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Kurzfassung

Computer Simulationen haben sich zu einer der wichtigen Techniken entwickelt, um Eigen¬
schaften von Biomolekülen zu untersuchen. Sie ermöglichen häufig, Probleme anzugehen, für

deren Aufklärung experimentelle Methoden eine zu grobe zeitliche oder räumliche Auflösung
haben. Ferner können die Wechselwirkungen zwischen den Atomen vollständig definiert und

somit ungewollte äussere Einflüsse ausgeschaltet werden.

Der methodologische Aspekt von Computer Simulationen kann in zwei Hauptteile gegliedert
werden. Einerseits ist es wichtig, Modelle und Parametrisierungen zu finden, durch die die

wichtigen Eigenschaften der Systeme möglichst wirklichkeitsgetreu wiedergegeben werden.

Andererseits ist es wesentlich herauszufinden, welche Methoden sich für welche Studien eignen.
Eine Methode muss genau genug sein, um alle wesentlichen Effekte genügend gut zu repräsen¬
tieren, andererseits aber auch schnell genug sein, damit sie die wesentlichen Teile des Phasen¬

raums absucht. Die vorliegende Dissertation befasst sich mit Aspekten der Molekulardynamik.
In Kapitel 1 wird ein Überblick über die Techniken gegeben, mit denen man die Eigenschaften
von Polypeptiden untersucht. Einige der Probleme bei der Strukturbestimmung von Polypepti¬
den werden aufgezeigt und die Grundlagen der Moleküldynamik erklärt.

Das zweite Kapitel ist eine Studie der Konformationen eines Peptides in Lösung. Das Peptid
besteht hauptsächlich aus a-Amino-iso-Buttersäure (Aib), einer achiralen Aminosäure, die zwei

Methylgruppen als Seitenketten hat. Durch das Vorhandensein der Aib Residuen werden die

Experimente zur Strukturbestimmung erheblich erschwert. Insofern ist Kapitel 2 ein Beispiel
dafür, wie Computer Simulationen wesentlich zur Strukturbestimmung von Peptiden und zur

Interpretation der experimentellen Daten beitragen können.

Ein Problem bei vielen experimentellen Methoden ist, messbare Observablen mit denjeni¬
gen Grössen in Verbindung zu bringen, die man kennen möchte. Im Falle des NMR Experi¬
ments verbinden hochgradig nicht-lineare Mittelungen Distanzen und Torsionswinkel mit den

Observablen (Intensitäten, Kopplungskonstanten, etc.). Kapitel 3 stellt eine Methode zur Anal¬

yse der Empfindlichkeit von Observablen bezüglich verschiedener Verteilungen von Variablen

vor. Als Anwendung der Methode werden die Mittelungsverfahren, die dem NMR Experiment
zugrundeliegen, untersucht, und es wird die Empfindlichkeit des NMR Experiments bezüglich
der Annahmen über Distanz- und Torsionswinkelverteilungen geprüft.

Kapitel 4 und 5 untersuchen das Problem, den pH-Wert der Lösung in einer klassischen

Simulation zu berücksichtigen. Das gängigste Verfahren dafür ist, dass ein bestimmter Pro-

tonierungszustand des Moleküls bestimmt und dann während der ganzen Simulation konstant

gehalten wird. In Kapitel 4 werden verschiedene Methoden zum Berechnen der Freien En¬

ergie Unterschiede von Protonierungs- und Deprotonierungsreaktionen verglichen. Diese Studie

führt zum Vorschlag einer Methode, in der die Protonierungszustände von titrierbaren Residuen

verändert werden können. Diese Methode wird in Kapitel 5 beschrieben und durch Anwendung

Xlll
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am Protein Lysozym und Berechnung der pKa Werte der titrierbaren Residuen dieses Proteins

überprüft.



Summary

Computer simulations have become an important tool for studying properties of biomolecules.

Often it is possible to investigate detailed aspects where the time- or space-resolution of ex¬

periments are not sufficient. Furthermore, all the interactions between atoms can be accurately
defined in a computer simulation, and thus unwanted environmental effects can be excluded and

contributions from different effects can be identified.

The methodology when working with computer simulations can be grouped in two major

aspects. On the one hand, in order to represent reality as best as possible, it is important to find

models and parametrisations which capture as many of the important effects as possible. On the

other hand, it is essential to find out which methods are suitable to studying certain properties of

the molecules; a method has to be accurate enough to reproduce all the effects essential to a given
problem set and fast enough to allow for a good sampling of the phase space. The present thesis

investigates aspects in the framework of molecular dynamics simulations. Chapter 1 gives an

overview of some of the techniques available for study properties of polypeptides. It illustrates

some of the problems of structure determination, and it explains the basic principle of molecular

dynamics simulations.

Chapter 2 is a conformational study of a peptide in aqueous solution. The peptide consists

mainly of a-aminoisobutyric acid (Aib), an achiral amino acid having two methyl groups as

side chains. The presence of these Aib residues complicates the experimental determination

of the structure of the peptide. In this sense, Chapter 2 is an example for applying computer
simulations to studying the structure of the peptide and to help interpreting the experimental
data.

In many experimental methods one of the problems is to relate measurable observables to the

quantities one is interested in. In the case of the NMR experiment highly non-linear averages

relate the observables (intensities, coupling constants, etc.) to distances and torsional angles
of polypeptides. Chapter 3 presents a method to analyse the sensitivity of observables with

respect to distributions of variables. The method is applied to the averages involved in the NMR

experiment, and the sensitivity of the NMR experiment with respect to assumptions on distances

and dihedral angles is analysed.

Chapters 4 and 5 treat the problem of representing the solution pH in a classical simulation;
the most common technique to account for the pH is to choose one protonation state of the

polypeptide and to keep it fixed throughout the simulation. In Chapter 4 methods to compute
free energy differences of protonation and deprotonation reactions are compared. This leads

to the proposition of a simulation method which can vary the protonation state of the titratable

residues. This simulation technique is presented in Chapter 5 and verified by applying it to

hen-egg white lysozyme and calculating the pKa values of the titratable residues of this protein.

xv



xvi Summary

Seite Leer /

Blank leaf



Publications

This thesis is based on the following publications:

Chapter 2:

Roland Bürgi, Xavier Daura, Alan Mark, Massimo Bellanda, Stefano Mammi, Evaristo Peggion,
and Wilfred F. van Gunsteren,

"Folding study of an Aib-rich peptide in DMSO by molecular dynamics simulations"

J. Peptide Res., 57, (2001) 107-118

Chapter 3:

Roland Bürgi, Jed Pitera, and Wilfred F. van Gunsteren,

"Assessing the effect of conformational averaging on the measured values of observables"

J. Biomol. NMR, 19, (2001) 305-320

Chapter 4:

Roland Bürgi, Florian Läng, and Wilfred F. van Gunsteren,
"A comparison of seven fast but approximate methods to compute the free energy of deprotona¬
tion for amino acids in aqueous solution"

Mol. Simulation, (2001) in press

Chapter 5:

Roland Bürgi, Peter A. Kollman, and Wilfred F. van Gunsteren,

"Simulating proteins at constant pH: a novel approach combining molecular dynamics and

Monte Carlo simulation"

Proteins, (2001) in press

xvii



Chapter 1

Introduction

About four centuries ago Isaac Newton introduced mathematics as an abstract, non-geometrical
tool to describe natural phenomena. This may be considered one of the starting points of modern

science. The phenomena occurring in nature were grouped into separate disciplines, each using
a different terminology and different methodologies to describe and explain observations. How¬

ever, in the course of the evolution of the disciplines as separate units, there were also more and

more connections between the disciplines found. Probably one of the most prominent connec¬

tions was the development of quantum mechanics at the beginning of this century which could

explain the nature of a chemical bond in the framework of physics. Nowadays, it is one of the

challenges in natural science not only to develop the disciplines as separate units but also to look

for models and descriptions linking the disciplines.
The question if linking the disciplines is in principle possible for all observed phenomena

has been one of the major topics in science philosophy. It is the question of reductionism, i.e.

the assumption that certain disciplines can be in principle reduced to other ones, versus holism,

the assumption that certain disciplines cannot be described through a combination of others [1].
The discussion has been led by many scientists and philosophers; the most prominent series of

open letters were written by the physicist Steven Weinberg and the zoologist Ernst Mayr and

published in Nature in the late eighties. The discussion has proven to be of a very complex
nature, and even for the question if chemistry is reducible to physics, no final answer could be

found.

However, even though it is unclear whether whole fields can be reduced to others, there is no

doubt that many aspects of different fields can be related to each other and that some phenomena
in one field can be described by the terminology and methology of another one. Most often, it

is only this change in perspective that makes it possible to fully understand a problem. When

working in the field of molecular biology, the diversity of terminologies and methods, as well as

the attempt to link observations and explanations becomes obvious. The present thesis illustrates

some of the problems and phénoménologies encountered in the context of the protein folding
problem.

1.1 The Protein Folding Problem

Before the first crystal structure of myoglobin was solved in 1958 [2], it had been believed that

1



2 Chapter 1. Introduction

Figure 1.1: The structure ofmyoglobin together with a heme carrying oxygen.

proteins have simple, symmetric structures similar to the ones found for DNAs. The structure of

myoglobin then revealed the fact that structures of proteins can be asymmetric and complex. It

became more and more obvious that the structure of a protein is directly related to its function,

which made the protein folding problem important for medical applications.
In the second half of the twentieth century the quest for the nature of protein structures has

been one of the major topics in molecular biology. There are indications in current research on

this topic that the structure of a protein is a result of the long-range (van der Waals and Coulom-

bic) interactions between the atoms of the protein. Therefore, the structure of a protein can be

considered a collective phenomenon. In recent years great efforts have been made to develop
models which explain the folding behaviour and the function of proteins [3-5]. However, the

problem turned out to be of enormous complexity: So far, no simple correlation between the

sequence of amino acids and the structure of the protein could be found.

1.1.1 The "Solution" to the Protein Folding Problem

Besides the difficulties encountered in treating and analysing the structure and function of pro¬

teins, it is not easy to describe what "solving" the protein folding problem means. There are

two aspects to the problem: On the one hand, one would like to be able to predict the structure

of a protein based on the knowledge of the amino acid sequence only. On the other hand, this
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"solution" does not necessarily explain the nature of the folding behaviour of proteins. This

can be illustrated by considering the reverse formulation of the problem: Given a structure one

would like to know a sequence of amino acids which yields the fold [6,7]. A method which can

predict folds is not necessarily capable of answering the question what sequence is needed to

obtain a given structure.

1.1.2 Experimental Methods

The experimental methods have proven to be very successful in determining the structure of

proteins. Most of the known protein structures were derived either by X-ray crystallography [8]
or by nuclear magnetic resonance (NMR) [9]. From the spectra measured by NMR experiments
information on distances and dihedral angles between the atoms of a protein can be derived.

This results in a system of constraints, from which the structure of the protein can be determined.

There are, however, too few constraints to determine the structure of the protein uniquely. For X-

ray crystallography, the protein has to be crystallised. By the diffraction of X-rays shot through
the crystal, a system of constraints can be derived, from which the structure of the protein can be

determined. Depending on the resolution of the X-ray experiment, the structure of the protein is

even over-determined. The structures obtained by X-ray crystallography are often very precise.
There are, however, also major limitations intrinsic in these experiments. As for X-ray crys¬

tallography, growing the protein crystal is often not easy, and it is questionable by how much the

structure of the protein in solution differs from the crystal structure. Furthermore, it is hard to

gather dynamic information from crystallography experiments. The NMR structures are often

much less accurate due to the lack of sufficient constraints to determine the structure. The time

resolution of the NMR experiment is in the order of /js to ms, and the intrinsic averages are

of a highly non-linear nature. Due to this non-linear conformational averaging, the structural

information contained in NMR measurements of flexible parts of proteins is not very high. This

is further investigated in Chapter 3 of this thesis. To investigate dynamic properties of proteins,
however, NMR is currently the most promising experimental approach [10,11].

1.1.3 Database Methods

For theoretical structure predictions the methods that have proven most successful are based on

empirical knowledge about protein structures [12]. When analysing correlations between all the

known structures of proteins it can be detected that similar sequences occur in similar secondary
structural elements. This knowledge can be used for folding predictions by mapping the amino

acid sequence to homologous sequences which occur in the database, and then assuming a fold

similar to the one of the homologous cases in the database.

Although this procedure is still the most successful one in predicting protein structures,
the limitations of the method are obvious: The results depend on the quality of the database,
and therefore the accuracy of the method depends on the size and accuracy of the database.

Furthermore, the method will not be able to capture subtle effects which occur through small

changes in the sequence. It is, however, known that often small changes in the environment

can play an essential role in the folding behaviour of a protein. As for the question concerning
the nature of protein folding, database methods have so far not been able to yield satisfactory
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explanations; the folding behaviour of proteins seems to be of a complexity which cannot be

modelled by mapping single sequences onto structures.

1.1.4 Lattice Models

Another approach for the theoretical treatment of proteins has been to derive non-atomic models

similar to the ones which exist in polymer science. In these models the amino acids are usually
represented as single units, and the protein is represented as a self-avoiding walk on a lattice

[13]. The advantage of such models is that the configurational space can be explored much more

easily than by an atomic representation of the protein. Solvent effects are usually introduced

using mean-field models of solvation energies, such as solving the linearised Poisson-Boltzmann

equation numerically.
Due to the discreteness of the configuration space it is possible not only to determine the

structure with the minimum potential energy but also to investigate a sizeable amount of folding
pathways of proteins. By studying lattice models it has been proposed that plotting the configu¬
rational entropy versus the configurational energy of a protein results in afunnel [14,15]. This

model would explain why proteins fold in a much shorter time than if the whole configurational
space had to be explored: rather than a smooth exploration process a drop to the bottom of the

funnel would be expected.

However, none of these approaches has been able to reproduce the structure of a protein
to the degree of accuracy that is obtained by the database methods. It seems as if the atomic

representation might be necessary in order to capture all the subtleties determining the folding
behaviour of a protein. Since the structures derived using lattice models are not very accurate, the

value of the explanations concerning the folding behaviour of proteins can also be questioned.

1.1.5 Molecular Dynamics Simulations

Molecular dynamics (MD) simulations generally involve atomic representations of proteins.
Newton's equations of motion for the atoms are integrated forward in time. For a description
of the MD procedure, see Section 1.2. Since MD simulations are very expensive concerning
the computational time required, they are not yet suitable to predict protein structures: Present

computers allow for simulation times of several nanoseconds, whereas proteins fold rather in

the time range of seconds. However, it has been possible to study the conformations and folding
behaviour of small peptides, i. e. sequences of a few amino acids. Since many of these pep¬
tides are highly flexible, MD simulations are often the only tool that can accurately analyse the

ensemble of structures present in thermal equilibrium.

Chapter 2 of this thesis contains an example of such a conformational study by MD. The

peptide studied is rich in a-aminoisobutyric acid (Aib), an amino acid consisting of two methyl
groups as side chains. Due to the lack of a-protons in Aib and due to the symmetry of Aib, NMR

experiments are complicated. In the case of the peptide studied in Chapter 2, the MD simulations

contributed significantly to the interpretation of the data obtained in the NMR experiments and

to the understanding of the structural behaviour of the peptide.
Besides the prediction of structures, there is another important aspect to MD simulations in

the context of protein folding. MD simulations have proven to be a useful tool to analyse detailed



1.2. Molecular Dynamics Simulations of Proteins 5

aspects which contribute to the understanding of protein folding processes. From the equilib¬
rium simulations of small peptides, for instance, it could be shown that the conformational space

accessible to the peptides is much smaller than the total of combinatorial possibilities would

suggest: Considering three degrees of freedom per torsional dihedral angle of the backbone, the

conformational space of a 10 residue peptide would consist of 109 states. In the simulations,

however, only hundreds of different conformations were observed [16]. Apparently, most of the

109 states are energetically so unfavourable that they are actually hardly accessed. This is rele¬

vant in the understanding of the protein folding problem, since it explains the rather short time

scale in which folding processes occur; if the peptide had to sample the whole conformational

space derived by combinatorial considerations, the folding process would be much slower [17].
To some extent, these observations are in agreement with the funnel picture. The concept

of a folding funnel also suggests that the configurational free energy is unfavourable for most

of the configurations. The MD simulations of peptides, however, also suggest that the bottom

of the folding funnel is a rugged surface rather than a spike consisting of one structure. When

considering the subtle effects occurring in folding processes, this observation does not seem

unlikely: changes to the system, such as mutating single residues or changing the pH of the

solution, can significantly alter the structure of a protein. Therefore, it seems plausible that

several configurations of a protein are energetically in a similar range.

1.2 Molecular Dynamics Simulations of Proteins

This section gives an overview over the principle of MD simulations of proteins and points out

some of the problems encountered in modelling proteins and in the technical realisation of MD

simulations. For a more profound description of simulation techniques in general see [18], and

for a detailed overview of MD simulations of proteins see [19].

1.2.1 Basic Principle

For molecular dynamics (MD) simulations of proteins, a classical potential energy function V

is defined as a function of the coordinates of the atoms V(x\,... ,xk). The covalent interactions

are represented by harmonic potentials for bond lengths bu

1 Nb

Vbtmd = ^Kb.(bi-bo,i)2, (1.1)
Li=\

for the cosine of the bond angles 0,-,

Vangle = X X ^, (COS 0,' - COS 0OjI)2 , (1.2)
i=l

and for the improper (out-of-plane, out-of-tetrahedral configuration) dihedral angles £,,

1 ^
2

^improper = r X K%i (£' _ ^,i) , (1-3)
Zi=\
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and by a more complex potential for dihedral angles (|>,-,

1 ty

V^ferfra/ =
«
X *4>i; (1 + cos S<cosm$i) ' (l -4)

Zi=l

where cos ô/ = =b 1 and m,- = 1,2,..., 6. The long range interactions are described by Lennard-

Jones potentials for the van der Waals interactions,

Vu=ïJî(Ç}4Â-C6(i,j)), (1.5)

and Coulomb potentials for the electrostatic interactions,

Ve^T^-l^- (1-6)

In every time step, the system is integrated forward in time according to Newton's equations of

motion:

Pi = mxi = -ViV(xi,...,xN). (1.7)

Although the basic principle ofMD simulations sounds easy, the actual realisation of an MD

simulation is more complex. The following subsections will illustrate just a few of the problems
encountered.

1.2.2 The Force Field

One of the major difficulties in MD simulations is the choice of the force constants, the ideal

covalent quantities (ideal bond lengths, bond angles, improper dihedral angles and dihedral an¬

gles), the Lennard-Jones parameters and the atomic partial charges. A collection of such con¬

stants is called a force field. Since the correct treatment of the interactions between the atoms

requires a quantum mechanical description, the choice of the force field parameters is not ob¬

vious. All the potentials described above are just approximations, and many effects cannot be

treated in this choice of potentials. Therefore, it is hard to find a way to derive the force field

parameters correctly from quantum chemical calculations; the force fields are rather derived em¬

pirically and fitted to experimental data in terms of equilibrium and dynamic properties of small

molecules which contain molecular segments typical for the ones occurring in the molecules to

be studied.

An important effect that is not considered in the Coulomb potential is the polarisation of the

atoms due to the electrostatic field which surrounds them. Many approaches have been tried out

to introduce polarisation effects into the description of the interactions, but none of them has

proven to be successful enough to replace the empirically derived fixed charges that are slightly
over or underestimated to correct for the lack of polarisability.

The force field used throughout this thesis is the GROMOS96 force field 43A1 [20].



1.2. Molecular Dynamics Simulations of Proteins 7

1.2.3 Calculation of the Long-Range Forces

Another difficulty encountered in MD simulations is the calculation of the long-range forces.

Since there areN-(N—l)/2 atom pairs in a system ofN atoms, the calculation of the long-range
forces scales as N2 with the number of particles. Therefore, the calculation of the long-range
forces is very time consuming in a large system.

One way to reduce the degree of complexity is to use a cut-off when evaluating non-bonded

interactions. For each atom, only interactions within a certain radius are considered. This re¬

duces the degree of complexity to a scaling of N. In order to extend the size of the cut-off without

increasing the computational time required drastically, GROMOS96 [20,21] uses a twin-range
cut-off: Within a short-range cut-off, all the interactions are calculated every time step, whereas

the interactions between the short-range and a long-range cut-off are only updated every few

time steps. Furthermore, a reaction field force [22] approximates the forces due to electrostatic

interactions beyond the long-range cut-off distance.

Alternative methods to calculate the electrostatic interactions are based on the Ewald sum¬

mation method [23,24]. The system under consideration is extrapolated periodically to infinity
and the electrostatic interactions are summed up correctly for the infinite system. There are,

however, also disadvantages to using the Ewald summation methods: Since only calculations of

infinite periodic systems are possible, artificial periodicity is introduced into the calculations.

1.2.4 Implicit and Explicit Solvation Models

When simulating proteins solvated in explicit solvent molecules, most of the computational time

is spent on simulating the solvent molecules. Thus, there has been an ongoing effort to replace
the explicit solvent molecules by an implicit solvation model [25,26]. One of the most success¬

ful models is based on solving the linearised Poisson-Boltzmann equation numerically. None

of the implicit solvation models, however, has proven to be successful in representing all the

relevant solvation effects to a sufficient degree of accuracy. There are indications from explicit
solvent simulations that the hydrogen bonding of protein atoms with solvent atoms as well as the

conformational entropy of the solvent are relevant to the folding behaviour of proteins. These

effects are very hard to model in an implicit solvation scheme.

1.2.5 Treatment of the Solution pH in MD Simulations

The solution pH is not an easy quantity to account for in MD simulations, since protonation and

deprotonation reactions cannot be represented by classical physics. Thus, in most MD simula¬

tions one protonation state of the protein is chosen and kept fixed during the whole simulation.

This is an inaccurate model, since many residues are expected to be in an equilibrium of the

charged and neutral forms rather than being in one state only.

Chapter 4 of this thesis studies the calculation of free energies for protonation and deproto¬
nation reactions of amino acids by MD simulations. The knowledge gained in this study leads

to the proposition of an algorithm combining Monte Carlo and MD simulations which accounts

for the solution pH by allowing to change the protonation state of the charged residues. This

algorithm is presented in Chapter 5.
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Chapter 2

Folding Study of an Aib-Rich Peptide in

DMSO by Molecular Dynamics
Simulations

2.1 Abstract

To evaluate the ability of molecular dynamics (MD) simulations using atomic force fields to

correctly predict stable folded conformations of a peptide in solution, we show results from MD

simulations of the reversible folding of an octapeptide rich in a-aminoisobutyric acid (2-amino-

2-methyl-propanoic acid, Aib) solvated in di-methyl-sulfoxide (DMSO). This solvent generally
prevents the formation of secondary structure, whereas Aib-rich peptides show a high propensity
to form secondary structural elements, in particular 3io- and a-helical structures. Aib is, more¬

over, achiral, so that Aib-rich peptides can form left- or right-handed helices depending on the

overall composition of the peptide, the temperature, and the solvation conditions. This makes

the system an interesting case to study the ensembles of peptide conformations as a function

of temperature by MD simulation. Simulations involving the folding and unfolding of the pep¬

tide have been performed starting from two initial structures, a right-handed a-helical structure

and an extended structure, at three temperatures, 298 K, 340 K, and 380 K, and the results are

compared with experimental NMR data measured at 298 K and 340 K. The simulations gener¬

ally reproduce the available experimental NOE data, even when a wide range of conformations

is sampled at each temperature. The importance of adequate statistical sampling in order to

reliably interpret the experimental data is discussed.

2.2 Introduction

The prediction of whether and how proteins and peptides in solution fold to a relatively com¬

pact, stable structure is one of the grand challenges in computational biochemistry. Although
expressed proteins generally fold to a unique, stable 3-dimensional structure, shorter peptides
may adopt a variety of structures in solution. This makes the characterisation of the ensemble

of relatively stable structures of peptides using experimental methods a non-trivial task. An

experiment yields ensemble averaged properties from which it is possible to conclude that the

11
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ensemble is dominated by one unique conformation only in particular cases.

In this context, Molecular Dynamics (MD) simulations have proven to be an excellent tool

for studying the process of reversible peptide folding. Recently, secondary structures of various

peptides have been studied by means of MD simulation using explicit solvents [1-7], and im¬

plicit solvation models [8,9]. In contrast to other analysis methods, MD simulation generates
an ensemble of structures from which the behaviour of a system can be inferred and averages

calculated, which can in turn be compared to experimental averages. With the present comput¬

ers, it is possible to simulate hundreds of nanoseconds for small systems. This makes it possible
to sample a vast variety of conformations. Moreover, the dynamics of folding-unfolding can be

studied, since these processes can occur on the nanosecond to microsecond time scale for small

peptides [10].
In the current work, we study the secondary structure formation of an octapeptide rich in

a-aminoisobutyric acid (2-amino-2-methyl-propanoic acid, Aib) in DMSO. The chemical struc¬

ture is shown in Figure 2.1. Asa solvent, DMSO usually reduces or even prevents the formation

O CBi CB, H O CB2 CB, H O CB2 CB, H O CB2 CB, H O

Z - Aib1 - Aib2 - Aib3 - Aib4 - Aib5 - Leu6 - Aib7 - Aib8 - OMe

Figure 2.1: Chemical formula of the octapeptide. CB\ and CB2 indicate the pro-S and pro-R

methyl groups respectively.

of stable secondary structure. Aib-rich peptides, however, have a high propensity to adopt sec¬

ondary structure, particularly 3io and a helices [11], even in DMSO. Since the octapeptide
contains seven achiral (Aib) residues and only one chiral (L-Leu) residue, it is expected to adopt
both left-handed (L) and right-handed (R) helical structures. The presence of the L-Leu residue

at position 6 would result in a slight preference for the R-helical form. This makes the present

system an interesting test of the interatomic force field used, provided the MD simulations are

sufficiently long so that both L- and R-helical structures are sampled.
NMR studies have been performed on the octapeptide studied [12]. The lack of a protons

makes NMR experiments on such peptides very difficult to interpret. The NMR results seem

to indicate the right-handed 3io-helix as the predominant structure. It is, however, highly de¬

sirable to use an independent technique to unambiguously determine the dominant secondary
structure of the octapeptide, as the NMR data are a time average over an ensemble of structures,

and especially for flexible molecules it is questionable to what extent a single structure can be

representative for the ensemble. Therefore, the current study has two aims: 1) to model the

conformational equilibria of the octapeptide in solution in order to enable interpretation of the

NMR data and 2) to test the ability of the force field to reproduce the available experimental data

independent of an initial structural model.

Four MD simulations were performed. To investigate the stability of the right-handed helical

fold, two of the simulations were started from a right-handed (R) a-helical structure, one at
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298 K (298aR) and one at 380 K (380aR). To investigate the ability of the simulations to fold

the peptide from an arbitrary conformation, two simulations were performed starting from an

extended conformation (all backbone dihedral angles equal to 180°), one at 298 K (298e) and

one at 340 K (340e). Using higher temperatures the equilibrium between folded and unfolded

conformations is shifted towards the latter and the number of (un)folding transitions is enhanced,

which leads to broader sampling. Table 2.1 gives an overview of the MD simulations.

Label Temperature Starting configuration Length

298aR 298 K a-helix (right-handed) 50 ns

298e 298 K extended chain 150 ns

340e 340 K extended chain 150 ns

380<xr 380 K a-helix (right-handed) 50 ns

Table 2.1: Overview ofthefourMD simulations of the octapeptide Z-{Aib)^-L-Leu-(Aib)i-OMe
in DMSO

2.3 Methods

All simulations were performed with the GROMOS96 package [13,14], using the GROMOS

force field 43A1 [13]. The peptide was placed in a right-handed (R) a-helical conformation in

a periodic truncated octahedron with 768 DMSO molecules [15] for the 298aR and the 380aR
simulations and in an extended conformation (all backbone torsional angles set to the trans

configuration) with 1119 DMSO molecules for the 298e and the 340e simulations. Covalent

bond lengths were kept rigid using the SHAKE procedure [16] with a geometric tolerance of

10~4. Before starting the simulations, a steepest descent energy minimisation was carried out to

relax the solvent molecules around the peptide. Initial velocities were assigned from a Maxwell-

Boltzmann distribution at 200 K. During the initial phases of the simulations, the dihedral angles
were restrained using a harmonic potential energy function relaxing the force constant from 0.1

kJ mol-1 deg~2 to 0 within 150 ps.

Peptide and solvent separately were weakly coupled to a temperature bath [17] with a relax¬

ation time of 0.1 ps. In addition, the system was coupled to a pressure bath [17] of 1 atm using
the isothermal compressibility KT = 4.575 x 10~4 (kJ mol-1 nm"3)"1 a°d a relaxation time of

0.5 ps. The time step for the leap-frog algorithm was set to 0.002 ps. For the non-bonded in¬

teractions, a twin-range cutoff was used, evaluating the short-range contributions of the van der

Waals and electrostatic interactions within 0.8 nm at every time step and the long-range contri¬

butions within 1.4 nm every 5 time steps. Electrostatic forces outside 1.4 nm were treated using
a reaction field with the relative dielectric permittivity e = 54. Trajectory coordinates were saved

every 0.5 ps for analysis.
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2.4 Results and Discussion

2.4.1 Secondary Structure

Figure 2.2 shows the backbone atom positional root-mean-square deviations for residues 2 to 7

0 10 20 30 40 0 10 20 30 40 50

time [ns] time [ns]

0 30 60 90 120 0 30 60 90 120 150

time [ns] time [ns]

0 30 60 90 120 0 30 60 90 120 150

time [ns] time [ns]

0 10 20 30 40 0 10 20 30 40 50

time [ns] time [ns]

Figure 2.2: Backbone atom positional root-mean-square deviation (RMSD, residues 2 to 7)from
a left-handed (A, E, I, M) and a right-handed (B, F, J, N)3\q model helix andfrom a left-handed
(C, G, K, O) and a right-handed (D, H, L, P) a model helixfor the simulations (see Table 2.1)

298aR (A, B, C, D), 298e (E, F, G, H), 340e (I, J, K, L), 380aR (M, N, O, P).

from a left-handed (left-hand-side panels) and a right-handed (right-hand-side panels) 3io model

helix (upper panels) and from a left-handed and a right-handed a model helix (lower panels) for

all four simulations as a function of time. Figure 2.3 shows the occurrence per residue of the two

predominant secondary structure elements, a-helical (black) and 3io-helical (grey), as defined in

the program PROCHECK [18], for the four simulations as a function of time. PROCHECK does

not differentiate between left-handed and right-handed structures. A variety of other secondary
structure elements such as hydrogen bonded turns and bent residues were detected. For clarity,
these were omitted from Figure 2.3.
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Both Figure 2.2 and Figure 2.3 show that the helical structure in the 298aR simulation is

stable for extended periods on the nanosecond time scale; During the first 25 ns, only transitions

between the a-helical and the 3io-helical structure are observed. Starting from an extended

structure (simulation 298e) R-helical structures are sampled at different times throughout the

simulation. Comparing the two room temperature simulations (298aR and 298e) it is clear that

the former is dominated for tens of nanoseconds by its R-helical starting structure. This is

not the case at 380 K (simulation 380aR), where the a-helix is lost after half a ns and the N-

terminal part of the peptide then folds repeatedly into 3io-helical structures (Figure 2.3). A

similar pattern is observed in the 340e simulation. When raising the temperature from 298 K

(298e simulation) to 340 K (340e simulation) and to 380 K (380aR simulation), the time scale

for major conformational changes becomes shorter (Figure 2.3): from 10-30 ns (298e) to 4-10

ns (340e) and to 1-4 ns (380aR). Figure 2.3 shows also how close in conformational space the

a- and the 3io-helical structures are. Once a helical conformation is reached the peptide starts

swapping between a- and 3io-helical forms.

As for the chirality of the peptide conformations, in Figure 2.2 it can be seen that at room

temperature only right-handed helical structures are formed. However, at room temperature the

time scale of major conformational changes is of the order of tens of nanoseconds. Even sim¬

ulations of 50 to 150 nanoseconds do not result in a representative sampling of conformational

space, and it is therefore not possible to draw definitive conclusions based on the 298aR and

298e simulations. At the higher temperatures, the peptide behaves as though it were essentially
achiral. In the 380aR simulation, there seems to be a slight preference for left-handed structures

over the right-handed ones. These observations are confirmed in the Ramachandran plots shown
in Figure 2.4; the higher the temperature, the greater the apparent preference for left-handed

structures (i.e. more density in the upper-right quadrant). Even at room temperature the last

residue, Aib8, is predominantly found in left-handed configurations. This is in agreement with

the observation of Karle et al. [11] that in crystal structures of Aib containing peptides, the ones

terminating with a Leu-Aib-OMe, an Aib-Aib-OMe or an Ala-Aib-OMe sequence generally (14
out of 17) show a left-handed helical conformation at the final Aib residue. The crystal structure

of a bromo-substituted analog of the octapeptide simulated here contains two equally populated
enantiomeric helical conformations for the terminal residue Aib8 [19]. Furthermore, the Ra¬

machandran plots show that, except for the 298aR simulation, the Leu residue prefers extended

conformations as opposed to helical ones. Thus, L-Leu serves rather as a helix breaker than as

a helix former in the octapeptide, in agreement with the observation that Leu is more frequently
found in ß than in a structures [20].

2.4.2 Clustering

In order to obtain a better picture of the conformational variety in the ensemble of structures

of the octapeptide, the structures have been grouped into clusters with respect to their back¬

bone atom positional root-mean-square differences (RMSD) for residues 2 to 7. For the precise
definition of the clustering algorithm, we refer to Daura et al. [5]. Each cluster consists of

structures which differ by less than 0.1 nm in backbone atom positional RMSD. The clusters

are mutually exclusive, i.e. different clusters cannot contain the same structure. For the 298aR
simulation 26 clusters were found, for the 298e simulation 77 clusters, for the 340e simulation

147 clusters, and for the 380aR simulation 105 clusters. Figure 2.5 shows the relative population
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of all the clusters. For all simulations, only about 20 clusters are populated by more than 1%.

The ensemble of peptide structures is dominated by only about 5 to 10 peptide conformations.

This is in agreement with MD simulations of the unfolded state of other peptides showing that

the unfolded or denatured state is not of random conformational nature but can be characterised

by a low number, lOMO2, of conformations [3,5]. Example conformations selected from the

trajectories of the octapeptide are shown in Figure 2.6. In picture I of this figure, the variety
of backbone structures within a cluster is indicated: the five superimposed structures shown are

members of the first (most populated) cluster of the 298aR simulation taken at different times.

Since the clustering criterion only involves the backbone atoms of residues 2 to 7, the terminal

residues and the side chains show a variety of conformations.

A secondary structure analysis, using the program PROCHECK, of the different clusters

can be found in Figure 2.7. The lengths of the bars indicate the percentage of occurrence of
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Figure 2.6: Selected structures of the octapeptide: left-handed 2>\q helix (A), right-handed 3io
helix (B), left-handed a-helix (D), right-handed a-helix (E), structure with maximum radius of

gyration in simulation 2981 (C), structure with minimum radius of gyration in simulation 298e

(F), central member ofthe most populated cluster in simulation 298s (G), central member ofthe

most populated cluster in simulation 340e (H), several members ofthe most populated cluster of
simulation 298aR (I).
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cluster sequence number cluster sequence number

Figure 2.7: Secondary structure analysis of the 20 most populated clusters for the simulations

298aR (A), 298e (B), 340e (C), 380aR (D) calculated with the program PROCHECK. 3W he¬

lical residues are plotted in red, a-helical in dark blue, bends in brown, turns in light blue,

and beta bridges in yellow. The lengths of the bars indicate the percentage of occurrence of a

given secondary structure element per residue. The clusters are ranked according to decreasing
population.

a given secondary structure element. Simulation 298aR (Panel A) is biased by its a-helical

(dark blue) starting structure. In the simulations 340e and 380aR (Panels C and D), the most

populated cluster (sequence number 1) has its N-terminal part folded into a 3io-helical (red)
form. Cluster one in simulation 298e (Panel B) is only slightly 3io-helical in its N-terminal

part, whereas cluster two is more helical. However, as noted before, the room temperature
simulations 298aR and 298e are not long enough to provide adequate statistics. In terms of the

number of highly populated clusters as well as their relative populations (Figure 2.5 A and B)
and the dominant type of secondary structure present (Figure 2.7 A and B), the simulations at

298 K are not converged. The sampling difficulties at 298 K are also clear when comparing
results at different temperatures. When lowering the temperature from 380 K to 340 K and 298

K one would normally expect the relative population of the most stable (lowest cluster sequence
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number) conformation to increase. This is the case comparing simulations 380aR and 340e in

Figure 2.5, but not when comparing simulations 340e and 298e. The structures of clusters one

and two of simulation 298e, (see Figure 2.8), are very similar, and their relative populations less

Figure 2.8: Structures of the central members of clusters one (most populated, black) and two

(second most populated, white) ofsimulation 298e.

than 4% different. Yet, their secondary structures are characterised differently by the program
PROCHECK (Figure 2.7 B). Structures in cluster 1 are mainly identified as being comprised of

turns while structures in cluster 2 are predominantly recognized as partial 3io helices. Longer
simulations at 298 K may easily shift the character of the most populated cluster towards 3io
helical as it is found in the simulations at higher temperatures (Figure 2.7 C, D).

To explore the handedness of the peptide conformations, a detailed analysis of the hand¬

edness per residue was made for the first 10 clusters of each simulation. Table 2.2 shows the

results grouped into R (third quadrant of the Ramachandran plot), L (first quadrant of the Ra¬

machandran plot), and - (second or fourth quadrant of the Ramachandran plot). Residues 1 and

8 were not considered, as they were excluded from the clustering criterion. Except for the 298aR
simulation, which is biased by its starting structure, there is an overall preference for L-handed

conformations. However, we can see that often both L- and R-conformations are present at the

same time for different residues along the peptide chain. Sometimes the handedness changes
more than once along the peptide chain. It is also apparent that the Leu6 residue is hardly found

in either R- or L-handed conformations.
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Simulation 298aR Simulation 298e

Nr. Pop. Residue number Nr. Pop. Residue number

[%] 2 3 4 5 6 7 [%] 2 3 4 5 6 7

1 56 R R R R R R 1 22 - R L L - L

2 15 R R L R - - 2 18 L L L L - R

3 13 R R - R R R 3 18 R L L R - L

4 8 R - R R - R 4 18 - R R L - R

5 2 - R - R R R 5 12 R R R R - R

6 1 R R L - - R 6 10 R L L - -

7 1 - - R - R R 7 9 L R - R - R

8 1 L R L L - - 8 6 R L L R - -

9 0.5 R R R R R R 9 6 L - L L - R

10 0.5 R R - R R R 10 3 - R - - R

Simulation 340e Simulation 380aR
Nr. Pop. Residue number Nr. Pop. Residue number

[%] 2 3 4 5 6 7 [%] 2 3 4 5 6 7

1 28 L L L L - L 1 17 - L L L -

2 11 L - R L - - 2 12 L L L R - R

3 9 R - L L - L 3 7 R R L L -

4 9 - L L R - R 4 6 L L L - L R

5 8 R L L - L 5 4 - L R R R L

6 8 R L L L - R 6 4 L L L - R -

7 7 L L R R - - 7 4 L L R L - L

8 4 R L - L - L 8 4 L L L - -

9 4 R - - L - L 9 4 L L L L R L

10 3 - L R - R 10 3 R R L R - R

Table 2.2: Handedness of the central member conformations of the first ten clusters for the

simulations 298aR, 298s, 340e, and 380aR as a function of the residue number. The population

(Pop.) of the clusters is given in percent. The symbols R and L indicate §,\\f angles in the

third (((), \|/ < 0) andfirst (§, \|/ > 0) quadrant ofthe Ramachandran plot respectively, the symbol
- indicates (|),\|/ angles in the second (§ > 0, \|/ < 0) or fourth ((j) < 0, \|/ > 0) quadrant of the

Ramachandran plot. Residues 1 and 8 were not considered, as they were excluded from the

clustering criterion.



2.4. Results and Discussion 23

2.4.3 Comparison with Experiment

For a comparison of the simulated proton-proton distances with experimentally determined NOE
distance bounds, 34 values at 298 K and 32 values at 340 K were available [12]. As all simula¬

tions were based on a united atom model, distances to methyl groups had to be calculated using
appropriate pseudo atoms [13]. For comparison with the experimental NOE bounds including
methyl groups, the latter had to be recalculated in the following way: 1. All the experimental
NOE distance bounds to methyl groups had been obtained as a weighted sum, rj> = X|=i rTjk'
where r,; denotes the distance from proton i to the methyl group j and r^ is the distance from

proton i to proton k of the methyl group j [12]. The distances calculated with pseudo atoms,

however, correspond to a geometric mean position of the three protons of the methyl group

rjj3 = 5^1=1 riâ- Therefore, the experimental NOE bounds involving methyl groups of Bel-

landa et al. [12] were multiplied by a factor of 31/3. 2. A pseudo atom correction of 0.03 nm

was added to the NOE bounds involving methyl groups [21].

NOE sequence Atom 1 Atom 2 NOE upper bounds at

number 298 K [nm] 340 K [nm]

1 IHN 2HN 0.351 0.326

2 1CB1 IHN 0.365

3 1CB2 IHN 0.378 0.415

4 1CB1 2HN 0.404 0.444

5 1CB2 2HN 0.455 0.512

6 1CB1 3HN 0.496

7 1CB2 3HN 0.502 0.600

8 1CB2 4HN 0.486

9 2HN 3HN 0.337 0.300

10 2CB1 2HN 0.367 0.406

11 2CB2 2HN 0.405 0.441

12 2CB2 3HN 0.481 0.515

13 2CB2 4HN 0.519 0.666

14 2CB2 5HN 0.471 0.502

15 3CB2 3HN 0.454

16 3HN 4HN 0.299 0.279

17 3CB1 4HN 0.393

18 3CB2 4HN 0.470 0.568

19 3CB2 6HN 0.461

20 4HN 5HN 0.286 0.280

21 4CB1 4HN 0.350 0.388

22 4CB2 5HN 0.486

23 4CB2 6HN 0.492

24 5CB2 5HN 0.490

25 5HN 6HN 0.281 0.259

26 5CB1 6HN 0.402

27 5CB2 6HN 0.572

28 5CB1 6HA 0.492 0.574
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NOE sequence Atom 1 Atom 2 NOE upper bounds at

number 298 K [nm] 340 K [nm]

29 5CB2 6HA 0.657

30 5CB2 7HN 0.477 0.546

31 5CB2 8HN 0.486 0.564

32 6HN 7HN 0.261 0.266

33 6HA 7HN 0.297 0.298

34 6HA 8HN 0.349 0.392

35 7HN 8HN 0.288 0.289

36 7CB1 7HN 0.392

37 7CB2 7HN 0.453

38 7CB1 8HN 0.414

39 7CB2 8HN 0.582

40 8CB1 8HN 0.380 0.434

41 8CB2 8HN 0.406 0.445

Table 2.3: Experimentally derived proton-proton and proton-methyl NOE bounds, measured

at two temperatures: 298 K and 340 K. Protons of the Aib methyl groups are indicated by the

symbols CB1 (pro-S) and CB2 (pro-R). The bounds involving the CB methyl groups include a

pseudo-atom bound correction of0.03 nm, since the geometric mean ofthe positions ofthe three

methyl hydrogens is used in the NOE distance calculation [21].

The modified NOE distance bounds are listed in Table 2.3. The NOE bounds to the Aib

methyl groups CB 1 (pro-S) and CB2 (pro-R) have been assigned such that they match the right-
handed 3io helix. Since we do not want to assume any previous knowledge about the structure of

the peptide, we calculated the violation of the NOE distance bounds for both the assignments as

given in Table 2.3 (Figure 2.9a) as well as the opposite assignments (CB1 and CB2 interchanged)
for the Aib methyls (Figure 2.9b). Considering Figure 2.9a, all the NOE bound violations (black
and grey lines indicate bound violations of experimental data collected at 298 K and 340 K

respectively) are below 0.1 nm for the 298aR simulation. The biggest violation observed is 0.08

nm for the distance 5CB2-7HN (no 30). This simulation is, however, dominated by the R-helical

starting structure. For the simulation starting from the extended structure (298e), the same NOE

shows the biggest violation. It is the only violation greater than 0.1 nm. Comparison with the

298aR simulation shows that the NOE violations are reduced as soon as there is a longer period
of helical structures. However, in neither simulation is the sampling sufficient. For the 340e
simulation, all the NOE violations are below 0.05 nm. The NOE bounds are thus essentially
satisfied at this temperature. Even for the 380aR simulation, the NOE data measured at 340 K

are basically satisfied.

When choosing the opposite assignment of NOE peaks to the chirally indistinguishable
methyl groups CB1 and CB2, e.g. by assigning the NOE bounds to match a left-handed 3jo
helix, i.e. by exchanging CB1 and CB2 in Table 2.3, we notice that all the NOE bound violations

increase in the 298aR simulation (Figure 2.9b). This is understandable as the 298aR simulation

is biased by its right-handed starting structure. However, for all the other simulations we see
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K (black; 34 NOEs) and 340 K (grey; 32 NOEs) for the simulations 298aR (A), 298e (B), 340e
(C), and 380aR (D). The NOE sequence numbers for Figure 2.9a are defined in Table 2.3. In

Figure 2.9b, the assignmentsfor the pro-S andpro-R methyls have been switched in comparison
with Table 2.3. At 298 K, no bounds are availablefor NOEs with sequence numbers 15, 24, 27,

29, 36, 37, and 39. At 340 K, no bounds are availablefor NOEs with sequence numbers 2, 6, 8,

17, 19,22,23,26, and 38.
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that the NOE bounds 1CB2-4HN (no 8), 2CB2-5HN (no 14) and 3CB2-6HN (no 19) are less

violated when the assignments are made according to a left-handed 3io helix, whereas the NOE

bounds 5CB2-7HN (no 30) and 5CB2-8HN (no 31) are less violated if the assignments match

the right-handed 3io helix. This indicates that in the 298e, 340e and 380aR simulations, the first

5 residues seem to prefer a left-handed rather than a right-handed conformation, and that there

is a change in chirality at the Leu6. As we can see from Figure 2.4, the last two residues prefer a

left-handed conformation again. It is also interesting to see that the NOEs 5CB2-7HN (no 30),
and 5CB2-8HN (no 31) are moderately violated at 298 K (Figure 2.9 Panels A, B, black lines)
and not violated at all at 340 K (Figure 2.9 Panel C, grey lines) although the carboxy terminus

of the peptide is highly flexible and only adopts helical forms for short times.

Regarding the averaging involved in the NMR experiment, it is of interest to compute the

NOE violations of single structures. Figure 2.10a shows the violations of the NOE bounds as de¬

fined in Table 2.3 for several conformations, displayed in Figure 2.6, taken from the simulations.

Figure 2.10b shows the violations of the same structures to the NOE bounds with the opposite
assignment of NOE peaks to the chirally indistinguishable methyl groups CB1 and CB2 (CB1
and CB2 interchanged in Table 2.3). In Figure 2.10a, we can see that the right-handed 3io model

helix (Figure 2.10a Panel B) satisfies the experimental NOE distance bounds quite well, whereas

all the other model helices (Figure 2.10a Panels A, D, E) show violations greater than 0.1 nm for

some of the NOE bounds. Not unexpectedly, the most extended conformation observed (Fig¬
ure 2.6 C) shows the largest violations (Figure 2.10a Panel C). Although the simulation at 340

K satisfies the NOE bounds well (grey in Figure 2.10a Panel I), the ensemble contains a con¬

siderable number of left-handed helical structures. Furthermore it is interesting to note that the

structures of the most populated clusters taken from simulations 298e and 340e (Figure 2.10a

Panels G, H) do not satisfy the experimental NOE bounds very well. Yet the average NOE vio¬

lations of these simulations are quite low (Figure 2.10a Panel I). This reflects the non-linearity
of the r~6 averaging involved in the NMR experiment.

In Figure 2.10b, we make similar observations as in Figure 2.10a. The model structure sat¬

isfying the NOE bounds best for the opposite assignment of the Aib methyl groups is obviously
the left-handed 3io helix (Figure 2.10b Panel A). Unlike in Figure 2.10a, however, the opposite
handedness of the 3io model helix (Figure 2.10b Panel B) induces no violations greater than 0.1

nm. Furthermore, it is interesting to note that none of the model structures satisfies the NOE

bounds at 340 K (Figure 2.10b Panels A, B, D, E, grey lines) as well as the ensemble average of

the 340e simulation (Figure 2.10b Panel I, grey lines).

2.5 Conclusions

For all four simulations of the octapeptide in DMSO, a variety of secondary structures are ob¬

served. The right-handed a-helical structure is found to be stable for an extended time period at

room temperature, but is not necessarily thermodynamically the most stable structure. We could

also observe folding into right-handed 3io- and a-helical structures from an arbitrary (extended)
conformation at room temperature. At 340 K and 380 K folding into both left- and right-handed
3 io- and a-helical structures is observed. In all the simulations except for 298aR, which is bi¬

ased by its R-a-helical starting structure, the 3io-helical structure is predominant, which is in

agreement with the NMR data. Most often, however, only the N-terminal part of the peptide
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(residues 2 to 5) is folded, whereas residues 6 to 8 are highly mobile. This is in agreement with

X-ray crystallographic studies of Aib-containing peptides, which indicate the occurrence of both

R- and L-helical conformations at the C-terminus of these peptides. The apparent folding / un¬

folding transition rates depend on the temperature: from 0.03-0.1 ns-1 at 298 K, 0.1-0.3 ns-1 at

340 K, to 0.3-1 ns"1 at 380 K.

The experimental NOE distance bounds are well satisfied in the simulations; all but two

violations at room temperature can be explained by the lack of sampling due to the slow mo¬

tions at this temperature. At 340 K, the simulated proton-proton and proton-methyl distances

match the experimental NOE bounds within experimental error. Comparing the alternative as¬

signments of the NOE bounds to the chirally indistinguishable methyl groups that match right-
and left-handed 3io helices respectively suggests a preference for the left-handed over the right-
handed structures for all Aib residues with the Leu being the only residue to prefer right-handed
structures.

The results show that MD simulations of peptides using empirical force fields can be used

to investigate the different conformational states accessible to short peptides in solution, pro¬
vided the length of the simulations is much longer than the time scale of the folding / unfolding
transitions at the chosen temperature.
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Chapter 3

Assessing the Effect of Conformational

Averaging on the Measured Values of

Observables

3.1 Abstract

Experiment and computer simulation are two complementary tools to understand the dynam¬
ics and behavior of biopolymers in solution. One particular area of interest is the ensemble of

conformations populated by a particular molecule in solution. For example, what fraction of

a protein sample exists in its folded conformation? How often does a particular peptide form

an alpha helix versus a beta hairpin? To address these questions, it is important to determine

the sensitivity of a particular experiment to changes in the distribution of molecular conforma¬

tions. Consequently, a general analytic formalism is proposed to determine the sensitivity of a

spectroscopic observable to the underlying distribution of conformations. A particular strength
of the approach is that it provides an expression for a weighted average across conformational

substates that is independent of the averaging function used. The formalism is described and

applied to experimental and simulated nuclear Overhauser enhancement (NOE) and 3
J-coupling

data on peptides in solution.

3.2 Introduction

Statistical mechanics shows that any simple observable of a macroscopic system (a solution of

protein molecules) can be described as an ensemble average over microscopic states (individual

protein molecules in that solution). When considering an observable at a particular time, this

ensemble average is carried out linearly over all of the N molecules in the observed volume:

1
N

<A>=-JjAi. (3.1)
i=i

Since the value of observable A is usually some function of the molecular conformation r,

A(r), the sum over molecules above is typically re-cast as an integral over possible conformations

31
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r weighted by the probability of each conformation p(r):

<A>= IA(r)p(r)dr, (3.2)

where

fp{r)dr=\. (3.3)

Equation (3.2) shows how to calculate the value of an ensemble average once the distribu¬

tion p(r) of microscopic states in a sample is known. Unfortunately, it is often straightforward to

determine < A > from experiment, while the underlying distribution p(r) is experimentally in¬

accessible since the experiment is both a time- and ensemble-average over molecular conforma¬

tions. In contrast, molecular dynamics and Monte Carlo simulations provide a direct sampling
of microscopic states r with probability p(r) but often have difficulty reaching the time scales

necessary to yield converged values of < A >.

For bulk materials and macroscopic properties of condensed matter systems, we are not

particularly interested in the distribution of microscopic states. However, this is not the case

for proteins and other biomolecules. For these systems, conformation is intimately linked to

function — for example, it can modulate ligand affinity, as in the T and R states of hemoglobin
[1] or affect the access of substrates to an enzyme active site, like the open and closed forms of

hexokinase [2] or the gated states of acetylcholinesterase [3]. To understand biological function

it is essential to understand the populations and dynamics of these conformational substates.

Towards this end, theoretical and experimental studies of biomolecules are rapidly converg¬

ing. While the first computer simulation of protein dynamics was 3 picoseconds in simulated

duration [4], today routine protein simulations span several nanoseconds [5] and typical peptide
simulations reach 50 to 100 nanoseconds [6]. In parallel, experimental methods have increased

enormously in both time resolution and molecular resolution. Single molecule fluorescence

spectroscopy is providing information on the behaviour (and variations) of individual enzymes

and proteins [7].

Recent long-timescale simulations of proteins and peptides have underscored the fact that

it is possible for an ensemble of populations (or a trajectory of a single molecule) to yield
ensemble averages compatible with a particular microscopic state even though the simulated

ensemble contains only fractional populations of the particular state in question. For example,
Daura et al. [8] have shown that molecular dynamics trajectories of a ß-heptapeptide populated
a particular "folded" conformation only 50% of the time at 340K yet yielded no NOE distance

bound violation greater than 0.06 nm.

This problem has actually been well-known in the spectroscopic community for some time.

While it is extensively discussed in the NMR literature [9], attempts to connect NMR observ¬

ables to the underlying conformational ensemble have concentrated on simplified models of the

molecular geometry. For example, Braun et al. [10] showed that a uniform distribution of in¬

teratomic distances would yield an NOE signal if at least 10% of the distribution falls within

a threshold distance. For the relationship between 3J-coupling constants and torsion angles,
Jardetzky considered the influence of averaging over several discrete conformations on the ap¬

parent value of several NMR observables [11], and showed that a particular value of an observ¬

able is often compatible with a range of distributions over several different conformations. It is

well known that certain ranges of 3J-coupling constants provide limited structural information
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due to the degeneracy or multiple-valuedness of the Karplus curve relating
J
J-coupling constants

and the corresponding torsion angles [12].

However, these analyses have been based on either uniform distributions or sampling be¬

tween a small number of discrete model conformations. Considering more realistic examples,
Bonvin and Brunger [13] have explored how well a collection of NOEs describes a mix of

several realistic conformations of a protein loop. Similar analyses have been performed using
conformations from a molecular dynamics trajectory by Daura et al. [8]. In both cases it was

shown that the available NOE distance information was not able to precisely define the confor¬

mations populated by the molecule in question. This is a significant issue given the use of time-

and ensemble-averaging schemes in modern NMR refinement protocols [14]. More detailed

comparisons have been performed between experimental and simulated cross-relaxation rates

and order parameters [15-17], but primarily with the intent of reproducing the experimental
observations.

If more observations are available than the number of relevant degrees of freedom, it be¬

comes possible to use statistical techniques of sensitivity analysis or component analysis to infer

the underlying probability distribution or potential [18-20]. In the single observable case we

consider, such techniques are not applicable since they require more data than parameters. As a

result we make use of a simple parametric sensitivity analysis in this paper.

Although the problem of connecting the value of a spectroscopic observable with its under¬

lying ensemble has probably been discussed the most in the context of NMR, it is a general issue

for any observation of a molecule that undergoes some sort of averaging [21,22]. It is particu¬
larly crucial for thermodynamic interpretations that have been inferred from spectroscopic data,
or for attempts to describe the structure of highly flexible systems such as short peptides and

protein loops.
The formalism described in this paper permits the analytic use of realistic probability dis¬

tributions to estimate the sensitivity of a particular spectroscopic observable to the composition
of the underlying ensemble. We must note, however, that our analysis is restricted to situa¬

tions where the kinetics of conformational exchange do not themselves influence the observable

measured for each molecule. For NMR, this corresponds to the case where exchange between

conformations is slow with respect to overall rotation but fast with respect to the macroscopic
relaxation rate (Ti).

While we describe the averaging problem in terms of single observables, a more complex
case often occurs where several observables are measured for a particular sample. For exam¬

ple, cyclic structures are commonly determined by considering all measured 3
J-coupling values

around the cycle and selecting the conformation that best fits this set of data. Though we do

not treat this case explicitly, it is straightforward to extend our single-observable formalism to

the realm of two or more observables. If the observables all correspond to the same degree of

freedom r, then when taken as a whole they can significantly constrain the underlying prob¬
ability distribution p(r). Finding the bounds on p(r) becomes a question of solving a system
of N equations, one for each observable but all with common parameters describing the under¬

lying distribution. When the observables apply to different degrees of freedom (e.g. < A\ >

and < Ä2 > with independent distributions p(n) and pfa)) far less information can be derived.

In the case of nonlinear averaging, the formalism described herein can be used to estimate the

minimum fractional population necessary to generate a particular ensemble average. If the sum

of these minimum fractions is greater than 1, it implies that the underlying p(r) probability



34 Chapter 3. The Effect of Conformational Averaging on Observables

distributions must be somewhat correlated. If the sum is less than unity, however, all the in¬

dividual ensemble averages can be satisfied even if the underlying probability distributions are

uncorrected.

3.3 The Saddle-Point Approximation

The formulation of the theorem as well as the proof follow the ideas given in [23].

Theorem. Let g(r) and f(r) be functions that are sufficiently many times differentiable on an

interval (a,b). The cases a — —°°,b = +°° are also allowed. The function f(r) should be

real and have a non-degenerate absolute minimum at ro G (a,b). Furthermore, there should

exist ô > 0 and e > 0 so that f(r) is decreasing monotonically on the interval (ro — 8, ro) and

increasing monotonically on the interval (ro, ro + 8) and that f(r) > /(ro) + àfor all r outside

the interval (ro — 8, ro + e). g(r) should be chosen such that g(ro) ^ 0 and that fa \g(r)\e~^r'dr
existsfor a ß = ßo (and therefore for all ß > ßoJ. Thefollowing expression is then valid:

u

[g(r)e-MrUr = g(r0)e-^r^
2k

rw-ß
+ 0

ß3/2
(3.4)

f(r) /"~~~\

_vi -V / j

__«1 L_V-
! 1

Figure 3.1: Conditions for f(r) are that f(r) > /(ro) + 8 for all r outside the interval (ro —

e,r0 + e).

Proof. All contributions of the integral outside the interval (ro — 8, ro + 8) can be neglected, as

their absolute value is < e~8$e8$0 • f% \g(r)\e~^°^dr. These contributions are therefore ab¬

sorbed in the error term 0(ß-3/2). /(r) can be expanded around ro: /(r) = /(ro) + \f"{ro)(r —
ro)2 + higher order terms. Let us call /"(ro) = c2, since /(ro) is a non-degenerate minimum. If

we also expand g(r) = g(ro) + c\ (r — ro) + (r — ro)2\|/(r) around ro, all that remains to be solved
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is the integral

r0+e r0+e

f g(r)e-^^-^c2(r-ro)2dr = g(ro) f e"ß/(t))-^('-'D)2jr
r0-ero+Z

+ ci /" (r-ro)e-ß/(ro)-5ßc2(r-ro)2^r (3.5)

r0-e

ro+E

+ / (r-r0)V(r)e~ß/(ro)^ßc2(''~'"o)V.

r0-e
r0-ero+e

ro-e

The first term is approximated by

ro+e

g(ro)e-P^) | e4ß-2(^o)V^g(ro)e-ß^o)|e-^ßcVJr = g(ro)e-ß/(,o) /0. (36)

ro-e

The second term vanishes, as the integrand is anti-symmetric around ro. Since \|/(r) is bounded

in the interval (ro — e, ro + e), i.e. \|»(r) < cz with C2 > 0, the third term is approximated by

ro+t

e-m*) J (r_ro)2v(r)e-^ßc2(r-ro)^r^C2e-ß/(ro) y^-IßcV^^ ^ /^L (3.7)

Therefore, the third term is also included in the error term 0(ß~3/2). G

3.4 Sensitivity Analysis

This section has the purpose of estimating analytically the effect of different distributions and

averaging methods on observables. Using the saddle-point approximation (see section 3.3), we

can calculate a weighted average for a distribution together with a general averaging function,
where the weights do not depend on the averaging function itself. This provides us with a

function that can be readily used in the sensitivity analysis of a given observable by analysing
the derivatives of the weighted average with respect to the parameters describing the distribution.

In this work, we focus on the analysis of a bimodal distribution. For many questions asked

in a sensitivity analysis, considering a bimodal distribution is sufficient — the sensitivity of

an averaging function towards shifting two maxima of a distribution with respect to each other

can be analysed. If more complex distributions have to be considered, the formalism is easily
expandable to general distributions.

3.4.1 Weighted Average in a Bimodal Distribution

For simplicity, we will denote the degree of freedom over which is averaged by r. The averaging
function defining the observable will be called g(r). It is easiest to analyse a bimodal distribution



36 Chapter 3. The Effect of Conformational Averaging on Observables

p(r) of the conformational degree of freedom r, as the number of parameters describing such a

distribution is sufficiently small. The bimodal distribution p(r) can be described by a double-

well effective potential /(r) (see Figure 3.2) through

f(r) = -p)\ogp(r), (3.8)

where ß is one of the parameters describing the distribution p{r). The potential /(r) is described

î

n Ar

Figure 3.2: Double-well potential f(r) (eq. (3.9)) described by the parameters r\, Ar, and A/.

by the function

f(r) = ^{(r-rl)2[Ar3(r-ri-Ar)2 + 4Af(3Ar-2r + 2r1)]} + flo, (3.9)

for 0 < r < oo. its functional form (3.9) has been chosen such that f'(r\) = f'(r\ + Ar) = 0,

f(r\ ) = ao, and f(r\ + Ar) = ao + A/. In order to obtain a proper probability distribution p(r)
through eq. (3.8), it is required that p(r) satisfies eq. (3.3). In other words, ao has to be chosen

such that

/e-MVdr=l. (3.10)

This condition yields, using the saddle-point approximation eq. (3.4) considering both minima

of the potential,

«o=
g
log

K

2j-Ar(A + B) (3.11)
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with

A =

l
(3.12)

y/Ar*+12&.f
e-m

B =
. (3.13)

V/Ar4-12A/

Note that the condition

Ar4
|A/|<— (3.14)

must be fulfilled. Thus we have four parameters describing the bimodal distribution: r\, Ar, A/,

andß.
The average quantity g can then be calculated, using the saddle-point approximation, as

A-g{n)+B-g(rx+Ar)
g

A + B
P.i^

In the special case of A/ = 0, this leads to

g=\(g(n)+g(ri+Ar)). (3.16)

3.4.2 Extension To General Distributions

The formalism described above can easily be extended to general distributions. For each new

peak, two additional parameters have to be introduced in a similar way as for the bimodal distri¬

bution, describing the vertical and horizontal distances of the maxima with respect to each other.

Due to the saddle point approximation, each peak will contribute as a summand to the average.

Needless to say that the formalism cannot be applied to a distribution without a single peak.

3.5 Application of the Formalism to NOE Distances

In this section, the derived formulae are used to investigate the effect of the r~6 averaging when

obtaining a value for an observable, i.e. for the case

g(r) = r-6. (3.17)

3.5.1 Analysis of the r-6 Average

To analyse the influence of the r~6 averaging in a double-well potential, it is of interest to look

at the behaviour of the derivatives dg/d(Ar) and dg/d(Af) for several cases. However, as A/ is

not very easy to interpret directly, we will introduce the parameter

A P(ri+^)-p(r1)=e_w
p\r\)

where p(r) denotes the distribution of the degree of freedom r, and therefore Ap denotes the

relative height difference of the two peaks of the bimodal distribution.
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Figure 3.3: (dg/d(Ar))/g for the bimodal distribution (eqs. (3.8) and (3.9)) and averaging

function (3.17) with ß = 100. Panel A shows the derivative as afunction ofr\ and Ar at Ap = 0;

in panel B, the value of Ap is 1. Panel C shows the derivative as a function of Ar and Ap at

r\ = 2, and panel D as afunction ofr\ and Ap at Ar = 2.

The derivative (dg/d(Ar))/g for ß = 100 is shown in Figure 3.3. According to eq. (3.14),

|A/| < Ar4/12 must be fulfilled. At the border surface A/ = -log(l + A/?)/ß = Ar4/12, the

value of the derivative of g with respect to Ar goes to infinity for negative Ap and to minus infin¬

ity for positive Ap. Qualitatively, all the derivatives are negative. That means, when changing to

a bigger Ar, the average < r~6 > gets smaller, i.e. the average distance < r-6 >-1/6 gets bigger.
From panel A, Ap = 0, we can see that changing Ar has hardly any influence on the average

unless Ar is very small. The average is not defined at Ar = 0, and therefore, the derivative goes

to minus infinity. If Ap = 1 (panel B), the average is not defined for Ar < 0.537. Otherwise,

the surface looks the same as the one in panel A. The same situation is observed in panel C

(r\ = 2): the derivative is nearly zero until it approaches the disallowed area for Ar. Panel D

(Ar = 2) shows clearly what we have seen already in panels A to C, namely that the value of the

derivative only slightly depends on the choice of r\ and Ap as long as Ar >> (12IA/Q1/4.
Furthermore, if we want to extend this analysis to the observable < r-6 >_1//6, we must

consider the Taylor expansion

(*+ÄH~,/6=r,/4-r7^A(ar)+-" <3'19)

Therefore, the influence of a slight change in Ar on the average distance is even reduced more.

The dependence of {dg/d(Ar))/g on r\ and Ar for negative Ap is not separately shown

because, as can be inferred from panels C and D (r\ = 2 and Ar = 2 respectively), the influence
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of changing Ar is always about zero for negative Ap.
The derivative (dg/d(Ap))/g for ß = 100 is shown in Figure 3.4. As in the previous case,

Figure 3.4: (dg/d(Ap))/g for the bimodal distribution (eqs. (3.8) and (3.9)) and averaging

function (3.17) with ß = 100. Panel A shows the derivative as afunction ofr\ and Ar at Ap — 0;

in panel B, the value ofAp is -0.98. Panel C shows the derivative as afunction ofAr and Ap at

r\ = 2, and panel D as afunction ofr\ and Ap at Ar = 2.

the values of the derivatives hardly depend on r\ and Ar, as long as Ar >> (12IA/I)1/4. The

value of the derivative is around -1 for Ap = -0.98 (panel B) and around -0.5 for Ap = 0 (panel
A). It vanishes for larger Ap (panels C and D), as then the first maximum in the distribution

dominates the average completely. We can conclude that the r~6 average is even more insensitive

to changes in Ap than to changes in Ar.

Analysing the space of parameter values that yield the same average is even more interesting
than investigating the derivatives of g. The space that yields the average g = 2~6 is shown for

ß = 100 in Figure 3.5. For each pair Ar and Ap, a value for r\ can be found that yields the

average g = 2~6, as long as (3.14) is fulfilled. As Ap approaches -1, n approaches the value

2. This is clear, as in this case, there would be only one maximum in the distribution. It is

also obvious that the larger Ap is, the smaller r\ has to be to compensate for the larger (second)
maximum in the distribution. What is rather surprising, however, is that even for Ap = 5, the

value of r\ is hardly dependent on Ar. This is another effect of the dominant contribution of low

distances within the r~6 averaging.
As the average g is hardly dependent on Ar, we can generate very different distributions that

each yield the average g = 2-6. A selection of such distributions is shown in Figure 3.6. Panel

A shows the situation as it is expected to yield a single r~6 weighted average distance of 2.

However, the distributions can be very different as panels B to I illustrate. Looking at panels F
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Ar

2 3 456

Figure 3.5: Parameter values defining bimodal distance distributions. All points in the surface

(ri, Ar, Ap) yield the average g = 2-6 as determined by eqs. (3.8) to (3.15) and (3.18).
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Figure 3.6: Distance distributions p(r) that yield an average g = (r 6) = 2 6. 77ie parameter
values are ß = 100/or (A-l), Ar = 2for (A-F), Ap = 5 for (G-I), and n = 2.0, Ap = -0.99 (A),

n = 1.87, Ap = -0.5 (B), n = 1.79, Ap = 0 (C), n = 1.59, Ap = 2 (D), n = 1.46, Ap - 5 (E),

H = 1.34, Ap = 10 (F), n = 1.45, Ar = 3 (G), n = 1-45, Ar = 4 (//), n = 1.45, Ar = 5 (/).
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or I, for instance, it is intuitively hard to believe that the average distance is (r~6) = 2. All

examples in Figure 3.6 are quite moderate— it is easy to pick more extreme examples by taking

large values for Ap and Ar.

3.5.2 Examples from Molecular Dynamics Simulations

To illustrate the analysis of the previous section and emphasise its relevance, it is of interest to

show distributions of distances obtained through molecular dynamics (MD) simulations. Fig¬
ure 3.7 shows four distributions of distances obtained from two simulations [6,24,25]. The
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Figure 3.7: Four examples ofatom-atom distance distributions takenfrom two MD simulations.

Panel A shows the distribution ofthe distance 1CB1-2HN between residues 1 and 2 and panel B

the distribution ofthe distance 2CB2-5HN between residues 2 and 5 ofan octapeptide in DMSO

(150 ns at 298 K) [24], panel C the distribution of the distance HN to H-CB between residues

2 and 5 and panel D the distribution of the corresponding atoms of residues 3 and 5 of a ß-
heptapeptide in methanol (200 ns at 340 K) [6, 25]. The solid curves are the distribution of the

distances as takenfrom the MD simulations, the dashed curves are obtained byfitting a bimodal

distribution to the simulated distributions. The solid line indicates the value of the r~6 average

over the simulated distribution, the dashed line the average as calculated using the saddle-point
approximation, and the dashed-dotted line the upper bound derivedfrom NOE measurements.
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location of the two maxima of the MD distribution and thus the parameters r\, Ar, and A/ of the

bimodal distribution (eqs. (3.8) and (3.9)) was determined by a polynomial fit. The parameter

ß was obtained by a nonlinear fit to the MD distribution. The data for the fitted bimodal dis¬

tribution curves as well as the calculated averages of eq. (3.17), the experimentally determined

NOE distance bounds and the value of the derivatives of the averaging function with respect to

the parameters Ar and Ap of the fitted bimodal distribution are given in Table 3.1.

Octapeptide in DMSO Heptapeptide in MeOH

150 ns 200 ns

Atom pair 1CB1-2HN 2CB2-5HN 2HN-5HCB 3HN-5HCB

r\ [nm] 0.318 0.455 0.314 0.364

Ar [nm] 0.117 0.125 0.440 0.405

A/[nm4] -1.12 10-6 -1.23-10"6 2.1610-4 8.54-10~5

ß [nm"4] 8.72-105 9.25-104 3.62-103 4.50-103

r (MD) [nm] 0.335 0.487 0.357 0.402

r (SPA) [nm] 0.371 0.495 0.336 0.397

r (exp.) [nm] 0.404 0.471 0.330 0.340

^ ["»-'] -4.82

-0.154

-2.65

-0.132

0.186

-0.650

0.091

-0.538
gd(Ap)

Table 3.1: Four example interatomic distance distributions taken from two MD simulations

[6, 24, 25]. Indicated are the parameters r\, Ar, A/, and ß (eqs. (3.8) and (3.9)) of a bimodal

distribution fitted to the simulated distributions. The last five lines show the r-6 weighted av¬

erage distance r (MD) calculated over the simulated distribution, the average distance r (SPA)
calculated using the saddle-point approximation (SPA) to the bimodal distribution, the upper

bound distance r (exp.) derivedfrom NOE experiments, and the value of the derivative of the

average g = (r~6) with respect to Ar and Ap ofthe bimodal distribution.

We see that ß is large enough for the saddle-point approximation to be valid. Furthermore,
it is interesting to note the difference between the two peptides: Whereas the octapeptide has

in most distributions a positive Ap, the heptapeptide has for the crucial distributions mostly a

negative Ap. This might be one of the reasons why the NOE distances for the latter as calculated

from the MD trajectories match the experimental bounds better; the averages are less sensitive

to changes in the distributions, which is also indicated by the smaller values of the derivatives of

g with respect to Ar and Ap for the heptapeptide.

3.6 Application of the Formalism to3J-Coupling Constants

In this section the derived formalism is used to analyse the effect onto the 3
J-coupling constants

using the averaging function

g(r) = a-cos r + bcosr + c. (3.20)
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For consistency with the previous sections we are using the same notation: r will in the case

of 3J-coupling constants denote the corresponding torsion angle. As the analysis yields only
small qualitative differences for different Karplus parameters a, b, and c, all numerical examples
are based on the following Karplus parameters for a H-N-Ca-Ha torsion angle: a = 6.4Hz,

b=—\ .4Hz, c = 1.9Hz. Furthermore, it is sufficient to discuss cases for Ap < 0 (A/ > 0), since

the absolute maximum of the distribution can always be denoted as r\ with Ar being chosen

accordingly, due to the periodicity of the cosine function.

As in the previous section, we shall first analyse the derivatives of the averages g with respect
to Ar and Ap. Figure 3.8 shows the derivative (dg/d(Ar))/g, and Figure 3.9 shows the derivative

(dg/d(Ap))/g, both at ß = 100. Unlike in the case of NOEs, in the case of 3J-coupling constants

Figure 3.8: (dg/d(Ar))/g for the bimodal distribution (eqs. (3.8) and (3.9)) and averaging

function (3.20) with ß = 100. Panel A shows the derivative as afunction ofr\ and Ar at Ap = 0,

in panel B, the value ofAp is -0.95. Panel C shows the derivative as afunction ofAr and Ap at

r\ = 0, and panel D as afunction ofr\ and Ap at Ar = —71.

both derivatives can be either positive or negative. The sign and magnitude of the derivatives

are dependent on the choice of ri and Ar. Both derivatives depend hardly on Ap, (dg/d(Ar))/g
approaches 0 for Ap = -1 and has its greatest values for Ap = 0, whereas (dg/d(Ap))/g has

its greatest absolute values for Ap = -1 (panels C and D). Both derivatives go to plus or minus

infinity when Ar approaches the disallowed region defined by equation (3.14) (panels B and C).

(dg/d(Ap))/g is not defined at Ar = 0. However, apart from the disallowed regions, we can

conclude the same as for the r-6 averaging: The magnitude of both derivatives is rather small,

namely between -1 and 1. Therefore, the influence of changing the torsion-angle distributions

slightly will generally be small.

As for the NOEs, we have calculated a set of torsion-angle distributions for several average
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Figure 3.9: (dg/d(Ap))/g for the bimodal distribution (eqs. (3.8) and (3.9)) and averaging

function (3.20) with ß = 100. Panel A shows the derivative as afunction ofr\ and Ar at Ap — 0,

in panel B, the value ofAp is -0.1. Panel C shows the derivative as a function ofAr and Ap at

r\ = 0, and panel D as afunction ofr\ and Ap at Ar = —it.

3
J-coupling constant values (see Figure 3.10). As we can see, there are several choices for torsion

angle distributions that yield the same average
3
J-coupling constant. A selection of torsion angle

distributions that yield the average g = 5 is shown in Figure 3.11. It gives an impression of how

diverse these distributions can be and yet have the same average 3J-coupling constant value.
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Figure 3.10: Parameter values defining bimodal torsion-angle distributions with ß = 100 and

Ap = 0 that yield the averages g = 2 (A), g = 3 (B), g = 4(C),g = 5 (D), g = 6 (E), g = 1 (F),

g — 8 (G), g = 9 (H), as well as of the bimodal distributions that yield the average g = 5 for

ß = 100 and Ap = -0.1 (I), Ap = -0.39 (J), Ap = -0.63 (K), and Ap = -0.99 (L).
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3.6.1 Examples from Molecular Dynamics Simulations

As for the r~6 averaging, we illustrate the analysis of the previous section with torsion-angle dis¬

tributions obtained from the same two simulations [6,24,25]. Figure 3.12 shows four examples
of torsion-angle distributions taken from these simulations. To obtain the bimodal distributions,

la
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Figure 3.12: Four examples of torsion-angle distributions taken from two MD simulations.

Panel A shows the distribution of the torsion angle H-N-CA-CB of residue 2Aib and panel B

the distribution of the torsion angle H-N-CA-HA of residue 6Leu of the octapeptide in DMSO

(150 ns at 298 K) [24], panel C the distribution of the torsion angle C-N-CB-CA of residue

2Ala and panel D the distribution of the torsion angle N-CB-CA-C of residue 6Ala of the ß-
heptapeptide in methanol (200 ns at 340 K) [6, 25]. The solid curves are the distribution of
the torsion angles as taken from the MD simulations, the dashed curves are obtained by fitting
bimodal distributions to the simulated distributions.

the same fitting procedure as for the distance distributions was applied. The data for the fitted

bimodal distribution curves as well as the calculated averages of eq. (3.20), the experimentally
determined 3

J-coupling constants and the value of the derivatives of the averaging function with

respect to the parameters Ar and Ap of the bimodal distribution are shown in Table 3.2.

Even though ß is much smaller for all example torsion-angle distributions than it was for
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Octapeptide in DMSO Heptapeptide in MeOH

150 ns 200 ns

Residue 2Aib 6Leu 2Ala 6Ala

Torsion angle H-N-CA-CB H-N-CA-HA C-N-CB-CA N-CB-CA-C

ri [rad] -1.94 -2.165 -3.05 1.18

Ar [rad] 1.60 -0.963 3.18 1.71

A/ [rad4] 2.66-10-2 2.08-10"3 1.09 0.115

ß [rad"4] 14.4 65.2 3.96 16.4

r (MD) [Hz] 1.59 6.99 8.93 4.11

f (SPA) [Hz] 1.62 7.06 9.58 4.04

r (exp.) [Hz] — 6.8 9.2 3.9

gd(Ap)

0.60 8.0-10"3 -2.1-10"3 6.9-10-2

0.31 6.310-2 -8.2-10"2 1.9

Table 3.2: Four example torsion-angle distributions takenfrom two MD simulations [6, 24, 25].

Indicated are the parameters r\, Ar, A/, and ß (eqs. (3.8) and (3.9)) of a bimodal distribution

obtained byfitting such a distribution to the simulated distributions. The lastfive lines show the

average ^J-coupling constant f (MD) calculated over the simulated distribution, the average 37-

coupling constant f (SPA) calculated using the saddle-point approximation (SPA) to the bimodal

distribution, the experimentally determined ^J-coupling constant r (exp.), and the value of the

derivative ofthe average g = (<2C0s2(r) + bcos(r) + c) with respect to Ar and A/ ofthe bimodal

distribution.

the NOE distances, the saddle-point approximation still seems to be quite accurate. All four

averages are very insensitive to changes of the distributions. All derivatives of the average with

respect to the distribution parameters are of the order of 10-3 to 101. For small changes in the

distribution, the average will not change significantly.

3.7 Conclusions

We have presented a formalism to analyse a general averaging function g(r), which represents
an observable, in terms of sensitivity of the average of the observable to small changes in the

distribution of the degree of freedom r. The formalism is based on the saddle-point approxi¬
mation, which yields as the average over a bimodal distribution a weighted average, where the

weights do not depend on the averaging function. Therefore, it is straightforward to calculate

derivatives of the weighted average with respect to the parameters of the bimodal distribution.

For the two examples of averaging functions treated here, g(r) = r-6 (NOEs) and g(r) =

acos2(r) + ècos(r) 4- c (3J-coupling constants), it was shown that the averages are not very sen¬

sitive to a variety of changes in the distribution of r. Furthermore, we have calculated the range

of parameters that yield the same average value and shown the diversity of distributions that

yield the same average value. For the cases we have studied, this implies that an experimentally
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averaged value does not contain much information on the underlying distribution of molecular

conformations.

It is our expectation that the approach outlined in this paper will be generally useful as a

quantitative way both to assess experimental data or simulation results and as a way to deepen
and make more precise the connection between computer simulations and experimental data.
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Chapter 4

A Comparison of Seven Fast but

Approximate Methods to Compute the

Free Energy of Deprotonation for Amino

Acids in Aqueous Solution

4.1 Abstract

In recent years, a variety of methods based on statistical mechanics have been successfully ap¬

plied to calculate free energy differences of chemical reactions from molecular simulation. The

accuracy and computational efficiency vary strongly between these methods. Seven approximate
but fast methods to calculate free energy differences are compared in terms of accuracy and ef¬

ficiency with the accurate but expensive thermodynamic integration method as reference, using
28 protonation and deprotonation reactions of aspartic acid in aqueous solution as test cases.

At least two simulations are required to obtain an accurate free energy difference between two

states of the system. Both, the averaged one-step perturbation method and the linear response

method yield the most accurate results, while the latter method shows the fastest convergence.

4.2 Introduction

Calculating free energy differences between two systems or between two states of a system or

between the begin and end points of chemical reactions is a major topic in computational chem¬

istry. For multi-dimensional condensed phase systems, free energy differences can be obtained

from Monte Carlo or molecular dynamics (MD) simulations [1-7]. A range of methods have

been developed [8-16] and successfully applied in recent years [17-20]. These methods differ

in accuracy and computational expense, and most often it is not easy to predict which method

will yield sufficient accuracy within a reasonable time spent on computing given a particular

application. The problem of calculating a free energy difference using MD simulation becomes

more difficult the bigger the difference between initial and final state is — most of the fast meth¬

ods to calculate free energy differences assume that the initial and final state of the system are

quite close in conformational space. Therefore, the accuracy of the fast methods will decrease

53
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enormously for big changes to the system. How much the accuracy is decreased is the subject
of the current investigation.

Two major methods to obtain the exact free energy difference between two states A and B of

a system or between two systems A and B are the thermodynamic integration method [21] and

the multi-step perturbation method [22,23]. Since they require a sizeable number of simulations

at intermediate states /, (i = 1,2,... ,M) that connect the end states A —1\ and B = Im through
a path characterised by small conformational differences between intermediate states /, and /,-+i

(i = 1,2,... ,M— 1), these methods are computationally expensive. These methods are called

M-step methods, since they require M separate simulations. The computational expense would

be enormously reduced if it were possible to obtain accurate free energy differences through a

one-step or one-point or one-simulation method. Amongst the one-step methods, two types can

be distinguished (see methods section).

1. The one-step perturbation formula [22]

àFBA := FB-FA = -kBT\n^e-{»B-HA)lkBT^ (4 1}

requiring only a simulation of state A.

2. The extrapolation formula of order N [10,12]

AFBA=^~F^(A) (4.2)
«=i"!

also requiring only a simulation of state A.

Since the one-step methods require only one simulation of state A for obtaining an approxi¬
mate free energy difference AFba, they are computationally very efficient: a set of K free energy

differences AFBkA with k = 1,2,... ,K can be calculated from a single simulation of state A. If

the states B^ are very different from state A, one-step methods are not expected to yield accurate

free energy differrences AFBkA. Then one could use so-called two-step methods, which calcu¬

late the free energy difference AFBA from two simulations, e.g. of the end points A and B or of

one end point A and an intermediate point h. Two-step perturbation and two-step extrapolation
methods can again be distinguished. Two-step methods are more than twice as computationally

expensive as their one-step equivalents in the case more than one free energy difference AFBA is

to be obtained: the calculation of K free energy differences AFBkA with k = 1,2,...,Krequires
K+ 1 simulations (of states A and B^) using two-step methods.

The different approximative methods have been separately tested by comparison of their

results to exact ones for model systems or model reactions [8-16]. For example, Hummer and

Szabo [12] considered the (de)charging of a water molecule in aqueous solution. Here, we

consider a realistic model of the (de)protonation of the three titratable sites or atom groups of

aspartic acid in aqueous solution. The results of seven fast but approximative one-step and two-

step methods will be compared to the high-accuracy results obtained by (expensive) multi-step
thermodynamic integration.

4.3 Methods

In this section, we briefly describe the methods used to obtain the free energy differences AFBA.
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4.3.1 Thermodynamic Integration (TI)

In the thermodynamic integration (TI) method [6,21], a reaction coordinate À is chosen such

that A, = 0 represents the initial state A and A = 1 represents the final state B of the system under

investigation. The simplest way to make the Hamiltonian À-dependent is to choose a linear

dependence on the initial and end states:

H{X) = {\-X)HA + XHB, (4.3)

where HA and HB denote the Hamiltonians of the initial and final states respectively.
The free energy difference is then given by the TI formula:

where < X >x denotes the ensemble average of quantity X in state À of the system. This relation

between the free energy and the Hamiltonian follows directly by differentiation with respect to

A of the definition of the free energy

F = -kBTlnZ, (4.5)

where kB denotes the Boltzmann constant, T the temperature and Z the canonical partition func¬

tion.

The accuracy of AFBA obtained through TI is determined by the number and values of the

intermediate A-points chosen to approximate the integration in (4.4) and by the length of the

simulation at each A-point, which determines the accuracy of the ensemble average < • • • >x in

(4.4).

4.3.2 One-Step Perturbation (OSP)

Another approach for calculating free energy differences is the one-step perturbation (OSP)

[10,21]. From the definition of the free energy (4.5) follows directly the relation

AFBA = -kBT In Jj^pA^e-^^^, (4.6)

where t, is the vector describing the state of the system within the phase space H, AHBA =

HB(£,) —Ha(^), ß = \/kBT, and pa(£>) is the probability of finding the system in state £ within

ensemble A. Rewriting (4.6) as an ensemble average yields

AFBA = -kBT\n/e-^HB-HA
. (4.7)

Only one MD simulation is needed to calculate the free energy difference. However, the

OSP method suffers from the fact that states with a high probability in ensemble B are only well

sampled if states A and B are not far apart in conformational space. Therefore, the OSP method

converges very slowly if the differences between states A and B are large.
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4.3.3 Averaged One-Step Perturbation (AOSP)

To improve the sampling, we can modify (4.6) by integrating twice over phase space, once over

ensemble A and once over ensemble B and take the square root [12]:

K)AFba = -kBTl-\lnJ_d^pA^)e-^^^-InJ_d^pB(^e-^^
= -kBTl- [in(e-?A"BA)A ~In(^^J • (4-8)

The AOSP method, however, requires two simulations, one over ensemble A and one over en¬

semble B, and is therefore computationally more expensive than the OSP method.

4.3.4 Half-Way Averaged One-Step Perturbation (HAOSP)

Another way of improving the OSP method is to extrapolate ensembles A (A = 0) and B (A, = 1)
to the intermediate point Iq 5 with A. = 0.5 and obtain the total free energy difference from the

combination [12]:

AFBa = (FIo5-FA)-(FIo5-FB)

kBT ln^-ßA*W2^ _ln^-ßA/W2 (4.9)

The computational cost of this method is the same as for the AOSP method, provided that it has

a similar convergence behaviour.

4.3.5 Taylor Expansion (TE)

From the definition of the free energy (4.5), the ra-th derivative of the free energy with respect to

A can be calculated analytically [10,22]:

FW(A) = (-ß)w-1C„(A), n>\. (4.10)

When assuming a linear dependence of H(k) on A, as in (4.3), one has to third order [10]

Ci(A) = {AHBA)X (4.11a)

C2(A) = ((AHM-Ci)\ (4.11b)

C3(À) = ((AHba-Ci)\. (4.11c)

Thus, the free energy difference AFBA can be calculated as a Taylor expansion (TE) of order N:

AFm=S -,fW{\ = 0). (4.12)
„=1"!

As the OSP method, the TE method requires only one MD simulation to calculate AFBa-
The TE, however, suffers a severe difficulty: Not only the ensemble averages in the coefficients

Cn must be converged, but also the Taylor series expansion itself. In practice the higher-order
coefficients converge very slowly, which implies that a long simulation trajectory is needed to

calculate AFBA [10].
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4.3.6 Linear Response (LR)

The linear response (LR) method [8,11] is a first-order Taylor expansion of the AOSP formula:

AFBA = \ [(AHBA)A - {AHAB)B} (4.13)

If the distribution of AHBa in the ensembles A and B is assumed to be Gaussian, the variance

terms (4.1 lb) cancel out on average:

{AHBA - (AHBA)A)A - (AHAB - (AHAB)B)B = 0, (4.14)

which makes equation (4.13) exact up to second order inclusive.

Another way to interpret the LR formula (4.13) is to consider it an average of the first-order

TE expansions. As for the AOSP, two simulations are needed when applying the LR method.

4.4 Model System and Computational Procedure

The model system chosen is an aspartic acid (Asp) solute molecule in aqueous solution. The

topology and nomenclature of the aspartic acid is shown in Figure 4.1. The aspartic acid was

H3
12

Ol

1 HI—3N—5CA—t —302

2H2 6CB 14HT

CG

OD1 OD2

10-

HD2

Figure 4.1: Topology and nomenclature ofthe aspartic acid solute.

modeled using the GROMOS96 biomolecular force field, parameter set 43A1 [24].The force

field parameters for the different protonation states of the Asp solute are given in Table 4.1.

Water was modeled using the simple point charge (SPC) model [25].
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6—7—9 21 18

8—7—9 37 32

7_9_10 11 11

5—11—12 21 29

5—11—13 21 18

12—11—13 37 32

11—13—14 11 11

improper dihedral ICQ,, ICQp

11—5—13—12

5—3—11—6

7—8—9—6

1

2

1

1

2

1

torsional dihedral ICPrf ICPP

1—3—5—11 14 14

3—5—6—7 17 17

3—5—11—13 20 20

5—6—7—9 20 20

6—7—9—10 3 3

5—11—13—14 3 3

Table 4.1: Force field parametersfor the different protonation states of the aspartic acid. The

atom names and numbering are specified in Figure 4.1. IAC denotes the integer atom code,
which determines the van der Waals interaction, ICB the bond type code, ICT the bond-angle
type code, ICQ the improper dihedral type code, and ICP the torsional dihedral type code as

defined in [24]. The subscripts d and p stand for the deprotonated and the protonated state

of a titration site. Atoms with IAC=18 do not have van der Waals interactions [24], thus the

hydrogen atoms of the three titration sites, H3, HD2 and HT, are dummy atoms regarding the

non-bonded interaction in the deprotonated state.

The MD simulations were carried out using the simulation package GROMOS96 [24,26].
The aspartic acid was solvated in a periodic truncated octahedron with 755 water molecules.

The density of the system was 1001.13 kg m-3. All simulations were carried out at constant

volume and with twin-range cut-off radii of 0.8 and 1.4 nm for the non-bonded forces. The

non-bonded forces in the intermediate range were calculated every 5 time steps of 2 fs. For the

electrostatic interactions beyond 1.4 nm, a reaction-field approximation [27] was used with the

dielectric constant Erf = 54 [28]. The temperature was weakly coupled to a temperature bath

of 298 K with a coupling time of 0.1 ps [29]. The configurations of the trajectories were saved

every 0.5 ps.

In the TI calculations, 16 X points were simulated for the different reactions. For all X points,
< dH/dX >x turned out to be converged after 100 ps. The free energy estimates based on the

approximative one-step and two-step methods were obtained from MD trajectories of 4 ns, from

which the first 200 ps were taken as equilibration period and thus omitted. For the non-bonded

interactions of the perturbed atoms, a soft-core potential was used [24,26,30] with soft-core
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parameter values au = occ = 0.5.

4.5 Results and Discussion

Aspartic acid possesses three titration sites. This yields a total of 23 = 8 different protonation
states of this solute. To simplify the notation, we will denote the protonation state of a titration

site with 0 if it is deprotonated and with 1 if it is protonated. The protonation state of the Asp
solute containing three titration sites will be characterised by a three digit code of zeros and

ones in the order of the sites amine (N) - carboxylate (side chain OD2) - carboxylate (02).

Combining each of the 8 protonation states with each other gives a total of 7 • 8/2 = 28 different

reaction pathways to be considered forwards and backwards.

The values of the free energy differences for all 28 reaction paths calculated forwards and

backwards (if different) using seven of the approximative methods discussed are presented below
and compared to the exact TI values. As a measure of the accuracy of the different approxima¬
tive methods, we will use the coefficient ofdetermination R2, which is the square of the multiple
correlation coefficient when fitting the data obtained by the approximative method under con¬

sideration linearly to the TI data. The closer R2 is to 1, the more accurate is the approximative
method. Furthermore, the convergence behaviour of each method is discussed and the different

methods are analysed in terms of additivity of the free energy differences.

4.5.1 Thermodynamic Integration (TI)

The results obtained from TI will be used as the reference values for the free energy differences

obtained by the other methods in order to assess their accuracy. 16 X points were calculated for

the different paths. As for the convergence behaviour of the TI, all X points were well converged
after 100 ps. Therefore, 1600 ps of simulation are needed in total per pathway.

Between the configurations saved every 0.5 ps, dH/dX was hardly correlated, and therefore

the standard deviation was a suitable measure for the error in < dH/dX >. For each path, a

Monte Carlo integration was carried out: The value of < dH/dX > was chosen randomly from

the normal distribution at each X point, and the free energy difference and the error were taken

as the mean value and standard deviation of the mean value of 100 such integrals. The results

are presented in Table 4.2: The initial states are listed in the rows and the final states are listed

in the columns.

Not unexpectedly, the triple (de)protonation, 000 to 111, or vice versa, shows the largest
error. To further test the accuracy of TI, seven backwards paths were calculated. There is almost

no hysteresis, the biggest hysteresis (sum of forwards and backwards results) is about 2% for

the reaction 100 to 101. All other free energy differences of the backwards paths are well within

the error estimates.

In Table 4.2 it can be seen that all free energy differences with 100 as the initial state are

positive and all free energy differences with 100 as the final state are negative. All free energy
differences with 011 as the initial state are negative and all differences with 011 as the final state

are positive. Note that this observation itself does not imply that 100 is the most favourable state

and 011 is the least favourable state; to investigate this question, one would have to compare the
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free energy differences in Table 4.2 with free energy differences of reference compounds (see
also Chapter 5).

4.5.2 One-Step Perturbation (OSP)

The free energy differences calculated with the one-step perturbation (OSP) method as well as

the relative errors to thermodynamic integration (TI) are presented in Table 4.3. The relative

Free energy differences [kJ/mol]

000 001 010 011 100 101 110 111

000 n.a. 410.2 338.7 927.7 -160.5 413.6 434.4 1216.0

001 -84.0 n.a. 186.8 366.3 -372.2 -224.7 33.6 308.9

010 -7.9 350.7 n.a. 433.0 -293.0 192.7 -130.1 496.2

011 50.6 -8.0 -115.2 n.a. -370.8 -343.3 -337.9 -216.3

100 405.9 677.1 626.5 1018.0 n.a. 348.9 358.5 878.8

101 585.1 443.2 743.0 682.8 -31.9 n.a. 215.9 380.9

110 550.6 685.6 378.1 682.2 -26.8 257.4 n.a. 361.6

111 881.4 560.6 563.9 434.5 20.0 -78.9 -74.2 n.a.

Relative errors to TI [%]

000 001 010 011 100 101 110 111

000 n.a. 62.3 93.1 103.1 43.5 530.2 616.7 841.9

001 66.7 n.a. 346.1 82.5 29.8 35.0 110.2 359.7

010 95.5 326.8 n.a. 57.5 36.6 172.8 50.2 1281.0

011 111.2 96.0 57.8 n.a. 49.3 36.9 36.7 31.9

100 42.1 27.6 35.5 38.9 n.a. 89.1 82.7 112.1

101 508.3 27.8 180.0 25.1 82.5 n.a. 2050.0 65.2

110 554.8 105.1 44.4 27.5 86.4 2670.0 n.a. 66.4

111 788.3 370.6 1240.5 36.6 104.8 65.7 65.9 n.a.

Table 4.3: Free energy differences as computed with the one-step perturbation (OSP) method,

eq. (4.7), and the relative errors with respect to the thermodynamic integration (TI) results. See

also caption of Table 4.2.

errors to TI range up to 2700%. If only changes in one protonation site are considered, the

errors are all below 100%. However, 11 of the signs (out of a total of 56) are not correct. For

the OSP, the coefficient of determination is R2 = 0.709.

The convergence behaviour of the OSP method is shown in panels A, B, D, and E of Fig¬
ure 4.2. Two examples to illustrate convergence were chosen: the reaction 010 to 110, which

yields good results for all methods considered, and 101 to 110, which yields rather poor results

for all methods. For both reactions we observe the typical saw tooth behaviour of the free energy

differences: Every time a structure is sampled in ensemble A that is favourable for the Hamilto¬

nian of ensemble B, there is a drop in the corresponding curve. Therefore, it is almost impossible
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Figure 4.2: Convergence behaviour of one-step perturbation (OSP) and the averaged one-step

perturbation (AOSP) methods: Panel A shows the convergence of OSP for the reaction 010

to 110, panel B the convergence of OSP for 110 to 010 (the inverse raction), and panel C
the convergence ofAOSP for 010 to 110. Panel D shows the convergence of OSP for 101 to

110, panel E the convergence of OSP for 110 to 101 (the inverse reaction), and panel F the

convergence ofAOSPfor 101 to 110.

to determine when the OSP has converged — there is no way to predict whether another drop
will occur.

4.5.3 Averaged One-Step Perturbation (AOSP)

The free energy differences and relative errors to TI as calculated with the averaged one-step

perturbation (AOSP) method are presented in Table 4.4. Except for the reaction 101 to 110, all

of the signs are correct, and except for four reactions, all of the errors are below 10%. Especially
the reactions involving only one change in protonation are very accurate. Their relative errors

are between 0% for 000 to 100 and 6% for 001 to Oil. The coefficient of determination is

R2 = 0.998, which confirms the accuracy of the method.

The convergence behaviour of the AOSP is shown in panels C and F of Figure 4.2. The saw

tooth behaviour of the OSP method is still visible in the convergence of the AOSP method. Both

panels C and F show that the convergence of the AOSP is very slow, and it is hardly possible to
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Free energy differences [kJ/mol]

000 001 010 011 100 101 110 111

000 n.a. 247.1 173.3 438.6 -283.2 -85.7 -58.1 167.3

001 -247.1 n.a. -82.0 187.1 -524.7 -334.0 -326.0 -125.8

010 -173.3 82.0 n.a. 274.1 -459.8 -275.1 -254.1 -33.9

011 -438.6 -187.1 -274.1 n.a. -694.4 -513.0 -510.0 -325.4

100 283.2 524.7 459.8 694.4 n.a. 190.4 192.7 429.4

101 85.7 334.0 275.1 513.0 -190.4 n.a. -20.8 229.9

110 58.1 326.0 254.1 510.0 -192.7 20.8 n.a. 217.9

111 -167.3 125.8 33.9 325.4 -429.4 -229.9 -217.9 n.a.

Relative errors to TI [%]

000 001 010 011 100 101 110 111

000 n.a. 2.0 0.6 4.0 0.7 10.4 29.8 28.7

001 2.0 n.a. 6.6 6.5 1.1 3.5 2.4 5.0

010 1.1 0.0 n.a. 0.0 0.4 3.4 2.7 19.1

011 4.0 6.5 0.0 n.a. 5.2 5.9 4.5 2.2

100 0.7 1.1 0.4 5.2 n.a. 3.3 1.5 3.4

101 10.4 3.5 3.4 5.9 3.3 n.a. 310.0 0.0

110 29.8 2.4 2.7 4.5 3.0 310.0 n.a. 0.0

111 29.7 5.0 19.1 2.2 4.1 0.0 0.0 n.a.

Table 4.4: Free energy differences as computed with the averaged one-stepperturbation (AOSP)

method, eq. (4.8), and the relative errors to the thermodynamic integration (TI) results. See also

caption of Table 4.2.

tell when the free energy differences are converged.

4.5.4 Half-Way Averaged One-Step Perturbation (HAOSP)

Table 4.5 shows the free energy differences and their relative errors to TI as calculated with the

half-way averaged one-step perturbation (HAOSP) method. Even though one might expect the

HAOSP to be more accurate than the AOSP, since the perturbation steps from ensembles A and

B are smaller, this is not the case. Although the errors are almost all below 100%, there are

only few errors below 10%. This shows also in the coefficient of determination: R2 — 0.973.

However, all of the signs were correctly calculated.

The reason for the inaccuracy of this method is that the artificially introduced intermediate

state at X — 0.5 is not well sampled. Unlike in the AOSP, there are no simulations involved using
the Hamiltonian of the ensemble at X, = 0.5. As for the convergence behaviour of the HAOSP

method, it suffers from the same problems as the OSP and the AOSP methods; it is hard to

determine when the free energy differences have converged. This can be seen in Figure 4.3.
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Free energy differences [kJ/mol]

000 001 010 Oil 100 101 110 111

000 n.a. 336.3 273.1 686.5 -340.8 -23.6 -5.9 331.3

001 -336.3 n.a. -74.8 280.5 -636.5 -398.1 -318.2 -81.8

010 -273.1 74.8 n.a. 362.5 -567.3 -275.4 -300.8 -5.4

on -686.5 -280.5 -362.5 n.a. -873.2 -643.4 -614.2 -368.4

100 340.8 636.5 567.3 873.2 n.a. 275.2 282.6 670.8

101 23.6 398.1 275.4 643.4 -275.2 n.a. 7.8 316.7

110 5.9 318.2 300.8 614.2 -282.6 -7.8 n.a. 309.7

111 -331.3 81.8 5.4 368.4 -670.8 -316.7 -309.7 n.a.

Relative errors to TI [%]

000 001 010 Oil 100 101 110 111

000 n.a. 33.3 56.0 50.2 19.3 75.0 92.9 155.8

001 33.3 n.a. 1.3 40.0 19.8 14.7 4.8 31.1

010 54.5 8.5 n.a. 31.6 22.7 3.4 14.6 88.1

on 50.2 40.0 31.6 n.a. 19.1 18.0 14.8 15.8

100 19.3 19.8 22.7 19.1 n.a. 49.5 43.9 61.8

101 75.0 14.7 3.4 18.0 49.7 n.a. 20.0 37.4

110 92.9 4.8 14.6 14.8 41.7 20.0 n.a. 42.4

111 157.8 31.1 88.1 15.8 62.6 37.4 42.4 n.a.

Table 4.5: Free energy differences as computed with the half-way averaged one-step perturba¬
tion (HAOSP) method, eq. (4.9), and the relative errors to the thermodynamic integration (TI)
results. See also caption of Table 4.2.
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Figure 4.3: Convergence behaviour of the half-way averaged one-step perturbation (HAOSP)
method: Panel A shows the convergence of the free energy difference from X = 0 to X = 0.5 for
the reaction 010 to 110, panel B shows the same free energy difference from X= 1 to X = 0.5,
and panel C the convergence ofHAOSPfor 010 to 110. Panel D shows the convergence of the

free energy differencefrom X = 0toX = 0.5 for the reaction 101 to 110, panel E shows the same

free energy differencefrom X=\ toX = 0.5, and panel F the convergence ofHAOSPfor 101 to

110.
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4.5.5 Taylor Expansion (TE)

The free energy differences and their relative errors to TI were calculated with the Taylor expan¬
sion (TE) up to third order. The results are presented in Tables 4.6, 4.7, and 4.8. For first-order

Free energy differences [kJ/mol]

000 001 010 011 100 101 110 111

000 n.a. 543.3 472.1 1142.9 -4.8 702.6 675.7 1510.8

001 36.3 n.a. 359.3 486.1 -213.4 -77.8 302.4 600.8

010 109.5 518.7 n.a. 563.9 -101.8 458.4 10.3 725.1

011 313.8 118.5 42.3 n.a. -123.5 -157.2 -182.2 -63.0

100 506.5 807.6 778.9 1205.9 n.a. 482.4 491.7 1099.8

101 822.5 561.5 967.6 876.3 87.5 n.a. 427.0 508.9

110 747.8 888.1 489.3 808.6 87.2 409.2 n.a. 500.8

111 1184.0 773.6 776.0 540.3 291.0 56.5 60.1 n.a.

Relative errors to TI [%]

000 001 010 011 100 101 110 111

000 n.a. 115.5 169.7 150.4 98.2 831.2 903.6 1070.5

001 114.3 n.a. 572.4 142.5 59.8 77.5 190.4 605.0

010 161.9 531.7 n.a. 104.7 77.9 273.2 104.2 1826.2

011 168.9 159.0 115.3 n.a. 83.2 71.2 65.9 80.4

100 77.5 52.1 68.4 64.6 n.a. 162.0 150.5 165.5

101 756.2 62.1 264.5 60.7 148.1 n.a. 4160.0 120.9

110 789.3 165.6 87.0 51.1 143.7 4190.0 n.a. 130.4

111 1025.0 549.6 1745.2 70.0 170.6 124.8 127.7 n.a.

Table 4.6: Free energy differences as computed with the first-order Taylor expansion (TE)

method, Eqs. (4.10-4.12), and the relative errors to the thermodynamic integration (TI) results.

See also caption of Table 4.2.

TE, the relative errors to TI are quite large. They range up to over 4000% for the reaction 110

to 101. None of the errors is below 50%. Furthermore, 20 of the signs (out of 56) of the free

energy differences are wrong. The results improve slightly when taking into account the second

order term. Although most of the errors are still quite high, there are some reactions for which

an almost exact free energy difference is obtained. Most of the errors for reactions with a change
in only one protonation site are below 100%. There are only 9 signs wrongly calculated. When

going to third-order TE, the results get slightly worse again. The reason for this is, as we will

see, the slow convergence for the third-order TE. However, there remain only 5 signs wrongly
calculated. The coefficients of determination are R2 = 0.595, R2 = 0.825, and R2 = 0.561 for

first, second and third-order TE respectively.
Panels A, B, D, and E of Figure 4.4 show the convergence behaviour of the TE. We can see

that the first and second-order TE converge quite quickly, whereas the convergence behaviour of

the third-order TE is much slower.
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Free energy differences [kJ/mol]

000 001 010 011 100 101 110 111

000 n.a. 154.1 76.4 202.8 -494.3 -424.9 -467.1 -358.1

001 -277.1 n.a. -389.0 100.9 -793.1 -580.8 -1163.7 -599.8

010 -205.9 -258.0 n.a. 180.3 -963.8 -778.3 -485.0 -395.0

011 -670.1 -193.5 -274.7 n.a. -1463.9 -1008.4 -788.2 -578.0

100 253.2 390.5 189.7 396.2 n.a. 97.4 96.6 185.8

101 -73.1 319.1 -181.7 269.7 -219.8 n.a. -291.5 123.3

110 -18.4 -55.0 239.0 400.3 -225.3 -176.6 n.a. 118.3

111 -387.3 -28.5 -117.8 297.7 -610.7 -244.6 -242.1 n.a.

Relative errors to TI [%]

000 001 010 011 100 101 110 111

000 n.a. 38.9 56.0 55.5 73.0 341.7 455.9 377.5

001 9.5 n.a. 410.5 49.5 49.4 67.6 248.2 403.4

010 16.5 414.6 n.a. 34.2 108.4 193.2 85.4 838.1

011 46.7 3.0 0.0 n.a. 99.9 85.0 47.4 82.0

100 11.2 26.4 58.9 45.9 n.a. 46.7 50.5 55.1

101 176.0 7.8 168.7 50.5 19.1 n.a. 3010.0 46.5

110 121.4 116.5 8.4 25.1 13.1 1660.0 n.a. 45.6

111 201.6 123.5 380.9 6.3 48.1 6.1 11.1 n.a.

Table 4.7: Free energy differences as computed with the second-order Taylor expansion (TE)

method, Eqs. (4.10-4.12), and the relative errors to the thermodynamic integration (TI) results.

See also caption of Table 4.2.
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Free energy differences [kJ/mol]

000 001 010 Oil 100 101 110 111

000 n.a. 528.2 543.3 1342.3 -523.9 -103.2 -208.4 359.8

001 -283.9 n.a. 497.1 630.3 -716.1 -828.8 -460.8 -519.2

010 -224.6 369.6 n.a. 520.9 -656.3 -211.3 -460.3 -66.5

on -455.4 -149.9 -322.7 n.a. 483.4 -762.9 -499.2 -422.4

100 253.2 928.1 566.9 2228.3 n.a. 575.9 460.3 1174.6

101 168.6 301.0 -64.0 160.6 -193.0 n.a. 988.1 461.0

110 -34.2 2771.3 281.8 946.9 -239.4 417.3 n.a. 517.6

111 -124.6 341.2 327.1 296.0 -845.2 -309.7 -168.8 n.a.

Relative errors to TI [%]

000 001 010 Oil 100 101 110 111

000 n.a. 109.5 210.3 194.1 83.5 6.2 147.6 178.3

001 12.3 n.a. 754.0 214.5 34.9 139.3 37.7 335.3

010 27.3 350.0 n.a. 89.1 42.0 20.4 75.9 54.8

on 0.2 25.0 17.1 n.a. 166.0 39.8 6.5 32.8

100 11.2 74.9 22.5 204.2 n.a. 212.5 134.7 183.6

101 75.0 13.0 124.2 70.5 4.9 n.a. 9770.0 100.0

110 140.5 729.3 7.3 77.2 20.1 4270.0 n.a. 138.2

111 2.3 185.7 676.2 6.6 104.8 34.4 22.1 n.a.

Table 4.8: Free energy differences as computed with the third-order Taylor expansion (TE)

method, Eqs. (4.10-4.12), and the relative errors to the thermodynamic integration (TI) results.

See also caption of Table 4.2.
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Figure 4.4: Convergence behaviour offree energy differences as calculated with the Taylor

expansion (TE) method. The long dashed line represents the first-order, the dotted line the

second-order and the solid line the third-order TE. Panel A shows the free energy difference for
the reaction 010 to 110, panel B the backwards reaction, and panel C shows the average of the

forwards and backwards reaction for 010 to 110. Panel D shows the free energy difference for
the reaction 101 to 110, panel E the backwards reaction and panel F shows the average of the

forwards and backwards reactionfor 101 to 110.
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4.5.6 Linear Response (LR)

Table 4.9 shows the free energy differences and their relative errors to TI as computed with

the linear response (LR) method. All the relative errors to TI are below 60%. Considering the

Free energy differences [kJ/mol]

000 001 010 011 100 101 110 111

000 n.a. 253.5 181.3 414.6 -255.7 -59.9 -36.0 163.4

001 -253.5 n.a. -79.7 183.8 -510.5 -319.7 -292.9 -86.4

010 -181.3 79.7 n.a. 260.8 -440.4 -254.6 -239.5 -25.4

011 -414.6 -183.8 -260.8 n.a. -664.7 -516.8 -495.4 -301.6

100 255.7 510.5 440.4 664.7 n.a. 197.4 202.3 404.4

101 59.9 319.7 254.6 516.8 -197.4 n.a. 8.9 226.2

110 36.0 292.9 239.5 495.4 -202.3 -8.9 n.a. 220.3

111 -163.4 86.4 25.4 301.6 -404.4 -226.2 -220.3 n.a.

Relative errors to TI [%]

000 001 010 011 100 101 110 111

000 n.a. 0.4 3.4 9.2 10.2 37.5 57.1 25.6

001 0.4 n.a. 4.0 8.0 3.8 7.5 12.3 26.9

010 2.8 2.4 n.a. 5.1 4.5 4.2 8.4 40.5

011 9.2 8.0 5.1 n.a. 9.2 5.1 7.3 5.0

100 10.2 3.8 4.5 9.2 n.a. 7.1 2.5 2.4

101 37.5 7.5 4.2 5.1 7.1 n.a. 10.0 1.7

110 57.1 12.3 8.4 7.3 1.5 10.0 n.a. 0.9

111 27.3 26.9 40.5 5.0 1.7 1.7 0.9 n.a.

Table 4.9: Free energy differences as computed with the linear response (LR) method, eq. (4.13),

and the relative errors to the thermodynamic integration (TI) results. See also caption of Ta¬

ble 4.2.

reactions with changes in only one protonation site, the errors are even within about 10%. All

the signs are correct. The coefficient of determination is R2 — 0.997.

The convergence behaviour of the LR method can be studied in panels C and F of Figure 4.4.

As was mentioned in the methods section, the LR is an average of two first-order TE results. We

can see that the LR converges very fast: For both reactions shown in Figure 4.4, the free energy

difference hardly changes after about 50 ps. The averages of the second- and third-order TE

converge more slowly.
When comparing the average of the first and second-order TE, we can see that the fluctua¬

tions of the electrostatic intra-solute and solute-solvent interactions cannot be neglected in the

case of protonation and deprotonation reactions: The difference between the averages of the

first- and second-order TE is quite large. Since the second-order TE is more accurate than the

first-order TE, one would expect that the average of the second-order TE is more accurate than

the LR result. This, however, is not the case. The coefficient of determination for the averaged
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second-order TE is R2 = 0.955. Apparently, not the second-order term, but all higher order

terms of the TE almost cancel out on average.

4.5.7 Thermodynamic Cycles

To test the additivity of the free energy differences, the free energy changes along all 56 thermo¬

dynamic cycles between three protonation states were calculated. As a measure of the accuracy

of the closure of the cycles, we consider the quotient

Q
AF(lto2)+AF(2to3)

AF(3tol)
(4.15)

The values of Q as well as the mean value Q and the standard deviation from the mean value Aß
are shown in Table 4.10.

Cycle TI OSP AOSP HAOSP TE1 TE2 TE3 LR

000,001,010 1.00 75.28 0.95 0.96 -8.24 -1.14 4.56 0.96

000,001,011 0.99 -15.35 0.99 0.90 -3.28 0.38 2.54 1.05

000,001,100 0.98 -0.09 0.98 0.88 -0.65 2.52 0.74 1.00

000,001,101 0.98 -0.32 1.01 2.62 -0.56 -5.83 1.78 1.10

000,001,110 0.98 -0.81 1.36 -3.07 -1.13 -54.91 1.97 1.09

000,001,111 1.03 -0.81 0.72 0.77 -0.97 -1.15 0.07 1.02

000,010,011 0.98 -15.25 1.02 0.93 -3.30 0.38 2.34 1.07

000,010,100 1.01 -0.11 1.01 0.86 -0.73 3.50 0.45 1.01

000,010,101 0.94 -0.91 1.19 0.10 -1.13 -9.60 -1.97 1.22

000,010,110 1.03 -0.38 1.39 4.69 -0.65 -22.22 2.43 1.61

000,010,111 1.03 -0.95 0.83 0.81 -1.01 -0.82 3.83 0.95

000,011,100 0.97 -1.37 0.90 0.55 -2.01 4.98 -7.21 0.98

000,011,101 0.92 -1.00 0.87 -1.83 -1.20 -11.01 -3.44 1.71

000,011,110 0.93 -1.07 1.23 -12.25 -1.28 -31.84 24.65 2.24

000,011,111 1.08 -0.81 0.68 0.96 -0.91 -0.97 7.38 0.69

000,100,101 1.05 -0.32 1.08 2.78 -0.58 -5.43 -0.31 0.97

000,100,110 1.06 -0.36 1.56 9.86 -0.65 -21.63 -1.86 1.48

000,100,111 1.00 -0.81 0.87 1.00 -0.92 -0.80 5.22 0.91

000,101,110 1.02 -1.14 1.83 2.68 -1.51 -38.96 25.88 1.42

000,101,111 1.05 -0.90 0.86 0.88 -1.02 -0.78 2.87 1.02

000,110,111 1.04 -0.90 0.95 0.92 -0.99 -0.90 2.48 1.13

001,010,011 0.99 77.53 1.03 1.02 -7.79 -1.08 6.79 0.98

001,010,100 1.01 0.16 1.03 1.01 -0.32 3.46 0.17 1.02

001,010,101 0.99 -0.86 1.07 0.88 -1.46 3.66 -0.95 1.04

001,010,110 1.01 -0.08 1.03 1.18 -0.42 -15.90 -0.01 1.09

001,010,111 1.00 -1.22 0.92 0.98 -1.40 -27.48 -1.26 1.22

001,011,100 1.00 0.01 0.97 0.93 -0.45 3.49 -1.20 0.94

001,011,101 0.99 -0.05 0.97 0.91 -0.58 2.84 0.44 1.04

001,011,110 1.00 -0.04 0.99 1.05 -0.34 -12.51 -0.05 1.06
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001,011,111 0.98 -0.27 1.10 1.07 -0.55 -16.73 -0.61 1.36

001,100,101 1.00 0.05 1.00 0.91 -0.48 2.18 0.47 0.98

001,100,110 1.00 0.02 1.02 1.11 -0.31 -12.67 0.09 1.05

001,100,111 0.97 -0.90 0.76 -0.42 -1.15 -21.29 -1.34 1.23

001,101,110 1.00 0.01 1.09 1.23 -0.39 -15.87 -0.06 1.06

001,101,111 0.97 -0.28 0.83 0.99 -0.56 -16.03 1.08 1.08

001,110,111 0.98 -0.70 0.86 0.10 -1.04 -36.64 -0.17 0.84

010,011,100 0.99 -0.10 0.91 0.90 -0.56 6.76 -1.77 0.92

010,011,101 1.02 -0.12 0.87 1.02 -0.42 -4.56 -3.78 1.00

010,011,110 0.99 -0.25 0.93 0.84 -0.78 2.54 -0.08 0.98

010,011,111 1.01 -0.38 1.51 1.09 -0.65 -3.38 -0.30 1.60

010,100,101 1.05 -0.07 0.98 1.06 -0.39 -4.77 -1.26 0.95

010,100,110 1.01 -0.17 1.05 0.95 -0.80 3.63 0.69 0.99

010,100,111 1.12 -1.04 0.90 -19.17 -1.29 -6.61 -1.58 1.41

010,101,110 0.97 -1.08 1.16 0.89 -1.81 4.48 -2.76 1.02

010,101,111 0.82 -1.02 1.34 -7.65 -1.25 -5.56 -0.76 1.12

010,110,111 1.04 -0.41 1.07 -1.66 -0.66 -3.11 -0.17 0.75

011,100,101 1.00 0.03 0.98 0.93 -0.41 5.07 -6.60 0.90

011,100,110 1.00 0.02 0.98 0.96 -0.46 3.42 -1.00 0.93

011,100,111 1.00 -1.17 0.81 0.55 -1.81 4.29 -5.60 0.86

011,101,110 1.00 0.19 1.05 1.03 -0.33 3.25 -0.24 1.02

011,101,111 0.99 -0.09 0.87 0.89 -0.65 2.97 1.02 0.96

011,110,111 1.00 -0.05 0.90 0.83 -0.59 2.25 -0.06 0.91

100,101,110 0.98 21.05 0.88 1.00 -10.43 -0.86 6.53 1.02

100,101,111 1.00 -36.49 0.98 0.88 -3.41 0.36 1.23 1.05

100,110,111 1.00 -36.01 0.96 0.88 -3.41 0.35 1.16 1.04

101,110,111 0.99 7.32 0.86 1.00 -16.41 -0.71 4.86 1.01

Q 1.00 0.98 1.02 0.29 -1.72 -6.20 1.20 1.09

Aß 0.01 2.22 0.03 0.50 0.37 1.70 0.73 0.03

Table 4.10: ß = -(AF(1 to 2) ± AF(2 to 3))/AF(3 to I) for all thermodynamic cycles consist¬

ing of three protonation states of the Asp solute. Q and Aß denote the mean value and the

standard deviationfrom the mean value respectively.

It is not surprising that the methods that yield accurate results for the free energy differences

are also accurate in terms of additivity. The best results in this respect are obtained from TI,

AOSP, and LR. For the OSP, ß is almost correct, but Aß is very large. However, this could be an

indication that there is a systematic sampling problem involved in the OSP method that makes

the AOSP method accurate. As for the TE method, the additivity of the free energy differences

of the first-order TE is much better than the one of the second-order TE. This might explain why
LR is more accurate than the averaged second-order TE.
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4.6 Conclusions

We have compared seven fast but approximate methods to compute free energy differences of

chemical reactions by means of molecular dynamics (MD) for the case of protonation and depro¬

tonation reactions of aspartic acid in aqueous solution. As reference values for the free energy

differences, the values calculated with thermodynamic integration (TI) were taken.

It can be concluded that none of the approximate methods involving only one MD trajectory

(one-step perturbation (OSP) and Taylor expansion (TE)) yield accurate results. From the meth¬

ods involving two MD trajectories (averaged one-step perturbation (AOSP), half-way averaged

one-step perturbation (HAOSP) and linear response (LR)), the AOSP and LR both proved to be

accurate, whereas the HAOSP was less accurate than AOSP and LR.

The fastest convergence was achieved with the first-order TE and LR methods: The free

energy differences have converged after about 100 ps. The second-order TE converges after

about 100 to 800 ps. The AOSP and third-order TE converge much more slowly: For single

cases, the sampling time of 3.8 ns was not long enough for the free energy difference to converge.

The OSP, AOPS and HAOSP are unpredictable in terms of convergence, as there are many

sudden changes in their convergence curves that do not become smaller with a long simulation

time.

Considering both aspects, accuracy and convergence, the linear response (LR) method is

the best method tested to calculate free energy differences of protonation and deprotonation

reactions, at least for small molecules.
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Chapter 5

Simulating Proteins at Constant pH: An

Approach Combining Molecular Dynamics
and Monte Carlo Simulation

5.1 Abstract

For the structure and function of proteins, the pH of the solution is one of the determining

parameters. Current molecular dynamics (MD) simulations account for the solution pH only
in a limited way by keeping each titratable site in a chosen protonation state. We present an

algorithm that generates trajectories at a Boltzmann distributed ensemble of protonation states

by a combination of MD and Monte Carlo (MC) simulation. The algorithm is useful for pH

dependent structural studies and to investigate in detail the titration behaviour of proteins. The

method is tested on the acidic residues of the protein hen egg white lysozyme. It is shown that

small structural changes may have a big effect on the pKa values of titratable residues.

5.2 Introduction

It has been known for a long time that the structure and function of proteins are pH-dependent

[1-4]. The pH-dependence of structure and function is induced by changes in the titration be¬

haviour of the ionisable (titratable) residues of the protein at different pH values. The factors that

influence the titration behaviour of an ionisable residue are the pH of the surrounding solution

and the interactions of the residue in question with its local environment, i. e. the protonation
state of the other titratable residues and the structure of the protein. These contributions are

tightly coupled: changing the titration behaviour of one residue can change the titration be¬

haviour of the other ionisable residues and the structure of the protein in a hardly predictable

way. This makes titration curves of solvated proteins difficult to interpret and the experimental

investigation of the titration behaviour of residues in a protein non-trivial [5-7].
There are two aspects that make molecular dynamics (MD) simulations of proteins at con¬

stant pH desirable: the investigation of the structure and function of the protein as a function of

pH, and the analysis of the titration behaviour of its ionisable residues. Whereas in recent years

a number of methods have been developed to calculate the pKa values of ionisable residues,

77
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only a few approaches to account for the pH in an MD simulation have been reported. Most

of the current MD simulations account for the pH through the choice of a particular, fixed pro¬

tonation state of the protein. However, this model has flaws, particularly in the case when

ionisable residues are close in space and when the pKa of a site is close to the chosen pH. In

such a model, the ensemble of protonation states is replaced by one state only, whereas it is well

known from experiments that many ionisable groups in a protein have their pKa values signif¬

icantly changed from the standard values for the corresponding single amino acid in solution,

which implies a dependence of the protonation state upon protein structure. Mertz and Pettitt

[8] have introduced a grand canonical Lagrangian into MD simulation that allows for protons to

be exchanged between molecules. The application of this algorithm to a protein in water would

require a potential energy function that accurately represents neutral, protonated and deproto¬

nated water molecules. More recently, methods have been developed by Baptista et al [9], in

which a potential of mean force is used to account for an implicit titration, and by Börjesson and

Hünenberger [10], in which the protonation state for each titration site can vary continuously.
Both these methods, however, are based on a mean field approximation: the protonation state

is treated as a parameter that describes a continuous change from protonation to deprotonation.
The value of this parameter is determined by minimising the electrostatic energy of an ionis¬

able site. Thus, the various protonation states are not sampled, but the protonation state follows

adiabatically the variation in the potential at the ionisable site. The description of a protonation

state through a continuous parameter is not equivalent to treating the protonation states explic¬

itly, since physical observables can be affected by the protonation state of a residue in a highly

non-linear way: as soon as there is a strong coupling between the titratable residues, the titration

curves get significantly distorted [11], and it seems necessary to include the neutral and charged
form of residues explicitly rather than representing the protonation state through intermediate or

extrapolated charge states [12].

The current methods to analyse the titration behaviour of ionisable sites depend on determin¬

ing the free energy difference of protonating the site (AF) and relating it to a pKa value through
the relation

AF = log(10) •^r(pH-pKA), (5.1)

where kB is the Boltzmann constant and T is the temperature of the system [13]. Into the calcula¬

tion of AF enter a classical (AFclass) and a quantum-mechanical (AFquant) contribution. AFclass

is caused by the change of non-bonded (electrostatic and van der Waals) interactions and the

change of bond lengths and bond angles at the ionisable site. AFquant consists of the free en¬

ergy difference of forming or breaking the bond to the proton and the free energy difference

of (de)solvating the proton in water. Since AFquant cannot be calculated classically, classical

methods attempt to calculate pKa shifts rather than absolute pKa values by calculating AFclass

for a protein residue (AFi^f5) versus AFclass for the corresponding amino acid solvated singly

in water (AF$SS),
AFffi = AF^r - AF#». (5.2)

The quantum-mechanical contributions are assumed to be the same for the reference compound
as for the residue in the protein, and thus the resulting free energy difference (AF^f^f) can be

equated to the total free energy shift,

upshift=A*äy • (5.3)
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kFshift can then be related to the pKa shift of a residue in a protein with respect to its corre¬

sponding single amino acid,

pKA = pKA,ref + pKA,shift (5.4)

It appears that the relevant part of AFsktft is mainly caused by the change of the electrostatic

interactions with the residue. The model by Linderstr0m-Lang [14] incorporates two contribu¬

tions to the electrostatic potential: the interactions of the residue with dipolar groups and charged
residues within the protein, and the interaction of the residue with the solvent. Most of the cur¬

rent methods to investigate electrostatic effects in proteins are based on solving numerically the

linearised Poisson-Boltzmann (PB) equation [15], thus modelling a continuum solvent around

the protein. A variety of difficulties is encountered when calculating pKa values by solving the

PB equation. On the one hand, there are several parameters for which a value has to be chosen

or which can be determined by fitting to a given set of pKa values: the partial atomic charges
and van der Waals radii of atoms [16,17] and values for the dielectric constant inside and out¬

side the protein [18-21]. On the other hand, the accuracy of a continuum solvent model can be

questioned, especially for protonation sites close to the continuum solvent. There, the choice of

the computational grid comes to play: whether a grid point lies just within the protein or just
outside the protein can effect the calculated pKa values significantly. Efforts have been made

to alleviate this problem by introducing single explicit water molecules [12,22]. In addition,

calculations based on a single structure of the protein neglect structural fluctuations and seem

to be less accurate than calculations based on ensembles [23]. Alternative methods to compute

PKa values are based on microscopic polarisation models [24,25] or the analysis of Gaussian

fluctuations [26]. A recent review comparing differrent methods for calculating electrostatic

energies and pKa values of proteins can be found in [27].

The calculations of AFshift through Equation (5.2) is very demanding with respect to the

accuracy of methods to calculate AF£^" and AF^?SS: the latter are both of the order of 102

kJ/mol, whereas AFshift, the relevant free energy difference, is of the order of 10° kJ/mol. Thus,

the errors of the calculations of AFplrs and AF^SS must be well below 1%. Therefore, the

various approximations made in the methods described above — only considering electrostatic

interactions, use of a mean-field solvent, lack of an appropriate ensemble of structures, etc. —

may reduce the accuracy of the calculated pKa values significantly. Even if the free energy dif¬

ferences are averaged over an ensemble of structures, this ensemble is usually generated by MD

simulation of the protein at one protonation state only, which induces the problem of implying
a chosen protonation state in the calculations. Such a procedure does not account for structural

changes of the protein as a function of its protonation state.

In the present work, we propose an approach for constant pH simulations combining MD

simulation of the canonical ensemble of protein structures at one protonation state with Monte

Carlo (MC) simulation of the grand canonical ensemble of protonation states of the protein.
The method allows for the generation of structures of the protein at a Boltzmann distributed

ensemble of protonation states. Thus, it is possible to analyse the structures of the protein as a

function of the pH. Furthermore, many of the problems of the existing methods to analyse the

titration behaviour of ionisable residues are reduced: the free energy differences of protonating
and deprotonating the titration sites can be averaged over a correctly weighted ensemble of

structures and protonation states and the free energy differences are calculated including all the

changes in interaction energy due to variations in protein structure and solvent configurations.
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5.3 Theory and Methods

5.3.1 Outline of the Algorithm

The algorithm presented in this work is based on MC simulations in the grand canonical ensem¬

ble of protonation states. At each MC step, a change in protonation state of a titratable residue

is attempted. The free energy difference (AF) of protonating or deprotonating the residue is

calculated by MD simulation in phase space through free energy perturbation (FEP) theory. For

protonating a residue, AF is given by

AF = log(10) • kBT(VK - pKA,ref) + AFcpl»? - AF^S, (5.5)

where kB is the Boltzmann constant, T is the temperature of the system, pH is a simulation

parameter, pKA,ref is the pKa of the corresponding reference compound, AF^S is the free

energy difference as calculated for the residue in the protein, and AF^SS is the free energy

difference as calculated for the residue in the reference compound. The MC step is accepted

according to the probability p of the Metropolis criterion:

e-AF/kBT AF>Q
(5.6)

Note that, since the MC algorithm affects the grand canonical ensemble of protonation states, the

potential used in the Metropolis criterion (5.6) is the free energy F rather than the mean energy

E. Into the calculation of AF enter not only contributions due to the change in protonation, but

also contributions due to conformational changes induced by the change in protonation state.

These contributions are desired, as the purpose of the algorithm is to generate properly weighted
conformations at a given pH.

The choice of the initial structures for the MC steps as well as the generation of the total

simulation trajectory is described in detail in Section 5.3.6.

5.3.2 Test Systems

The method was tested on hen egg white lysozyme (HEWL). In order to speed up the calcu¬

lations and to improve the sampling, none of the simulations was performed at a high pH; the

system was simulated at pH values of 4, 3 and 2. Thus the MC simulations considered only

protonation states of the negatively charged residues (Asp, Glu) and the carboxy terminus, and

all the positively charged residues (Arg, His, Lys) and the N terminus were fully protonated.
As reference compounds for aspartic acid (Asp) and glutamic acid (Glu), single blocked

amino acids (Me-CO-NH-X-CO-NH-Me) were chosen. For the C-terminal carboxyl group

(Cter), a single alanine with a blocked N-teminal group (Me-CO-NH-Ala-COOH) served as a

reference. The pKa values for the reference compounds were taken from [28]: 4.0 for Asp, 4.4

for Glu, and 3.8 for Cter.

5.3.3 Molecular Model and Simulation Setup

All MD simulations were carried out using the simulation package GROMOS96 [29,30]. All

reference compounds (Asp and Glu peptides and the C-terminal peptide Ala) and the protein



5.3. Theory and Methods 81

HEWL were modelled using the GROMOS96 biomolecular force field, parameter set 43A1

[29]. The parameters for the carboxylic acid groups were chosen as described in [31]. Water

was modelled using the simple point charge (SPC) model [32].

As the starting structure for HEWL, the Brookhaven Protein Data Bank (PDB) entry 1AKI

obtained at pH=4.48 was chosen. To obtain the starting structure for the reference compounds,
an energy minimisation in vacuo was carried out starting from a randomly scattered distribution

of atoms. The reference compounds as well as HEWL were solvated in a periodic truncated

octahedron. The number of water molecules solvating the reference compounds Asp, Glu, and

Cter were 1267,1311, and 1238 respectively. HEWL was solvated in 5956 water molecules. The

volume of the truncated octahedron was kept constant in all simulations, the distance between

the square planes of the truncated octahedra being 1.8 nm for the reference compounds and

1.2 nm for HEWL. The temperatures of solute and solvent were separately weakly coupled to a

temperature bath of 298 K with a coupling time of 0.1 ps [33]. All bond lengths were constrained

using the SHAKE algorithm [34] with a relative geometry precision of 10~4.

The non-bonded interactions were calculated with twin-range cut-off radii of 0.8 and 1.4

nm. In the intermediate range, the non-bonded forces were calculated every 5 time steps of 2

fs. For the long-range electrostatic interactions, a reaction field [35] was used with the dielectric

constant ERf = 54 [36].

Counter Ions

In the algorithm presented in this work, the total charge is not kept constant. It would be desir¬

able to find a way to resolve this problem. However, the addition of charged salt ions is not at

all trivial: adding counter ions to an MD simulation is a widely discussed topic [37, 38]. In the

present formalism, counter ions would have to be introduced such that they are charged when

the corresponding residue is charged and uncharged otherwise. Whenever a residue changes its

protonation state from uncharged to charged, the corresponding counter ion would essentially
be located at a random position.

In the present study we chose to neglect the change in total charge rather than having to deal

with unpredictable effects due to badly located counter ions. Of course, this problem has to be

treated, and a solution has to be found to keep the total charge constant.

5.3.4 Free Energy Calculations

The dependence of the Hamiltonian H(X) on X is given in [29,30]. The deprotonated and pro¬

tonated Hamiltonians, i. e. the force field parameters of both states, are defined in [31]. For

the non-bonded interactions of the perturbed atoms, a soft-core interaction was used [29,30,39]

with the soft-core parameters au = 0.5 and Oc = 0.5 nm2.

Free Energy Calculations for the Reference Compounds

All the reference free energy differences were calculated with the thermodynamic integration

(TI) method [40,41]. For 18 values of the coupling parameter X (X = 0, 0.03, 0.07, 0.085,

0.1, 0.15, 0.2, 0.3, 0.4, 0.6, 0.7, 0.8, 0.85, 0.9, 0.93, 0.97, 1), the system was equilibrated
for 2.5 ps, and the derivative dH/dX was sampled for a period of 97.5 ps. The value of the
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derivative dH/dX was saved every 0.5 ps. The measurements were sufficiently uncorrelated for

the standard deviation of dH/dX to be a suitable measure of the error.

The integration of {dH/dX)x over X was carried out by performing a polynomial fit, weigh¬

ing the different points with their respective standard deviations. The error of the integral was

estimated by a Monte Carlo integration: The value of (dH/dX)^ was randomly chosen from

the normal distribution (defined by the mean value and standard deviation of dH/dX) at each X

value, and the error of the integration was taken as the standard deviation of the mean value of

100 such integrals. For all the reference compounds, the error of the free energy differences as

calculated by TI is about 1.5 kJ/mol, which is below 1%. The results are presented in the first

row and the first three columns of Table 5.1.

Method Asp Glu Cter 7Glu 18Asp 35Glu

TI 206.9 212.8 239.4 211.0 210.2 174.1

SG20

ASG20

221.7

7.2

212.9

0.0

240.9

0.6

244.2

15.7

230.0

9.4

181.3

4.2

SG20,rev
ASG20,rev

208.9

1.0

201.0

5.6

239.3

0.0

211.2

0.1

210.8

0.3

159.3

8.5

SG20,av
ASG20,av

215.3

4.1

207.0

2.7

240.1

0.2

227.7

7.9

220.4

4.8

170.3

2.2

SG40

ASG40

208.0

0.6

225.6

6.0

240.8

0.6

213.8

1.3

231.2

10.0

190.2

9.2

TIi

ATIi

220.3

6.5

225.1

5.7

255.8

6.9

215.7

2.2

227.0

8.0

194.3

11.6

TIl,rev

ATIijrev

203.1

1.8

208.9

1.8

220.8

7.8

215.0

1.9

206.5

6.3

147.2

15.4

TIl,av

ATIi,av

211.7

2.3

217.0

2.0

238.3

0.5

215.3

2.0

216.7

3.1

170.8

1.9

TI5

ATI5

210.5

1.8

216.0

1.5

240.7

0.5

196.1

7.1

212.9

1.3

178.9

2.8

Table 5.1: Free energy differences AFclass of protonation in (kJ/mol) for the three reference

compounds (Asp, Glu, Cter) and for three sites in HEWL (7Glu, 18Asp, 35Glu) as obtained

using different protocols: thermodynamic integration (TI), slow growth during 20 ps forward

(SG20) and during 20 ps backward (SG20,rev)> the average of the forward and backward results

(SG20,av), slow growth during 40 ps (SG40), TI with 1 ps windows in the forward (TI\) and

backward (TI\^rev) direction, the average of the forward and backward results (TI\^av), and TI

with 5 ps windows (TI5). The relative error ofmethod X with respect to the TI results, denoted

as AX, is given in %.
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Free Energy Calculations for HEWL

Since the accurate free energy calculation using TI requires 1.8 ns of simulation time per AFclass

value, this method is computationally too costly for the calculation of the free energy differences

to be used in the MC steps. A variety of fast 1- and 2-step (using one or two A,-values) approxi¬
mate methods have been tested on aspartic acid [31]. The method with the best results presented

there, linear response theory, yields results within an error range of around 10% for changes in

one protonation state. Since, however, the relevant free energy differences AF are of the order

of 1% of the calculated free energy differences AFplrs and AF^?SS, and AF occurs in the expo¬

nent of the Metropolis criterion (5.6), a more accurate (multi-step) method is needed to calculate

AFpl5. Two multi-step methods were tested for each of the reference compounds as well as for

three sites in HEWL (7Glu, 18Asp, and 35Glu).

Slow Growth

In the slow growth (SG) procedure [42-44], the value of X is changed every time step by a small

amount. Instead of an ensemble average, one measurement of dH/dX per A-point is used for

the integration. The value of dH/dX was saved every 0.1 ps. The integration was carried out

by fitting an eighth order polynomial through the measured points and integrating the polyno¬
mial analytically. Two SG simulations were carried out over 20 ps periods for both the forward

(X = 0 —> 1) and backward (X = 1 —> 0) change in X. (SG20 and SG2o,rev)- The results are listed,

together with their relative errors to the TI results, in the second to fifth rows of Table 5.1. The

average of the forward and backward calculations (SG2o,<w) is presented in the next row. Further¬

more, a SG simulation over 40 ps was carried out (SG40). The relative errors of the non-averaged
results range up to 16%. Taking the average over forward and backward SG brings the relative

errors below 10%.

77 with Short Equilibration and Sampling
In TI, a relatively low (e. g. 18) number of X values is used for which the system is thoroughly

equilibrated (e. g. 50 ps) and sampled (e. g. 100 ps). SG is a limiting case of TI in which the

equilibration and sampling periods tend to zero and the number of X values tend to the number

of time steps in the simulation for which a dH/dX value was saved. A procedure which is inter¬

mediate between SG and TI is TI with short equilibration and sampling periods. The system is

equilibrated for 2 ps at the starting value of X (X = 0 or X = 1 respectively) and then X is varied

over the same 18 values as described in Section 5.3.4. The final structure at every X point serves

as the starting structure for the next. Sampling windows of 1 ps (TIi) and 5 ps (TI5) per A-point
were tested, always omitting the first 0.05 ps as equilibration time. The value of dH/dX was

saved every 0.01 ps. For the 1 ps windows, the free energy difference for the reverse reaction

path (TIijrev) and the average of the forward and backward reaction (TIi)av) was calculated. The

results can be seen in the last four rows of Table 5.1. Although the single values of TIi and

TIijrev are not very accurate, their averages TIi;0V are within a 5% relative error to the TI results.

The results obtained by TI5 are not much worse, however they require much more computational
effort.

Considering these results, TIi;av was chosen to calculate AFS^f for use in the MC proce¬

dure. Both pathways can be calculated simultaneously, starting from states X = 0 and X = 1

respectively.
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Effect of Changing the van der Waals Interaction upon Protonation

The standard GROMOS96 force field uses different van der Waals interaction parameters for the

oxygens in the protonated and deprotonated state of the carboxylic acid groups. The values of

the parameters can be found in [31]. The contribution to the free energy of protonation of chang¬

ing these van der Waals parameters upon protonation was studied by calculating the free energy

difference of protonation for the six test cases mentioned above through TI while keeping the

van der Waals parameters fixed at the values for the residue in its protonated state. The results

are shown in Table 5.2. Although the main contribution to AFclass is indeed caused by electro-

Asp Glu Cter 7Glu 18Asp 35Glu

TI 206.9 212.8 239.4 211.0 210.2 174.1

TIe/ 243.2 250.5 273.1 258.3 235.9 199.3

ATIe/ 17.5 17.7 14.1 22.4 12.2 14.5

Table 5.2: Free energy differences AFclass ofprotonation (in kJ/mol) as calculated by TI (see

table 5.1), as well as the free energy differences as calculated by TI while keeping the van der

Waals parametersfixed as in the case ofthe protonatedform ofthe residue (TIei). The differences
with respect to AFclass including the change in van der Waals interaction (ATIei) are given in %.

static interactions, the contribution coming from the change in van der Waals parameters upon

protonation is still of the order of 20%. Furthermore, it can be seen that the van der Waals con¬

tributions vary between different environments, which implies that they need not cancel when

calculating the difference AFshift = AFprot — AFref. To underscore this point, AFshift as calcu¬

lated including (AFshift) and excluding (AFshift,ei) the van der Waals contribution is shown in

Table 5.3. For two of the sites (7Glu and 18Asp), the sign of AFshift changes when consider-

Site AF"shift AF«shift,el. Deviation

7Glu -1.8 7.8 533.3

18Asp 3.3 -7.3 321.2

35Glu -38.7 -51.2 32.3

Table 5.3: Free energy differences AFshift = AFplraS — AF^?SS (in kJ/mol) for three sites in

HEWL as calculated including (AFshift) and excluding (AFshift,el) the change in van der Waals

parameters ofthe carboxylic group upon protonation. The deviation of'AFshift,el. from AFshift is

given in %.

ing the van der Waals contribution, yielding relative errors of the order of several 100%. Since

the van der Waals parameters of ionisable sites of a molecule will in general be different in the

different charge or protonation states, the van der Waals interaction will contribute to the free

energy of protonation. Since this contribution seems to be sizeable using van der Waals param¬

eters of commonly used biomolecular force fields, a calculation of the protonation free energy
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that is solely based on electrostatic interactions is likely to miss sizeable contributions to the free

energy of protonation.

5.3.5 Equilibration

Starting from the solvated X-ray structure of HEWL, a steepest descent energy minimisation was

carried out. The initial velocities were randomly chosen out of a Maxwell distribution. To further

relax the system, 20 ps of MD simulation was run applying positional restraints on all solute

atoms. The force constant for the positional restraints was reduced from 2.5 -104 to 2.5 -102 to

2.5 101 to 0 kJ mol-1 nm-2 every 5 ps. Equally, for each of the solvated reference compounds,
a steepest descent minimisation was carried out. Since the number of conformational degrees of

freedom of the reference compounds is very low, no initial MD simulation for equilibration was

needed. The initial velocities were also chosen randomly out of Maxwell distributions.

As for the protonation state of the system, an initial equilibration phase was carried out for

each of the three pH values considered. Both, starting the equilibration with all acidic residues

completely protonated and completely deprotonated was tested. Both simulations converged
after about 30 MC (de)protonation steps. The production runs were started from the relaxed

crystal structure with the protonation states as indicated in Table 5.4.

PH 7 18 35 48 52 66 87 101 119 130

4 0 0 1 0 1 0 0 1 0 0

3 0 0 1 0 1 0 0 1 0 1

2 1 1 1 0 1 1 0 1 1 0

Table 5.4: Protonation state ofthe acidic residues after 100 MC steps ofequilibration. 0 refers
to the deprotonated and 1 to the protonated state of the corresponding residue indicated by its

residue number in the HEWL amino acid sequence.

5.3.6 Generation of the Trajectories

Since the TIiav procedure was used to calculate AF for the MC (de)protonation steps, two

trajectories were generated at each MC step: one for the forward (X = 0 —> 1) and one for

the backward (X = 1 —> 0) protonation path. There were no separate MD simulations added

between the MC steps, and therefore the system was in a perturbed state (0 < X < 1) for most of

the simulation time. However, since only one ionisable site was perturbed at a time and since the

same site remained unperturbed during a number of other MC steps, this trajectory can be used

for structure analysis. The generation of a continuous trajectory is possible when counting the

trajectory along the forward reaction path in case of acceptance and along the backward reaction

path in case of rejection of the MC step.
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5.4 Results and Discussion

As mentioned in the methods section, three simulations were carried out, at pH 4, 3 and 2.

All simulations are 3 ns long. Figure 5.1 shows the all atom and backbone atom-positional

root-mean-square deviation (RMSD) of the three trajectories from the X-ray structure (upper

panels) as well as the protonation state of the acidic residues (lower panels) as a function of

time. Lysozyme is a rather stable protein. Therefore, no major structural changes are expected,

Figure 5.1: All atom and backbone atom-positional root-mean-square deviation (RMSD) of the

trajectory structures of hen egg white lysozyme (HEWL) with respect to the X-ray structure

(upperpanels) as well as the protonation state ofthe acidic residues (lowerpanels) as afunction

of time for the three constantpH simulations at pH=4 (left panels), pH=3 (middle panels) and

pH=2 (right panels). A black bar indicates that the residue is protonated.

even at a low pH. However, when comparing Figure 5.1 with the simulation of HEWL in solution

at pH 6 of Stocker et al. [45,46], we note that structural changes occur during the simulations

at low pH that do not occur at pH 6; the RMSD values of all three simulations at low pH are

higher than observed at pH 6 (0.14 nm for Ca atoms and 0.21 nm for all atoms). Furthermore,

the simulation at pH 3 (middle panels) shows that structural changes are correlated with changes
in the protonation states: as soon as 48Asp or 87Asp are protonated for a longer period of time,

structural changes are induced. We will investigate these changes later on in more detail.

From Figure 5.1, we can also get an impression of the time scale of protonation and deproto¬
nation events in proteins. The lifetimes of the protonation states of a residue vary considerably
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from tens of picoseconds to nanoseconds. Due to the insufficient statistics, it is hard to draw

conclusions in terms of the population of the protonation states at different pH. Considering,
for instance, 18Asp, we can see that it is protonated for about 100 ps and 1 ns at pH 4 (lower
left panel), not protonated at all at pH 3 (lower middle panel), and protonated during the entire

simulation at pH 2 (lower right panel). From this we can conclude that the protein samples a

different region of the phase space in the three simulations: whereas 18Asp is always in confor¬

mations disfavouring protonation at pH 3, there is an equilibrium of conformations favourable

and unfavourable to protonation at pH 4.

However, there are residues that seem better equilibrated. Considering 101Asp (experimen¬
tal pKa=4.09), we can see that it is protonated for about 50% of the time at pH 4, for about 82%

at pH 3, and for about 99% of the time at pH 2. Therefore, lOlAsp does not seem to interact

strongly with other titratable sites — its protonation behaviour is the one that is expected for a

single amino acid.

Changing the pH from 4 to 3, the average protonation increases for six residues, it decreases

for 18Asp, whereas 35Glu and 52Asp stay completely protonated and 119Asp stays completely

deprotonated. Changing the pH from 3 to 2, four residues become more protonated, two residues

do not change their protonation state and four residues become slightly less protonated on aver¬

age. If there were no interaction between titratable residues and the environment of the residues

did not change as a function of pH, the Metropolis criterion (5.6) would ensure that protonation
increases when lowering the pH: in this case, lowering the pH of the system by one unit would

cause the residue to be protonated by a factor of 10 more. The fact that this is not the case in Fig¬
ure 5.1 indicates a strong coupling between residues, for which the titration curves are distorted

[12].

To investigate the quality of the algorithm presented in this work we will compare the pKa
values of the acidic residues as calculated from the simulations with their experimental values.

When referring to pKa values in this work, we will always refer to the so-called effective pKa
defined by Equation (5.1). Note that this does not correspond to the so-called apparent pKa, de¬

fined as the pH at which a residue is 50% protonated and 50% deprotonated; the pKa as defined

by Equation (5.1) can be considered a pH and time dependent quantity. Since the pKa values

derived from experiment are apparent pKa values, the comparison of the calculated with the

experimental pKa values is not straightforward. The closer the apparent pKa is to the simulated

pH, the less the apparent pKa should deviate from the effective pKa. However, if the apparent

PKa is far away from the simulated pH, the difference between the apparent and explicit pKa
values can be large. Another deviation of the simulation results with respect to experiment is

introduced by the lack of salt ions in the simulation setup (see also Section 5.3.3).

The effective pKa values as calculated from the MD trajectories using Equations (5.1) and

(5.5) are listed as ensemble averages in Table 5.5 and plotted as a function of time in Figure 5.2.

The results presented in Table 5.5 are in qualitative agreement with experiment: the pKa
shifts with respect to the reference pKa values generally point in the right direction, except
for 52Asp. The magnitude of the shifts is rather too large. However, for 7Glu, 18Asp and

66Asp, the experimental value lies in between the results obtained from the three simulations,
and for 48Asp, 52Asp, 87Asp, 101 Asp, and 129Cter, there may be a slight trend towards the

experimental value discernible in Figure 5.2. Figure 5.2 and Table 5.5 show that much better

statistics is needed to obtain accurate pKa values. The 3 ns of simulation time were not sufficient

to completely relax the structure of the protein. Furthermore, it has been shown that the pKa
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experiment

HEWL Ref

simulation

residue pH=4 pH=3 pH=2

7Glu 2.85 4.4 3.6 (0.8) 5.0(1.4) 1.1(1.6)
18Asp 2.66 4.0 3.5 (2.2) 1.2(0.9) 5.1(1.3)
35Glu 6.20 4.4 11.9(2.3) 11.7(2.5) 13.3(3.5)

48Asp <2.5 4.0 -0.5 (1.2) 0.5 (2.4) -0.0(1.7)

52Asp 3.68 4.0 8.0(1.3) 7.6(1.0) 10.5(1.9)

66Asp <2.0 4.0 0.7 (3.4) 2.6(1.5) 1.2(3.0)

87Asp 2.07 4.0 0.7(1.3) 0.5 (2.3) -1.7(2.1)

lOlAsp 4.09 4.0 4.7(1.1) 5.1(1.8) 4.2(1.3)

119Asp 3.20 4.0 0.1 (1.3) -0.9(1.2) -0.6(1.1)
130Cter 2.75 3.8 4.0(1.6) 2.9(1.6) 2.9(1.7)

Table 5.5: Experimental apparent pK& values for hen lysozyme [5, 6], reference pK\ values

for single amino acids in solution [28], and effective average pK& values (with standard devia¬

tions within parentheses)for the acidic residues oflysozyme as calculated using Equations (5.1)
and (5.5)from the three constantpH simulations at pH 4, 3 and 2.

values as calculated in MC simulations of the protonation state of a protein converge rather

slowly, even if the structure of the protein does not change significantly [47,48]. In agreement
with these observations, the pKa values fluctuate over several pKa units as a function of time,
with fluctuation periods ranging from tens of picoseconds to nanoseconds. This illustrates the

inhomogeneity in time and space of the environment of residues leading to a distortion of the

titration curves. The calculated pKa of 35Glu is very large. However, since the experimental

apparent pKa is by 2.2 units higher than the highest pH simulated, the effective pKa can differ

significantly from the apparent one. In order to compare the pKa of 35Glu as obtained through
simulation with the one obtained through experiment, simulations at a pH corresponding roughly
to the apparent pKa (i. e. simulations at a pH around 6) would have to be performed. At a

significantly higher pH, it would be necessary to include other titratable residues with a low

PKa, such as 15His, into the MC steps.

A comparison of the fluctuations shown in different panels of Figure 5.2 in more detail

shows that the protonation state of the other residues is not the only cause for changing the pKa
value of a particular residue: in general, the pKa value of a residue fluctuates even when the

protonation states of the other residues do not change. The fluctuations in the structure of the

protein seem to be an important cause for fluctuations of the pKa values. We may classify three

different types of structural fluctuations. The first type are side chain fluctuations. The pKa of a

residue may change significantly if the side chain moves into or out of the protein, or if another

charged side chain moves closer or further away from the residue under consideration. A side

chain fluctuation of the former type is illustrated in Figure 5.3 for 66Asp.

Two snapshots of the simulation at pH 2 are shown. We note that in all figures with protein
structures, the hydrogen atoms of the acidic residues are drawn irrespective of the protonation
state the residue. In case the residue is not protonated, the drawn hydrogen atom is the position
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Figure 5.2: Effective pK^ values for the acidic residues of hen lysozyme as a function of time

as calculated using Equations (5.1) and (5.5) for the three constant pH simulations at pH 4, 3

and 2. The solid lines indicate the resultsfor pH 4, the dashed lines the onesfor pH 3 and the

dotted lines the onesforpH 2.

of the dummy atom. Panel A of Figure 5.3 shows the side chain of 66Asp after 120 ps of

simulation pointing into the protein, and panel B after 1860 ps of simulation pointing out of

the protein into the solvent. All water molecules within a radius of 0.4 nm around the atoms of

66Asp are drawn. The pKa value of 66Asp for the structure shown in panel A is -3.8, the one

for the structure in panel B is 5.6, see also Figure 5.2.

The second type of structural fluctuations are fluctuations of the secondary structure: de¬

pending on the protonation state of certain residues, the secondary structure can adapt its shape

slightly to the given charge state. As an example we consider the ß-sheet 42Ala-60Ser which

contains the ionisable residues 48Asp and 52Asp. Panel A of Figure 5.4 shows the ß-sheet at pH
2 after 1460 ps. The structure of the ß-sheet in panel A is very similar to the one in the crystal
structure. The side chain of 48Asp points into the protein and the one of 46Asn is caught be¬

tween 48Asp and 52Asp. The pKa of 52Asp is thus influenced by the negative partial charge of

the oxygen atom of 46Asn pointing towards the hydrogen of 52Asp, resulting in a pKa of 13.5

for 52Asp. Later in this simulation, at 2740 ps (panel B), the side chain of 48Asp is sticking out

of the protein straightening the ß-sheet slightly. Instead of the oxygen of 46Asn, the hydrogens
of 44Asn and 46Asn with a positive partial charge point to the oxygen of 52Asp, lowering the

PKa of this residue to 7.3. The pKa of 48Asp, on the other hand, changes from around 0 in the
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Figure 5.3: Snapshots (A at 120 ps, B at 1860 ps) ofresidue 66Asp and its environmentfrom the

3 ns constantpH simulation of hen lysozyme at pH=2. Hydrogen atoms of acidic residues are

drawn irrespective of the actual protonation state (given in Figure 5.1) of a residue. All water

molecules within a distance of0.4 nmfrom atoms of66Asp are drawn.

structure shown in panel A to around 2.5 for the structure shown in panel B.

The simulation at pH 3 shows that the structural change of the ß-sheet can be even more

drastic. Panel C of Figure 5.4 shows the structure of the ß-sheet at pH 3 after 1820 ps of

simulation. The side chain of 48Asp is sticking out of the protein. However, while 48Asp gets

protonated for a longer period of time at around 900 ps, the ß-sheet is completely flat. In this

structure of the ß-sheet, the pKa of 48Asp is chiefly dependent on the position of the side chain

of 45Arg: At 1820 ps, the side chain of 45Arg points away from 48Asp (panel C), the pKa
of 48Asp is 3.3, and the residue becomes protonated (see Figure 5.1). At 1940 ps in the same

simulation (panel D of Figure 5.4), the side chain of 45Arg points towards 48Asp, the pKa of

48Asp shifts down to 1.5, and the residue becomes deprotonated.
The third type of fluctuations are fluctuations of the tertiary structure. Figure 5.5 shows

13Lys and 18Asp in the simulation at pH 4 after 340 ps (panel A) and 1560 ps (panel B) of

simulation time. The residues are not part of the same secondary structure element; 13Lys is

part of a helix and 18Asp is part of a loop. Depending on the tertiary structure of the protein,
these two residues can be closer (0.45 nm in panel B) or further apart (0.68 nm in panel A).

Accordingly, the pKA of 18Asp changes from 0.2 (340 ps, panel A) to 6.9 (1560 ps, panel B).

The effect of tertiary structure fluctuations is even more obvious in the example of 87Asp.

Figure 5.6 shows the environment of the residues 15His and 87Asp in the crystal structure (panel
A) and after 2800 ps of simulation at pH 3 (panel B). The two residues are located at the ends of

two neighbouring helices (residues 4Gly-14Arg and residues 88Ile-99Val). As can be seen, the

helices change their position with respect to each other, so that the separation between 15His and

87Asp is increased from 0.6 nm in the crystal structure to 0.86 nm after 2800 ps of simulation

at pH 3. The pKa of 87Asp changes from around -1 to 4.7 depending on its relative position to

the protonated side chain of 15His.
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Figure 5.4: Snapshots (A at 1460 ps, B at 2740 ps) of the fi-sheet 42Ala-60Serfrom the 3 ns

constantpH simulation of hen lysozyme at pH=2. Snapchots C (at 1820 ps) and D (at 1940 ps)
arefrom the simulation at pH=3. The residues drawn are (clockwise starting at the upper right

part) 44Asn, 45Arg, 48Asp, 46Asn, and 52Asp. See also caption ofFigure 5.3.

All three types of structural fluctuations contribute to the pKa fluctuations of the acidic

residues shown in Figure 5.2. The side chain fluctuations are the fastest ones resulting in the

higher frequency fluctuations. The secondary and tertiary structure fluctuations induce lower

frequency modes that are not well sampled in the 3 ns simulated.
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Figure 5.5: Snapshots (A at 340 ps, B at 1560 ps) of residues 13Lys and 18Asp and their en¬

vironmentfrom the 3 ns constant pH simulation of hen lysozyme at pH=4. See also caption of

Figure 5.3.

Figure 5.6: Snapshots (A the crystal structure, B after 2800 ps simulation at pH=3) of residues

15His and 87Asp and their environment in hen lysozyme. See also caption ofFigure 5.3.
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5.5 Conclusions

We have presented an algorithm to simulate proteins at constant pH combining molecular dy¬
namics (MD) and Monte Carlo (MC) simulation. The free energies of protonating or deprotonat¬

ing a residue are calculated through MD simulation, whereas MC steps sample the protonation
states of the ionisable residues during an MD simulation. Although one residue is always per¬

turbed during the MD simulation, the trajectory generated during the free energy calculations

can be used for structural analysis, since the perturbation of a specific residue occurs only dur¬

ing an attempt to change its protonation state and the residue is not perturbed otherwise. Thus,

the algorithm presented makes it possible to generate trajectories at a Boltzmann distributed

ensemble of protonation states. In addition, the solvent degrees of freedom are explicitly simu¬

lated. This makes the algorithm suitable for both, pH dependent structural studies and detailed

investigations of titration properties. The algorithm for constant pH simulations considers the

neutral and charged form of residues explicitly rather than representing them by intermediate or

extrapolated charge states.

The algorithm was tested by application to hen egg white lysozyme (HEWL) in aqueous

solution and comparing the pKas of the acidic residues as calculated from the constant pH
simulations with the experimentally measured values. Although 3 ns of simulation are too short

for the pKa values to be converged, the values calculated are in qualitative agreement with the

experimental data.

The present study indicates that the environment of the titratable residues influences the

PKa values to a large extent, and that the pKa values fluctuate as a function of time over several

PKa units as a result of local structural changes. Three types of structural fluctuations were

distinguished: fluctuations of side chains, of the secondary structure, and of the tertiary structure.

They cover a time range of hundreds of picoseconds to nanoseconds. The slowest structural

fluctuations are insufficiently sampled when only averaging over sub-nanosecond trajectories.
Furthermore, several structural changes only occur when the protonation states of the residues

change. It is, therefore, essential to allow for these changes in protonation state to occur in the

simulations in order to have properly weighted structures in the trajectory.
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Chapter 6

Outlook

The way science is conducted and should be conducted was one of the major topics in philosophy
in the twentieth century. Karl Popper [1] suggested that a theory T should be formulated which

can be falsified empirically. The general driving force of science is for each T to find a theory
T' which is more general and precise than T. The idea sounds good; however, when trying to

apply this concept to the protein folding problem, one can see that it is most often not easy to

formulate a theory at all. There is very little information known about the folding behaviour of

proteins, so that the formulation of a theory is nearly impossible. Many studies carried out in

the field of protein structure focus on investigating and exploring the behaviour of polypeptides
under certain conditions, rather than trying to confirm or falsify existing theories.

Thomas Kuhn [2] proposed that each science starts in a pre-normal state, where many (non-
consistent) theories are competing with each other. A success of one of these theories leads

to a scientific revolution, which leads to the normal state of the science; there is a consensus

concerning which is the 'correct' theory to explain certain phenomena. Whenever a significant
anomaly occurs, the science is in a state of crisis where several theories coexist to explain the

anomaly. Another scientific revolution brings science eventually back to the normal state. This

picture is rather consistent with a complicated problem set such as protein folding. There are,

indeed, several theories formulated which try to explain the folding behaviour of proteins. How¬

ever, none of them is yet so precise as to explain all the subtle, but important, effects that can be

observed. Therefore, the picture of competing theories might not be the most illustrating one,

either.

Paul Feyerabend [3] eventually proposed that ideas for scientific theories cannot be obtained

in a methodological way. The process of developing ideas is of a creative nature, and most often,
it is not a methodological investigation which leads to the formulation of a theory. Looking at

the problem of protein folding this description seems to be suitable. So far no observation has

led to a complete understanding of the problem, and it is even questionable if a simple theory
explaining the whole phenomenon of protein folding exists.

6.1 Understanding Polypeptide Structures

In my opinion it is essential to study as many simple cases as possible in detail in order to find

observables which are highly correlated with the structure of a polypeptide. Especially the con-
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formational space of single molecules should be sampled extensively so that slowly converging
quantities such as conformational free energy differences can be determined. Given such exten¬

sively sampled cases it would also be possible to verify some of the theories proposed by more

macroscopic models.

Since molecular dynamics simulations are currently not fast enough to sample the confor¬

mational space of a bigger molecule to the required degree of accuracy, I consider it important
to look for smarter techniques to sample the conformational space. Looking at other fields in

physics, many such methods have been discovered and successfully applied. The problem en¬

countered when working with proteins is that proteins are much more inhomogeneous than many
other objects considered in physics, and the inhomogeneity is one of the essential properties of

a protein. Methods such as umbrella sampling [4] or the weighted histogram method [5] show

a possible potential. However, all these techniques suffer from the lack of knowledge about a

simple observable that is directly correlated with protein structures. Therefore, the quest for

a smart sampling technique also implies to a certain extent the quest for a suitable coordinate

system to describe protein folding.

Independent of the methodology it is my belief that the quest for the nature of protein folding
should head in the direction of formulating theories which can, in Popper's sense, be verified and

falsified. Only when theories can be formulated which have a wide range of applicability and

accuracy will a significant progress be made in understanding the nature of protein structures.

6.2 Constant pH Simulations

As for the method presented in Chapter 5, it is easier to indicate possible future development.
One of the major difficulties intrinsic in the method is the calculation of the free energy differ¬

ences for protonating or deprotonating a residue. On the one hand the calculations are rather slow

and, therefore, the applicability to big proteins with many titratable residues can be questioned.
Since in each Monte Carlo step both free energy differences for protonating and deprotonating
the residue are calculated in order to obtain a sufficient accuracy, half of the computer time is

spent to generate a trajectory which has limited use in further analysis. On the other hand, the

free energy calculations should be more accurate. Probably the calculated free energy differ¬

ences are still not accurate enough to get a very good representation of the protonation state of

the protein.
From these considerations, it is obvious that the method by which the free energy differences

are calculated has to be improved. It is a challenging problem since the 40 ps of simulation spent
on calculating the free energy difference of (de)protonation in the implementation described in

Chapter 5 is already a short time for free energy calculatons. It might be useful to compare
the results obtained in Chapter 5 directly with results obtained by continuum models; in the

case of binding free energies there are indications that the transition from explicit to continuum

solvation models can improve the accuracy of free energy calculations [6]. Furthermore, it might
be possible to speed up the convergence of the free energy differences when using continuum

methods.

Another aspect to be considered are the force field parameters. In the GROMOS96 force

field the parametrisation of the charged and uncharged forms of the titratable residues was not

made with respect to reproducing the free energy differences of protonation as accurately as
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possible. This, however, might be important for an accurate calculation of the free energy shifts

with respect to the reference compounds. Therefore, I consider it important to reparametrise
the protonated or deprotonated forms of the titratable amino acids such that similar groups are

comparable in terms of their free energy difference of protonation: taking, for instance, the car¬

boxylate groups of Asp, Glu, and the C-terminus, the quantum mechanical terms should cancel

when comparing the classical free energy differences of protonating them. The pKa differences

between a single Asp, a single Glu, and a single C-terminal group should thus correspond to the

experimentally determined pKa differences of these reference compounds.
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