue. c) Complete
mutational scan of the BLIP interface. The color is coded according to the effect
of the mutation on the binding affinity. d) Cooperative effects at the BLIP inter-
face, calculated by a double mutational alanine scan. The difference of the change
in binding affinity of the double mutation as compared to the sum of the single
mutations is shown.
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Figure 3.10: Binding interface of BLIP: a) and b) The change in binding affinity by
mutation to alanine is color coded: a decrease of binding affinity by alanine mutation
is shown in blue, an increase in red. c) Electrostatic contribution, color coded
from decreased electrostatic interaction (red) to increased electrostatic interaction
by alanine mutation (blue). d) Lennard-Jones contribution color coded, from green
(decreased by mutation) to yellow (increased contribution by mutation).

faster. An increase of agglomeration has a retarding effect on the active insulin,

but is also slowing down degradation. The insulin remains longer in the body. The

tendency to agglomerate can be influenced by modifying the binding affinity of the

insulin dimer, as dimerization is the starting point for the agglomeration.

To analyze all possibilities for fast-acting and long-lasting insulin analogs, a
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Figure 3.11: Complete mutational scan of the insulin dimer interface. The change in
binding affinity is color coded, the change in stability of the single insulin molecule
is coded by the symbol size.

complete mutational scan of the insulin dimer complex was performed. For valida-

tion purposes, our results were compared to known fast-acting insulin analogs, used

as drugs in insulin medication (Fig. 3.11, marked with an asterisk). An excellent

correlation of CC/PBSA results was found for these mutants. Additionally, different

unknown mutants, suitable for fast-acting and long-lasting insulin analogs may be

suggested based on our results for the mutational influence both on binding affinity

and protein stability. The latter was calculated using the stability calculation

option of CC/PBSA. Combination of mutants with decreased binding affinity and

high stability ensures both stable and functional insulin monomers.

3.9 Web Server

The CC/PBSA method for the prediction of mutational effects on the binding affin-

ity of protein-protein complexes and the stability of proteins has been proven to be

a valuable tool for the analysis of protein interfaces and their redesign. Therefore

and due to its complexity, CC/PBSA is provided via a web server interface to other

researchers. The server allows for a fully automated calculation of the predictions
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on our compute clusters. The web site is accessible at:

http://ccpbsa.biologie.uni-erlangen.de. We provide to upload a pdb structure

or to use a pdb-code of the Protein Data Bank for the mutational analysis. Mu-

tations (including multiple mutations for the prediction of binding affinity change)

can be selected for the calculation (Fig. 3.12). The change in binding affinity or

stability is calculated and – together with the corresponding energy contributions

and the generated set of structures – deposited for download on the web page. The

user is informed about the completion by e-mail.

Until now, more than 250 researchers worldwide used the CC/PBSA web-tool, cal-

culating more than 2,500 mutations.

3.10 Comparison of Force Fields used in

CC/PBSA

In a next step, the Amber ff99SB force field [156] was implemented in CC/PBSA.

It is more flexible and allows to include hetero atoms. Hetero atoms may have a

strong influence on the binding interface. Also, Amber will allow to investigate

protein-DNA binding. We tested the modified CC/PBSA on the same dataset as

before, using five-fold cross-validation and obtained results with a similar accuracy

as described for GROMOS. Small differences in prediction led to a correlation of

0.8 and a standard deviation of 1.21 kcal ·mol−1 (see Fig. 3.13). As fit parameters

we obtained for the Amber setup α = 0.151, β = 0.255, λ = −0.96 cal ·mol−1· Å−2,

c = 2.573 kcal ·mol−1. Thus the fit parameters obtained for the different force fields

are approximately the same.

The predictions with the Amber force field show a slightly decreased standard devia-

tion as compared to GROMOS. Also the correlation is slightly increased for Amber.

Splitting the Amber predictions to the different subsets (Fig. 3.14), only small

changes in the subsets for conservative and charge changing mutants are found

comparing the two force fields. For the non-alanine mutants the GROMOS force

field is performing slightly improved, with a correlation of 0.84 as compared to 0.78

for the Amber force field. In contrast, the Amber predictions yield a better correla-
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Figure 3.12: Web server for the prediction of the effect of mutations on protein stabil-
ity and protein-protein binding affinity. http://ccpbsa.biologie.uni-erlangen.de
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Figure 3.13: Binding free energy change by mutations using the Amber ff99SB
force field [156]: comparison of experimental results with the predicted results of
CC/PBSA obtained by five-fold cross-validation on a test set of 367 mutants, yielded
a correlation of 0.80 and a standard deviation of 1.21 kcal ·mol−1.
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Figure 3.14: Mutational binding free energy change using the Amber force field
within CC/PBSA: comparison of different subsets.
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tion (0.82) for multiple mutants, while the GROMOS force field is only reaching a

correlation of 0.75.

No significant differences between the two force fields are seen for the individual

complexes (Fig. 3.15). CC/PBSA results have a similar high quality for both force

fields.

Also the energy distributions (Fig. 3.16) are similar for the two force fields, as may be

expected, regarding the similarity of the fit parameters. The subtle differences in the

performance must therefore lay in the details. A comparison of CC/PBSA results

for GROMOS and Amber was performed for mutants with experimental binding

affinity changes either below -3 kcal ·mol−1 or above 9 kcal ·mol−1 (Fig. 3.18). For

these mutants the Amber force field yielded slightly better predictions as compared

to GROMOS. The Amber force field shows the better description of the Lennard-

Jones energy, whereas the electrostatic contribution is approximately the same for

the two force fields. This similarity of the electrostatic energy contribution between

the two force fields can be recognized in the direct comparison, yielding a correlation

coefficient of 0.9. In contrast, the Lennard-Jones contributions show a correlation

of 0.86 between the two force fields (see Fig. 3.17). Thus, the difference in the free

energy predictions between the two force fields are due to tiny differences in both

electrostatic and Lennard-Jones terms. In conclusion, the high prediction accuracy

of CC/PBSA in combination with the Amber force field, will enable the expansion

of the method to non-peptide molecules and DNA as well.

3.11 Structure Representation

Protein flexibility is considered by energetic evaluation on an ensemble of structures,

calculated using the CONCOORD program [32]. CONCOORD effectively samples

the conformational space available to proteins at ambient temperatures. As shown

in Fig. 3.19a, the RMSD of generated structures varies between 0.15 nm and

0.60 nm.

Protein flexibility depends on the structural conditions in the protein complex:

Mutation may lead to differences in the protein flexibility, as shown on the example

of a tryptophan to alanine mutation in the Immunoglobulin/Lysozyme (1VFB)
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Figure 3.15: Mutational binding free energy change using the Amber force field
within CC/PBSA: comparison of different protein complexes.
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Figure 3.16: Energy distribution: Comparison of the single energy terms calcu-
lated by the GROMOS and the Amber force fields.
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Figure 3.17: Force Field Comparison: Comparison of the single energy terms
calculated using the GROMOS and the Amber force field.

complex (Fig. 3.19b). This mutation would result in a gap at the protein-protein

interface of the crystal structure. In the ensemble this mutation therefore leads to

an increase of flexibility in particular of the surrounding residues as compared to

the wild type. These structural rearrangements are expected to occur also in vivo.

Therefore, the description of the mutant by a structural ensemble is important for

a reliable prediction of mutational effects on the protein-protein binding affinity.

Protein structures for the unbound state were taken from the complex struc-

tures, i.e. the method does not rely on the availability of X-ray structures for

unbound proteins. Although it has been discussed [26] that this description may

be insufficient in case of induced fit motions upon binding, no larger deviations

from experiment were observed for our dataset. One reason is due to a comparison

of energy differences between mutants and the wild type only: Assuming that

the induced fit motions do not depend on single amino acids, differences in

conformational energy would cancel.

A comparison of the energies of the complex system with those of the unbound

states shows a systematic energetic compensation in the set of mutants (Fig. 3.20a).

The consideration of the unbound state is required to achieve the reported excellent
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Figure 3.18: Force Field Comparison: Comparison of the single energy terms
calculated by the GROMOS (blue) and the Amber (red) force fields for some outliers
in the prediction.
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Figure 3.19: Structural ensemble: a) RMSD of all generated structures in ensem-
bles of the test set. b) Flexibility change in ensembles of antibody-antigen complex
(1vfb) by mutation W52A (green) in IGG1 heavy chain. Increase in flexibility in
red, decreased flexibility in blue.

prediction of mutational changes in the binding affinity.

A similar compensation is observed for the electrostatic energy contribution

(Fig. 3.20b): In particular the non-conservative mutants show a large Coulombic

contribution. Similarly, but with opposite sign, these mutations influence the polar

part of the solvation energy, which is counterbalancing the change in electrostatic

attraction or repulsion of the interacting proteins. The total change in electrostatic

energy and thus its influence on the protein binding is drastically reduced.

3.12 Discussion

The mutational change on protein-protein binding affinity was evaluated by a novel

free energy calculation approach. The effect of mutations on protein-protein bind-

ing could effectively be described by an interplay of electrostatic and van der Waals

interactions between the binding partners. Entropic effects could be neglected, as

single mutations usually do not have large effects on the protein-water interaction or
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Figure 3.20: Energy compensation: a) Splitting of ∆∆GCC/PBSA in single ∆G
distributions of complex and unbound chains for the dataset. b) Splitting of elec-
trostatic energy into Coulombic contribution and solvation energy.

on the protein flexibility, particularly not at the tightly packed binding interface. To

include the protein flexibility in our system, the program CONCOORD was applied

to generate an ensemble of equilibrium structures. Our approach was developed

and evaluated on a set of 367 mutations of 9 different protein-protein complexes,

with experimentally known binding affinities. For these mutations, a correlation of

0.79 with an standard deviation of 1.19 kcal · mol−1 was achieved. This approach

for the reliable prediction of mutational effects on the binding affinity can be used

for detailed analysis of complex interfaces of proteins and the corresponding binding

behavior, e.g. by an alanine scanning of the binding interface. This is a standard

technique successively substituting each residue by alanine, or – speaking from the

modeler point of view – the side chain of each amino acid is substituted by a hy-

drogen atom. The energy change of this mutation on the binding energy yields the

influence of this amino acid on the binding behavior of the protein. Furthermore,

as our method is fast enough to calculate a larger number of mutants and is reliable

in the prediction of non-alanine mutants as well, it can be applied in the design

of binding interfaces, giving it the required propensities, by calculating a complete

mutational scan of the interface. Thereby, all residues of the binding interface are
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successively mutated to all other amino acids, describing the effect of each residue

at each position of the interface. Mutations influencing the binding behavior in

the desired way may be selected for further treatment – as has been shown for the

insulin dimer.

To this end, CC/PBSA is able to predict the binding affinity change upon mutation

for protein-protein complexes. A new parameterization for the Amber force field ex-

pands the method to more complex systems, including non-peptidic molecules such

as GDP in the Ras/Raf complex or protein-DNA systems such as the YvoA/DNA

complex.

Our approach may be further expanded to the prediction of protein-peptide com-

plexes that probably challenges our treatment of flexibility due to the highly flexible

nature of peptides particularly in the unbound state. For a reliable prediction of

these complexes, a decent description of the mutated structure is required. An

adapted novel method for the structural modeling of protein-peptide complexes will

be presented and discussed in Chapter 5. This extended model may serve as a tool

in the prediction of mutational changes on the protein-peptide binding affinity.
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Chapter 4

Prediction of Protein Binding

Affinity

As presented and discussed in the previous Chapter, an effective free energy func-

tion combined with a structural ensemble leads to a fast and accurate prediction

method for the effect of mutations on the binding free energy. Here, we expanded

this method to the prediction of absolute binding affinities of protein complexes.

From experimental as well as theoretical studies it is known, that different energy

contributions contribute to the binding of proteins [109, 157, 158, 51, 159]. Espe-

cially a strong liaison of enthalpic and entropic forces was stated [72, 160, 109]. For

the effect of mutations, the entropic contribution could be neglected in our method.

However, for a meaningful free energy function for absolute binding free energies,

entropic contributions have to be included.

Important free energy terms and their interplay were analyzed on a larger test set.

Several approaches were described so far: In knowledge-based approaches, a set of

descriptors is fitted on a training set. Knowledge-based methods [161, 162, 26] only

allow a quantitative analysis of the binding affinity, as the descriptors themselves

are not necessarily meaningful to describe the interactions in the protein complex.

Such methods are frequently suffering from insufficient training sets, as they are

fitting many parameters on a limited set of experimental data to reach an adequate

result. Bates and colleagues e.g. recently reported a machine learning approach on a

larger set of protein-complexes [26]. The authors emphasized the inclusion of flexible
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complexes in their training and test set, but the method was not performing with

satisfying accuracy. A quantitative structure-activity relationship (QSAR)-based

approach performed better [163] in predicting the binding affinity, but QSAR meth-

ods are not able to explain the protein binding. The underlying statistical effective

energy functions are composed of a large number of different descriptors, in general

based on distances and angles extracted from the structure [164], and are trained

by regression on the training set. For example, Moal et al. [26] extracted a set of

200 descriptors. The significance of the descriptors for the binding, as well as the

interaction of the descriptors with each other can not be easily understood. Thus for

a rational design of protein binding and understanding the underlying interactions,

a rational composition of the energy function is crucial. Therefore, we established

here a physical effective energy function with descriptors that are based on enthalpic

and entropic energy terms combined to approximate the real absolute free energy

[164].

Structure-based methods are basically limited by the number of structurally resolved

complexes. Horton and Lewis [165] used e.g. a set of only 15 protein complexes re-

stricted to protease/inhibitor complexes and later proven to be ’spurious’ [166].

A number of different methods for the prediction of protein binding affinities was

described in the past: Ma et al. reported a prediction method for a limited set of

20 complexes in 2002 [167], using four different descriptors. The method performing

best so far, in the prediction and description of protein-protein binding affinities

originates from Audie and Scarlata in 2007 [168]. They established and tested a free

energy function on a set of 59 protein-protein complexes, with good result. Their

method yielded a correlation of 0.98 and a standard deviation of 0.62 kcal · mol−1

on their training set of 24 protein complexes and a correlation of 0.73 with a stan-

dard deviation of 2.4 kcal · mol−1 for the test set containing 35 protein complexes.

Although they restricted their dataset to structures with high resolution, a few miss-

predictions on their test set were reported. One reason for the limited accuracy was

probably due to the inclusion of protein complexes with bound hetero atoms or ions.

Additionally, the authors included protein-peptide complexes, for which the bind-

ing affinity may be dominated by the large peptide flexibility. Another drawback,

stated by Kastritis et al. [166], was the over-fitting of the used energy function

on a training set composed of mainly enzyme/inhibitor complexes, which may have
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caused the limited performance on the more diverse test set. By expanding the

method to an improved training set, it might yield a valuable scoring function for

the evaluation of docking results. However, for the description of the physical forces

underlying the binding, the described method is less useful as it approximates the

free energy of binding by descriptors – e.g. the number of salt bridges, hydrogen

bonds, solvent exposed residues, exposed side chain torsions and gap volumes in the

complex. Here, we aim at an energy function based on an effective physical energy

function that allows the extension of the method also to non-protein binding, e.g.

to protein-DNA complexes.

Protein binding was described before using physical effective free energy functions,

but due to its large computational costs, it was so far restricted to small test sets

only [165, 109]. Karplus and colleagues e.g. described the interaction of the insulin

dimerization by a MM/GBSA approach [109]. Therein, he described the calculation

of different free energy contributions, combined to a total free energy for the insulin

dimer. However, the limited test set used by Karplus and colleagues does not allow

a proper evaluation of the presented method. The calculation of the different energy

terms was well explained and should be tested on a larger test set.

Though the composition of the test set is the major drawback of the development

of protein binding prediction methods. The amount and diversity of available crys-

tal structures, with well determined experimental affinity values is very limited.

Due to the difficult collection of the dataset, the standard errors, deviations in ex-

perimental conditions (temperature, ionic strength, pH), the discrepancies between

dissolved structure and crystal structure, Tian et al. estimated the accuracy range

for ’structure-based methods’ to be ’capable of explaining at most 80% variance

of experimentally measured affinities’ [163]. Kastritis et al. estimated the affinity

shifts due to different experimental environments to 1.4 to 2.3 kcal ·mol−1 [166].

Here, we use the assembled and proven set of Kastritis et al. to extract our dataset

for the prediction of pure protein-protein binding affinities. The set is kept as di-

verse as possible, focusing however on protein-protein complexes, that are probably

not influenced by hetero atoms, ions or errors/deviations in the structure. Thereby,

a dataset of 48 protein-protein complexes was collected, on which we built our free

energy function. The Amber force field was used for the predictions. It is well estab-

lished for proteins, but at the same time easily adaptable to non-peptide molecules.
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Here, we aim at establishing a computational method for the prediction of the total

protein-protein binding affinity. In a subsequent step, this method may be expanded

to complexes including ions or other non-peptidic molecules.

Our method should work as a link between the different methods: Being fast enough

to work as effective scoring function for protein docking methods, which yield very

poor results so far [169] and at the same time providing the physical interaction

forces, provided by an effective energy function. The method development is based

in a first step on pure protein-protein complexes, which forms the basis for future

predictions of small molecule and peptide interactions. In combination with the mu-

tational analysis, our method provides a general tool for the scoring and the design

of protein complexes.

4.1 Free Energy Calculation

For the calculation of the effect of mutations on the binding affinity of protein

complexes (see Chapter 3), we have used a thermodynamic cycle comprising of four

different states. In contrast, for the calculation of the total binding affinities of

protein complexes, only two states were considered: the bound state of the proteins,

and the isolated proteins:

∆Gaffinity = Gbound −Gunbound . (4.1)

Mainly local effects at the mutation site were found to be important for mutational

changes of protein-protein binding affinity. In contrast, for the prediction of absolute

protein-protein binding affinities the properties of the complete interfaces have to be

analyzed. The energy function was, therefore, adapted: The energy function used

in MM/PBSA methods for the calculation of free energies was consulted [170, 109].

In general, it contains molecular mechanics force field terms and solute-solvent in-

teractions, as applied in CC/PBSA for the calculation of the effect of mutations

on protein-protein binding as well. Additionally, an unpolar solvation term propor-

tional to the interface area and entropic contributions are included in the energy

functions of the MM/PBSA approach. In particular, entropic contributions could

largely be neglected in computing binding free energy differences in CC/PBSA for
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mutational analyses (CC/PBSAmut).

For the calculation of absolute binding free energies of protein-protein complexes

electrostatics and the van der Waals interactions were considered, as also included

in CC/PBSAmut. Additionally, an entropic contribution −T∆S and an expanded

description of the solvation energy, including a surface term approximating the un-

polar part of the solvation energy, was included for the calculation of total binding

affinities. The energy function used for the prediction sums up to:

∆Gaffinity = ∆GCoulomb + ∆GSolvation + ∆GvdW − T∆S . (4.2)

The electrostatic interactions between the binding partners, GCoulomb, were cal-

culated, using the Poisson-Boltzmann solver DelPhi [94]. The solvation energy

GSolvation is composed of a polar term, Gpolar, and an unpolar part, Gunpolar. The

polar part was calculated as the desolvation energy according to Perez et al. [98], as

the difference in energy of a protein in water compared to the protein in the complex.

The potentials were computed using the Poisson-Boltzmann solver DelPhi [94]. The

unpolar part of the solvation energy was taken to be proportional to the size of the

protein interface, ∆Aint, calculated by the g sas function of the Gromacs package.

The van der Waals energy GvdW was approximated by the Lennard-Jones energy

GLennard−Jones. For the entropic contribution, −T∆S, the change in rotational en-

tropy upon complex formation, −T∆Srot, was included, as has been proposed by

Karplus and colleagues [109]. It is approximated by the moment of inertia of the

complex as compared to the isolated proteins (see Eq. 2.48).

The conformational entropy is often included in free energy functions [109, 28], ei-

ther approximated by normal mode analysis or by quasi-harmonic approximation

(see Chap 2.7), as applied in the stability calculation of CC/PBSAmut. As both cal-

culations are very time consuming and computationally demanding for large protein-

protein complexes, the conformational entropy was assumed to be proportional to

the area of the binding interface (Aint). Tests (data not shown) using a normal mode

analysis did not yield a significant improvement over this simple ansatz. Thus, the

conformational entropy is hidden in the unpolar solvation term, γ∆Aint.

The energy function, thus comprises five energetic contributions:

∆G = α∆GCoulomb + β∆Gpolar + γ∆Aint + δ∆GLennard−Jones − εT∆Srot + c . (4.3)
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The six free parameters were fitted on the dataset using five-fold cross-validation.

4.2 Structure Preparation

As input structures, the crystal structures of 48 complexes as described below

(Section 4.3) were used. Chains responsible for the binding were extracted from

the crystal complex. Protein chains in the crystal structure, that are not involved

in binding, were deleted. Water molecules and hetero atoms were removed from

the structure. The structures were protonated according to standard pKa values

at physiological pH. The resulting protonated structures were subsequently energy-

minimized using a two step minimization protocol: In a first step, the structures

were minimized to a maximum force of 1.0 kJ · mol−1 · nm−1 (maximum of 5,000

steps), using the conjugate gradient integrator. In a second step, the structures were

further minimized to a maximum force of 0.1 kJ ·mol−1 · nm−1 (maximum of 5,000

steps), using the l-bfgs integrator. For both minimization procedures, the Gromacs

simulation suite was used, with a distance-dependent dielectric permittivity of

ε(r) = 4r, and no cut-offs, for both van der Waals and electrostatic interactions.

These protonated and energy-minimized structures were used as input for the cal-

culation of the van der Waals energies and of the (rotational) entropy contribution.

The Coulomb and solvation energies were averaged over ensembles of 300 structures

generated with the CONCOORD software [32].

For the description of both, the complex structure and the structures of the

unbound proteins, the crystal structure of the complex was used as input (in

minimization, CONCOORD, etc.). The structures of the unbound proteins were

cut out of the complex structure.

4.3 Dataset

The dataset was composed of structures that are not influenced by other molecules

such as hetero atoms or ions, that may have an influence on binding. Structures

with hetero atoms or ions will be considered explicitly in future developments.

90



Additionally, structures with gaps or with chain termini close to the interface were

excluded. Using these restrictions, selected structures from the previously proposed

verified and nonredundand set of Kastritis et al. [166] were used as our test set. In

contrast to other methods [168], structures with a resolution of up to 3.25 Å were

included. They were considered to be suitable for our prediction, as a strong energy

minimization was used and as the energies were averaged over structural ensembles.

A large structural diversity of protein complexes was used in our test set, to prevent

over-fitting for a specific structural group. The test set includes complexes with

diverse biological functions, e.g. different enzyme-complexes (Hydrolase, Protease,

Isomerase, RNase, Kinase, Transferase), enzyme, receptor or substrate complexes

with their inhibitor, different complexes of the immune system, as antigen-antibody,

antibody-antibody, antibody-capsid complexes and complexes of toxins, signal

proteins, chaperones, transcription domains, and hormones.

The included protein complexes show a wide affinity range, from

∆G = −5.66 kcal ·mol−1 to ∆G = −18.00 kcal ·mol−1.

The mass ranges between 11,560 amu (4ins) and 71,032 amu (1gla), the mass

difference between the binding partners: from proteins of equal size to proteins

to 10 times larger mass between binding partners (1oc0) (Fig. 4.1), including

globular and more stretched proteins, as well as complexes with the single partners

consisting of up to 3 chains.

We also included protein complexes of different total charges, ranging from -23e to

13e and of electrostatically attracting interaction partners with individual charges

of -9e and 6e of the binding partners (1oph) and of repulsing interaction partners

with individual protein charges of -10e and -13e (1gla).

In total, 48 protein complexes were included in our test set (Table 4.1).

4.4 Fit and Evaluation

The resulting free energy function, including 6 free parameters, was fitted to the

test set of 48 protein complexes, using five-fold cross-validation (Fig. 4.3). Following

coefficients were obtained: α = 0.038, β = −0.007, γ = 0.617 kcal · mol−1 · nm−2,
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Figure 4.1: Dataset: a) Mass distribution in the dataset, ranging from 11,560 amu
(4ins) to 71,032 amu (1gla). b) mass difference of binding partners in unit of the
smaller protein, ranging from equal mass (1dvf) to 10 times larger mass between
binding partners (1oc0). c) and d) Comparison of experimental with predicted
binding affinities. c) The symbol size is coding the mass of the complex, the color the
complex charge, ranging from -23e (red) to 13e (blue). d) The symbol size is coding
the mass difference between the binding partners, the color the charge difference,
ranging from opposite, attractive charge (∆G = −11.3 kcal ·mol−1, -9e and 6e, for
an antitrypsin precursor – trypsinogen complex (pdb entry 1oph), blue) to similar,
repulsive charges (∆G = −6.76 kcal · mol−1, -10e and -13e, for the glucose-specific
protein IIGlc – glycerol kinase complex (pdb entry 1gla), red).
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Figure 4.2: Binding free energy change: Comparison of experimental with pre-
dicted results, on a testset of 48 protein complexes. A correlation of 0.75 and a
standard deviation of 1.88 kcal ·mol−1 were achieved.
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Figure 4.3: Cross-validation: Random segmentation of the dataset into five sub-
sets. Four subsets were used for the regression. The fifth subset is shown as a test
set, weighted by the parameters of the fit with the corresponding training set.
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δ = 0.138, ε = 0.689, c = −14.26 kcal · mol−1. Comparing our predictions with

experimental values yielded a correlation of 0.75 and a standard deviation of

1.88 kcal ·mol−1 (Fig. 4.2).

The ratio of the Coulomb energy to the Lennard-Jones potential (α/δ) of this

energy function (ratio of 0.3) is comparable to the energy function developed for

CC/PBSAmut (ratio 0.5). Additionally it is in the range of coefficients used in other

parametrized free energy functions, e.g. it is between 0.3 and 0.5 in the linear inter-

action energy (LIE) method [171]. The coefficient of the interface term (∆Gunpolar)

is with 0.617 kcal · mol−1 · nm−2 close to the coefficient 0.5 kcal · mol−1 · nm−2,

proposed by Sitkoff et al. [172] based on the solvation energy of side chain and

backbone analogues. The usage of a fixed scaling coefficient for the surface term

was considered to be necessary and generally applied in unscaled energy functions:

Karplus and colleagues e.g. use a coefficient of 0.72 kcal · mol−1 · nm−2 [109]. The

fact that the fitted coefficient for our free energy function for the prediction of

absolute affinities is in the similar range as predicted from the solvation energy of

small molecules underlines the appropriateness of our approach. Also, it suggests

that the contribution of conformational entropy to the binding affinity is small, i.e.

loss of protein entropy by binding might be compensated by a gain in water entropy.

A large part of the binding free energy is due to the van der Waals interac-

tions as can be seen from the individual energetic contributions provided in

Fig. 4.4. It is partially counterbalanced by the solvation energy, which shows a very

strong correlation to the van der Waals interactions (Fig. 4.5). This redundancy

was already observed in the stability calculation of CC/PBSAmut, where the

Lennard-Jones energies and the molecular surface term yielded a correlation of

0.96. In absolute protein-protein binding affinity predictions, this correlation can be

expected, as the van der Waals interactions strongly depend on the interface size.

Furthermore, a compensation of the electrostatic terms, the Coulomb energy and

the polar part of the solvation energy, can be observed (Fig. 4.5), as has already

been described for the free energy contributions of the effect of mutations on the

binding affinity (Fig. 3.20).

These energetic compensations should be considered, when trying to improve the
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Figure 4.4: Free energy function: Comparison of experimental results with in-
dividual energy contributions of CC/PBSA for the prediction of absolute binding
affinities.
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Figure 4.5: Free energy contributions: The comparison of the energy contribu-
tions shows a strong correlation between the van der Waals energy and the unpolar
part of the solvation energy (approximated by the size of the interface) and between
the polar part of the solvation energy and the Coulomb energy of the complex.

binding of a protein complex. Stronger electrostatic interactions and enlarged

binding interfaces do not necessarily improve the binding affinity. Prediction

methods with sensitive free energy functions are, therefore, required for the rational

design of protein complexes.

4.5 Flexibility

Prior to the energy calculations, the crystal structures were energy minimized

(see Section 2.4). The deviations of these minimized structures to the crystal

structures showed RMSD values of approx. 0.3 nm, in some cases below 0.15 nm.

The minimization led to small shifts in the backbone orientations and coupled with

it to slight side chain deviations (see Fig. 4.6a).

For the calculation of the electrostatics and the interface term an ensemble of

97



Figure 4.6: Structure generation: a) Structural change by minimization. RMSD
between the minimized and the corresponding crystal structure (in nm). b) RMSD
distribution (in nm) in CONCOORD ensemble, compared to the crystal structure.

300 structures was used, generated by CONCOORD, as has been used for the

prediction of the effect of mutations. Structures within this ensemble deviated on

average by 0.4 nm from the crystal structures, the RMSD values range from 0.1 nm

to 1.6 nm. The Lennard-Jones interaction energies were calculated on the strongly

minimized crystal structure.

For the prediction of the absolute binding affinity, the inclusion of the flexibility by

a structural ensemble is improving the results, but the change in accuracy is not as

significant as for the mutational changes in binding affinity. A slightly decreased

correlation of 0.72 with an increased standard deviation of 1.97 kcal · mol−1 was

obtained, when calculating the free energy on the crystal structure alone (Fig. 4.7).

When comparing the single energy contributions for the crystal structure alone

to the averaged results of the ensemble (Fig. 4.7), only minor deviations were

observed. Larger differences were only seen for the solvation energy, for which

the application of an structural ensemble seems to be favorable, considering the

improvement of the prediction.

The calculation of the Lennard-Jones energies on the minimized crystal structures
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alone improved the results with respect to ensemble-averaged Lennard-Jones

energies. Possibly, the strong minimization of the input structure is to be preferred

over the ensemble-average of less minimized structures when considering van der

Waals contributions to binding.

The reason for the decreased significance of using an ensemble of structures

for the prediction of total binding affinities as compared to calculating the energetic

effect of mutations may lie in the quality of the input structure: The absolute

binding affinity is calculated on a correct crystal structure. For the effect of

mutation the mutated structure has to be modeled. The resulting conformational

change may be better estimated by an ensemble, compensating for possible artifacts

in the initial modeling of the mutant. The flexibility of the structure will, however,

be more important for future developments, when e.g applying the prediction

method to protein complexes with highly flexible interfaces and when modeling

protein interfaces e.g. for protein-ligand complexes.

4.6 Comparison of Force Fields

As we have found a comparable prediction accuracy for the effect of mutations on

binding affinity for the GROMOS force field and the Amber force field, we addition-

ally tested the GROMOS force field for the prediction of absolute binding affinities.

We have been using the same structure generation protocol and the same free energy

function for the GROMOS force field on the same dataset. The prediction accuracy

significantly decreased when applying the GROMOS force field. Comparing the pre-

dicted results to the experiment, a correlation of only 0.65 could be achieved, with a

standard deviation of 2.16 kcal ·mol−1 (Fig. 4.8a). Comparing the energy contribu-

tions calculated with the two different force fields (Fig. 4.8), strong deviations in all

single contributions are seen. The significant deviations e.g. in the Lennard-Jones

contribution, combined with the decreased prediction accuracy, indicates that the

description of united atoms in the GROMOS force field is not sufficiently precise

to describe all interactions in protein complexes for the prediction of total binding
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Figure 4.7: Comparison of experimental with predicted results calculated on the
crystal structure alone (upper left) and comparison of the single energy contributions
of crystal structure (CRYST) with the mean energy of the ensemble (MEAN).
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affinities. Combined with the possibility to integrate ions and small molecules in the

calculation, Amber is strongly preferred for the prediction of protein-protein binding

affinity.
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Figure 4.8: Comparison of the GROMOS force field: Comparison of predicted
with experimental results, calculated using the GROMOS force field (upper left)
and comparison of the single energy contributions calculated with the GROMOS
and the Amber force field.
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4.7 Detailed Results

Table 4.1: Binding affinity prediction – dataset.

PDB Ch Name Type Res Date Ref

1acb E I Chymotrypsin

Eglin C

Hydrolase

Inhibitor

2.00 1992 [173]

1ak4 A D Cyclophilin

HIV capsid

Viral Protein

Isomerase

2.36 1996 [174]

1atn A D Actin

Dnase I

Endodeoxyribonuclease 2.80 1990 [175]

1ay7 A B Rnase SA

Barstar

Enzyme

Inhibitor

1.70 1998 [176]

1b6c A B FKBP binding protein

TGF beta receptor

Isomerase

Kinase

2.60 1999 [177]

1brs A D Barnase

Barstar

Endonuclease 2.00 1994 [178]

1buh A B CDK2 kinase

Ckshs1

Transferase 2.60 1996 [179]

1bvk DE F Fv Hulys11

HEW Lysozyme

Antibody

Hydrolase

2.70 1998 [180]

1bvn P T Alpha-amylase

Tendamistat

Hydrolase

Inhibitor

2.50 1995 [181]

1cho EFG

I

Alpha-Chymotrypsin A

OMTKY3

Hydrolase

Inhibitor

1.80 1987 [131]

1dqj AB C Fab Hyhel63

HEW Lysozyme

ImmuneSystem

Hydrolase

2.00 2000 [182]

1dvf AB

CD

anti-hen-egg-white

lysozyme

anti-idiotopic antibody

antibody

antibody

1.90 1996 [133]

1e6j AB C Fab 13B5

HIV-1 capsid protein

p24

Antibody

virus capsid

3.00 2000 [183]
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PDB Ch Name Type Res Date Ref

1eaw A B Matriptase

BPTI

Hydrolase

Inhibitor

2.93 2001 [184]

1efn A B HIV-1-NEF protein

Fyn kinase SH3 domain

virus

kinase

2.50 1996 [185]

1ffw A B CheY

CheA

Transferase

SignalingP

2.70 2001 [186]

1fle E I Elastase

Elafin

Protease

Inhibitor

1.90 1996 [187]

1gcq B C GRB2 SH3 domain

Vav SH3 domain

signalProtein 1.68 2001 [188]

1gla F G Glycerol Kinase

IIIGlc

Phosphotransferase 2.60 1993 [189]

1kac A B Adenovirus fiber knob

protein

Adenovirus receptor

viral protein

receptor

2.60 1999 [190]

1kkl AC H HPr Kinase domain

HPr

Hydrolase

Transport Protein

2.80 2002 [191]

1ktz A B TGF-beta

receptor

Cytokine

receptor

2.15 2002 [192]

1mlc AB E Fab

Lysozyme

Antibody

Antigen

2.50 1994 [193]

1nsn LH S Fab N10

Staphylococcal nuclease

Immunoglobulin

Hydrolase

2.80 1995 [194]

1oc0 A B Plasminogen Activator

Inhibitor

Vitronectin So-

matomedin B domain

Hydrolase

Inhibitor

2.28 2003 [195]

1oph A B Alpha-1-antitrypsin

Bovine trypsin

Hydrolase

inhibitor

2.30 2003 [196]

1p2c AB C FabF10.6.6

HEW Lysozyme

ImmuneSystem

Hydrolase

2.00 2004 [197]
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PDB Ch Name Type Res Date Ref

1pvh A B IL6 receptor beta chain

Leukemia inhibitory fac-

tor

Signaling Protein

Cytokine

2.5 2003 [198]

1qa9 A B CD2

CD58

ImmuneSystem 3.2 1999 [199]

1r0r E I Subtilisin carlsberg

OMTKY

Hydrolase 1.10 2003 [200]

1us7 A B Hsp90

kinase-specific cochaper-

one p50

Chaperone 2.30 2004 [201]

1uug A B Uracyl-DNA glycosylase

inhibitor

Hydrolase

inhibitor

2.40 1999 [202]

1vfb AB C Fv D1.3

HEW Lysozyme

Immunoglobulin

Hydrolase

1.80 1994 [143]

1zhi A B BAH-domain Orc

Sir

Transcription

replication

2.70 2005 [203]

2dqj HL Y hen-egg lysozyme

HyHEL-10

ImmuneSystem

Hydrolase

1.80 2007 [204]

2gox A B Efb-C

C3d

Cell Adhesion

Toxin

2.20 2007 [205]

2i25 N L Shark single domain

antigen receptor

Lysozyme

ImmuneSystem 1.80 2007 [206]

2jel HL P Fab Jel42

HPr

Antibody

Antigen

2.50 1998 [207]

2oob A B E3 ubiquitin-protein

ligase domain

Ubiquitin

Ligase 1.90 2007 [208]

2oul A B Falcipain 2

Chagasin

Hydrolase

Inhibitor

2.20 2007 [209]
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PDB Ch Name Type Res Date Ref

2sic E I Subtilisin

Streptomyces subtilisin

inhibitor

Proteinase

Inhibitor

1.80 1991 [210]

2sni E I Subtilisin

Chymotrypsin inhibitor

Proteinase

Inhibitor

2.10 1988 [211]

2uuy A B Trypsin

Tryptase inhibitor from

tick

Hydrolase

Inhibitor

1.15 2007 [212]

2vir AB C Fab

Flu virus hemagglutinin

Hemagglutinin

Immunoglobulin

3.25 1998 [213]

2vis AB C Fab

Flu virus hemagglutinin

T131I

Hemagglutinin

Immunoglobulin

3.25 1998 [213]

2wpt A B Colicin E9 nuclease

Im2 immunity protein

Immunesystem 1.78 2010 [214]

3bzd A B TCR Vbeta8.2 SEC3-

1A4

ImmuneSystem

Toxin

2.30 – [215]

4ins AB

CD

Pig-insulin-dimer Hormone 1.50 1988 [216]
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Table 4.2: Binding affinity prediction – results for free energy contributions using
the Amber force field.

PDB ∆GEXP ∆GPred ∆GCoulomb ∆GSolvation ∆GvdW −T∆S

1acb -13.05 -11.295 -0.810 9.412 -16.746 11.108

1ak4 -6.43 -7.692 -0.588 6.136 -10.426 11.445

1atn -12.07 -10.500 -1.129 10.062 -17.298 12.125

1ay7 -13.23 -11.384 -3.069 8.135 -13.139 10.949

1buh -9.70 -9.424 -1.584 8.480 -13.344 11.285

1bvn -15.06 -15.390 -2.614 13.278 -23.129 11.336

1eaw -14.06 -14.216 -3.161 10.087 -17.849 10.968

1ffw -8.09 -8.690 -1.546 6.918 -10.711 10.908

1fle -12.28 -10.999 -1.127 9.651 -16.197 10.934

1mlc -9.61 -11.800 -2.316 8.627 -15.321 11.471

1oc0 -12.28 -9.537 -1.203 8.499 -13.281 10.708

1p2c -13.63 -12.042 -2.377 8.717 -15.596 11.473

1pvh -9.52 -9.409 -0.626 7.693 -14.061 11.845

1qa9 -7.16 -9.299 -3.289 7.665 -10.524 11.109

1r0r -14.17 -12.037 -1.133 9.182 -16.697 10.871

1vfb -11.46 -9.722 -1.109 7.627 -13.434 11.455

2i25 -12.28 -12.084 -2.031 9.133 -16.061 11.134

2jel -11.59 -8.961 -1.474 7.766 -12.307 11.314

2oul -11.96 -14.925 -1.476 13.152 -23.770 11.428

2sic -13.84 -11.843 -1.057 8.968 -16.931 11.436

2sni -15.96 -12.517 -1.094 10.151 -18.561 11.248

2uuy -11.26 -12.338 -2.254 8.950 -15.707 10.934

2vir -12.28 -9.882 -1.450 7.555 -13.747 12.021

2vis -7.36 -9.259 -1.439 7.691 -13.285 12.033

3bzd -9.57 -10.396 -1.154 7.798 -14.192 11.412

1cho -15.10 -13.205 -1.209 9.198 -17.843 10.908

1dvf -10.30 -12.365 -1.688 9.325 -17.682 11.939

2dqj -11.90 -14.676 -3.539 11.379 -19.786 11.529

4ins -7.20 -9.648 -0.649 6.695 -11.832 10.399
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PDB ∆GEXP ∆GPred ∆GCoulomb ∆GSolvation ∆GvdW −T∆S

1efn -10.12 -8.822 -1.223 7.983 -12.022 10.700

2oob -5.66 -7.703 -0.340 3.713 -7.205 10.389

1b6c -8.90 -13.734 -1.234 11.903 -21.730 11.588

1bvk -10.50 -9.912 -1.125 8.093 -14.078 11.458

1dqj -11.70 -12.867 -2.635 11.615 -19.120 11.534

1e6j -10.30 -10.956 -1.411 8.158 -14.663 11.220

1gcq -6.50 -10.037 -0.711 8.752 -14.302 10.484

1gla -6.76 -7.400 -1.273 7.880 -11.668 11.922

1kac -10.70 -10.422 -2.174 8.514 -14.042 11.540

1kkl -10.00 -10.081 -0.969 9.238 -15.475 11.385

1ktz -8.90 -8.599 -1.390 5.668 -9.633 11.016

1zhi -9.10 -9.402 -1.534 7.817 -13.003 11.578

1brs -17.30 -14.997 -4.257 10.395 -17.885 11.010

1uug -18.00 -15.633 -2.895 13.350 -23.188 11.360

1nsn -14.00 -11.769 -1.916 10.911 -18.214 11.710

1us7 -8.09 -8.382 -1.336 7.023 -11.791 11.983

1oph -11.30 -11.374 -2.001 8.193 -15.260 11.954

2gox -12.10 -12.843 -2.590 11.510 -18.923 11.420

2wpt -10.70 -11.502 -2.699 9.374 -14.860 10.943
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Chapter 5

Structure Prediction of

MHC-Peptide Complexes

Major histocompatibility complex (MHC) proteins are molecules that act as the

key players in the recognition of virus infected cells in the immune system [217].

The recognition is a multiple-step process. In the first step, cytosolic proteins

are degraded. Derived small peptides are loaded on empty MHC proteins in the

endoplasmic reticulum and subsequently transported to the cell surface. Different

kinds of CD8+ T lymphocytes are surveilling the presented peptide-MHC com-

plexes (pMHC) on the cell, by binding to it with their surface protein, the T-cell

receptor (TCR). Is the cell virus infected, viral or other foreign pMHC-complexes

are recognized by the TCR interaction. Thereupon, a signaling cascade is initiated,

that leads to the destruction of the infected cell.

As the pMHC-TCR interaction is a key step in the activation of the immune system,

it is of therapeutic importance for infectious [218] and inflammatory diseases [219],

cancer research [220], and autoimmunity [221], and therefore extensively studied in

a vast number of perspectives [222].

The process of peptide-MHC binding is in the focus of this work. In this field

of research, a lot of work has been done already: Starting from the first pMHC

structure in 1987 [223], hundreds of crystal structures of the pMHC provide

a clear overview about the binding characteristics of this complex. There are

many prediction methods targeting peptide binding by MHC [224]. Mainly
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knowledge-based methods, as position specific scoring matrix approaches and

machine learning approaches have shown to be reliable in the prediction of peptide

binding by MHC class I molecules [225]. But as these kinds of methods are

strongly dependent on their training set used, they tend to be biased and thus

not easily applicable to predict peptide binding to new alleles. Additionally,

their performance is worse in the prediction of peptide binding to MHC class II

complexes, that allows for a broader range of peptide length and also sequence.

Another drawback of knowledge-based methods is the frequently poor description

of the (physical) binding characteristics. Therefore, there exists a need for reliable

structure-based methods for the prediction of MHC-peptide binding. These would

allow to determine the properties of peptide binding to different MHC proteins.

However, the bottleneck for structure-based tools is the need for a reliable input

structure for analysis.

Additionally, a reliable pMHC structure is required for the prediction and analysis

of pMHC-TCR recognition [226]. The antigen-receptor binding scheme has been

shown to be strongly dependent on the pMHC, as it also influences the TCR confor-

mation via an induced fit mechanism or by conformational selection [227, 228]. But

not only the TCR conformation is influenced by pMHC binding, also the pMHC

complex – particularly the peptide – undergoes conformational changes mainly

in side chain orientations [229]. Mainly the solvent-exposed residues adapt their

orientation toward the TCR in the binding process. These are also responsible for

the TCR binding and the recognition [230].

The prediction [226] and analysis [229] methods of the pMHC-TCR provide insight

in the binding propensities of the complex. As the dynamics of the complexes

seem to be of major importance for the binding characteristics of the pMHC and

pMHC-TCR complexes [231, 232, 233], MD simulation are the method of choice for

the elucidation of the binding behavior and have already been successfully applied

to describe MHC-peptide-binding [234], pMHC-TCR [229] and the underlying

dynamics [235, 236, 237]. But so far, the prediction and analysis of pMHC-TCR

binding is highly simplified and strongly biased by the available restricted dataset

of pMHC complexes [238].

While the structure of the MHC binding groove is rather stable, the orienta-
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tions of the peptide side chains are highly flexible for different pMHC complexes,

even for different peptides binding to the same allele (see Chap. 5.2). Mutations

of the peptide sequence can lead to a rearrangement of the side chain positions

and accordingly the corresponding backbone conformation. The distribution of the

peptide side chains are responsible for both, the peptide binding to MHC and for

the TCR recognition. A correct assignment of the side chains for their interaction

with the MHC binding groove or their exposure for TCR recognition is therefore

crucial for pMHC structure modeling.

Current structure prediction methods for pMHC complexes hardly take the high

flexibility of the peptide into account: The MHC-binding groove and the peptide

backbone are in most methods kept fixed [239, 240, 241]. Thereby, the peptide

conformation is largely restricted and does not allow for an unbiased prediction for

different alleles or for different peptides.

In 1998, a set of 23 pMHC structures was used to predict side chain positions of

the MHC-bound peptide, based on a rotamer library, with a free energy function

applied in scoring [239]. The backbone of the peptide was kept fixed. Thus, the

side chain positions were restricted by the fixed backbone orientation. Accordingly,

results were dependent on the input structure, i.e. the structure to predict.

In 2008, 29 pMHC complexes [240] were used for a ’side chain substitution

benchmark’: Starting from the crystal structure to predict, five different tools for

side chain substitution were tested in the prediction of the side chain positions of

the peptide. The binding groove and the backbone were kept fixed. The worst

result was obtained by the method including the largest flexibility in the structure

generation. This result is probably not surprising given that the predictions were

based on the structures subject to prediction.

Peptide backbone flexibility and flexibility of the binding groove were included in

the structure prediction method PePSSI [241]. For the binding groove flexibility,

12 side chains of the binding groove were found in a set of 38 pMHC molecules

to be structurally not conserved. For these 12 side chains and all peptide side

chains, rotamers were sampled, based on torsion angle increments, defined in a

residue-dependent way. For the peptide, 25 rotamers were sampled for each peptide

position. For the peptide, backbone rotations were allowed up to a RMSD (for

Cα atoms) of 0.17 Å to 1.16 Å, depending on the peptide position. The overall
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RMSD distribution of the sampled conformations was not given. The sampled

conformations were ranked with a VDW contact energy score. As a result, the

prediction of 8 pMHC complexes yielded the ’lowest all atom RMSD of output

peptide conformations’ between 1.30 Å and 2.47 Å.

Fagerberg et al. used MD simulations for the prediction of peptides bound to

MHC class I proteins, applying a simulated annealing protocol on a larger test set

of 41 crystal structures [242]. The structures intended for prediction were used

as input structures. For the prediction, 1,000 simulated annealing simulations of

31 ps length each were started based on the crystal structure, keeping the MHC

structure rigid and using a distance-dependent dielectric constant as implicit

solvent representation. For the selection of the resulting structure, a clustering

algorithm was used, selecting a representative structure from the resulting set of

conformations. The predicted structures showed heavy atom RMSD values up to

0.24 nm (with 76% ≤ 0.15 nm). Only conformations deviating by a maximum of

0.4 nm from the input structure (heavy atoms) were reached, mainly conformations

with a RMSD between 0.1 nm and 0.3 nm have been sampled. This deviation from

the input structure is possibly not sufficient to sample the conformational space for

an ab initio prediction. Also, it is unclear how to extend the method to pMHC

complexes with unknown structures.

A recent general fast docking method for protein-peptide complexes aims at the

prediction of peptide binding [243]. Different backbone conformations for the

binding groove and peptide are sampled, as well as the side chain positions of the

peptide. Although the crystal structure of the complex was used as input, the

sampling reached peptide backbone RMSD values of up to 0.5 nm as compared to

the crystal structure. The conformational sampling is realized using an expansion

strategy: Random perturbations are consecutively performed until a forbidden

structure (not inside the clash free space) is reached. As perturbations, torsion

angle rotations and rigid transformations on the backbone are applied. For the

peptide side chains, rotamers from a rotamer library are consulted. The sampling

seems to be sufficient for this method, although a prove was not explicitly shown.

The scoring function consists of a combination of clustering and free energy

calculations. Besides other protein-peptide complexes, the method was tested on

the pMHC complex, however, the exact dataset was not provided. Only the peptide
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backbone RMSD (<0.12 nm) was given, side chain RMSDs were not shown. The

latter is a crucial part for the pMHC structure prediction and should be evaluated

for reliable methods.

Bordner and Abagyan [244] published a structure prediction method, claiming to

take full flexibility of the peptide backbone and side chains into account, enabling

a universal method for all alleles. The method combines homology modeling with

Monte Carlo sampling. The performance of the method was proven by predictions

of diverse alleles. The selection criteria for the dataset of 38 crystal structures was

not provided. All structures within the dataset have a very similar conformation

and binding mode, thus a diversity in peptide binding was not included. For each

peptide length, one structure of the dataset was chosen as input structure for

the prediction of all peptides of the corresponding length. A comparison of the

RMSD values of the predicted structures to the crystal structures and to the input

structures shows a clear correlation (Fig. 5.1). This result is probably due to a

limited sampling within this method.

For analyzing the differences in fish pMHC complexes, Cardenas et al. decided

in 2010 to manually model the so far unknown structures of Salmo salar, using

homology modelling and molecular dynamics simulations [245]. The integrity of

the derived structures is hard to prove as crystal structures are not available yet.

Here, we present a method for the prediction of MHC-peptide structures,

considering the full flexibility of the peptide, together with a flexible backbone

description of the peptide binding groove. In our method the flexibility of the

peptide binding groove (pocket) and of the allele-dependent conserved peptide

anchor positions were described using CONCOORD [32]. For the flexible parts of

the peptide, an alteration of the CONCOORD algorithm was applied, describing

the covalent bonds of the peptide by standard distances, however keeping full

orientational freedom for backbone and side chains of the non-anchor residues of

the peptide. A strong energy minimization is used to equilibrate the generated

structures to obtain energetically meaningful structures. This structure generation

procedure was applied to generate 100 conformations for the peptide-MHC complex.

The structures were scored with a novel scoring function and the structure with
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Figure 5.1: Bordner and Abagyan [244]: Comparison of the RMSD of the pre-
dicted structure to the input structure (RMSD Prediction) and to the crystal struc-
ture (RMSD Crystal Structure), showing a correlation between the prediction accu-
racy and structural closeness of the input structure with the structure to predict.
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the lowest score selected. The method was developed and tested on a large and

structurally diverse set of 60 crystal structures for the well studied HLA-A*0201

allele.

With our method, half of the structures of the test set were predicted with an

all-atom peptide-RMSD better than 0.3 nm, and a peptide backbone RMSD below

0.18 nm. 80 percent of our predicted structures – excluding outlier – have a RMSD

below 0.34 nm for all peptide atoms and 0.23 nm for the peptide backbone, which

is in the range of peptide flexibility when comparing it to molecular dynamic

simulations. Therefore, our predictions provide reliable input structures for further

energetic and structural analysis using MD simulations.

We show that bound peptides have full flexibility and thus may adopt different

binding modes. The generated structures were independent from the input structure

as the same input structure was used for all predictions, only distinguishing between

9 and 10 amino acid long peptides. This independency from the input structure and

the full flexibility will additionally allow for expansion to the prediction of MHC

peptide binding of unknown alleles, and also to MHC class II binding. The latter is

– due to its large structural diversity – unsolved so far. Also other protein-peptide

complexes, like the SH3 and the PDZ domains may be studied using our novel

method applying small adaptations.

5.1 Flexibility of the pMHC

As has been stated in many studies of the pMHC complex [235, 246, 237], its

flexibility is of major importance for the binding and function of the complex,

especially the flexibility of the peptide bound to the MHC.

In simulations of the HLA-B27 allele with different peptides [235], we have seen

that the conformation of the peptide is not stable in solution, but has a high

flexibility. Small fluctuations of the peptide side chains are regularly observed

during the simulation. In 400 ns simulations (Fig. 5.2) it is even possible to observe
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Figure 5.2: Flexibility of pMHC complexes in MD simulations [235]: a)
All-atom peptide RMSD during a 400 ns simulation of crystal structures of different
peptides bound to the HLA-B27 allele. b) Crystal structures of pVIPR peptide
bound to B*2705 showing two different conformations for the peptide (pdb entry
1OGT). c) and d) Example for the backbone and side chain flexibility: Comparison
of the pVIPR peptide at 0 ns (blue) and 80 ns (red) of the simulation (in top (c) and
side view (d)) .
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a partial un- and rebinding of the peptide in a changed conformation.

This suggests that there exist several stable conformations for one peptide,

which has also already been demonstrated experimentally [246]: For the pVIPR

peptide of HLA-B*2705 complex, crystal structures of alternative binding confor-

mations were reported (Fig. 5.2b). This high diversity makes predictions difficult.

If other alternative low energy conformations exist, that are experimentally not

known, they may be valued as miss-predictions.

For many structures the flexibility is lower and corresponds mainly to side chain

motions. Small deviations to the crystal structure are therefore expected (Fig. 5.3),

and have no further influence on the validity of the predicted structures. A

reliable input structure for further analysis by e.g. MD simulations should show an

overall correct assignment of buried and exposed residues and their approximate

orientation, as barriers are not easily overcome and changed by MD simulations.

To gain an overview over the range of flexibility, that can be expected for most

pMHC molecules in solution, we performed short MD simulations for our dataset

for 20 ns (Fig. 5.3), a typical simulation time to reach equilibrium:

The simulations were performed using the GROMACS software package [247]

and the OPLS-AA/L all-atom force field [248]. Electrostatic interactions were

calculated explicitly to a cutoff of 1.0 nm, for the long range electrostatics the

Particle Mesh Ewald method [249] was applied. The Lincs algorithm [250]

was used to fix the bond length of the hydrogen atoms. The temperature was

kept constant at 310 K. The proteins were included in a dodecahedron box,

solvated in TIP4 water [251] and Na+ and Cl− ions at physiological concen-

tration of 0.15 M. The minimum distance between the protein and the box was

set to 1.4 nm. Simulations of 20 ns duration, with a time step of 2 fs were performed.

Peptide root mean square deviations of up to 0.8 nm were found in the simu-

lations (Fig. 5.3a). Snapshots taken after 20 ns simulations showed a mean RMSD

of the peptide of 0.31 nm and for the peptide backbone of 0.24 nm (Fig. 5.11b). This

is approximately the accuracy that can be expected from a structure prediction
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Figure 5.3: Flexibility of pMHC complexes in MD simulations: All-atom
peptide RMSD value of 20 ns simulations of the 60 crystal structures of the A*0201
test set. Several sampled conformations of the altered HTLV-1 TAX peptide P6A
bound to A*0201 (pdb entry 1QRN) during the simulation are shown.
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method.

5.2 Dataset

To establish our method, the A*0201 allele was used, as it is well studied and nu-

merous crystal structures are available. Additionally, the crystal structures for this

allele show many different peptide conformations – both for the backbone and the

side chain orientations. All structures found in the Protein Data Bank (PDB)[46]

for this allele were included in the dataset, only excluding those structures with

non-natural amino acids.

In total, 60 structures were included in the dataset. It comprises 48 crystal

structures with a peptide length of 9, 11 structures with a peptide length of 10,

and one crystal structure with a peptide with 8 residues.

To analyze the differences between the crystal structures in the dataset, all

structures were fitted to the binding groove of the crystal structure of 1AKJ

(1HHH, for peptides of 10 residues length, in case we explicitly distinguish between

structures of different peptide length, see Fig. 5.4).

For the MHC binding groove (pocket, residues 1 – 181), the all-atom RMSD

between the crystal structures of the test set is between 0.10 nm and 0.21 nm, the

backbone RMSD between 0.04 nm to 0.28 nm (Fig. 5.4a).

Anchor residues (residues 1,2 and 9/10 for peptides of 9/10 residues length) show

a backbone RMSD between 0.02 nm and 0.10 nm (Fig. 5.4b) and are therefore well

conserved in our test set of 59 crystal structures of peptides of 9 and 10 residues

length. The test set was divided for non-anchor residues: For the 48 crystal

structures with a peptide of 9 residues, the backbone RMSD of the non-anchor

residues is between 0.04 nm and 0.26 nm (Fig. 5.4c). The backbone RMSD of

structures with 10-residue long peptides is between 0.21 nm and 0.27 nm for the

non-anchor positions.

In summary, the test set shows a large variety of peptide conformations, ex-
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Figure 5.4: Test set diversity: a) RMSD of MHC binding groove between crystal
structures of the test set. b) Backbone of the anchor residues of the 59 crystal
structures in the test set with peptide length of 9 or 10 residues. c) Backbone of the
non-anchor residues of the 48 crystal structures in the test set with peptide length
of 9 residues. d) Backbone of the non-anchor residues of 9 crystal structures in the
test set with peptide length of 10 residues.
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cluding thereby a biasing of peptide conformations by using a single crystal input

structure.

5.3 Structure Generation

The structure prediction of pMHC complexes for the A*0201 allele was started from

the crystal structure of the MHC protein bound to a HIV reverse transcriptase

peptide (pdb entry 1AKJ) for all peptides of 8 and 9 residues length and from

the crystal structure of the peptide from hepatitis B nucleocapsid protein bound to

MHC (pdb entry 1HHH) for all peptides of 10 residues length.

The peptide of the input structure was mutated in two steps to obtain the desired

peptide sequence, using in both the WHAT IF molecular modeling package [113]:

In the first mutation step, the anchor residues were mutated to the corresponding

amino acid of the peptide to predict and the side chains of all other residues were cut

to alanine. In a second mutation step, all non-anchor residues were mutated to the

corresponding residue of the peptide to predict. The mutated structure was shortly

energy minimized to a maximal force of 100 kJ ·mol−1 · nm−1, with a maximum of

5,000 steps. The l-bfgs integrator was applied.

The CONCOORD structure generation tool was used in a modified form to enable a

sampling of the full conformational space of the peptide non-anchor residues, for both

the side chains and the backbone. Therefore, all restrictions for interactions between

the atoms of the non-anchor atoms of the peptide with the pocket atoms were

removed. Additionally, for the categories ’other close pairs’ and ’other restrictions’

the lower and upper limit of the corresponding atom-pair constraints were increased

to 18 Å. These categories cover interactions for neighbored side chains. They were

loosened to avoid influences of the peptide residues on each other, to guarantee full

flexibility of those peptide residues. All other CONCOORD constraints were kept

unchanged, including the interactions of the pocket and the interaction of the anchor

residues with the pocket. For each prediction a set of 100 structures was generated.

The resulting CONCOORD structures were energy minimized in two steps: In the

first step the structure was minimized to a maximum force of 1.0 kJ ·mol−1 · nm−1,

using a maximum of 5,000 steps wih the conjugate gradient integrator. In the second

121



Figure 5.5: Flexibility of CONCOORD-generated peptide structures:
RMSD values of all sampled structure of the test set (blue) and the minima and
maxima of the sampling sets of the single peptides (red) are shown: a) all-atom
RMSD values of the peptide, and b) backbone RMSD of the peptide, both after
fitting to the backbone atoms of the peptide binding groove.

step, the structure was further minimized to a maximum force of 0.1 kJ·mol−1 ·nm−1,

using a maximum of 5,000 steps, with the l-bfgs integrator. This set of 100 structures

was target to the scoring.

For all minimization steps, the GROMACS software package [247] version 4.5.1

was used, applying the GROMOS96 53a6 force field [79] with a distance-dependent

dielectric permittivity of ε(r) = 4r, no cutoff applied.

5.4 Flexibility Evaluation

For analyzing the peptide flexibility of the modified CONCOORD method, the

RMSD distribution of the generated structures with respect to the corresponding

crystal structure was analyzed. For all RMSD calculations, the structures were fit-

ted to the backbone atoms of the peptide binding groove.

The adapted CONCOORD method yields structures with all-atom peptide RMSD
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Figure 5.6: Flexibility of the MHC-bound peptide: 10 generated peptide con-
formations for the peptide from hepatitis B nucleocapsid protein bound to A*0201
(pdb entry 1HHH) are shown. The peptide backbone (a) is displayed within the
binding groove (grey), in cartoon representation with the central amino acids (b),
anchor amino acids 2 and 10 (c), and amino acids 1 and 9 in stick representation
(d).
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Figure 5.7: Overlay of 10 CONCOORD structures for the peptide from hepatitis
B nucleocapsid protein bound to A*0201 (pdb entry 1HHH) binding groove. The
peptide was omitted for clarity.

values between 0.1 nm and 0.6 nm and backbone peptide RMSD values between

0.05 nm and 0.5 nm (Fig. 5.5). For each peptide in the dataset, conformations with

a maximum RMSD value of at least 0.4 nm for all atoms (0.3 nm for backbone

atoms) of the peptide were sampled. The minimum RMSD values for each pre-

diction range from 0.1 nm to 0.3 nm (all atom). The peptide anchor positions are

relatively fixed (see Fig. 5.6c) resulting also in slightly constrained adjacent amino

acids (see Fig. 5.6d). The central amino acids largely sample the conformational

space (see Fig. 5.6b).

Amino acids of the peptide binding groove adopt RMSD values between 0.13 nm

and 0.3 nm (all atoms) (see Fig. 5.8). Regarding 10 sample structures, a slight open-

ing and closing of the pocket in our sampled structures is recognized (see Fig. 5.7),

allowing the pocket to adapt to different peptide conformations.

A comparison of RMSD values of the CONCOORD structures and of the corre-

sponding energy minimized structures with the input structure shows only small

differences between the two sets (Fig. 5.9). The sampling space is thus not strongly
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Figure 5.8: Flexibility of the peptide binding groove: RMSD values for all
sampled structures of the test set (blue) and the minima and maxima of the sampling
sets of the single peptides (red): a) all-atom RMSD values, and b) backbone RMSD
values of the peptide binding groove.

influenced by the energy minimization. Nonetheless, the minimization step has a

strong influence on the individual structures. RMSD values between the CONCO-

ORD structures and the corresponding minimized structures range from 0.1 nm to

0.4 nm (see Fig. 5.10a). However, the minimization is not necessarily reducing the

RMSD to the crystal structure (see Fig. 5.10b). The structure is instead minimized

to the next local energy minimum, which is not necessarily the global minimum.

The minimization is required to ensure the generation of energetically meaningful

structures.

5.5 Predicted Structures

A scoring function was established to select promising candidates from the gener-

ated ensembles (see next Section for details of the scoring function).

Half of the structures of our dataset were predicted with RMSD values for the pep-

tide below 0.3 nm (all atoms), or below 0.18 nm for backbone atoms. For 80% of
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Figure 5.9: CONCOORD Ensemble: a) The peptide RMSD values for all gener-
ated structures in the test set a) compared to the input structure and b) compared
to the crystal structure to predict. Additionally, the RMSD distribution after min-
imization of the CONCOORD structure is shown.

the structures, RMSD values below 0.34 nm for all atoms (< 0.23 nm for backbone)

(Fig. 5.11a) were obtained. For all RMSD calculations the structures were fitted

to the backbone of the peptide binding groove. A comparison of the above results

to structures generated by MD simulations of the complexes (see Fig. 5.11b), with

a mean RMSD of 0.31 nm (all atoms, 0.2 nm for backbone) shows that our novel

method generates structures that deviate from the crystal structure similar to a

thermodynamic ensemble (generated by MD) at ambient temperatures. The pre-

dicted structures were closer to the crystal structure than the resulting structures of

MD simulations of the crystal structures in water after 20 ns (Fig. 5.11b). Therefore,

our structure prediction method is probably a good starting point for the analysis

of experimentally not yet solved peptide-MHC complexes.

The mean RMSD for the whole set of sampled conformations was computed to

0.38 nm (all atoms, 0.23 nm for backbone atoms), for the predicted structures the

mean RMSD was 0.30 nm (all atoms, 0.19 nm for backbone atoms).
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Figure 5.10: Minimization: a) Distribution of peptide RMSD values (in nm), com-
paring the CONCOORD structures with the minimized CONCOORD structure. b)
Comparison of peptide RMSD values of the crystal structure to the CONCOORD
structures (x-axis) and the minimized CONCOORD structures (y-axis) c) and d)
CONCOORD generated structure before (green) and after minimization (blue) ex-
emplary for a HIV reverse transcriptase peptide bound to A*0201 (pdb entry 1AKJ).
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Figure 5.11: Distribution of peptide RMSD values to crystal structures after fit
to the backbone of the peptide binding groove. Compared are (a) the predicted
structures, selected by the scoring function, and (b) MD-snapshots after 20 ns equi-
libration of the crystal structure by MD simulation.

Figure 5.12: Distribution of peptide RMSD values to crystal structures after fit to
the backbone of the peptide binding groove, shown for (a) all atoms of the peptide,
and (b) for the peptide backbone atoms, only. Shown are both, the distribution for
all generated structures (light colors) and for selected structures based on scoring
(rich colors).
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5.6 Scoring

For the selection of structures from the ensemble generated for each peptide, a

scoring function, composed of different contributions was developed:

score = Eelectrostatics + Evan der Waals + Esolvation − TS +Dflex. (5.1)

Following the free energy function established for the prediction of protein-protein

binding (see Chap 4.1), electrostatic contributions (Eelectrostatics), van der Waals

interactions (Evan der Waals), solvation energy contributions (Esolvation), and an en-

tropic term (−TS) was included. In contrast to the free energy function for the

protein-protein binding prediction (Chap 4.1), the scoring function not (only) de-

scribes the binding. Apart from the binding affinity, the energetics of the full com-

plexes are evaluated, in order to rank different conformations of the same complex.

The binding contribution, included in different energy distributions described be-

low, was calculated as the difference between bound (Ecomplex) and unbound states

(Epocket + Epeptide):

∆Ebinding = Ecomplex − Epocket − Epeptide. (5.2)

Additionally, several other terms were included in the scoring function, intended to

differentiate between stable and unstable structures: The energetically character-

ized structures used for binding prediction (Chap. 4) are ’realistic’ conformations,

thus structurally and energetically close to the crystal structure. In contrast,

the modeled structures, rated by the scoring function, can be unstable under

physical conditions. To distinguish between stable and unstable structures – in

contrast to the comparison of exclusively stable structures – different descriptors

are required: In a large study on 156 proteins [252] it was shown that certain

energetic contributions, e.g. solvation patterns, show very similar characteristics

in all analyzed protein complexes. Binding sites in stable structures are without

exception regions of low desolvation penalty. Therefore, evaluating the desolvation

penalty is not required for the differentiation of only stable structures. Modeled

structures, however, can comprise sites showing high desolvation penality. These

’artificial’ structures should be excluded by the scoring function. Thus, this ener-
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getic difference between ’realistic’ and ’artificial’ structures is taken into account

by the inclusion of different descriptors in our scoring function.

As flexibility has been shown to be crucial for MHC complexes [235, 229, 253],

several terms were included in the scoring function that describe the exposure and

flexibility of the peptide side chains (Dflex).

All single terms integrated in the scoring function (Eq. 5.1) are described be-

low:

For the electrostatic contribution, the Coulomb energy of the binding (∆Ebinding
coulomb)

and of the peptide (Epeptide
coulomb) were calculated. Thereby, it is ensured that the

predicted peptide conformation has favorable electrostatic interactions:

Eelectrostatics = ∆Ebinding
coulomb + Epeptide

coulomb . (5.3)

Both terms were computed using the DelPhi software [254].

Additionally, Lennard-Jones interactions of the complex (Ecomplex
LJ ) as well as for the

binding (Ebinding
LJ ) were included:

Evan der Waals = ∆Ebinding
LJ + Ecomplex

LJ . (5.4)

The Lennard-Jones interaction energies were calculated using the GROMACS soft-

ware package [247] version 4.5.1, applying the GROMOS96 53a6 force field [79].

The electrostatic part of the desolvation energy for the pocket (Epocket
desolvation) and for

the peptide (Epeptide
desolvation) upon binding were included. The unpolar part of the desol-

vation energy was assumed to be proportional to the surface of the binding interface

(Ebinding
SAS ):

Esolvation = Epocket
desolvation + Epeptide

desolvation + Ebinding
SAS .

The desolvation energy was calulated using the DelPhi Software [254], according to

the approach of Perez et al. [98] (see Chap. 2.5).

A term proportional to the surface of the complex (Ecomplex
SAS ) was included in the

scoring function to ensure structures with a compact fold. An additional term pro-

portional to the surface of the peptide in the complex (Epeptide
SAS ) was added to favor

sufficiently solvent or TCR exposed peptides.
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Figure 5.13: Simulated annealing: a) Distribution of peptide RMSD values of
snapshots taken after the heating simulation (in red) and after the cooling simulation
(in blue) to the ensemble structure used as input. b) Distribution of peptide RMSD
values to the crystal structure of the CONCOORD ensemble (blue) and snapshot
after the simulated annealing simulation (red).

Additionally to the degree of exposure of the side chains, the flexibility of the peptide

is included in the scoring. Therefore, a short simulated annealing was accomplished,

revealing those residues prone to conformational changes. The simulated annealing

was performed using the GROMACS software package [247] version 4.5.1, applying

the GROMOS96 53a6 force field [79]. The protein complexes were simulated with

an implicit solvent description, using a distance-dependent dielectric permittivity

ε(r) = 4r. No cutoff was applied. For 10 ns, with a time step of 1 fs, the protein

complex was heated to a temperature of 600 K and in 20 ns cooled to 100 K for

residues with a distance of up to 1 nm to the peptide. Other residues were kept

constant at 100 K.

Snapshots taken after the simulation showed RMSD values for the peptide between

0.04 nm and 0.57 nm (see Fig. 5.13a). The RMSD distribution of the snapshots

to the crystal structure is comparable to the respective contribution of the CON-

COORD ensemble (see Fig. 5.13b). The vibrational entropy of the peptide (-TS)

was calculated over the simulations according to the quasi-harmonic approximation

(see Chap. 2.7) proposed by Schlitter [111]. Additionally, the per-residue root mean
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square fluctuation (RMSF) of the peptide was analyzed. The summed RMSF values

of the anchor residues (position 1,2 and 9/10) (Danchor
RMSF ) and the non-anchor residues

(3-8/9) (Dnon−anchor
RMSF ), were used as a measure for the flexibility of the different parts

of the peptide:

Dflex = Ecomplex
SAS + Epeptide

SAS +Danchor
RMSF +Dnon−anchor

RMSF .

The total scoring function includes 12 descriptors, that were fitted using a regression

performed on the ensembles of the 60 structures in the dataset. Thus, the scoring

function was fit over the RMSD of in total 6,000 structures. As the scoring function

is intended to select the best structures in the ensembles, the mutual differentiation

of the structures with large RMSD values is not required within the scoring function.

Therefore, the fit was performed over adapted RMSD values: RMSD values up to

0.25 nm were left unchanged, RMSD values larger than 0.25 nm were set to 1.0 nm

for the regression. The resulting scoring function was applied on the dataset to select

one conformation out of the generated ensemble as prediction result. The overall

RMSD distribution of the results has been discussed in Chap. 5.5. Some exemplary

results, as well as the outliers, are discussed in the following section.

5.7 Results and Discussion

Selected predicted structures are visualized in the following. Drawbacks and

possible improvements are discussed.

The predicted structure for the peptide LLFGYAVYV (pdb entry 1QRN) (Fig. 5.14)

has a all-atom peptide RMSD value of 0.29 nm, which is about the mean value

in accuracy archieved for all predictions of the dataset. The discrepancy of the

prediction as compared to the crystal structure is the result of a turning of the

two tyrosine side chains at positions 5 and 8 of the peptide. The predicted

structure shows a tighter binding of the tyrosines to the pocket while they are

more solvent-exposed in the crystal structure (Fig. 5.14a). The described local

differences in side chain conformation will however probably quickly adapt in

molecular dynamic simulations in explicit solvent. Our predicted conformation is
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Figure 5.14: Structure of altered HTVL-1 TAX peptide P6A bount to A*0201 (pdb
entry 1QRN): a) Predicted structure (light blue) with an all-atom peptide RMSD
value of 0.29 nm, fitted to the crystal structure (peptide: dark blue, binding groove:
grey). b) Energetic evaluation sampling structures as a function of RMSD to the
crystal structure. The predicted structure, i.e. the structure with the highest score,
is highlighted in blue.
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Figure 5.15: Structure of HIV reverse transcriptase peptide bound to A*0201 (pdb
entry 1AKJ): a) Predicted structure (light blue) with an all-atom peptide RMSD
value of 0.23 nm, fitted to the crystal structure (peptide: dark blue, binding groove:
grey). b) Energetic evaluation sampling structures as a function of RMSD to the
crystal structure. The predicted structure, i.e. the structure with the highest score,
is highlighted in blue.

therefore a ideal input model for molecular dynamic analysis.

The predicted structure for the peptide ILKEPVHGV (pdb entry 1AKJ) has

a low RMSD of 0.23 nm as compared to the crystal structure (Fig. 5.15a). The side

chain and backbone orientations are correctly predicted. The energy distribution

of the generated sample of 100 structures for this peptide (Fig. 5.15b) shows

conformations in the ensemble with slightly lower RMSD values that were, however,

not selected by our scoring function.

Similarly for the peptide FLKEPVHGV (pdb entry 1I1F), the scoring function

did not select the structure with the smallest RMSD in the ensemble (Fig. 5.16c).

The predicted peptide conformation has a RMSD of only 0.21 nm (Fig. 5.16a), the

ensemble comprises even a structure with a RMSD value of 0.15 nm (Fig. 5.16d).
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Figure 5.16: Structure of HIV-RT variant peptide bound to A*0201 (pdb entry
1I1F): a and b) Predicted structure (light blue) with an all-atom peptide RMSD
value of 0.21 nm, fitted to the crystal structure (peptide: dark blue, binding groove:
grey). d) Generated structure (red) with the lowest all-atom peptide RMSD value of
0.15 nm in the ensemble, fitted to the crystal structure (peptide: dark blue, binding
groove: grey). c) Energetic evaluation sampling structures as a function of RMSD
to the crystal structure. The predicted structure, i.e. the structure with the highest
score, is highlighted in blue, the generated structure with lowest RMSD value in
red.
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Figure 5.17: Structure of the NY-ESO-1 peptide bound to A*0201 (pdb entry
1S9W): a) Predicted structure (light blue) with an all-atom peptide RMSD of
0.35 nm, fitted to the crystal structure (peptide: dark blue, binding groove: grey).
c and d) Generated structure (red) with the lowest all-atom peptide RMSD value of
0.26 nm in the ensemble, fitted to the crystal structure (peptide: dark blue, binding
groove: grey). b) Energetic evaluation sampling structures as a function of RMSD
to the crystal structure. The predicted structure, i.e. the structure with the highest
score, is highlighted in blue, the generated structure with lowest RMSD value in
red.
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The structural adaption to a shifted binding groove conformation is even more

evident for the predicted structure of the peptide SLLMWITQC (pdb entry 1S9W)

(Fig. 5.17). The RMSD distribution of the ensemble (Fig. 5.17b) shows that

the region close to the crystal structure was not sampled. Most of the sampled

structures have RMSD values larger than 0.3 nm. The difference in the binding

groove of the model might be the reason for the shifted sampling region. The

predicted peptide conformation has a RMSD value of 0.35 nm, mainly resulting

from a switch in the side-chain of the tryptophan in position 5 and the glutamine

in position 8. Both amino acids were correctly predicted to be facing out of the

binding groove, but undergo contacts at the opposite side of the pocket, leading

to their rearrangement. This conformational switch is possibly due to a change

in the pocket conformation of the model, as compared to the crystal structure.

Especially the side chain of the glutamine at position 155 of the MHC protein is

shifted in consequence of the narrow pocket conformation (see Fig. 5.17a). The

interaction with the tryptophan in position 5 of the peptide is thereby hampered.

The re-orientation of lysine 146 of the pocket enables the interaction with the

glutamine in position 8 of the peptide. This predicted peptide conformation is

likely to be the optimal conformation for the narrow pocket conformation obtained

in the prediction.

For the peptide ILSALVGIV (pdb entry 1EEY) the scoring function assigns a

similar score to two different structures in the ensemble (Fig. 5.18c), with RMSDs

of 0.30 nm (Fig. 5.18a) and of 0.18 nm (Fig. 5.18d) respectively. The structure

of the two conformations is similar. The only structural change consists in the

different orientations for the two neighbored residues leucine in position 5 and

valine in position 6 of the peptide. Both residues have a similar surface and undergo

mainly hydrophobic interactions. Thus, the interaction with the MHC, the solvent

and also the TCR of the two residues is comparable: The electrostatic potential of

the predicted conformation is similar to the crystal structure (Fig. 5.19). Therefore

the prediction could be in this case a valid alternative conformation.

For the peptide MLLSVPLLLG (pdb entry 2CLR) a structure with an all-atom

peptide RMSD value of 0.33 nm was selected by the scoring function (see Fig. 5.20c).
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Figure 5.18: Structure of the GP2 peptide bound to A*0201 (pdb entry 1EEY): a and
b) Predicted structure (light blue) with an all-atom peptide RMSD of 0.30 nm, fitted
to the crystal structure (peptide: dark blue, binding groove: grey). d) Generated
structure (red) with the lowest all-atom peptide RMSD value of 0.18 nm in the
ensemble, fitted to the crystal structure (peptide: dark blue, binding groove: grey).
c) Energetic evaluation sampling structures as a function of RMSD to the crystal
structure. The predicted structure, i.e. the structure with the highest score, is
highlighted in blue, the generated structure with lowest RMSD in red.
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Figure 5.19: Structure of the GP2 peptide bound to A*0201 (pdb entry 1EEY):
a) Crystal structure and b), the predicted structure. In both cases is shown the
TCR facing side of the pMHC antigen. The surface is color-coded according to the
electrostatic potential of the complex structure from -7 kT/e (red) to 7 kT/e (blue).

The orientation of the side chains was predicted correctly. Compared to the crystal

structure, the predicted conformation shows a change in the backbone orientation

for positions 4 and 5 of the peptide: The peptide is more solvent exposed in

the crystal structure while the peptide is more buried in the predicted struc-

ture. One reason could be the tighter peptide binding groove of the model, as

has been discussed before for other peptides. A comparison of the desolvation

energies of the peptide in the binding pocket (see Fig. 5.20d) indicates that

the buried conformation is favored as compared to the exposed structure. The

increased solvent exposure may be a result of crystal contacts, that are regularly

stated in pMHC structures [242]. This exposure state can be adapted easily by

equilibrium MD simulations at ambient temperatures, therefore this prediction is,

despite its intermediate RMSD, possibly a good input structure for MD simulations.
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Figure 5.20: Structure of the decameric peptide from calreticulin bound to A*0201
(pdb entry 2CLR): a and b) Predicted structure (light blue) with an all-atom peptide
RMSD of 0.33 nm, fitted to the crystal structure (peptide: dark blue, binding groove:
grey). c) Energetic evaluation sampling structures as a function of RMSD to the
crystal structure. d) Distribution of the solvation energy of the peptide in the
sampling structures as a function of RMSD to the crystal structure. c and d) The
predicted structure, i.e. the structure with the highest score, is highlighted in blue,
the generated structure with lowest RMSD in red.
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5.8 Outliers

7 outliers (defined by a peptide RMSD value larger than 0.38 nm) were found in

our predictions. 3 examples are exemplarily discussed in the following.

The RMSD distribution of the ensemble of the peptide RLYQNPTTYI (pdb

entry 3MGO) (Fig. 5.21b) shows an insufficient sampling close to the crystal

structure: almost all generated structures have RMSD values above 0.3 nm (see

Fig. 5.21b). Conformations close to the crystal structure were not generated. As

discussed before for other peptides, the generated structures show again a narrow

binding pocket (particularly residues Tyr159, LEU156 and GLN155 of the binding

pocket) (see Fig. 5.21a), that may preclude an orientation of the residues similar to

the crystal structure. Increasing the flexibility of the binding pocket might increase

the sampling range and thus improve the structural ensemble. Additionally, an

increased flexibility of the anchor positions may improve the results: As the anchor

positions are in general well conserved between the structures. Therefore, they

were kept fixed in the structure generation step. But in this crystal structure the

position of the anchor residue (position 10 of the peptide) is shifted as compared

to our input structure, thus the anchor is not correctly positioned in our prediction

(see Fig. 5.21c). A more flexible definition of the anchor positions may improve the

sampling and the prediction for this peptide.

A similar result was found for the peptide GVYDGREHTV (pdb entry 1I4F)

(Fig. 5.22). The predicted structure has a RMSD value of 0.51 nm to the crystal

structure. A sampling of structures with RMSD values above 0.35 nm is dominating

for this prediction. The vicinity of the crystal structure was hardly sampled. Only

one generated structure is close to the crystal structure (with a RMSD value of

0.22 nm) is generated. The structure with lowest RMSD was not selected by the

scoring function, probably due to not optimal positioned side chains. With an

increased sampling in this area, the probability for an optimal structure with lowest

score would significantly increase. Hence, an increased flexibility of the peptide

binding groove may improve sampling, as already discussed above.
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Figure 5.21: Structure of the H5-specific CTL eptiope from H5N1 influenza bound
to A*0201(pdb entry 3MGO): a and c) Predicted structure (light blue) with an
all-atom peptide RMSD value of 0.47 nm, fitted to the crystal structure (peptide:
dark blue, binding groove: grey). b) Energetic evaluation sampling structures as
a function of RMSD to the crystal structure. The predicted structure, i.e. the
structure with the highest score, is highlighted in blue.
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Figure 5.22: Structure of the melanoma-associated antigen 4 bound to A*0201 (pdb
entry 1I4F): a and b) Predicted structure (light blue) with an all-atom peptide
RMSD value of 0.51 nm, fitted to the crystal structure (peptide: dark blue, binding
groove: grey). c) Generated structure (red) with the lowest all-atom peptide RMSD
value of 0.18 nm in the ensemble, fitted to the crystal structure (peptide: dark blue,
binding groove: grey). d) Energetic evaluation sampling structures as a function of
RMSD to the crystal structure. The predicted structure, i.e. the structure with the
highest score, is highlighted in blue, the generated structure with lowest RMSD in
red.
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Figure 5.23: Structure of the peptide from hepatitis B nucleocapsid protein bound
to A*0201 (pdb entry 1HHH): a) Predicted structure (light blue) with an all-atom
peptide RMSD value of 0.47 nm, fitted to the crystal structure (peptide: dark blue,
binding groove: grey). b) Energetic evaluation sampling structures as a function of
RMSD to the crystal structure. The predicted structure, i.e. the structure with the
highest score, is highlighted in blue.

Again, the peptide adopts a largely solvent-exposed conformation in the crystal,

possibly caused by the influence of hetero atoms in the crystal structure: The

molecule 1PG (C11H24O6) used in the crystallization process was found to be in

contact with the peptide and thus may have altered the conformation.

As already implied for the previous outlier, the accuracy of the method may be

suffering from inhomogeneities in the datasets, which are difficult to eliminate.

This problem becomes more evident regarding the prediction of the structure of the

peptide FLPSDFFPSV (pdb entry 1HHH) (Fig. 5.23a). The crystal structure of

this complex was used as input structure for the method. Therefore, in this case, the

binding pocket conformation can not be the limiting aspect for this prediction. The

sampling is sufficiently close to the crystal structure. Nonetheless, the predicted

peptide conformation has a RMSD of 0.35 nm. This deviation from the crystal

structure is mainly due to deviations in the central part of the peptide – residues 5

and 6. These residues adopt a more solvent-exposed conformation in the prediction

as compared to the crystal structure. The orientation of the other residues was
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predicted correctly. For this crystal structure, however, incorrect orientations have

been assumed due to crystal contacts [255]. It is probable, that exactly this region

was influenced by the crystal contacts, thus impeding a comparison to the predicted

conformation.

Our dataset comprised all crystal structures found for the allele A*0201, in-

cluding structures that are subject to crystal contacts, structures including hetero

atoms, pMHC’s bound to TCR, which may result in conformations different from

pMHC under physiological conditions. The accuracy of the structure prediction

method necessarily suffers from these shortcomings. For the prediction, however,

the dataset was kept unchanged at the price of accepting outliers. In addition

to possible artifacts in the crystal structure, different binding conformations were

detected and proven by crystal structures [246]. If alternative structures exist, that

for some peptides were not (yet) found experimentally, the accuracy of their com-

putational prediction is difficult to prove. Therefore, the choice of a reasonable test

set is a bottleneck in this (and other) structure prediction methods that can hardly

be avoided. Excluding the outliers, our method is able to predict conformations of

MHC-bound peptides close to the crystal structure and most probably within the

thermodynamic conformational ensemble at ambient temperatures.

5.9 Outlook – Further Development

Starting from the structure prediction for peptides bound to the A*0201 allele, the

method has the potency to be expanded to other MHC-peptide complexes, including

class I and class II MHC’s. For such an expansion, the description of the pocket

and the anchors needs to be reanalyzed. Their description will probably need to

be given more flexibility in the structure generation process. As we have seen, an

increased flexibility may improve the results already for the given dataset. In partic-

ular for MHC class II molecules, the anchor positions have to be redefined, as they

are not as precisely defined as for MHC class I molecules. However, our method

shows the potency to generate highly flexible and diverse structures as required for

long peptides bound to MHC class II molecules. This development can lead to a
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general peptide docking, in which the position of the peptide on the protein needs

to be sampled. Starting from different peptide positions, our prediction method –

for anchors as well as for the pocket description – could be extended e.g. by normal

modes, as this method has been shown to improve other docking methods [256] or

by adapting the method to tConcoord [43], for a more flexible protein description.

Our structure prediction method does not only provide the structural basis to an-

alyze the peptide binding characteristics, but can also be used as starting point

for pMHC-TCR binding studies. A recently developed docking approach [226] uses

pMHC and TCR structures to model TCR-peptide-MHC complexes and thereby

enables studies of TCR recognition processes. The availability of pMHC complexes

is one limitation of the method, which may be compensated by our method. The

structure prediction can be seen as the key component for a comprehensive analysis

of the TCR recognition process.
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Table 5.1: MHC-peptide structure prediction: RMSD (R) and Score (S) for the predicted conformation (PRED)
and the conformation with best RMSD value in the ensemble (BEST) compared to the crystal structure are given.
Additionally the RMSD values of the snapshot after 20sn MD simulation (EQUI) compared to the crystal structure
are given.

PDB Sequence Len Res Date Ref HET RPRED SPRED RBEST SBEST REQUI

1AKJ ILKEPVHGV 9 2.65 1997 [257] – 0.23 1.368 0.18 1.410 0.33

1AO7 LLFGYPVYV 9 2.60 1996 [258] – 0.26 3.130 0.18 3.171 0.30

1B0G ALWGFFPVL 9 2.50 1999 [259] – 0.40 2.101 0.30 2.163 0.25

1DUY LFGYPVYV 8 2.15 2000 [260] – 0.33 0.483 0.19 0.509 0.53

1EEY ILSALVGIV 9 2.25 2001 [261] – 0.30 1.372 0.18 1.372 0.20

1EEZ ILSALVGIL 9 2.30 2001 [261] – 0.21 5.086 0.19 5.141 0.17

1HHG TLTSCNTSV 9 2.6 1993 [255] – 0.25 3.073 0.19 3.091 0.75

1HHH FLPSDFFPSV 10 3.00 1993 [255] – 0.35 1.415 0.16 1.438 0.15

1HHI GILGFVFTL 9 2.5 1993 [255] – 0.31 -1.632 0.18 -1.605 0.25

1I1F FLKEPVHGV 9 2.80 1999 [262] – 0.21 1.390 0.15 1.416 0.28

1I1Y YLKEPVHGV 9 2.20 1999 [262] – 0.22 3.444 0.22 3.476 0.40

1I4F GVYDGREHTV 10 1.40 2001 [263] 1PG 0.51 1.410 0.22 1.424 0.31

1I7R FAPGFFPYL 9 2.20 2001 [264] – 0.40 -0.012 0.24 0.034 0.28

1I7T ALWGVFPVL 9 2.80 2001 [264] – 0.30 1.736 0.23 1.788 0.17

1I7U ALWGFVPVL 9 1.80 2001 [264] – 0.33 1.056 0.27 1.102 0.37

1JF1 ELAGIGILTV 10 1.85 2001 [265] – 0.26 -2.757 0.17 -2.694 0.19

1JHT ALGIGILTV 9 2.15 2001 [265] – 0.19 -0.689 0.13 -0.666 0.14

1QEW FLWGPRALV 9 2.20 – [266] – 0.35 4.635 0.21 4.641 0.51
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PDB Sequence Len Res Date Ref HET RPRED SPRED RBEST SBEST REQUI

1QR1 IISAVVGIL 9 2.40 1999 [267] – 0.24 2.294 0.17 2.324 0.36

1QRN LLFGYAVYV 9 2.80 1999 [268] TCR 0.29 1.391 0.20 1.422 0.23

1QSE LLFGYPRYV 9 2.80 1999 [268] TCR 0.31 1.440 0.22 1.464 0.22

1QSF LLFGYPVAV 9 2.80 1999 [268] TCR 0.30 0.411 0.19 0.422 0.74

1S8D SLANTVATL 9 2.20 2006 [269] – 0.24 3.317 0.20 3.663 0.67

1S9W SLLMWITQC 9 2.20 2004 [270] SO4 0.35 1.433 0.26 1.434 0.24

1S9X SLLMWITQA 9 2.50 2004 [270] SO4 0.32 0.517 0.23 0.559 0.22

1S9Y SLLMWITQS 9 2.30 2004 [270] SO4 0.23 1.402 0.23 1.402 0.28

1T1W SLFNTIAVL 9 2.20 2006 [269] – 0.40 -0.523 0.18 -0.490 0.38

1T1X SLYLTVATL 9 2.20 2006 [269] – 0.31 5.116 0.21 5.147 0.21

1T1Y SLYNVVATL 9 2.00 2006 [269] – 0.33 4.264 0.21 4.279 0.46

1T1Z ALYNTAAAL 9 1.90 2006 [269] – 0.26 1.956 0.17 1.969 0.21

1T20 SLYNTIATL 9 2.20 2006 [269] – 0.26 2.259 0.21 2.283 0.28

1T21 SLYNTVATL 9 2.19 2006 [269] – 0.34 0.093 0.23 0.123 0.23

1TVB ITDQVPFSV 9 1.80 2005 [271] GOL 0.25 3.721 0.22 3.750 0.18

1TVH IMDQVPFSV 9 1.80 2005 [271] GOL 0.26 3.880 0.22 3.914 0.32

2BNQ SLLMWITQV 9 1.70 2005 [272] – 0.27 1.546 0.25 1.591 0.27

2CLR MLLSVPLLLG 10 2.00 1994 [273] – 0.33 1.387 0.19 1.402 0.37

2GT9 EAAGIGILTV 9 1.75 2007 [274] GOL 0.28 4.913 0.22 4.956 0.21

2GTW LAGIGILTV 9 1.55 2007 [274] GOL 0.36 1.411 0.30 1.497 0.20

2GUO AAGIGILTV 9 1.90 2007 [274] GOL 0.15 3.881 0.14 3.907 0.24

2V2X SLFNTVATL 9 1.60 2004 [275] – 0.30 1.392 0.24 1.399 0.43
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2X4O KLTPLCVTL 9 2.30 2009 [276] GOL 0.25 1.704 0.19 1.743 0.36

2X4R NLVPMVATV 9 2.30 2009 [276] GOL 0.30 3.818 0.20 3.839 0.24

2X4S AMDSNTLEL 9 2.55 2009 [276] GOL 0.30 2.202 0.20 2.237 0.23

3D25 VLHDDLLEA 9 1.30 2009 [277] – 0.31 -0.816 0.19 -0.800 0.19

3GIV SLFNTVATLY 10 2.00 2009 [278] – 0.30 4.925 0.25 4.965 0.30

3H7B MLWGYLQYV 9 1.88 2009 [227] GOL 0.24 1.875 0.24 1.875 0.26

3HPJ RMFPNAPYL 9 2.00 2010 [279] GOL 0.21 4.457 0.19 4.479 0.25

3I6G GLMWLSYFV 9 2.20 2010 [280] – 0.26 1.501 0.26 1.501 0.30

3I6K TLACFVLAAV 10 2.80 2010 [280] – 0.32 1.019 0.19 1.033 0.31

3KLA SLLMWITQL 9 1.65 2010 [281] – 0.29 2.139 0.26 2.159 0.32

3MGO RLYQNPTTYI 10 2.30 2010 [282] – 0.47 1.441 0.27 1.483 0.38

3MGT KLYQNPTTYI 10 2.20 2010 [282] – 0.36 2.438 0.28 2.493 0.33

3MYJ YMFPNAPYL 9 1.89 2010 [279] GOL 0.27 2.139 0.22 2.169 0.39

3PWJ LLYGFVNYV 9 1.70 2011 [283] GOL 0.31 -1.220 0.22 -1.168 0.53

3PWL LGYGFVNYI 9 1.65 2011 [283] GOL 0.33 -1.731 0.23 -1.712 0.30

3PWN LLYGFVNYI 9 1.60 2011 [283] GOL 0.39 -0.821 0.26 -0.743 0.33

3QDG ELAGIGILTV 10 2.69 2011 [284] TCR 0.31 -0.152 0.12 -0.109 0.20

3QFJ LLFGFPVYV 9 2.29 2011 [228] TCR 0.29 5.146 0.19 5.164 0.26

3REW CLGGLLTMV 9 1.90 2011 [285] Iod 0.33 6.868 0.21 6.898 0.36

3UTQ ALWGPDPAAA 10 1.67 2012 [286] – 0.46 -1.479 0.21 -1.442 0.21
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Summary and Conclusion

A method for the prediction of protein-protein binding affinities was proposed, pro-

viding a quantitative and analytic description of the energetics underlying protein-

protein binding and the effect of mutations. The method combines an effective free

energy function, calculated for the different states of the respective thermodynamic

cycle, with a structure description, including the protein flexibility. The method

was expanded by a structure prediction method for protein-peptide complexes, de-

veloped for the MHC-peptide complex.

The prediction method for the effect of mutations on protein-protein binding was

tested on a set of 367 mutants of 9 protein-protein complexes, yielding results com-

parable to the well established MM/PBSA method. The method outperforms in

quality the faster Fold-X and Robetta methods for the prediction of the challenging

TEM1-BLIP complex, demonstrating the benefit of a free energy function and the

necessity to include protein flexibility in the prediction. Van der Waals interactions

and electrostatic contributions were included in the free energy function, together

with a surface term, averaged over a conformational ensemble and thereby approx-

imating possible cooperativity effects at the complex interfaces.

This method was further applied for the analysis of the insulin dimer and the TEM1-

BLIP complex. The reliability of the prediction was confirmed by a comparison to

experimental results of the two complexes. Using CC/PBSA, an energetic descrip-

tion of the influence and the interplay of the single residues at the binding interfaces

of the complexes was given and mutants with increased binding affinity were pro-

posed.

The CC/PBSAmut method for the prediction of the effect of mutation on protein

binding and stability is provided for research via a web interface. It was intensively
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applied by several hundred of researchers so far.

As an extension, a method for the prediction of absolute binding affinities was es-

tablished on a diverse set of 48 protein-protein complexes. The energy function

includes van der Waals interactions and electrostatic contributions, similar to the

CC/PBSAmut energy function. Additionally, a surface term for the description of

unpolar solvation effects and an entropic contribution were included. Thereby, the

free energy function is similar in its contributions, as well as in the derived weight-

ing factors, to the MM/PBSA method. The free energy function for the prediction

of absolute protein-protein binding affinity expands the CC/PBSAmut free energy

function for the prediction of mutations.

The binding affinity prediction method was established on protein-protein com-

plexes. However, available crystal structures encourage the assumption, that ions

and small molecules frequently contribute to the protein complex formation. Thus,

for a reliable description of the energetics of protein-protein complexes, those

molecules have to be considered explicitly. The implementation of the all atom

Amber force field in CC/PBSA simplifies the description and systematic inclusion

of non-peptide molecules into the method.

Our structure-based method can be used to establish and improve fast machine

learning approaches: Such statistical methods often suffer from an insufficient or

biased training set, due to missing experimental data. Our structure-based method

can be applied to compose a diverse and statistically significant training set. There-

fore, a fast and comprehensive binding prediction by machine learning approaches

would be made possible, increasing the prediction speed by magnitude and enabling

the application of efficient screenings.

The flexibility of protein-protein complexes was described by the generation of struc-

tural ensembles, using the fast CONCOORD approach. The composition of confor-

mations in the ensemble is comparable to ensembles generated by equilibrium MD

simulations. For predictions on protein-protein complexes the inclusion of CON-

COORD ensembles has been successfully applied. Larger conformational changes,

however, can not be covered by the method. For the prediction of induced fit motions

and peptide binding, the flexibility of the CONCOORD ensemble is not sufficient.

For the description of highly flexible MHC:peptide complexes, the CC/PBSA struc-

ture description was extended by a using loosened constraints in CONCOORD.
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MHC-peptide binding and its recognition by TCR are central parts of the immune

recognition. Understanding and manipulating this process could represent a major

step in vaccine design and the control of autoimmune reactions. For the struc-

ture prediction of the MHC-peptide complexes, the structure generation protocol of

CONCOORD has been modified: The anchor residues of the peptide and the MHC

conformation were described by the standard CONCOORD distance constraints. At

the same time, the constraints for the peptide were loosened, allowing the peptide

backbone conformation and side chain positions of the peptide to orient freely in

the binding groove. Thereby, the full conformational range of the peptide can be

sampled. The generated conformations are ranked by a scoring function. The ac-

curacy of the predicted structures lies in the range expected from MD simulations.

Thus, even structures undergoing larger conformational changes in backbone and

side chains can be predicted by our method.

The structure prediction method opens the possibility to predict protein-peptide

binding, and may be as well expanded to induced fit motions, which are often cru-

cial for small molecule binding. Together with a scoring function, including small

molecules, the structure prediction method can form the basis for a general flexible

docking approach.

The combination of a reliable structural and energetic characterization of protein

complexes, including their full flexibility, together with a fast screening approach

may build a complete analysis toolbox for studying protein interactions and be

valuable for pharmaceutical drug design.
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Appendix

Table 6.1: Prediction of Binding Affinity Change upon Mutation.

PDB Mutation EXP PRED SOLV COUL LJ PPIS PKA

1BXI A C23A 0.92 1.2213 -0.6713 0.1705 0.4113 1.3107 0.0000

1BXI A N24A 0.14 1.1326 -0.2650 -0.0425 0.1293 1.3107 0.0000

1BXI A D26A 0.34 1.1186 -7.2900 6.7882 0.3097 1.3107 0.0000

1BXI A T27A 0.73 1.0888 -0.0767 -0.0847 -0.0605 1.3107 0.0000

1BXI A S28A 0.17 1.1427 -0.7464 0.3107 0.2676 1.3107 0.0000

1BXI A S29A 0.96 0.8933 0.3448 -0.5753 -0.1870 1.3107 0.0000

1BXI A E30A 1.41 1.4919 -8.3559 7.1733 1.3638 1.3107 0.0000

1BXI A E31A 0.31 1.3719 -5.8272 5.4308 0.4575 1.3107 0.0000

1BXI A E32A 0.22 1.0130 -5.0968 4.8404 -0.0414 1.3107 0.0000

1BXI A L33A 3.42 1.5716 0.1199 -0.4177 0.5586 1.3107 0.0000

1BXI A V34A 2.58 1.4999 1.3295 -1.7430 0.6026 1.3107 0.0000

1BXI A K35A 0.19 0.7993 5.6296 -5.8973 -0.2437 1.3107 0.0000

1BXI A L36A 0.91 0.8490 -0.1288 -0.2366 -0.0964 1.3107 0.0000

1BXI A V37A 1.66 1.2664 0.5283 -0.7161 0.1434 1.3107 0.0000

1BXI A T38A 0.90 1.3035 -0.1375 -0.1361 0.2664 1.3107 0.0000

1BXI A E41A 2.08 1.2674 -11.3672 10.6570 0.6668 1.3107 0.0000

1BXI A E42A 0.66 1.2609 -5.2748 5.0443 0.1806 1.3107 0.0000

1BXI A T44A 0.30 1.1032 -0.6681 0.1404 0.3201 1.3107 0.0000

1BXI A E45A 0.21 1.1463 -4.7869 4.6066 0.0159 1.3107 0.0000

1BXI A H46A 0.83 0.8274 -1.0356 0.5819 -0.0297 1.3107 0.0000

1BXI A S48A 0.01 0.9664 1.0453 -1.3268 -0.0628 1.3107 0.0000
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PDB Mutation EXP PRED SOLV COUL LJ PPIS PKA

1BXI A S50A 2.19 1.2171 -0.8278 0.2343 0.4999 1.3107 0.0000

1BXI A D51A 5.92 1.1536 -8.5813 7.8097 0.6145 1.3107 0.0000

1BXI A L52A 0.60 1.1400 -0.0685 -0.2862 0.1839 1.3107 0.0000

1BXI A I53A 0.85 1.4813 0.0667 -0.4917 0.5955 1.3107 0.0000

1BXI A Y54A 4.83 2.6344 0.3169 -0.8131 1.8199 1.3107 0.0000

1BXI A Y55A 4.63 2.8092 -0.1573 -0.3020 1.9578 1.3107 0.0000

1BXI A D60A 0.51 1.0612 -5.7843 5.5637 -0.0290 1.3107 0.0000

1BXI A S63A 0.87 0.8997 0.2875 -0.3861 -0.3123 1.3107 0.0000

1BXI A V68A 1.86 0.9841 1.6846 -1.7360 -0.2751 1.3107 0.0000

1BXI A N69A 0.28 1.2098 -0.3012 -0.1709 0.3711 1.3107 0.0000

1CBW D T11A 0.22 1.7541 -0.1660 0.6318 -0.1022 1.3904 0.0000

1CBW D K15A 2.00 1.1533 -1.5478 -0.2374 1.5480 1.3904 0.0000

1CBW D R17A 0.29 2.9332 -4.3625 3.8802 2.0251 1.3904 0.0000

1CBW D I18A 1.41 1.7010 -0.0025 -0.1775 0.4906 1.3904 0.0000

1CBW D I19A 0.14 1.5411 -0.1528 -0.0709 0.3744 1.3904 0.0000

1CBW D R20A 0.35 1.2251 1.3202 -1.4262 -0.0593 1.3904 0.0000

1CBW D F33A 0.14 1.1641 -0.2160 0.0967 -0.1069 1.3904 0.0000

1CBW D V34A 0.05 1.4867 -0.4662 0.4248 0.1378 1.3904 0.0000

1CBW D Y35A 0.88 1.5934 -0.1386 0.1050 0.2367 1.3904 0.0000

1CBW D R39A 0.22 2.0375 4.3586 -4.9548 1.2434 1.3904 0.0000

1CBW D K46A 0.14 1.5240 2.1644 -2.3982 0.3674 1.3904 0.0000

1CBW D K15D 5.25 4.4457 4.6625 -1.8982 0.2910 1.3904 0.0000

1CBW D K15E 3.89 3.6918 4.7650 -2.1563 -0.3073 1.3904 0.0000

1CBW D K15H 0.10 1.1273 1.1117 -1.4847 0.1099 1.3904 0.0000

1CBW D K15I 2.95 0.5196 -0.6702 -0.5859 0.3853 1.3904 0.0000

1CBW D K15L -1.59 -0.6191 -0.9844 -0.5094 -0.5157 1.3904 0.0000

1CBW D K15M -1.42 -0.2620 -0.6067 -0.5671 -0.4786 1.3904 0.0000

1CBW D K15N 1.33 0.7307 -0.0667 -0.6743 0.0813 1.3904 0.0000

1CBW D K15Q 0.31 0.1909 0.0519 -0.8053 -0.4460 1.3904 0.0000

1CBW D K15S 3.41 1.5993 -0.6943 -0.4068 1.3101 1.3904 0.0000

1CBW D K15T 2.10 1.1517 -1.1396 0.3429 0.5580 1.3904 0.0000
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PDB Mutation EXP PRED SOLV COUL LJ PPIS PKA

1CBW D K15V 2.15 0.5744 -0.9178 -0.6005 0.7022 1.3904 0.0000

1CBW D K15W -2.45 -1.0556 0.4407 -0.7191 -2.1675 1.3904 0.0000

1CBW D K15Y -2.63 -1.5651 -0.0241 -0.8482 -2.0831 1.3904 0.0000

1A4Y B E108A -0.30 -1.1014 25.6104 -26.9064 -0.0952 0.2898 0.0000

1A4Y B H114A 0.65 0.6323 0.7573 0.0644 -0.4792 0.2898 0.0000

1A4Y B Q12A 0.30 -0.2296 1.6964 -1.7691 -0.4466 0.2898 0.0000

1A4Y B H13A -0.30 0.0018 0.6769 0.2331 -1.1979 0.2898 0.0000

1A4Y A W261A 0.10 0.6544 2.6186 -1.7524 -0.5016 0.2898 0.0000

1A4Y A W261A 5.20 2.7781 -2.1239 1.0097 3.6025 0.2898 0.0000

A W263A

A W318A

1A4Y A W263A 1.20 1.1416 1.0582 -1.0977 0.8914 0.2898 0.0000

1A4Y A E287A 0.10 0.5596 -7.2608 7.2551 0.2755 0.2898 0.0000

1A4Y A S289A 0.00 0.2256 0.9903 -0.7664 -0.2880 0.2898 0.0000

1A4Y A W318A 1.50 1.0586 -0.3369 -0.2153 1.3211 0.2898 0.0000

1A4Y B R31A 0.20 1.2868 -26.2498 26.7313 0.5155 0.2898 0.0000

1A4Y A K320A -0.30 -0.3241 10.7596 -11.1240 -0.2495 0.2898 0.0000

1A4Y B R32A 0.90 1.0458 -26.0447 26.7490 0.0518 0.2898 0.0000

1A4Y B R33A 0.30 1.0421 -22.4556 23.1223 0.0857 0.2898 0.0000

1A4Y A E344A 0.20 -0.0617 -6.9215 7.5482 -0.9783 0.2898 0.0000

1A4Y A W375A 1.00 0.6211 1.0652 -0.9613 0.2274 0.2898 0.0000

1A4Y A E401A 0.90 -1.3761 -10.3062 8.4145 0.2258 0.2898 0.0000

1A4Y A Q430A 0.10 -0.2753 -0.7059 0.0666 0.0743 0.2898 0.0000

A V432A

1A4Y A Y434A 3.30 2.0812 0.0258 -0.3378 2.1035 0.2898 0.0000

1A4Y A Y434A 6.80 2.2374 -19.0138 18.5558 2.4057 0.2898 0.0000

A D435A

1A4Y A Y434A 6.60 2.6445 -0.5223 -0.2508 3.1279 0.2898 0.0000

A Y437A

1A4Y A D435A 3.50 0.5781 -18.6568 18.9462 -0.0010 0.2898 0.0000

1A4Y A Y437A 0.80 1.0038 0.9016 -0.8319 0.6443 0.2898 0.0000
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1A4Y A W438A 1.80 1.4952 -14.2348 13.8608 1.5795 0.2898 0.0000

A S439A

A E440A

1A4Y A R457A -0.20 0.8168 10.2472 -9.5327 -0.1875 0.2898 0.0000

1A4Y A I459A 0.70 0.0454 0.2241 -0.8061 0.3376 0.2898 0.0000

1A4Y B R5A 2.30 3.6545 -28.6582 30.5400 1.4828 0.2898 0.0000

1A4Y B R5A 7.00 4.9838 -29.4133 30.7351 3.3723 0.2898 0.0000

A Y434A

1A4Y B R5A 10.10 4.9030 -44.1425 46.3972 2.3586 0.2898 0.0000

A Y434A

A D435A

1A4Y B R5A 8.50 5.5656 -31.1405 31.2731 5.1432 0.2898 0.0000

A Y434A

A R457A

1A4Y B R5A 6.70 3.5014 -45.7204 47.3628 1.5692 0.2898 0.0000

A D435A

1A4Y B R66A 0.20 1.1329 -19.3390 20.1765 0.0057 0.2898 0.0000

1A4Y B N68A 0.20 0.2799 -0.8384 1.0408 -0.2123 0.2898 0.0000

1A4Y B R70A -0.20 0.5697 -13.8055 15.0944 -1.0090 0.2898 0.0000

1A4Y B H84A 0.20 0.6651 -0.2340 0.4054 0.2038 0.2898 0.0000

1A4Y B W89A 0.20 0.1033 -1.7177 -0.0300 1.5613 0.2898 0.0000

1A4Y B H8A 0.90 0.5659 -0.7035 0.8195 0.1602 0.2898 0.0000

1A4Y A Y434F 0.60 0.4830 0.1868 -0.1772 0.1836 0.2898 0.0000

1A4Y A Y437F 0.20 0.7971 -0.4235 0.2385 0.6923 0.2898 0.0000

1JTG A S130A 0.80 0.7103 -0.0552 0.6104 -0.2354 0.3905 0.0000

1JTG A S130A 1.40 1.4021 -0.6421 0.8668 0.7869 0.3905 0.0000

B D49A

1JTG B D163A -1.35 -0.4933 7.8262 -8.9484 0.2383 0.3905 0.0000

1JTG A K234A 1.40 2.3430 -3.8702 5.8222 0.0005 0.3905 0.0000

1JTG A K234A 2.00 2.5370 -4.6973 6.8794 -0.0355 0.3905 0.0000

A S130A
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PDB Mutation EXP PRED SOLV COUL LJ PPIS PKA

1JTG A K234A 2.50 3.4563 -6.9441 10.5112 -0.5013 0.3905 0.0000

A S130A

A R243A

1JTG A K234A 1.50 1.4527 -2.1129 1.8383 1.3368 0.3905 0.0000

A S130A

A R243A

B D49A

1JTG A K234A 1.30 1.2865 -1.5119 1.5459 0.8619 0.3905 0.0000

A S130A

B D49A

1JTG A K234A 2.80 3.6662 -7.6400 10.8364 0.0793 0.3905 0.0000

A S235A

A S130A

A R243A

1JTG A K234A 1.70 1.5121 -2.3869 1.9828 1.5257 0.3905 0.0000

A S235A

A S130A

A R243A

B D49A

1JTG A K234A 1.60 0.9573 -1.0763 0.9551 0.6880 0.3905 0.0000

B D49A

1JTG A S235A 1.30 0.7437 -0.5808 1.0618 -0.1278 0.3905 0.0000

1JTG A S235A 1.20 1.3724 0.0825 1.5046 -0.6052 0.3905 0.0000

A S130A

1JTG A S235A 1.90 2.8467 -4.4818 7.2366 -0.2986 0.3905 0.0000

A S130A

A K234A

1JTG A S235A 0.60 1.3228 -2.1204 1.9490 1.1037 0.3905 0.0000

A S130A

A K234A

B D49A

1JTG A S235A 1.10 1.6204 -0.5879 0.9869 0.8310 0.3905 0.0000
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A S130A

B D49A

1JTG A S235A 2.10 2.8809 -4.4665 6.3254 0.6314 0.3905 0.0000

A K234A

1JTG A S235A 1.50 0.8377 -1.3688 1.2960 0.5200 0.3905 0.0000

A K234A

B D49A

1JTG A R243A 1.40 1.1705 -3.0275 4.0972 -0.2897 0.3905 0.0000

1JTG A R243A 1.80 1.7904 -2.5417 3.6573 0.2844 0.3905 0.0000

A S130A

1JTG A R243A 1.30 1.6584 -2.0590 1.2913 2.0355 0.3905 0.0000

A S130A

B D49A

1JTG A R243A 2.70 2.9445 -7.2856 9.8842 -0.0446 0.3905 0.0000

A K234A

1JTG A R243A 1.90 1.3354 -2.1949 1.7677 1.3721 0.3905 0.0000

A K234A

B D49A

1JTG A R243A 0.70 1.6041 -2.9559 4.7121 -0.5426 0.3905 0.0000

A S235A

1JTG A R243A 1.70 2.2487 -3.0236 5.0531 -0.1713 0.3905 0.0000

A S235A

A S130A

1JTG A R243A 0.90 1.3828 -1.5453 1.4782 1.0594 0.3905 0.0000

A S235A

A S130A

B D49A

1JTG A R243A 2.80 3.1584 -7.2804 10.2638 -0.2155 0.3905 0.0000

A S235A

A K234A

1JTG A R243A 2.00 1.1059 -2.1251 1.8592 0.9813 0.3905 0.0000

A S235A
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A K234A

B D49A

1JTG A R243A 0.40 0.8201 -0.8051 0.8520 0.3827 0.3905 0.0000

A S235A

B D49A

1JTG A R243A 1.10 1.0908 -1.4585 1.1885 0.9703 0.3905 0.0000

B D49A

1JTG B D49A 1.80 1.4821 -0.9694 0.8577 1.2034 0.3905 0.0000

1JTG B T140K -0.01 0.1043 6.5825 -6.6686 -0.2002 0.3905 0.0000

1JTG B T140K -0.40 -0.0763 12.1679 -11.7320 -0.9027 0.3905 0.0000

B Q157K

1JTG B D163K -1.99 -0.7715 23.0897 -22.2345 -2.0172 0.3905 0.0000

1JTG B V165K -3.38 -1.2468 46.4094 -46.5748 -1.4718 0.3905 0.0000

B D163K

B D135K

B N89K

1JTG B V165K -2.41 -0.9311 33.5623 -33.2114 -1.6726 0.3905 0.0000

B D163A

B N89K

1JTG B T32K 0.20 0.1360 2.4364 -2.2597 -0.4312 0.3905 0.0000

1JTG B N89K -0.46 -0.0788 5.0570 -5.1077 -0.4186 0.3905 0.0000

1JTG B V93K -0.48 0.0218 5.1695 -4.7650 -0.7732 0.3905 0.0000

1JTG A E104A 1.60 0.2130 -3.2939 2.3405 0.7759 0.3905 0.0000

1JTG A Y105A -0.20 2.5995 -1.2978 0.6305 2.8762 0.3905 0.0000

1JTG A E104A 1.00 1.9591 -2.8751 2.2070 2.2367 0.3905 0.0000

A Y80A

1JTG B K74A 3.60 3.4242 -6.2993 10.6605 -1.3275 0.3905 0.0000

1JTG B K74A 1.60 -0.2067 -6.8354 7.1299 -0.8917 0.3905 0.0000

A E104A

1JTG B K74A 3.30 5.1520 -9.4893 11.6071 2.6437 0.3905 0.0000

A Y105A

1JTG B K74A 1.40 2.9557 -9.0188 7.5102 4.0738 0.3905 0.0000

163



PDB Mutation EXP PRED SOLV COUL LJ PPIS PKA

A E104A

A Y105A

1JTG B K74A 6.60 4.1418 -12.1856 16.4838 -0.5469 0.3905 0.0000

A R243A

1JTG B K74A 6.50 5.6807 -12.9177 18.4309 -0.2229 0.3905 0.0000

A K234A

1JTG B K74A 3.20 3.6548 -6.2405 10.9744 -1.4696 0.3905 0.0000

A S130A

1JTG B K74A 5.00 5.6590 -11.4106 17.6288 -0.9497 0.3905 0.0000

A S130A

A S235A

A R243A

1JTG B K74A 5.50 7.4699 -18.8420 25.0769 0.8446 0.3905 0.0000

A S130A

A S235A

A R243A

A K234A

1JTG B F142A 2.10 1.8862 -0.8650 -0.2275 2.5882 0.3905 0.0000

1JTG B F142A 2.70 1.7151 -4.8424 2.6222 3.5448 0.3905 0.0000

A E104A

1JTG B F142A 0.70 3.8343 -3.5930 0.9541 6.0826 0.3905 0.0000

A Y105A

1JTG B F142A 1.50 3.1718 -5.2612 2.7546 5.2880 0.3905 0.0000

A E104A

A Y105A

1JTG B F142A 3.40 2.6324 -4.9269 4.0695 3.0993 0.3905 0.0000

A R243A

1JTG B F142A 3.40 3.8998 -5.2815 5.7757 3.0150 0.3905 0.0000

A K234A

1JTG B F142A 2.80 2.0767 -0.5413 -0.2658 2.4933 0.3905 0.0000

A S130A

1JTG B F142A 3.50 4.0410 -5.8079 5.7833 3.6752 0.3905 0.0000
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A S130A

A S235A

A R243A

1JTG B F142A 4.30 5.5544 -10.8361 11.1261 4.8738 0.3905 0.0000

A S130A

A S235A

A R243A

A K234A

1JTG B Y143A 0.40 0.5632 0.1246 -0.4022 0.4503 0.3905 0.0000

1JTG B Y143A 1.90 0.7549 -3.4052 2.0317 1.7379 0.3905 0.0000

A E104A

1JTG B Y143A 1.10 2.8819 -0.5713 0.1522 2.9104 0.3905 0.0000

A Y105A

1JTG B Y143A 2.10 2.0279 -3.6142 2.4030 2.8486 0.3905 0.0000

A E104A

A Y105A

1JTG B Y143A 2.30 1.3685 -2.5645 3.7199 -0.1774 0.3905 0.0000

A R243A

1JTG B Y143A 2.60 2.7772 -3.0020 5.4031 -0.0144 0.3905 0.0000

A K234A

1JTG B Y143A 1.80 0.7765 0.6005 0.2161 -0.4306 0.3905 0.0000

A S130A

1JTG B Y143A 2.70 2.7883 -2.9066 5.1200 0.1844 0.3905 0.0000

A S130A

A S235A

A R243A

1JTG B Y143A 3.70 4.1655 -7.8194 10.8630 0.7314 0.3905 0.0000

A S130A

A S235A

A R243A

A K234A

1JTG B K74A 4.80 4.1642 -8.6614 11.0646 1.3705 0.3905 0.0000
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B F142A

1JTG B K74A 3.10 1.0852 -8.7564 7.4634 1.9876 0.3905 0.0000

B F142A

A E104A

1JTG B K74A 4.80 6.2857 -11.0616 11.9355 5.0213 0.3905 0.0000

B F142A

A Y105A

1JTG B K74A 3.10 3.7235 -9.8714 7.6976 5.5069 0.3905 0.0000

B F142A

A E104A

A Y105A

1JTG B K74A 5.50 5.1568 -14.9759 17.2274 2.5149 0.3905 0.0000

B F142A

A R243A

1JTG B K74A 5.80 6.3327 -14.9528 18.7920 2.1030 0.3905 0.0000

B F142A

A K234A

1JTG B K74A 5.20 4.7812 -9.9043 12.0531 2.2419 0.3905 0.0000

B F142A

A S130A

1JTG B K74A 5.80 6.5896 -14.4163 18.4349 2.1805 0.3905 0.0000

B F142A

A S130A

A S235A

A R243A

1JTG B K74A 5.70 7.7879 -20.3218 25.3159 2.4033 0.3905 0.0000

B F142A

A S130A

A S235A

A R243A

A K234A

1JTG B K74A 3.00 2.3691 -9.1716 10.4996 0.6506 0.3905 0.0000
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B Y143A

1JTG B K74A 1.00 0.4079 -7.4959 7.1358 0.3775 0.3905 0.0000

B Y143A

A E104A

1JTG B K74A 3.40 4.5600 -10.0385 11.0821 3.1259 0.3905 0.0000

B Y143A

A Y105A

1JTG B K74A 1.80 2.9913 -8.9836 7.5717 4.0127 0.3905 0.0000

B Y143A

A E104A

A Y105A

1JTG B K74A 4.40 3.1567 -12.9796 16.1057 -0.3599 0.3905 0.0000

B Y143A

A R243A

1JTG B K74A 4.90 4.9266 -13.3125 17.7266 0.1220 0.3905 0.0000

B Y143A

A K234A

1JTG B K74A 3.70 2.8492 -8.0279 10.9001 -0.4134 0.3905 0.0000

B Y143A

A S130A

1JTG B K74A 4.40 4.6683 -12.8531 17.4411 -0.3102 0.3905 0.0000

B Y143A

A S130A

A S235A

A R243A

1JTG B K74A 6.60 6.1331 -19.2927 24.5900 0.4453 0.3905 0.0000

B Y143A

A S130A

A S235A

A R243A

A K234A

1JTG B F142A 2.80 2.4596 -2.2929 0.0427 4.3194 0.3905 0.0000
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B Y143A

1JTG B F142A 2.90 1.4086 -4.6093 2.1429 3.4845 0.3905 0.0000

B Y143A

A E104A

1JTG B F142A 3.00 4.0437 -3.1443 0.2808 6.5167 0.3905 0.0000

B Y143A

A Y105A

1JTG B F142A 2.80 3.3008 -5.8532 2.5602 6.2034 0.3905 0.0000

B Y143A

A E104A

A Y105A

1JTG B F142A 4.50 3.0804 -5.4024 4.0798 4.0125 0.3905 0.0000

B Y143A

A R243A

1JTG B F142A 4.70 4.0935 -5.7968 5.8845 3.6153 0.3905 0.0000

B Y143A

A K234A

1JTG B F142A 4.20 2.5779 -1.8206 0.4307 3.5773 0.3905 0.0000

B Y143A

A S130A

1JTG B F142A 4.80 4.3764 -5.1593 5.2124 3.9329 0.3905 0.0000

B Y143A

A S130A

A S235A

A R243A

1JTG B F142A 4.90 5.3148 -9.7579 10.9849 3.6974 0.3905 0.0000

B Y143A

A S130A

A S235A

A R243A

A K234A

1JTG B K74A 3.90 3.5334 -9.9279 10.7293 2.3415 0.3905 0.0000
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B F142A

B Y143A

1JTG B K74A 2.40 1.7098 -9.2259 7.3614 3.1839 0.3905 0.0000

B F142A

B Y143A

A E104A

1JTG B K74A 4.20 5.4427 -12.7481 11.8120 5.9883 0.3905 0.0000

B F142A

B Y143A

A Y105A

1JTG B K74A 2.40 3.8444 -10.4736 7.8877 6.0398 0.3905 0.0000

B F142A

B Y143A

A E104A

A Y105A

1JTG B K74A 5.30 4.6477 -13.9446 16.1999 2.0018 0.3905 0.0000

B F142A

B Y143A

A R243A

1JTG B K74A 5.50 6.1979 -15.6766 18.3681 3.1160 0.3905 0.0000

B F142A

B Y143A

A K234A

1JTG B K74A 5.10 4.1115 -10.2854 11.3047 2.7017 0.3905 0.0000

B F142A

B Y143A

A S130A

1JTG B K74A 5.60 6.0585 -15.2862 17.8761 3.0781 0.3905 0.0000

B F142A

B Y143A

A S130A

A S235A
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A R243A

1JTG B K74A 5.50 7.3617 -20.3787 24.7181 2.6317 0.3905 0.0000

B F142A

B Y143A

A S130A

A S235A

A R243A

A K234A

1VFB B D100A 3.10 2.2894 -10.9980 11.7539 0.1629 1.3706 0.0000

1VFB B D100A 3.40 2.1493 -11.9477 12.2655 0.4608 1.3706 0.0000

C S24A

1VFB C K116A 0.70 1.1549 1.9696 -2.6815 0.4962 1.3706 0.0000

1VFB C T118A 0.80 1.0885 -0.6781 0.4780 -0.0820 1.3706 0.0000

1VFB C D119A 1.00 0.8623 0.0461 -0.8273 0.2729 1.3706 0.0000

1VFB C V120A 0.90 0.9848 -0.7731 0.3442 0.0430 1.3706 0.0000

1VFB C Q121A 2.90 2.4993 -0.9392 1.0220 1.0458 1.3706 0.0000

1VFB C I124A 1.20 1.5155 0.0324 0.1428 -0.0304 1.3706 0.0000

1VFB C R125A 1.80 1.3663 -0.7675 0.1716 0.5916 1.3706 0.0000

1VFB C L129A 0.20 0.9979 -0.9520 0.6552 -0.0760 1.3706 0.0000

1VFB C D18A 0.30 0.6958 -1.6677 0.8824 0.1105 1.3706 0.0000

1VFB C N19A 0.30 1.5943 -1.7778 1.0295 0.9719 1.3706 0.0000

1VFB C Y23A 0.40 1.0721 -0.9027 0.5349 0.0692 1.3706 0.0000

1VFB C S24A 0.80 0.8915 -1.2533 1.1648 -0.3907 1.3706 0.0000

1VFB A H30A 0.80 0.5394 -1.5102 0.7382 -0.0592 1.3706 0.0000

1VFB B T30A 0.10 1.1003 -0.5845 0.6316 -0.3174 1.3706 0.0000

1VFB A Y32A 1.30 1.1548 -1.9362 0.9372 0.7832 1.3706 0.0000

1VFB A Y32A 2.60 2.5721 -2.3046 1.5110 1.9951 1.3706 0.0000

C Q121A

1VFB B Y32A 0.50 1.3274 -1.3229 0.9281 0.3516 1.3706 0.0000

1VFB A Y49A 0.80 1.0865 -1.0468 0.4756 0.2870 1.3706 0.0000

1VFB A Y50A 0.40 1.7624 -1.9551 1.1719 1.1750 1.3706 0.0000
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1VFB A Y50A 1.30 1.9193 -2.2357 1.5811 1.2033 1.3706 0.0000

C D18A

1VFB B W52B 0.40 1.6719 -1.3426 0.8064 0.8375 1.3706 0.0000

1VFB B W52B 2.20 0.9756 -0.9529 -0.3340 0.8919 1.3706 0.0000

C D119A

1VFB A T53A -0.23 0.5378 -1.4522 0.7677 -0.1484 1.3706 0.0000

1VFB B D54A 0.60 0.8092 -9.2844 8.7327 -0.0098 1.3706 0.0000

1VFB B D54A 1.20 1.2673 -8.6107 8.3992 0.1082 1.3706 0.0000

C T118A

1VFB B N56A 0.20 1.0258 -0.7182 0.4756 -0.1022 1.3706 0.0000

1VFB B D58A -0.20 1.1816 -7.3448 7.3150 -0.1592 1.3706 0.0000

1VFB A W92A 2.70 2.0008 -1.4712 0.8894 1.2120 1.3706 0.0000

1VFB A W92A 3.50 2.9516 -2.1135 1.3233 2.3712 1.3706 0.0000

C Q121A

1VFB A W92A 3.80 2.5243 -0.9374 0.7768 1.3142 1.3706 0.0000

C I124A

1VFB A W92A 3.40 2.4637 -0.6346 -0.0016 1.7292 1.3706 0.0000

C R125A

1VFB A W92A 3.30 2.4479 -1.3499 1.0150 1.4122 1.3706 0.0000

C L129A

1VFB A S92A 0.30 1.0697 -0.7831 0.7153 -0.2331 1.3706 0.0000

1VFB B E98A 1.10 1.4506 -7.7197 8.0642 -0.2645 1.3706 0.0000

1VFB B R99A 0.10 0.0047 5.2900 -6.8498 0.1939 1.3706 0.0000

1VFB B Y101F 1.00 1.2989 -0.5580 0.0583 0.4280 1.3706 0.0000

1VFB B Y101F 2.70 1.7029 -0.1318 -0.6257 1.0898 1.3706 0.0000

C D119A

1VFB B Y101F 2.50 1.5414 -0.0611 0.1665 0.0654 1.3706 0.0000

C V120A

1VFB A Y32F 2.15 0.8311 -1.0520 0.4054 0.1070 1.3706 0.0000

1VFB B Y32F 0.21 1.5649 -0.2028 0.6093 -0.2122 1.3706 0.0000

1VFB A Y50F 0.48 0.8834 -1.0479 1.0228 -0.4622 1.3706 0.0000
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1VFB B R102K 1.58 1.5710 -0.1649 0.2871 0.0782 1.3706 0.0000

1VFB B R102M 3.23 0.6426 6.3000 -7.0741 0.0461 1.3706 0.0000

1VFB B D100N 3.72 1.7935 -10.5007 11.4261 -0.5025 1.3706 0.0000

1CHO I L18A 4.73 3.6906 2.2640 -2.2546 2.3478 1.3334 0.0000

1CHO I L18D 7.14 5.2049 6.3415 -2.8998 0.4298 1.3334 0.0000

1CHO I L18E 6.60 5.5039 5.4173 -1.1316 -0.1152 1.3334 0.0000

1CHO I L18F -1.49 0.9102 2.5780 -1.9186 -1.0825 1.3334 0.0000

1CHO I L18H 2.98 1.9510 2.7488 -1.8123 -0.3189 1.3334 0.0000

1CHO I L18I 4.44 1.9472 1.4927 -1.1222 0.2433 1.3334 0.0000

1CHO I L18K 4.43 3.6536 6.0112 -3.9135 0.2225 1.3334 0.0000

1CHO I L18M 0.38 1.6073 2.1303 -1.3695 -0.4869 1.3334 0.0000

1CHO I L18N 3.33 3.1680 2.5664 -1.7570 1.0252 1.3334 0.0000

1CHO I L18Q 2.93 2.4444 1.8891 -1.0502 0.2721 1.3334 0.0000

1CHO I L18R 3.97 3.4850 5.2273 -1.8233 -1.2523 1.3334 0.0000

1CHO I L18S 4.94 3.1186 1.9754 -1.7468 1.5565 1.3334 0.0000

1CHO I L18T 4.45 2.8496 1.2980 -1.1198 1.3380 1.3334 0.0000

1CHO I L18V 4.24 2.2371 1.1119 -1.2790 1.0709 1.3334 0.0000

1CHO I L18W -1.68 0.0619 3.8262 -2.7508 -2.3469 1.3334 0.0000

1CHO I L18Y -2.20 0.7120 2.7461 -1.7967 -1.5708 1.3334 0.0000

1DVF B D100A 2.80 1.5218 -5.6947 6.2938 -0.2150 1.1378 0.0000

1DVF B D100A 4.10 1.6653 -5.3588 5.7218 0.1646 1.1378 0.0000

D H33A

1DVF B D100A 4.30 2.0485 -11.1032 12.3077 -0.2938 1.1378 0.0000

D D52A

1DVF B D100A 4.20 1.5619 -5.1718 5.5665 0.0294 1.1378 0.0000

D N55A

1DVF A H30A 1.70 1.3906 -0.0518 0.4070 -0.1025 1.1378 0.0000

1DVF B T30A 0.90 1.0272 0.1349 0.3931 -0.6387 1.1378 0.0000

1DVF D K30A 1.00 0.4687 3.8229 -3.3114 -1.1805 1.1378 0.0000

1DVF A Y32A 2.00 1.1660 -0.7970 0.8276 -0.0025 1.1378 0.0000

1DVF B Y32A 1.80 1.2093 0.5443 -0.0263 -0.4464 1.1378 0.0000
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1DVF D H33A 1.90 1.1782 -0.1322 -0.0870 0.2597 1.1378 0.0000

1DVF A Y49A 1.70 1.0218 1.4872 -0.8658 -0.7374 1.1378 0.0000

1DVF A Y49A 2.60 1.0462 -0.1156 0.1085 -0.0845 1.1378 0.0000

D H33A

1DVF A Y49A 2.00 0.9557 0.4945 -0.1778 -0.4988 1.1378 0.0000

D N55A

1DVF C Y49A 1.90 1.0445 0.5704 -0.7390 0.0753 1.1378 0.0000

1DVF A Y50A 0.70 1.6479 0.5099 -0.2283 0.2284 1.1378 0.0000

1DVF B W52B 4.20 2.7748 0.6115 -0.3287 1.3542 1.1378 0.0000

1DVF B W52B 4.20 3.4461 -1.4312 0.7776 2.9618 1.1378 0.0000

D N55A

1DVF D D52A 1.70 1.5828 -2.1617 2.8609 -0.2542 1.1378 0.0000

1DVF B D54A 4.30 1.2774 -3.1661 3.4039 -0.0982 1.1378 0.0000

1DVF B D54A 4.50 1.3374 -3.7057 3.2100 0.6953 1.1378 0.0000

D Q104A

1DVF B N56A 1.20 1.1130 -0.2528 0.8642 -0.6362 1.1378 0.0000

1DVF B N56A 1.50 1.7623 -1.1716 1.3281 0.4680 1.1378 0.0000

D Q104A

1DVF B N56A 2.50 1.4124 -0.5334 0.4125 0.3956 1.1378 0.0000

D H33A

1DVF B N56A 2.30 0.9961 0.1803 0.4786 -0.8005 1.1378 0.0000

D N55A

1DVF B D58A 1.60 1.5566 -3.7723 4.5231 -0.3320 1.1378 0.0000

1DVF B D58A 1.50 1.8534 -4.3937 4.4710 0.6383 1.1378 0.0000

D Q104A

1DVF A W92A 0.30 1.6898 -0.2087 0.8174 -0.0567 1.1378 0.0000

1DVF A S93A 1.20 1.1436 0.3118 0.2219 -0.5279 1.1378 0.0000

1DVF D I101A 2.70 1.4111 0.1852 0.4506 -0.3625 1.1378 0.0000

1DVF B E98A 4.20 2.7854 -1.1726 3.8812 -1.0611 1.1378 0.0000

1DVF D Y102A 4.70 2.7632 -1.7623 1.0816 2.3061 1.1378 0.0000

1DVF B Y101F 2.00 0.9323 0.2632 -0.1751 -0.2937 1.1378 0.0000
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PDB Mutation EXP PRED SOLV COUL LJ PPIS PKA

2DQJ L Y50A 1.70 1.8815 -1.2987 0.9200 1.7550 0.5052 0.0000

2DQJ L Y50F 0.80 1.5351 -1.5628 1.3461 1.2466 0.5052 0.0000

2DQJ L Y96F 0.80 1.2230 -0.8468 1.3872 0.1774 0.5052 0.0000

2DQJ H Y33A 3.30 4.0252 -1.5971 0.9076 4.2095 0.5052 0.0000

H Y53A

2DQJ H Y33F 1.10 1.5227 -1.4346 1.5612 0.8909 0.5052 0.0000

2DQJ H Y50F 1.70 1.0659 -0.4402 1.0771 -0.0762 0.5052 0.0000

2DQJ H Y53A 0.20 2.1107 -1.7001 1.1595 2.1461 0.5052 0.0000

2DQJ H Y53F 0.70 2.1319 -1.9526 1.6020 1.9773 0.5052 0.0000

2DQJ H Y58A 1.70 1.7078 -1.9626 1.6605 1.5048 0.5052 0.0000

2DQJ H Y58F 0.40 1.0591 -1.1309 1.0910 0.5938 0.5052 0.0000

2DQJ Y D101G -0.10 1.8357 0.8110 -0.5470 1.0666 0.5052 0.0000

2DQJ Y W62G 1.00 1.5869 -0.9349 1.0370 0.9796 0.5052 0.0000

2DQJ H Y53W 0.80 1.8594 -1.7194 1.3177 1.7560 0.5052 0.0000

2DQJ H Y53L 0.90 1.3799 -1.1684 0.9353 1.1079 0.5052 0.0000

2DQJ H Y33W 1.80 1.2564 1.1667 0.2621 -0.6776 0.5052 0.0000

2DQJ H Y33L 2.10 2.0133 -1.0185 1.2522 1.2745 0.5052 0.0000

2DQJ H Y50L 2.90 0.8193 -0.7889 1.4366 -0.3335 0.5052 0.0000

2DQJ H Y58L 1.60 1.7791 -2.2048 2.2902 1.1885 0.5052 0.0000

2DQJ H D32A 0.90 1.3540 -11.8090 12.0960 0.5618 0.5052 0.0000

2DQJ H D32N 0.40 1.2760 -10.1401 10.5496 0.3613 0.5052 0.0000

2DQJ H D32E 0.60 1.5187 -2.2810 3.0779 0.2167 0.5052 0.0000

2DQJ H Y53S 1.20 1.8606 -1.4587 2.4138 0.4003 0.5052 0.0000

H S54F

H Y58F

2DQJ H Y53A 1.90 3.0914 8.2257 -6.7986 1.1591 0.5052 0.0000

H S54E

H S56A

H Y58F

2DQJ H Y53E 2.10 2.7213 4.8939 -2.9156 0.2379 0.5052 0.0000

H S54T
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H S56K

H Y58F

2DQJ L S91A 0.50 1.0555 -0.5796 0.7355 0.3945 0.5052 0.0000

2DQJ L S93A 0.10 1.0642 -0.6714 0.9401 0.2903 0.5052 0.0000

1IAR B D125A 0.80 0.3664 -22.5389 21.1973 0.4025 1.3055 0.0000

1IAR B N126A 0.68 0.3489 -3.9334 3.0924 -0.1156 1.3055 0.0000

1IAR B Y127A 2.17 4.7628 -16.8963 13.7684 2.7853 1.3055 3.8000

1IAR B L128A 1.11 0.7644 -3.3285 2.7554 0.0319 1.3055 0.0000

1IAR B Y129A 0.28 1.1732 -0.3093 0.1026 0.0744 1.3055 0.0000

1IAR B Y13A 5.22 3.6646 -13.4637 11.7695 0.2833 1.3055 3.7700

1IAR B M14A 0.17 0.5980 -3.8105 3.1060 -0.0030 1.3055 0.0000

1IAR B S15A 0.04 1.3593 -1.1401 0.9914 0.2025 1.3055 0.0000

1IAR B Y183A 3.68 4.2468 -15.0412 13.3012 0.6413 1.3055 4.0400

1IAR B L39A 2.77 1.2323 -1.2408 1.0583 0.1093 1.3055 0.0000

1IAR B F41A 2.26 2.1246 -10.9407 9.5816 2.1782 1.3055 0.0000

1IAR B L42A 0.00 1.4259 -2.7466 2.1697 0.6973 1.3055 0.0000

1IAR B L43A 0.33 0.2018 -10.6644 8.8106 0.7501 1.3055 0.0000

1IAR B D66A 0.73 1.5812 -14.7592 14.8509 0.1839 1.3055 0.0000

1IAR B D67A 2.36 4.4562 -27.6684 26.2272 0.6119 1.3055 3.9800

1IAR B V68A 0.84 0.4086 -9.3426 7.6105 0.8352 1.3055 0.0000

1IAR B V69A 2.10 0.6590 -5.8791 5.3429 -0.1103 1.3055 0.0000

1IAR B S70A -0.24 0.4880 -8.0496 6.7449 0.4872 1.3055 0.0000

1IAR B D72A 4.35 3.9849 -20.0742 18.7829 0.2506 1.3055 3.7200

1IAR B N73A 0.28 0.4866 -7.6553 6.4521 0.3843 1.3055 0.0000

1IAR B Y74A 2.73 3.1659 -15.8154 13.9331 0.0028 1.3055 3.7400

1IAR B K91A 0.53 0.4679 4.1833 -5.1761 0.1551 1.3055 0.0000

1IAR B P92A 1.44 0.1318 -6.1276 5.0612 -0.1073 1.3055 0.0000

1IAR B S93A -0.18 0.2469 -7.5235 6.1549 0.3100 1.3055 0.0000

1IAR B G94A 0.00 0.3335 -13.8325 12.8007 0.0598 1.3055 0.0000

1IAR B Y127F -0.18 0.6541 -6.2425 5.2459 0.3452 1.3055 0.0000

1IAR B Y13F 1.91 1.4404 0.7480 -0.2594 -0.3537 1.3055 0.0000
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1IAR B Y183F 3.16 3.9572 -15.0956 13.6143 0.2231 1.3055 3.9100

1IAR A I5A 1.19 0.1130 -7.6704 6.3450 0.1329 1.3055 0.0000

1IAR A T6A -0.08 0.7422 -3.5586 3.1332 -0.1379 1.3055 0.0000

1IAR A Q8A 0.00 0.3005 -6.9279 5.8066 0.1162 1.3055 0.0000

1IAR A I11A 0.07 0.7858 -4.9302 4.0293 0.3812 1.3055 0.0000

1IAR A K12S -0.04 0.2292 -14.7844 12.6639 1.0441 1.3055 0.0000

1IAR A T13A 0.98 0.4525 -4.5571 3.6157 0.0884 1.3055 0.0000

1IAR A N15A -0.04 1.7504 -0.5217 0.6308 0.3358 1.3055 0.0000

1IAR A S16A -0.17 0.2138 -7.5527 6.3486 0.1124 1.3055 0.0000

1IAR A E19A -0.32 0.1134 -4.0076 2.7017 0.1139 1.3055 0.0000

1IAR A R53Q 0.84 1.8244 -9.5099 9.9760 0.0528 1.3055 0.0000

1IAR A K77A 0.16 1.1871 -10.7814 10.2682 0.3948 1.3055 0.0000

1IAR A Q78A 0.13 0.1573 -6.9712 5.5531 0.2699 1.3055 0.0000

1IAR A R81A 0.48 0.9262 -20.3358 18.8986 1.0578 1.3055 0.0000

1IAR A F82A -0.08 0.8626 -5.1016 4.2381 0.4206 1.3055 0.0000

1IAR A K84A 0.35 0.5246 -17.8643 16.6164 0.4670 1.3055 0.0000

1IAR A R85A 0.43 0.9085 -22.4457 20.6666 1.3821 1.3055 0.0000

1IAR A R88Q 2.83 1.5888 -17.6513 17.4076 0.5271 1.3055 0.0000

1IAR A N89A 1.58 1.3277 -3.7970 3.3069 0.5123 1.3055 0.0000

1IAR A W91A 0.73 1.3774 -2.0762 1.7854 0.3626 1.3055 0.0000

1IAR A E9Q 3.12 2.1990 -14.9785 11.8903 -0.0183 1.3055 4.0000
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