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Abstract

Studying peptides and proteins by means of molecular dynamics simulations can give
insights into their conformational variety on the atomistic scale. However, sampling is
restricted by current computing capacities and the accuracy of force fields. If trapped
in deep minima in a rough energetic landscape many proteins will rarely escape to
cover the desired broad conformational range on a micro- to millisecond scale. Ad-
vanced sampling techniques such as Hamiltonian replica exchange (H-REMD) simula-
tions aim at crossing energy barriers to enhance the conformational search for proteins
and peptides in a set of parallel simulations. This thesis centers around the design
of new efficient advanced sampling methods mainly involving H-REMD. A first ap-
proach makes use of specific biasing potentials to promote characteristic motions of
these types of biomolecules. Backbone and side chain flexibility increases by penaliz-
ing characteristic dihedral angle combinations and side chain switches in neighboring
replicas. Successfully capturing the folding process of peptides, this biasing potential
replica exchange method (BP-REMD) also proves beneficial for the refinement of loop
structures. Moreover, BP-REMD simulations demonstrated rotameric states of a side
chain to be coupled to global binding pocket flexibility of MHC class I molecules. A
second method is based on coarse grained elastic network models, which capture global
motions of proteins by identifying their preferred directions of motion. This informa-
tion is incorporated into atomistic H-REMD simulations in explicit solvent to account
for large scale domain motions. Observed conformational changes of two test proteins
affected their activity and function. Moreover, in both replica exchange methods, an
adjustment protocol was designed to control the strength of biasing potentials to opti-
mally exploit the replica framework.
Protein peptide interactions induce various biological processes and play a role in
several diseases. Detailed information about binding free energy and binding poses
on an atomistic level contribute to a better understanding. In this context, the H-
REMD scheme improved binding free energy simulations that calculate free energy
changes associated with alchemical transitions. Based on free energy perturbation the-
ory, Lennard-Jones, Coulomb parameters and Born radii are transformed gradually
in a single-topology series. In combination with the generalized Born implicit solvent
model the relative binding free energy of modified ligands can be calculated rapidly.
Fragment based approaches aim at creating binders for molecular targets by first iden-
tifying low affinity ligands and their binding sites. Chemical assembly may then result
in high affinity ligands for the desired target molecule. Inspired by this approach, dy-
namic self (re-)arrangement of molecule fragments is mimicked in MD simulations. In
explicit solvent these fragments can combine into realistic molecules, which can degrade



vi

and (re-)arrange dynamically during a simulation, to finally identify the best binder
and a range of binding poses. The limits and potential of this method will be discussed.
The advanced sampling methods developed in this thesis resulted in significantly en-
hanced sampling of local and global protein motion and rapid free energy calculations
of protein complexes, allowing for a broad range of future applications.



Zusammenfassung

Molekulardynamiksimulationen auf atomistischer Skala geben Einblicke in die Dy-
namik von Peptiden und Proteinen. Die daraus resultierende Vielfalt der Konformatio-
nen ist durch derzeitige Rechenleistung und Genauigkeit der Kraftfelder eingeschränkt.
Da viele Proteine auf der Mikro- bis Millisekundenskala in den tiefen Minima einer
schroffen Energielandschaft gefangen sind, ändern sie ihre Form kaum. Fortgeschrit-
tene Simulationstechniken wie Hamiltonian Replica Exchange Methoden (H-REMD)
zielen darauf ab, Energiebarrieren zu überwinden, um die Konformationssuche für Pep-
tide und Proteine in einem Set paralleler Simulationen zu beschleunigen. Im Zentrum
dieser Arbeit steht die Entwicklung neuer Simulationsmethoden. Eine erste Methode
greift auf Strafpotentiale zurück, die charakteristische Bewegungen dieser Biomoleküle
forcieren. Die Flexibilität des Polymerrückgrats und der Seitenketten steigt dadurch,
dass charakteristische Torsions- und Seitenkettenwinkel beeinflusst werden. Diese Bi-
asing Potential H-REMD Methode (BP-REMD) beschleunigt ebenso die Faltung dena-
turierter Proteine wie deformierter Loop Strukturen. Darüberhinaus zeigte BP-REMD
Methode, dass die Position einer Seitenkette die globale Flexibilität von MHC Klasse
I Molekülen beeinflusst. Eine zweite Methode basiert auf grobkörnigen elastischen
Netzwerk Modellen, die globale Proteinbewegungen beschreiben und bevorzugte Be-
wegungsrichtungen von Proteindomänen identifizieren. Integriert wurde diese Infor-
mation in atomistische H-REMD Simulationen mit explizitem Wassermolekülen, um
globale Bewegungen starrer Proteindomänen zu aktivieren. So waren an zwei Testpro-
teinen Konformationsänderungen zu beobachten, die deren Funktion beeinflussen.
Ein Protokoll, das die Stärke der Strafpotentiale kontrolliert, wurde zusätzlich en-
twickelt, um das H-REMD Gerüst optimal auszunutzen. Protein-Peptid Interaktio-
nen induzieren zahlreiche biologische Prozesse und spielen eine Rolle bei diversen
Krankheiten. Detaillierte Informationen über freie Bindungsenergien und Bindepositio-
nen auf atomistischem Niveau tragen insgesamt zu besserem Verständnis bei. In diesem
Zusammenhang beschleunigte das H-REMD Schema die Vorhersage freier Bindeen-
ergien: Schrittweise wurden in Störungsrechnungen Lennard-Jones und Coulomb Pa-
rameter sowie Born Radien in parallelen Simulationen umgewandelt. In Kombination
mit dem Born Modell können Bindeenergien modifizierter Liganden schnell und effizient
berechnet werden. Fragment basierte Methoden zielen darauf ab, hoch affine Ligan-
den für bestimmte molekulare Targets zu kreieren: Zunächst werden Bindepositionen
schwach bindender Liganden ermittelt. Verbindet man diese Fragmente chemisch, kön-
nen hoch affine Liganden entstehen. Inspiriert von dieser Methode, wird dynamische
Umordnung in MD Simulationen immitiert. In wässriger Lösung können sich schwach
bindende Fragmente zu realistischen hoch affinen Liganden verbinden und eine Reihe
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von möglichen Bindepositionen einnehmen. Grenzen und Möglichkeiten dieser Meth-
ode werden diskutiert.
Die in dieser Arbeit entwickelten fortgeschrittenen Simulationstechniken beschleunigten
die Simulation globaler und lokaler Proteinbewegungen und freie Energierechnungen
für Proteinkomplexe. Zugleich bieten sie ein breites Spektum für zukünftige Anwen-
dungen.
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Chapter 1

Introduction

Proteins are of fundamental importance in living organisms. Encoded on genes in the
cell nucleus, information on proteins is transcribed into messenger RNA for transport
into cytoplasm. Finally synthesized by ribosomes, proteins perform various essential
functions within every single cell: While cytoskeletal filaments can give shape to a
cell, the proteasome complex degrades proteins to regulate their lifetime. Other pro-
teins play an important role in cell communication and signaling. Transmembrane
proteins permit specific substances to pass cell membranes to regulate, for instance,
the communication between nerve cells. MHC class I molecules signal T-cells to de-
stroy virus-infected cells: By transporting viral peptides from cytosol to cell surface,
these protein complexes induce the viral immune response. Other types of proteins,
hormones, spread in whole bloodstream to convey information from glands to their
target organ to regulate physiological processes.
Usually, the protein function is coupled to a well defined three dimensional shape, the
“native” state: Trapped in a rough energy landscape, randomly coiled proteins fol-
low well defined folding pathways along a “folding funnel” on their way to functional
form [110]. The latter is–according to Anfinsen’s dogma–uniquely defined by their
amino acid sequence [4]. However, this dogma is challenged by intrinsically disordered
proteins: Flexible loop regions may connect well defined domains within a protein to
allow for enhanced flexibility. Some proteins adopt their three dimensional structure
only while binding to their target molecule, having several energetically comparable
intermediates [44].
Studying proteins on an atomistic scale is not only an essential prerequisite for ex-
ploring protein function and protein-ligand interactions but also provides a basis for
protein design. Thus, many experimental and computational efforts aim at elucidat-
ing conformations of biomolecules and investigating protein association. Experimental
techniques as X-Ray crystallography [41] and nuclear magnetic resonance spectroscopy
of proteins(NMR) [226] provide a static picture of a molecule at high atomistic resolu-
tion of the native state and sometimes even of intermediates. The dynamics of atoms of
small peptides can be illuminated by NMR spectroscopy [8] or fast spectroscopic meth-
ods such as Förster resonance energy transfer (FRET) [177], however, usually at the ex-
pense of atomic and spatial resolution. Classical molecular dynamics (MD) simulations
can bridge this gap by giving insights into the dynamics of biomolecules at atomistic
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precision and at high time resolution [92]. Protein dynamics is driven by inter- and
intramolecular forces respecting molecular geometry, electrostatic and Lennard-Jones
interactions. Moreover, solvent-solute interactions are decisive for structure formation
also including the hydrophobic effect [28]: While non-polar amino acids often form the
stable protein core, hydrophilic ones are exposed to solvent.
However, classical MD simulations are limited by sampling time scales in the nano- to
microsecond range and the accuracy of current force fields [161]. Thus, the first part of
this thesis centers around the development of Hamiltonian replica exchange methods
which focus on specifically accelerating conformational sampling of proteins.
Detailed information about interactions between proteins and peptides or other small
molecules is essential for drug design or development of chemical compounds, which
provide a basis for experimental studies. As key variable the binding free energy
quantifies the stability of protein-peptide complexes. Hence, many efforts point in the
direction to develop computational methods that calculate binding free energies to give
insights into binding poses and binding kinetics. Docking approaches intend to predict
binding poses of ligands on their target molecules in order to evaluate their binding
affinity by scoring functions that respect geometrical restraints and energetic contribu-
tions [97, 49, 155]. However, these computationally efficient approaches do not consider
protein flexibility and explicit water molecules: Ligand poses may deviate from experi-
mentally observed positions and docking approaches may fail to classify binding affinity
of ligands. Computational effort drastically increases in MD simulations, but involves
high accuracy in a dynamical aqueous environment. Thus, the second part of this
thesis deals with advanced sampling methods, which aim at elucidating experimental
findings on dipeptide binding on MHC class I molecules, improving relative binding
free energy calculations, and enabling dynamic self rearrangement of biomolecules.
This thesis is structured as follows:

• Chapter 2 addresses the essentials on proteins as well as on computational tech-
niques, this thesis is based on: Dynamics of proteins can be successfully inves-
tigated by means of classical molecular dynamics simulations, which were devel-
oped into advanced sampling techniques as replica exchange molecular dynamics.
Moreover, simulations have proven as effective tool to predict conformational free
energy changes, binding free energies of ligand protein complexes and free energy
changes of molecular conversions. Chapter 2 closes with an overview on free
energy calculation approaches that are employed throughout the thesis.

• A Hamiltonian replica exchange method was designed to specifically promote lo-
cal dihedral angle transitions along the polymer backbone and amino acid side
chains flips. As discussed in chapter 3 protein folding and loop refinement accel-
erated compared to classical MD simulations.

• Domain-domain motions of proteins often are decisive for their functionality. In
chapter 4 information about these global large scale motions is extracted from
an elastic network model and integrated into a Hamiltonian replica exchange
framework, to enhance conformational transitions of multi-domain proteins.

• MHC class I molecules are triggering the viral human response by presenting
viral peptides to the cell surface to induce destruction of virus infected cells by
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cytotoxic T-cells. Dynamics of two MHC class I allotypes is in the focus of
chapter 5. Differing in one single amino acid (116) only, both allotypes bind
peptides with different efficiency. MD simulations† showed allotypes to differ in
their flexibility of the MHC class I binding pocket and suggested a molecular
switch whose position is mediated by amino acid 116: The shape of the binding
pocket turns out to be coupled to the position of the switch.

• High affinity peptides (consisting of 8-10 amino acids) are known to speed up
folding of MHC class I molecules in their peptide receptive form in vitro. Ex-
periments that were performed by Prof. Dr. Sebastian Springer and Ph.D. Sunil
Kumar Saini prove dipeptides to fulfill the minimal requirements to enhance the
folding of these molecules and to promote peptide exchange. Inspired by these
results, MD simulations could illuminate the molecular mechanism of dipeptide
binding in chapter 6.

• In chapter 7 free energy perturbation simulations are combined with a generalized
Born (GB) model, to rapidly estimate free energy changes associated with alchem-
ical transformations. Molecules are converted by gradually scaling Lennard-Jones
parameters electrostatic interactions and Born radii in a series of independent
simulations that is coupled by the Hamiltonian replica exchange scheme. While
the GB implicit solvent model guarantees for rapid sampling, the replica exchange
scheme allows for rapid convergence of free energy estimates.

• However, the chemical structure of biomolecules cannot change in MD simula-
tions. Chapter 8 deals with the trial to mimic a dynamic self (re-)arrangement
of chemical fragments during MD simulations. Surrounded by explicit water,
these fragments can combine into realistic molecules during a simulation even in
presence of a molecular target. High affinity ligands (re-)arrange dynamically
within the binding site to ideally form a suitable binding partner. Limits and
advantages of this approach will be discussed.

• The final summary includes a recapitulation of the findings of this thesis and a
closing outlook.

†including the replica exchange method introduced in chapter 3



4 1. Introduction



Chapter 2

Fundamental Concepts

In the following, the fundamental concepts, on which this thesis develops, will be
presented. Starting with a short introduction to proteins, this chapter outlines the
basics of classical molecular dynamics simulations. Serving as a basis of the replica
exchange method in chapter 4, the essentials of elastic network models will be presented.
Additionally, this chapter gives an overview on replica exchange methods and free
energy calculation techniques that are used throughout this thesis.

2.1 Proteins

Proteins are composed of one or several amino acid chains of varying length. These
chains can integrate up to 20 different types of amino acid residues, which share the
same scaffold but differ in their side chains (see Fig. 2.1(A)). Encoded on genes in the
cell nucleus, information on proteins is transcribed into messenger RNA for transport
into cytoplasm. In cytoplasmic ribosomes amino acids polymerize into polypeptides by
forming peptide bonds with elimination of water. Atoms of peptide units O,C,N,H

Figure 2.1: (A)Structure of amino acids: An α carbon is bound to a deprotonated
hydroxyl and protonated amino group and a rest R, which characterizes the amino
acid type. Protonation state accounts for physiological conditions.
(B) Amino acids polymerize to a dipeptide. The peptide unit O,C,N,H forms the
planar building block of proteins.
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Figure 2.2: (A) Φ-Ψ dihedral angles along the polymer backbone.
(B)Φ-Ψ combinations accumulate in density peaks of the Ramachandran plot.
(C) Side chain dihedral angle χ1 occurs in 3 rotameric states at −60◦, 60◦,±180◦.
Figure adapted from [152]

are fixed within a plane under physiological conditions (see Fig. 2.1(B)). Initially un-
folded, proteins find their structure in a multi step process, which can be assisted by
chaperone proteins. It is the amino acid sequence–the primary structure–that governs
the shape of proteins [4]. Both the type of an amino acid and the characteristics of
peptide bonds give structure to a protein: Amino acid side chains differ by charge,
spatial extension and degree of hydrophobicity and can serve as hydrogen bond donor
or acceptor. While hydrophobic amino acid patterns often form the protein core or
peptide binding cavities, hydrophilic amino acids tend to prefer the proximity to water
at the protein surface [28].
The folding process is considered as search for the global free minimum in a rough
energetic landscape: Proteins never found their functional form within the lifetime of a
cell if they would fold in a random process [237]. In contrast, amino acid sequences are
supposed to fold into their functional shape adopting intermediate states along a fold-
ing funnel. Since each intermediate is characterized by an ensemble of states, there are
several folding pathways to a functional form for each amino acid sequence. The shape
of proteins is resulting from the interplay of hydrophobic interactions, hydrogen bond
formation, electrostatic and Lennard-Jones interactions and conformational entropy.
From a structural point of view, proteins consist of secondary structure elements as
α-helices [156] and β-sheets [5] that combine with unordered elements to the tertiary
structure, which may correspond to their functional shape or may serve as a domain
of functional quaternary protein structure. Protein folding or conformational changes
are usually associated with both dihedral angle changes along the polymer backbone
and polymer side chain flips (see Fig. 2.2(A+C)). As shown in Fig. 2.2(B), polymer
backbone and side chains dihedral angle arrange in special patterns: Ramachandran
showed adjacent dihedral angles along the polymer backbone to be coupled: Φ-Ψ com-
binations accumulate in mainly two density peaks of the Ramachandran plot [166],
which correspond to characteristic polymer shapes such as α helices and β-sheets†.
Transitions between these two secondary structure elements include peptide plane flip-

†Distinct secondary structure elements form only if at least four (3.7) adjacent combinations are
located in the same density peak of the Ramachandran plot. Otherwise an unstructured loop region
will develop.
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ping: Peptide C,O,N,H units are fixed in a plane under physiological conditions,
enabling rotations around N − Cα (Φ angle) and C − Cα (Ψ angle) axes. Moreover,
side chain flips contribute to structure formation: Assigned to three distinct side chain
angles at −60◦, 60◦,±180◦ , a change of rotameric states of side chains can result in
salt bridge formation between amino acids. Both peptide plane and side chain flips are
essential for proteins to adopt their functional form. In chapter 3 and 5 these intrinsic
properties are exploited to promote peptide folding and loop refinement.

2.2 Classical molecular dynamics simulations

Analyzing the structure, plasticity and dynamics of proteins in various possible confor-
mational states is of fundamental importance to better understand protein function and
its role in biological processes. Experimental methods such as X-ray crystallography
or NMR (nuclear magnetic resonance) spectroscopy are widely used to determine the
structure of folded proteins at atomic resolution [119]. Even proteins in different stable
conformational states can be analyzed, provided the latter can be crystallized or are
sufficiently homogeneous to be accessible for NMR spectroscopic studies. Structural
changes down to the nanosecond regime can be investigated with fast spectroscopic
methods such as FRET [177]. However, the high time resolution is at most limited to
the detection of changes in single distances between donor and acceptor chromophores.
In contrast to most experiments, MD simulations allow studying the dynamics of pro-
teins simultaneously with high spatial and time resolution [92]. Thus, not only the
dynamics of crystallizable proteins or protein conformations but also the dynamics of
unfolded and disordered proteins becomes accessible on an atomistic scale. While first
calculations on proteins [128] in 1977 gave insights into the dynamics of the (58 amino
acids) bovine pancreatic trypsin inhibitor in the picosecond range, folding kinetics of
proteins (10-80 amino acids including 3000-11000 water molecules) could be extracted
from µs −ms simulations in 2011 [114]. Dynamics of proteins is calculated based on
Newton’s second law:

Fi = miai = −dV
dri

(2.1)

Integrating Newton’s equations of motion by means of the Verlet [216] or Leap-frog [67]
algorithm yields both coordinates and velocities for each atom per time step. Simu-
lation time scale is limited by the fastest motion in proteins, i.e. vibrating hydrogen
bonds that require a time step of 1 fs. The latter can be extended to 2 fs by constraining
algorithms like LINCS [64] and SHAKE [101] that readjust bond length between cova-
lently bound atoms. Proteins are represented as a set of atoms with masses mi, whose
geometry and mutual interactions are controlled by the forcefield V, which depends on
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a wide range of forcefield parameters:

V =
∑
bonds
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with charges qi force constants kbijk
ψ
ijklk

θ
ijk, Lennard-Jones parameters Aij Bij, equilib-

rium bond angle and dihedral values θ0
ij φ

0
ij θ

0
ij. While rij denotes the distance between

atoms i, j bij corresponds to their bond length. As usually adopting different values,
dihedral angles are described by a cosine potential with several minima controlled by
the frequency ν. Potentials, which act on not covalently bound atoms, are decisive for
correct protein formation: A Coulomb potential includes electrostatic interactions of
charged atoms that are approximated as point charges. Interactions between neutral
atoms are enclosed by a Lennard-Jones potential, which considers attractive van der
Waals attraction as well as Pauli repulsions. In contrast to more accurate quantum
mechanical calculations, geometry of proteins does not change: Covalent bonds be-
tween atoms are kept fixed during an MD simulation (In chapter 8 we try to break
this paradigm by short range potentials that enable dynamic self rearrangement of
molecules to change their chemical structure). Forcefield parametrization is crucial for
a preferably realistic description of the molecule in its environment [161]. Experimental
and quantum mechanical studies result in the common forcefields as AMBER [220],
CHARMM [20],GROMOS [213] OPLS/AA [85] that account for the accuracy of molec-
ular dynamics calculations [161].
Interactions of biomolecules with solvent are essential for correct structure formation
and protein folding. To adopt physiological conditions, a watery environment as well
as different types of ions can be integrated into the simulation. Based on a TIP3P [84]
water model, water molecules will be modeled on an atomistic scale (except for chap-
ter 7), by accurately calculating interactions at atomic resolution but at high com-
putational costs. In order to save computational resources, atomistic water molecules
and ions can be replaced by continuum solvent models [205]. The solvation free en-
ergy ∆Gsolv = ∆Gel + ∆Gnonpolar is approximated by electrostatic as well as non polar
surface contributions that integrate solvent solute interactions. While Gnonpolar reflects
the surface accessible area and ,thus, is accounting for the the hydrophobic effect, elec-
trostatic contributions of atomistic biomolecules in ionic solution can be included by
solving the Poisson Boltzmann equation:

∇[ε∇Φel(r)] = −4πρ− 4πλ(r)
∑
i

ziciexp(−ziΦel(r)/(kbT )) (2.3)

with Φel as electrostatic potential, ε as dielectric constant, ρ as charge of the molecule,
λ as Stern function, zi as ion charge and ci as bulk density of ions. Alternatively
electrostatics can be enclosed using the generalized Born approach: Each atom is
represented as a sphere with Radius ri, charge qi filled with dielectric medium (with
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dielectric constant ε = 1) that is interacting with the dielectric solvent (ε = 80) as
implemented in the AMBER package [26, 220]:

Gel = −0.5
∑
ij

qiqj
fGB(rij, Ri, Rj)

(1− exp(−κfGB(rij, Ri, Rj))
ε

) (2.4)

with atomistic Radius Ri, charge qi, rij as interatomic distance between atom i and j
and κ as salt concentration. fGB is a smooth function ‡ [199](for a more detailed de-
scription see chapter 7). Explicit hydrogen bonds between water and solute molecules
are are not directly included but represented by a strongly polarized dielectric. Viscos-
ity can be integrated using Langevin dynamics§, which considers solvent friction and
random kicks with water molecules. Thus, implicit solvent models include solvent ef-
fects into the calculation at low computational costs compared to explicitly integrated
water molecules and ions. Having proven to reproduce results of explicit solvent models
in test cases, implicit solvent models can be the method of choice, especially if solvent
behavior is not of central interest [70]. Implicit solvent models should be applied with
care, especially if single water molecules can play a key role in protein folding or sta-
bilization.

2.2.1 Approximating large scale motions of
proteins by elastic network model
analysis

Global motions of proteins are accessible in MD simulations usually at high compu-
tational costs. However, elastic network models (ENM) have proven as alternative to
approximate structural flexibility of proteins rapidly [207]. An ENM analysis predicts
global motions of large protein domains independently of forcefield details by assign-
ing lowest frequency normal modes (also termed as soft modes) to biological relevant
large-scale motions within proteins. As first explored by Tirion [207], softest modes
of a protein remain unaffected if Lennard-Jones and electrostatic interactions between
atom pairs below a cutoff distance are replaced by harmonic potentials. This is also
true on a more coarse grained level, where amino acids are represented by their Cα
atoms [65]. Indeed, the ENM model has shown to capture global motions of a set of 20
proteins, which are crystallized in open or closed states [204]. Calculated soft modes
agree particularly well with experimentally observed atomic displacements in case of
collective protein motions as, for example, hinge bending. Both protein density and a
harmonic spring model were included in Hinsen’s normal mode analysis [65]: In this
method, proteins are represented by their Cα or heavy atoms, which are connected
by harmonic springs. Input structure is assumed to be an equilibrium conformation,
which is true for crystal structures. Hinsen’s normal mode analysis yields fluctuations
of Cα-Cα distances around their references. On this frequency scale softest modes
characterize the dynamics of large scale inter-domain motions, focused more on the
backbone than on the side chain motions. However, amino acid sequence is indirectly

‡fGB = [r2
ij + RiRjexp(−r2

ij/4RiRj)] 1
2

§instead of Hamiltonian dynamics
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Figure 2.3: ENM modes capture domain motions of proteins.

incorporated into the ENM potential by local Cα atom density. Cα atoms of proteins
are interacting pairwise via harmonic potentials, which decrease with Cαi -Cαj distance.

V (R1, ..., RN) =
∑

Cαi,Cαj

Vij(Ri −Rj) (2.5)

with Vij = k(R0
ij)(|r| − R0

ij)2. A distance dependent force constant k = exp(−( r
r0

)2)
weights interactions of close atoms that are decreasing with their equilibrium distance
[66]. For a protein consisting of a number of N Cα atoms, the second derivative of
potential energy with respect to the position at equilibrium results in a 3N × 3N
Hessian matrix H, whose elements in their mass weighted form H∗ = M−1 ×H ×M
are consistent with:

hij = ∂2V
√
mimj∂ri∂rj

(2.6)

While the eigenvectors of H∗ correspond to normal modes their squared eigenvalues
yield vibrational frequencies λi of atoms. Thus, atoms fluctuate in the direction of
calculated eigenvectors with their vibrational frequencies νi =

√
λi

2π .
In chapter 4, ENM is integrated into the replica exchange molecular dynamics frame-
work, to promote large scale motions of proteins in MD simulations. ENM proves
to effectively predict conformational transitions of proteins if level of coarse graining
raises: two domain proteins are represented by four centroids only (see Fig. 2.3).

2.3 Advanced sampling approaches to study
protein dynamics and plasticity

The application of MD simulations for studying biomolecules is limited by the sim-
ulation time scale and the accuracy of current force fields. Thus, we will focus on
how to improve the sampling of relevant conformational states during MD simulations.
Among available advanced sampling methods the replica exchange or parallel temper-
ing methods are the most popular and most widely used techniques.
Peptides and proteins can adopt numerous locally stable conformations possibly sep-
arated by large energy barriers. Conformational transitions between stable states can
therefore be rare events even on the time scale of hundreds of nanoseconds to microsec-
onds which can currently be covered by peptide simulations [36, 114, 160, 42]. Various
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methods have been proposed to overcome the conformational sampling problem during
molecular simulations (reviewed in [87]): Energy barriers can be crossed effectively with
simulated annealing techniques that open a large conformational space at high simula-
tion temperatures and select low energy states by cooling the system down [95, 215, 21].
However, these high initial temperatures used in simulated annealing approaches may
interfere with the presence of explicit water molecules during MD simulations and de-
pending on the cooling process still result in kinetically trapped conformational states.
Alternatively, in potential scaling methods the original potential is scaled down or re-
placed by a soft core potential in order to lower barriers during energy minimization or
a molecular dynamics simulation [100, 76, 206, 169, 170]. Conformational flooding [107]
and meta-dynamics methods [106] have been designed to specifically enhance sampling
along one selected collective coordinate or a set of collective degrees of freedom of a
molecular system. During meta-dynamics simulations Gaussian-type potentials along
the collective coordinate are added to the energy function continuously to smooth the
landscape and ultimately provide a flat energy surface (along the collective coordinate).
In the locally enhanced sampling method multiple conformational copies of a selected
region of a molecule are generated and their mean field helps overcoming barriers dur-
ing the simulation [191]. In recent years the accelerated MD methodology has become
popular: the force field function is flattened if the potential energy falls below a preset
level [61]. This, in turn, reduces relative barrier heights. These approaches acceler-
ate sampling by modifying the temperature or the force field (Hamiltonian), without
increasing the computational demand dramatically compared to continuous MD sim-
ulations. But modifying the temperature or the Hamiltonian also results in a change
of the sampled conformations. This is a drawback especially in a high dimensional
coordinate space, where states of little relevance for the temperature or Hamiltonian of
interest may be oversampled. Additionally, the free energy difference between folded
and unfolded states of a peptide or protein may be shifted. For some of the above
techniques it is in principle possible to recover the state distribution at the original
energy function. However, this depends strongly on the overlap of the sampling of
the deformed potential energy landscape or increased temperature with the original
force field or desired temperature. replica exchange simulations in principle avoid this
disadvantage, however, at the cost of a significantly (sometimes dramatic) increase in
computational demand.

2.3.1 Parallel tempering or temperature
replica exchange simulations

The parallel tempering or replica exchange molecular dynamics (REMD) method is
one of the most successful and most widely applied methods to enhance conforma-
tional sampling in Monte Carlo (MC) [203, 144, 145, 87, 164] and MD simulations
(first application in [201]). The technique was originally introduced in simulations
of spin glass systems [203] and later extended to simulations of peptides in MC [144]
and MD approaches [201]. In REMD simulations several copies (replicas) of the sys-
tem are simulated independently and simultaneously by means of classical MD or MC
methods at different simulation temperatures (or force fields: Hamiltonians, see be-
low). At preset intervals pairs of replicas (usually neighbors in temperature or force
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Figure 2.4: Schematic representation of a replica exchange molecular dynamics
(REMD) simulation. Each horizontal arrow represents a short simulation interval
in between exchange attempts. The temperature or Hamiltonian can vary between
the parallel runs (in the vertical direction). The crossed arrows indicate a success-
ful attempt to exchange between neighboring simulations according to an appropriate
Metropolis criterion [145].

field modification) are exchanged with a specified (Metropolis) transition probability
(schematically shown in Fig. 2.4). In its original implementation temperature is used
as a condition to be varied and exchanged among the replicas.

w(xi → xj) = 1 for ∆ ≤ 0
w(xi → xj) = exp(−∆) for ∆ > 0
where ∆ = (βi − βj)[E(rj)− E(ri)]

(2.7)

The random walk in temperature allows conformations that are trapped in locally sta-
ble states (at a low simulation temperature) to escape by exchanging with replicas
at higher simulation temperature. These exchanges between the replica runs can im-
prove sampling and do not disturb the canonical distribution of sampled states in each
replica. Whether REMD indeed improves the sampling of relevant states, depends on
the height and type of barriers of the molecular system [236]. If the energy barriers are
not higher than the thermal energy per degree of freedom it is unlikely that T-REMD
will improve sampling compared to the same number of classical MD simulations run-
ning at the reference temperature [236]. The performance of replica exchange Monte
Carlo has been directly compared in two different potential landscapes. While in a
double well potential parallel tempering can speed up the equilibration time exponen-
tially, only little enhancement is observed in a “golf course” potential [123]. T-REMD
will fail if barriers are mostly entropic [123] and sampling can even get worse compared
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to regular classical MD for particular systems [171]. The number of accepted exchanges
between neighboring replicas is of critical importance during REMD simulations: As
different replicas only benefit from each other if a frequent exchange is guaranteed, each
replica conformation should visit every replica condition as often as possible. This is
an essential prerequisite to enable effective diffusion of replica conformations in tem-
perature space. Acceptance of exchanges between replicas requires sufficient overlap of
sampled potential energies. The sampled energy distribution of a given system varies
with temperature. As the variance of the energy distribution relative to the mean
decreases with the square root of the number of degrees of freedom (becomes sharper
with increasing system size), a desired temperature range is only covered if the num-
ber of replicas increases with system size. The increased number of replicas requires
in turn longer total simulation times to allow effective diffusion of all replicas in the
temperature space again increasing the computational demand.
Many efforts in recent years have been directed towards optimizing the temperature dis-
tribution among the replica runs in order to ensure efficient diffusion of conformations
along the replicas [137, 58, 1]. One standard procedure is the exponential distribution
of temperatures: Starting at an appropriate value the temperature difference between
different replicas increases with increasing temperature. However, other schemes that
involve the heat capacity of the system [211] or optimize the exchange rates on the
fly, have also been described [138]. Typically, exchanges are only attempted between
neighboring replicas in the ladder. Acceleration of sampling may also be achieved by
giving up on this restriction and allowing exchanges between all replicas [24, 19]. The
total number of exchanges within a fixed total simulation time can simply be increased
by attempting more exchanges per time interval. This is expected to enhance the
diffusion in the temperature ladder and in turn may improve the sampling (per simu-
lation time interval). It has also been argued that a minimum time interval of ∼ 1ps
should be respected to allow sufficient relaxation of the system after an exchange [158].
However, recent studies suggest that increasing the exchange attempt rate may indeed
improve the sampling of relevant states [192, 193, 22]. It has also been emphasized
that the temperature control algorithm itself (the thermostat) of each replica run can
influence the efficiency and accuracy of T-REMD simulations and can create simulation
artifacts [175, 174]. Use of velocity scaling schemes, in particular, may not guarantee
canonical sampling in each replica [22, 175]. The schemes of performing exchanges be-
tween neighbors can also affect the T-REMD performance [116]. Recently, approaches
have been developed that simulate a T-REMD scheme without actually performing the
T-REMD simulation itself [235, 234]. Such methods can be very valuable to systemat-
ically investigate the performance of different REMD protocols.

2.3.2 Variants of T-REMD
Many recent efforts have been devoted to reduce the number of replicas during T-
REMD simulations without loss of sampling quality. To avoid an excessive increase in
the number of replicas for large peptide or proteins systems, solvent degrees of freedom
can be eliminated by using an implicit solvent description (e.g. generalized Born (GB)
model) [150] or a coarse-grained description of the protein [29]. However, it is not
clear whether the accuracy of current implicit solvent models is sufficient for a realistic
description of the structure and dynamics of peptides and proteins [143]. In hybrid
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explicit/implicit solvent models the simulation of each replica is performed in explicit
solvent that is replaced by a continuum during the exchange [227]. Since the continuum
model induces an “average” response of the solvent to the solute conformation, the en-
ergy in the exchange criterion may differ significantly from the instantaneous potential
energy of the complete system in the standard T-REMD simulation. It remains elusive
how this may influence the sampling of conformations in each replica.
Other approaches employ separate coupling of solute and solvent to different heat baths
(target temperatures) [31] or separate temperatures of different degrees of freedom of
the solute (e.g. soft and hard degrees) [102]. Only the solute reference temperatures
or the temperature of selected soft degrees of freedom are varied in each replica. Thus,
the number of replicas can be reduced if only essential collective modes of the solute
(selected by a principle component analysis) are coupled to the heat bath. Concep-
tually similar is the self-guided Langevin (SGDL) dynamics: Low frequency motions
are accelerated (heated) while keeping the high frequency motions at a lower temper-
ature [225]. This approach can also be combined with replica exchange to accelerate
the sampling in a reference simulation without a self-guiding contribution [225]. One
should keep in mind that this results in non-physical (non-equilibrium) replica runs.
These methods reduce the effective system size that will be compared at each attempted
replica exchange. However, exchanges are performed between non-physical replica sys-
tems (also the reference replica exchanges with non-equilibrium replicas), which may
eliminate the advantage of achieving a canonical equilibrium sampling in each replica.
Also, the artificial temperature gradient at the solute-solvent interface (or between dif-
ferent degrees of freedom of the system) may cause unpredictable artifacts within each
replica simulation. It is possible to resolve this problem and to effectively increase the
temperature of parts of a system using the solute-tempering REMD method developed
by Berne and coworkers [119]. Since this involves the scaling of parts of the Hamilto-
nian it will be discussed below in the paragraph on Hamiltonian (H)-REMD.
The temperature of replica runs can also be periodically changed in a controlled fash-
ion [113, 109, 7]. Exchange attempts are synchronized with the periodic temperature
changes such that an exchange is only tried when the temperature difference between
neighboring replicas is minimal [109]. Non-equilibrium switches between replica con-
ditions have also been used to reduce the number of replicas in T-REMD [7]. Since in
these approaches the temperature differences are significantly larger the relaxation of
the system towards an equilibrium might be more relevant than in standard T-REMD
and may limit the efficiency (frequency of exchange attempts) of the approach.
Another interesting approach to improve the sampling in T-REMD and to limit the
number of replicas is the coupling to a reservoir of conformations generated separately
(prior to the REMD simulation typically using an implicit solvent model). Conform-
ers selected randomly from the reservoir can exchange with the highest temperature
replica of the T-REMD and can enhance the speed of conformational sampling. Both
exchanges with a Boltzmann (equilibrated) or non-Boltzmann reservoir have been de-
scribed [146, 178, 173] indicating improved sampling compared to regular T-REMD.
For certain applications it is not necessary to cover a large range of different tempera-
tures throughout the complete simulation. For example, the structure of a protein can
be refined in T-REMD simulations starting with a few replicas at high temperatures
followed by a step wise “cooling” of the set of replicas until the lowest temperature
replica has reached a preset low target temperature [89]. Compared to the standard



2.3. Advanced sampling approaches to study protein plasticity 15

simulated annealing technique (single conformation) it is possible to keep not only one
but a set of promising conformations throughout the REMD simulation until a low
temperature has been reached.

2.3.3 Hamiltonian replica exchange approaches
Instead of using the simulation temperature as a replica coordinate it is also possible
to use the force field or Hamiltonian of the system as a replica coordinate. A linear
scaling of the force field along the replicas this is actually equivalent to a scaling of
the temperature (or the beta in the Metropolis exchange criterion). However, the force
field of a classical simulation is typically a function consisting of several additive terms.
Hence the Boltzmann factor in the Metropolis exchange criterion can be split in its
product with respect to each energy term. Therefore, the advantage of H-REMD is the
possibility to scale parts of the force field among the replicas (still resulting in canonical
sampling in each replica). This is not possible for the temperature which is a function
of the complete system. In turn scaling just parts of the Hamiltonian decreases the
effective system size considered at an attempted exchange and can reduce the num-
ber of required replicas [52]. Several variants of H-REMD have been described and
evaluated. It is for example possible to scale just the non-bonded interactions of the
solute-solute and solute-solvent interactions among the replicas either linearly [52, 3].
or employing a soft-core potential [74]. Similar in the solute-tempering approach [119]
the total potential energy of the system is split into parts that involve the solute-solute,
solute-solvent and solvent-solvent interactions separately. In the replica runs the solute-
solute and solute-solvent interactions are reduced (linearly) by a preset factor. This
selected scaling is equivalent to an effective increase of the simulation temperature of
the part of the system that is scaled among the replicas. In this way it is possible to
influence the simulation temperature of just the solute only or of both the solute and
the solute-solvent interactions. Thus a smaller number of replicas covers the desired
temperature range. While the method showed promising results on peptide systems it
was less efficient than standard T-REMD in case of protein folding [75]. This approach
was recently further refined by scaling only the intra-molecular interactions among the
replicas [218].
Other variants of the solute tempering method mostly differ in the type of interactions
that are “tempered” or scaled among the replicas [118, 134]: While the interactions
between two domains of a protein and the interaction of the domains with the sol-
vent are included in the tempered part, the interactions within each domain remain
unaffected. This can improve the sampling of domain-domain arrangements avoiding
the sampling of states that affect (unfold or refold) the individual protein domains.
Replica exchange has also been combined with accelerated MD simulations (see above)
where the force field function below a preset energy is set to a constant level, which is
considered as replica coordinate [50]. Besides, conformational transitions can be intro-
duced by scaling van der Waals radii of atoms among replica runs [80]. These methods
require careful testing on the degree of deforming the potential and the van der Waals
radii, that affect hard degrees of freedom of the system: Large energy differences in the
scaled potentials may provoke low exchange acceptance between neighboring replicas.
Other H-REMD approaches focus on reducing energy barriers that are specific for
a certain type of biomolecule, e.g. proteins or nucleic acids. In the dihedral angle
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biasing-potential (BP-)REMD approach [88] a specific biasing potential promotes pep-
tide backbone transitions. The biasing potential reduces energy barriers associated
with peptide backbone dihedral transitions (soft degrees of freedom of the system)
along the replica ladder. It was derived from simulations on small peptide model com-
pounds. The level of biasing gradually changes along the replicas such that frequent
transitions are possible at high levels of biasing and the system can escape from getting
trapped in local energy minima. Since exchanges between replicas are independent of
the number of solvent molecules the method requires much fewer replicas for efficient
sampling compared to standard T-REMD. The approach was applied to fold several
peptide and protein systems [88, 89] and to refine modeled proteins[90]. Related ap-
proaches specifically promote dihedral transitions by scaling van der Waals interactions
between 1-4 neighbors in peptide bonds [135]. A related BP-REMD enhances confor-
mational sampling of nucleic acid backbone states and promotes coupled transitions of
backbone dihedral angles by an adaptive potential along the replicas [34]. This effec-
tive biasing potential evolves during an equilibration phase and is subsequently used
in a REMD simulation. The approach results in improved sampling of nucleic acid
backbone states with fewer replicas compared to T-REMD.
In the resolution exchange method each replica is represented by a linear combina-
tion of a fully atomistic molecular description and a coarse-grained model. While
one end of the replicas represents only the atomistic model, the other end describes
the completely coarse-grained structure [121]. As the coarse graining enhances the
conformational search in higher replicas, sampling may also improve in the atomistic
reference system. The performance, however, depends on the overlap at the CG level
with the relevant states in the all-atomistic representation. Another approach that
combines a low-resolution view of a protein with an atomistic simulation requires only
a small number (5 replicas) of replica runs: Flexible degrees of freedom of a protein
molecule. can be calculated using an elastic network model (ENM). The biasing poten-
tial is constructed considering the low resolution flexibility that promotes movements
of the protein along its softest degrees of freedom (i.e. eigenmodes with small eigen-
value from the ENM calculations). Thus, large scale motions in protein molecules are
accelerated [229].
Meta-dynamics employs Gaussian-potentials to adaptively bias MD simulations along
preselected coordinates [106] that are not necessarily Cartesian coordinates of the pro-
tein or peptide but can also be variables such as number of hydrogen bonds or radius
of gyration or number of atomic contacts. The sampling in meta-dynamics can be im-
proved by applying the biasing potentials only in replica runs and including one replica
without a biasing potential. It has been shown that this approach can accelerate fold-
ing simulations using only a modest number of replicas [159, 33].
Most of the REMD approaches described in the previous sections have been developed
to improve the sampling of conformational states of stably folded proteins or to simulate
the folding process. However, many proteins of biological importance are intrinsically
disordered or contain segments of disordered structure (adopting no single stable folded
structure) [45]. This includes many proteins associated with diseases such as diabetes
or Parkinson‘s and Alzheimer‘s diseases. Placed in a flat free-energy landscape without
a global minimum, proteins do not adopt a well defined tertiary structure and remain
often inaccessible for experimental high-resolution techniques. The conformation of
disordered proteins often becomes ordered upon binding to target partner structures.
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As a proof of principle extensive unrestrained MD simulations on an intrinsically dis-
ordered protein have recently been performed [115]. The extensive simulations on a
timescale of 200 µs gave results in reasonable agreement with experimental NMR data
demonstrating that current modern force fields are useful to study the conformational
dynamics of disordered proteins.
Advanced sampling techniques such as REMD simulations could be helpful to char-
acterize the available conformational space of disordered proteins and are increasingly
being used to study such systems (reviewed in [51]). Replica exchange MD meth-
ods are widely used to enhance the conformational sampling of peptide and protein
molecules. Many efforts in recent years have been devoted to optimize the performance
of T-REMD simulations mostly with the aim to reduce the number of required replicas
to cover a desired temperature range. A distinct advantage of the H-REMD approach
is the possibility to modify only parts of the Hamiltonian or force field among the
replicas since it is an additive function of several terms. Such splitting of the force
field into a constant part and a part that varies among replicas is not possible for the
temperature (without giving up on equilibrium canonical sampling) which is a property
of the whole system. Most of the recent method developments focus on the adaption
of H-REMD methods to enhance the sampling for specific systems or specific variables
of biomolecules (such as collective degrees of freedom or sampling of different dihedral
states). The H-REMD methodology has also evolved as a powerful tool to improve free
energy calculations and is becoming a standard method to speed up convergence in such
simulations. REMD methods could become also of increasing importance for the study
of the flexibility and plasticity of disordered proteins and peptides and structure forma-
tion upon association because such systems are difficult to characterize experimentally
at atomic resolution.

2.4 Free energy calculations
The binding free energy is a key measure to quantify both the stability of folded con-
formations and the binding affinities of protein-ligand complexes. Thus, a lot of efforts
aim at designing computational methods to rapidly predict binding free energies. As
experimentally accessible measure it is ideally suited to test computational methods. In
this thesis free energy calculations contribute to elucidate the functionality of biological
systems:

1. Free energy differences distinguish different conformations of biomolecules to fi-
nally characterize the biological active state.

2. Binding free energies of protein-ligand complexes measure binding affinities and
are of major impact for drug design and for exploring biological processes.

3. Binding free energies distinguish binding affinities of ligands that arise from one
another by alchemical transformations. Bound to their molecular target, chemical
groups of ligands are annihilated or created in a series of parallel simulations.

Free energy changes can be extracted from classical MD simulations: While computa-
tionally very efficient end state methods as MM/PBSA [99] approximate free energy
vales by evaluating single (or several) classical MD trajectories only, techniques as
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thermodynamic integration (TI) [96], umbrella sampling(US) [209], or free energy per-
turbation (FEP) [238] provide rigorous free energy values. Requiring a series of parallel
simulations that are bridging the gap between final and end state of molecules this in-
volves the generation of several intermediate states that represent the transformation
along the reaction coordinate increasing computational demand. For the convergence
of the calculated free energy difference the appropriate sampling of relevant conforma-
tional states for each of these intermediates is of critical importance. Exchanges be-
tween intermediates often prevent conformations from being trapped and thus improve
convergence. To exchange sampled states along the reaction coordinate in free energy
simulations is already embedded in the H-REMD exchange scheme. Beginning with
the work by Woods and coworkers [223] replica exchange methods are now frequently
used to allow exchanges between intermediate states. In many cases, convergence of
thermodynamic integration simulations [223, 94, 185] and free energy perturbation
simulations [94] improved: not only relative free energy differences in alchemical free
energy (due to addition or removal of chemical groups) but also the absolute free en-
ergy of complete ligand binding [172, 82, 83, 108] can be calculated. Multidimensional
replica exchange (e.g. in temperature and Hamiltonian) improved free energy results
as well [83, 200]. In this work Umbrella Sampling [209] (not coupled to H-REMD) and
MM/PBSA [56] free energy calculations could give insights into the function of MHC
class I molecules in chapter 5 and 6. In chapter 7 free energy perturbation was inte-
grated into a Hamiltonian replica exchange scheme to enhance alchemical free energy
calculations in implicit solvent.

2.4.1 Umbrella sampling

Conformational changes of biomolecules are usually coupled to their functionality: In
principal, conformational space of a molecule could be sampled completely during a
standard MD simulation. If trapped in a rough energy landscape, transformations
between inactive and active form rarely occur on current simulation time scales. To
overcome this sampling problem, conformational changes can be induced along a pre-
defined reaction coordinate. In a set of classical MD simulations conformations are
artificially transformed by means of different harmonic biasing potentials in a set of
parallel simulations, determining the pathway through conformational space in Um-
brella windows [209].¶: Eb(r) = Eub + wi(r) with Eb as biasing potential, Eub as
unbiased potential wi = 0.5k(ζ − ζrefi )2 and force constant k. Pulling the system from
one state into another, the biasing potential restricts the pathway but does not affect
its momenta. The force constant should be chosen with care: While on one hand it
must be large enough to overcome energetic barriers along the reactions pathway, on
the other hand very narrow Umbrella potentials barely overlap. And it is this overlap,
that is decisive for the quality and the convergence of free energy calculations in the
WHAM [104] analysis (see below). The probability of finding the system between in

¶In order to enlarge convergence, different windows can even be coupled in the H-REMD exchange
scheme (not done in chapter 5)
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the interval dζ around ζ in the unbiased system yields:

P i
u(ζ) = P i

b (ζ)exp[βwi(ζ)] < exp[βwi(ζ)] >

Q(ζ) =
∫
δ[ζ(r)− ζ]exp[(−βE)]dNr

exp[(−βE)]dNr
(2.8)

The unbiased free energy for window i results in Ai(ζ) = −(1/β)ln(P i
b (ζ)−wi(ζ) +Fi)

exp(−βFi) =
∫
Pu(ζ)exp[−βwi(ζ)]dζ

=
∫
exp(−β[A(ζ) + wi(ζ)]dζ

(2.9)

This derivation is exact and requires sufficient sampling per window only. The un-
biased free energy Fi is estimated by means of weighted histogram analysis method
(WHAM [104]) that considers the total unbiased probability distribution Pu(ζ) as
weighted sum over the unbiased probability distribution P i

u(ζ) in each window:Pu(ζ) =∑windows
i pi(ζ)P i

u(ζ). WHAM aims to minimize the statistical error σ of the unbiased
probability distribution by an appropriate choice of the weights pi: δσi(Pu)/δpi = 0
respecting the normalization condition ∑

pi = 1. In order to provide for a contin-
uous unbiased probability distribution–neighboring Umbrella windows must overlap
sufficiently–the number of states sampled per window and the strength of the force
constant should be be chosen with care. Fi is calculated iteratively until convergence
(for review see [93]). In chapter 5 Umbrella sampling proves successful to demonstrate
differences between two MHC class I allotypes. As a drawback, Umbrella sampling
results depend on predefined reaction coordinates: Thus, the native pathway is even-
tually not captured during simulations.

2.4.2 Molecular mechanics Poisson-Boltzmann/
generalized Born surface area method
(MM/PBSA, MM/GBSA)

Computational effort reduces in end state methods as MM/PBSA, which post process
one single two or three classical MD simulations in explicit solvent ‖: Dispensing with
a huge set of parallel simulations (i.e intermediates), this approach can be applied for
ligand affinity predictions, drug design [71, 103] and for free energy calculations of
two different conformers. Moreover, it can predict binding poses and binding affinity
more accurately than scoring functions during molecular docking [72]. While a gas
phase term is respecting intramolecular interactions ∆EMM , solvation free energy is
calculated based on an implicit solvent model, which respects polar Poisson-Boltzmann
(MM/PBSA) or generalized-Born contributions (MM/GBSA) and nonpolar surface
contributions (as described in 2.2). Entropic contributions of the solute are estimated
as a rigid rotor harmonic oscillator and extracted from a elastic network model or quasi-
harmonic analysis. In general, both, conformational stability and binding free energies
can be evaluated using the MM/PBSA approach. While in the first case absolute free
energies of two different conformations are evaluated, in the second case relative free

‖Principally MM/PBSA also works for single minimized snapshots or crystal structures
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Figure 2.5: MM/PBSA, MM-Thermodynamic cycle for binding free energy prediction

binding energies are evaluated either in a three or a single trajectory approach. The
thermodynamic cycle in Fig. 2.5 yields the binding free energy:

∆Gbind = Gsolv
complex − (Gsolv

ligand +Gsolv
receptor)− T∆S + ∆EMM . (2.10)

In order to account for maximal accuracy, biomolecules are sampled in explicit solvent.
Structures in vacuum are generated simply by removing solvent molecules, resulting in
the solvation free energy for the ligand, receptor and complex. If ligand, receptor and
complex are simulated in three independent simulations (three trajectory approach),
conformational flexibility of receptor and ligand is respected on the classical MD time
scale. However, this is not true in a single trajectory approach (i.e. a single classical
MD simulation), which restricts the conformational variety of receptor and ligand. As
an advantage the angle, dihedral angle and bond terms as well as receptor internal and
ligand internal van der Waals and electrostatic interactions cancel out in the force field
term ∆EMM and do not contribute to statistical noise in free energy calculations. Due
to this fast convergence we apply free energy calculations based on a single trajectory
approach in chapter 6.
MM/PBSA MM/GBSA result in “pseudo” free energy values providing an approxima-
tion of rigorous free energy values only. Inaccuracies result from the decomposition
of ∆Gbind in equation 2.4.2, which is based on simplifications as the widely accepted
additivity [40] approximation, a rigid rotor approximation and the Sakur Tetrode esti-
mate [136, 11] that is originally derived for ideal non interacting gases in the Maxwell
Boltzmann regime. Entropic contributions are roughly estimated by a normal mode
analysis (ENM) only, whereby the error grows with flexibility of biomolecules. The
quality of entropic estimates additionally depends on broad conformational sampling,
which is restricted especially in the one trajectory approach as ligand and receptor are
simulated in complex only.†† Other inaccuracies occur, since the hydrophobic effect is
respected by a surface term only. Poisson Boltzmann and generalized Born implicit
solvent models often fail predicting polar and buried charges appropriately. Since sol-
vent is regarded as uniform dielectric ε = 1, neither its partial charge distribution nor
its viscosity or explicit H-bond formation is considered in an implicit solvent approxi-

††Sampling and entropy estimates improves in the three trajectory approach described above at
the expense of increasing error bars of absolute free energy values.
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mation. Moreover, large statistical errors enter into absolute free energy values ∆Gbind,
which are finally calculated by averaging over the large energy contributions of several
snapshots of the MD trajectory: Even small conformational changes of different snap-
shots can easily lead to high free energy fluctuations [196], provoking large statistical
uncertainties and errors that are in order of the calculated energy values. Averages
of solvation free energies of the protein, the complex and its parts and the absolute
binding free energies of the complex in vacuum (i.e. molecular mechanics term ∆EMM

and entropic contributions ∆S) sum up to the final absolute binding free energies in
solution. Thus, propagation of uncertainty makes errors grow additionally. In this
respect, too, it is more accurate to calculate small ∆G differences directly instead of
calculating ∆E and ∆S separately [98].

2.4.3 Free energy perturbation
In order to provide an effective tool for alchemical transformations as alanine scanning,
we aim to combine the speed of implicit solvation with the accuracy of free energy
perturbation (FEP introduced by [238]). FEP yields the rigorous Helmholtz free energy
difference between two states 1 and 2 of a biological system:

∆A1,2 = −kBT ln < exp−(H2(x)−H1(x))/kbT >1 (2.11)

with Boltzmann constant kb, temperature T, and structure x. A simulation of a
biomolecule with structure x in potential H2(x) and a reevaluation of structure x in
potential H1(x) is principally sufficient to calculate ∆A1,2. As ∆H is usually fluctuat-
ing strongly in FEP calculations, the latter are poorly converging. Hence, these energy
fluctuations enforce a fine scaling between initial and end states. A set of simulations
can bridge the gap between starting and perturbed state. Molecules are modified in
parallel simulations that differ by their Hamiltonians (alchemical potential) only. The
fully intact protein or ligand in the lowest (reference replica) is transforming along

Figure 2.6: Thermodynamic cycle for an alanine scan
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the replica ladder: Selected side chains or atom groups are gradually deleted, forming
unphysical hybrids to finally mutate into the modified ligand in the highest replica.
Summing neighboring free energies results in Helmholtz free energy difference:

∆A12 = −kBT
∑
i

ln[exp−(U(λi+1)− U(λi))/kbT ]i (2.12)

As pointed out in [129], free energy perturbation calculations are already incor-
porated in the replica exchange framework: In the H-REMD scheme two free energy
differences are calculated for exchange partners Hi+1(xi+1) and Hi(xi): While energy
difference of the conformation xi in replica Hi and Hi+1 enters into ∆Ai→i+1,up, energy
difference of the conformation Xi+1 in replica Hi+1 and Hi determines ∆Ai+1→i,down.
Forward and backward free energies are a good measure to check convergence of simu-
lations: Ideally ∆Ai→i+1,up should equal ∆Ai+1→i,down. The sum of the free energy dif-
ferences between neighboring replicas corresponds to the forward and backward trans-
formation free energy of intact to perturbed ligand, respectively.
Relative free energy differences are calculated by exploiting the thermodynamic cycle in
Fig. 2.6: The ligand is transformed into its modified structure in its isolated form ∆A
as well as in complex with its target protein in two independent series of simulations.
The difference of transformation free energy differences yields the relative binding free
energy ∆∆A.
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Chapter 3

Hamiltonian replica exchange
simulations with adaptive biasing
of peptide backbone and side
chain dihedral angles

Conformational changes of proteins involve dihedral angle shifts. Hence, a biasing po-
tential Hamiltonian replica exchange molecular dynamics (MD) simulation method was
designed to specifically enhance these transitions. Two dimensional backbone and one
dimensional side chain biasing potentials promote local dihedral angle changes which
finally affect the global shape of peptides and proteins and result in improved sam-
pling compared to classical MD simulations. Performance of this methods additionally
improves if levels of biasing potentials are adapted appropriately during simulations.
Thus, the replica framework is exploited optimally, resulting in both high exchange
rates between neighboring replicas and accelerated occupancy/flow of all conformers
in each replica.

3.1 Motivation and outline

Classical molecular dynamics (cMD) simulation is a powerful tool to investigate the
dynamics of biomolecules [92]. Protein conformations can adopt long lived metastable
conformations corresponding to local energy minima in a rough free energy landscape.
To characterize the folding process of peptides and small proteins successfully, all atom
simulations including explicit solvent have to cover the micro- and even millisecond
time range [114]. However, brute-force simulations are often too costly for many appli-
cations like structure prediction and structural refinement of protein model structures.
Replica Exchange Molecular Dynamics (REMD) methods (introduced by Sugita et al.
for MD simulations [201]) have proven successful to speed up conformational sampling
(reviewed in [152]). In the standard REMD approach replicas of the system are sim-
ulated at slightly different temperatures (T-REMD) and frequent exchanges between
neighboring temperature runs are accepted or rejected according to a Metropolis cri-
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terion. This can result in enhanced sampling in the replica that runs at the tem-
perature of interest if different replicas exchange frequently and the sampled copies
explore all replica conditions. However, the acceptance of exchanges between replicas
requires sufficient overlap of sampled potential energies. As the standard deviation of
the energy distribution relative to the mean decreases with the square root of the num-
ber of degrees of freedom a desired temperature range is only covered if the number
of replicas increases with system size. This in turn requires longer total simulation
time to allow effective diffusion of all replicas in the temperature space increasing the
computational demand. The computational effort can be reduced using the Hamilto-
nian or force field as replica coordinate [52]: While temperature affects both solvent
and solute in the system, scaling of the Hamiltonian along the replicas (Hamiltonian-
(H)-REMD) can for example be restricted to the solute (or even special atoms of
interest). The resulting modest effective system size during an exchange lowers the
required number of replicas. Several variants of the H-REMD approach have been
described ranging from scaling non-bonded interactions [52, 3, 119, 118, 135, 80, 79]
as well as employing soft core potentials [74]. This included approaches in which only
interactions within the solute or solute-solvent interactions are modified along the repli-
cas [3, 119, 118, 135, 80, 79, 74, 75, 134, 218, 223] which raises the effective temperature
of the solute only (solute tempering). H- REMD can also be used to improve free en-
ergy calculations [223, 94, 120]. The resolution exchange method combines a coarse
graining with an atomic resolution model of the peptide along the replica ladder: The
fully atomistic reference replica is gradually replaced by a coarse grained representa-
tion in higher replicas [121]. Alternatively, it is also possible to embed accelerated
dynamics [50] or metadynamics [159, 33] in the replica framework. Global motions
can also be enhanced by coupling coarse-grained elastic network analysis (ENM) with
atomistic MD simulations in the ENM-REMD approach [229]. In this approach an
ENM-based normal mode analysis is performed prior to the REMD simulations to
identify collective global degrees of freedom. Based on the ENM-analysis a penalty
(biasing or flooding) potential is derived that promotes enhanced global motions along
replica simulations [229]. Other approaches focus more specifically on certain types of
biomolecules. Conformational transitions of peptides and proteins can be promoted
by imposing a suitable dihedral angle penalty potential in each replica on the pep-
tide backbone φ and ψ dihedral angles. Inclusion of such dihedral biasing potential
along the replicas can enhance sampling in the replica under the control of only the
original force field [88, 89]. In the current study this method has been extended by
taking advantage of an intrinsic property of proteins: the specific coupling of φ and
ψ backbone dihedral angles of neighboring amino acids along the peptide backbone.
Only limited regimes of the φ and ψ dihedral angles in the Ramachandran plot that
are separated by energy barriers are actually accessible for the peptide backbone. In
order to promote transitions between favorable regimes a 2-dimensional (2-D) biasing
potential has been constructed to penalize favorable combinations of ψ and φ angles.
Different levels of such biasing potentials in the replicas can enhance the sampling of
relevant peptide conformations in a reference replica of REMD simulations under the
control of the original force field (without a bias). Similar approaches have already
been applied successfully to study the backbone fine structure employing BP-REMD
simulations with a biasing potential specific for relevant combinations of nucleic acid
backbone conformations [34, 91]. The magnitude of the penalty potentials in each
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replica is crucial for the performance of the method: While promoting conformational
variety high penalty potentials reduce the exchange probability between replicas. Thus,
a second development concerns the control of the biasing level in each replica run. In
standard REMD simulations the temperature or Hamiltonians of each replica run are
set in the beginning of the simulation and are kept constant to achieve appropriate
exchange rates between replicas. However, even a high exchange rate between neigh-
boring replicas does not guarantee sufficient traveling of conformers through all replica
runs. Frequently, an ordering of conformations in the replica runs results in a loss of
performance [152, 217]. To keep a balance between high acceptance rates and broad
flux of conformers through the replica runs we designed a protocol that adjusts the
biasing potential during the simulation. As the fluctuations of the biasing potentials
level off to values below the mean energy per degree of freedom after an appropriate
equilibration time, canonical sampling in each replica is not disturbed. Applications of
the method to several peptide and protein test cases indicates significantly improved
conformational sampling compared to the same number of standard MD simulations
at modest computational costs. The initial extended structures of oligo-alanine (Ace-
Ala6-Nme), the 10-residue chignolin peptide (sequence: GYDPETGTWG, reference
PDB ID: 1UAO [140]) and of the trp-cage protein (reference PDB ID: 1L2Y [69]), were
generated using the leap module of the Amber12 package [26]. In case of the crc-SH3
domain of Csk (c-Src specific tyrosine kinase) only the conformation of a loop segment
(residues 10 to 20) was randomized by assigning random backbone dihedral angles fol-
lowed by extensive energy minimization keeping the rest of the structure restrained to
the known X-ray structure (PDB ID: 1CSK [14]). For the chignolin, trp-cage and crc-
SH3 proteins experimentally determined structure served as reference for comparison
with simulation results. Explicit TIP3P water molecules [84] and sodium counter ions
were added (oligo-alanine: 2304 waters, chignolin hairpin peptide: 3512 waters, trp-
cage :11108, crc-SH3: 4552) to form truncated octahedral boxes. Using the parm03.r1
force field [43], each simulation system was subjected to an energy minimization (5000
steps) with the pmemd module of the Amber12 package [26]. During initial heating
and equilibration simulations each peptide was initially harmonically restrained (25
kcal/mol Å−2) to the extended peptide structure. After heating up the system in
100K steps to 300K, the positional restraints were removed gradually. During MD
the long range electrostatic interactions were treated with the Particle Mesh Ewald
(PME) method [35] and cut off at a real spaces distance of rcutoff=9 Å. The RATTLE
algorithm [133] constrains bond vibrations involving hydrogen atoms, which allowed a
time step of 2 fs.

3.2 Biasing potentials for peptide main chain ψ

and φ dihedral angles and side chain χ1
angles

It is well known that the φ (defined by the four atoms of residue l-1 and l: Ci−1,
NI , CαI , CI) and ψ (formed by: NI , CαI ,CI ,NI+1) main chain dihedral angle pairs in
peptides and proteins are coupled and populate specific regimes in the Ramachandran
plot. By employing a 2 D penalty potential centered at known stable regimes of the
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Figure 3.1: (A) Definition of the φ-ψ dihedral angles at one residue in a peptide.
(B) Shape of the 2D penalty potential that was employed in BP-REMD simulations
as replica parameter to destabilize favorable states in the φ-ψ dihedral angle (Ra-
machandran) plot (C) Biasing the χ1 side chain dihedral angle with a 1D potential (D)
destabilizes favorable rotameric side chain states and promotes transitions in replicas.

Ramachandran plot (illustrated in Fig. 3.1B) it is possible to destabilize favorable φ
and ψ combinations and hence accelerate transitions over energy barriers to alternative
peptide backbone substates. As depicted in Fig. 3.1A α-helical and β-sheet density
peaks were approximated by a symmetric penalty function with a circular plateau and
diameter 2r, where it takes its maximal energy value. Centered around (φc, ψc) the
penalty potential decreases continuously on its edges and equals zero at an angular
distance of R.

x =
√

(φ− φc)2 + (ψ − ψc)2

V (φ, ψ) = Emax
pen if x < r

V (φ, ψ) =
Emax
pen

(R− r)4 [(x− r)2 − (R− r)2] if r < x < R

V (φ, ψ) = 0 if R < x

(3.1)

Test simulations indicated that the β-sheet regime was optimally destabilized by a
2D biasing potential centered at φc=95◦, ψc=120◦ and with 2r=90◦ and 2R=130◦.
In case of the narrower α-helical regime the following parameters were used: φc=60◦,
ψc=145o and 2r=40◦ and 2R=60◦. Stable peptide and protein substates may not
only depend on backbone dihedral states but also on the conformation of side chains.
In order to promote transitions between different rotameric states of side chains, we
additionally imposed a 1D penalty potential, that penalizes χ1 angles (except Pro, Gly,
Ala) in the stable-gauche (-60◦), gauche (60◦) and trans (180◦) regimes (illustrated in
Fig. 3.1C+D). For simplicity the same penalty for each stable χ1 state was used (with
2r=40◦ and 2R=80◦). The resulting total penalty potential is a sum of a 2D-term
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Figure 3.2: Schematic representation of the BP-REMD simulations with different levels
of biasing potentials (shown in Fig. 3.1) illustrated in (A) that followed the protocol
in (B). Exchange trials were recorded via running windows (100 and 500 exchange
trials respectively).The average occupancies as well as exchange rates served as basis
for evaluating the biasing levels (∆E) in the replica runs (see Methods for details).

acting on the peptide backbone and a 1D potential that destabilizes the χ1 dihedral
angle of side chains.

3.3 BP-REMD simulations and adaptive biasing
A BP-REMD simulation consisted of a set of 9 parallel replica MD simulations with dif-
ferent levels of the biasing potential described above (of the form illustrated in Fig. 3.2).
One of the replicas in a BP-REMD simulation ran with the original force field without
biasing potential and serves as the reference replica for subsequent analysis. Exchanges
between neighboring replicas were attempted every 1000 steps (2 ps) and accepted or
rejected according to a Metropolis criterion (illustrated in Fig. 3.2). Since conforma-
tional sampling improves only, if each replica simulation visits each penalty potential
frequently, the number of accepted exchanges is crucial for the performance of this
method. While large biasing penalties drive conformational transitions effectively, ex-
changes rates may decrease drastically due to high penalty potential differences between
replicas that enter into the exchange criterion. The height of the dihedral angle poten-
tial was therefore controlled and appropriately adjusted during the REMD simulation
respecting the following criteria: 1. (acceptance criterion) Exchange rates between
neighboring replicas shall surpass 20 %. 2. (occupancy/flow criterion) Every starting
conformation should visit every replica condition frequently. Since exchanges can oc-
cur mainly just between two specific neighbors these criteria are not equivalent. To
determine the energy potential on the fly, two time windows are introduced the bias-
ing potential energy differences between the different replica conditions are adapted
according to the following criteria: Averaging over the last 100 exchanges, 8 exchange
rates between neighboring replicas are evaluated. While biasing potential differences
were lowered by 0.5%, if one exchange rate fell below 20%, the biasing increased (by
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0.5%), if all exchange rates surpassed 40%. The second occupancy criterion was con-
trolled by labeling each replica start conformation and monitoring the frequency of
occurrence of these labeled structures in each replica condition. If the population of
each labeled configuration in each replica fell below 2% within the last 500 exchanges
the biasing levels were further decreased by 0.5%. Note, that at each scaling step of
the biasing potentials the same scaling was applied to each biasing potential in the
replica runs. In all test cases the biasing potentials reached average levels after ∼2ns
and the fluctuations of replica biasing potentials per dihedral angle pair fell below the
mean energy per degree of freedom in all cases (RT: 0.59 kcal/mol, table 3.1) without
any residual drift.

replica Oligo-Ala Chignolin Trp-cage SH3-loop
number Epen St.Dev. Epen St.Dev. Epen St.Dev. Epen St.Dev.

1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
2 0.2 0.01 0.1 0.01 0.1 0.01 0.1 0.02
3 0.4 0.03 0.3 0.03 0.2 0.03 0.2 0.05
4 0.6 0.04 0.4 0.04 0.3 0.04 0.3 0.07
5 0.8 0.06 0.6 0.06 0.4 0.06 0.5 0.10
6 1.0 0.07 0.7 0.07 0.5 0.07 0.6 0.12
7 1.2 0.09 0.8 0.09 0.6 0.09 0.7 0.15
8 1.4 0.10 1.0 0.10 0.7 0.10 0.8 0.17
9 1.6 0.12 1.1 0.12 0.8 0.11 0.9 0.20

Table 3.1: Biasing potential levels in each replica in the final BP-REMD simulation
stage. Epen and St.Dev. correspond to mean biasing potential levels (in each replica)
and standard deviations, respectively, for each of the four test systems (in kcal/mol)
not including the first 2 ns. The maximum biasing level corresponds to the plateau
biasing level for the dihedral angles illustrated in Fig. 3.1.

3.4 Folding of oligo-alanine, chignolin, and
Trp-cage and loop refinement of a SH3
domain

The performance of the BP-REMD method with a 2D-backbone biasing potential along
the replicas was first tested on an oligo-alanine peptide (Ace-(Ala)6-Nme) and com-
pared to continuous (c)MD simulations. The starting conformation was a fully ex-
tended peptide structure. There is experimental evidence that oligo-alanine peptides
adopt mainly a polyproline II conformation in solution [186]. However, the parm03.r1
force field [184] has a slight bias in favor of an α-helical conformation for the oligo-
alanine peptide. Therefore, an α-helical peptide served as reference structure for com-
parison with the simulations. The reference replica simulation of a BP-REMD with
9 replicas was compared with 9 independent cMD simulations that differed in initial
starting atom velocities (but using the same start structures as in the BP-REMD simu-
lations, this scheme was used also for all other test cases described below). During the
BP-REMD simulations the biasing potential levels were controlled and adapted in or-
der to result in both a high acceptance rate for exchanges and a reasonable distribution
of sampled states over the replicas. The root-mean-square deviation of the backbone
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Figure 3.3: The Root-mean-square deviation (Rmsd) of the peptide backbone
Rmsdbackbone with respect to an α-helical structure vs simulation time was recorded
for the cMD simulations (typical example shown in A) and the reference replica of the
BP-REMD simulation (in B). The histogram for the Rmsdbackbone distribution (with
respect to an α-helix) is indicated in C, for all 9 combined cMD simulations (black
line, entire simulation time) and the reference replica of the BP-REMD simulation
(grey line, entire simulation time). The same is shown in (D) for the first 5 ns of all
cMD simulations and for the reference replica of the BP-REMD.

( Rmsdbackbone) with respect to an α-helical reference structure decreased eventually
below 1 Å in both the cMD (Fig. 3.3A) and the BP-REMD simulation (reference run:
see Fig. 3.3B). While an α-helical like structure was already observed after 1 ns in the
reference replica of the BP-REMD it appears after 8ns in one out of 9 cMD trajecto-
ries. Furthermore, in case of BP-REMD the Rmsd distribution of the sampled states
after 5 ns closely resembled the Rmsd distribution after 30 ns in the reference replica
(compare Fig. 3.3C and Fig. 3.3D). The collection of all 9 cMD simulations reproduced
an equivalent distribution (Fig. 3.3C) indicating that the protocol did not disturb the
canonical sampling of states. In contrast, the distribution in all cMD simulations af-
ter 5 ns differed significantly from the distribution after 30 ns (Fig. 3.3D). A cluster
analysis can help identifying the most likely regime of conformations in a trajectory
(the one of lowest free energy) as the most populated cluster of conformations. The
most populated and the cluster of lowest Rmsdbackbone from the α-helical peptide con-
formation were recorded along the trajectory of the reference BP-REMD run (under
the control of the original force field). Once the lowest Rmsdbackbone cluster equals the
most populated cluster, the native like structure could in principle be identified without
experimental reference. For oligo-alanine this was the case after a simulation time of 5
ns data not shown). Moreover, the representative characteristic cluster structure is in
good agreement with the reference structure ( Rmsdbackbone < 0.5 Å, data not shown).

A more challenging system compared to oligo-alanine is the chignolin peptide (10
amino acids, see Methods) which forms a stable hairpin and has been subject of several
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Figure 3.4: (A) Rmsdbackbone of chignolin peptide backbone with respect to the experi-
mental structure vs simulation time was recorded for the cMD simulations (one out of
9 examples) and for the reference replica of the BP-REMD simulation (in B). The his-
togram for the Rmsdbackbone distribution (with respect to native chignolin) is indicated
in C, for all 9 combined cMD simulations (black line, entire simulation time) and the
reference replica of the BP-REMD simulation (grey line, entire simulation time). (D)
Comparison of a the extended starting structure (left stick model) and native chignolin
structure (stick model with beta-hairpin indicated as cartoon).

previous simulation studies in explicit water [92, 88, 186, 184]. In previous cMD simu-
lations it has been possible to fold chignolin starting from a random coil conformation
with a folding time of 0.6 µs at a temperature of 340K [92]. In a T-REMD study
with 16 replicas random coil starting conformations of chignolin folded after around
150 ns to structures close to the native conformation [184]. In the present study the
chingolin peptide was investigated with BP-REMD simulations in explicit solvent per-
forming a similar set of simulations as described for oligo-alanine. However, none of
the 9 independent cMD simulations resulted in the sampling of near-native chignolin
conformations (best Rmsdbackbone > 2 Å, Fig. 3.4A). For the BP-REMD first transitions
from fully extended chignolin to conformations close to native (Rmsdbackbone < 2 Å,
Fig. 3.4B) accumulated after 5ns in the reference replica (see Fig. 3.4C). The peak of
the Rmsdbackbone distribution of 1 Å indicates an accumulation of the folded structure
in the reference replica (see Fig. 3.4D). Already after 7 ns of the BP-REMD the most
populated conformational cluster represented also the cluster with conformations of
lowest Rmsdbackbone relative to the native structure (data not shown). The Trp-cage is
one of the smallest (20-amino acid) proteins that contains different secondary struc-
ture elements and forms a well defined stable folded structure with a small hydrophobic
core [140] (Fig. 3.5) and has already been the subject of several previous simulation
studies [92, 89, 165, 86]. While near native structures were sampled after 20 ns in
the BP-REMD, no folding to near-native structures was observed in any of the 9 in-
dependent control cMD simulations of the same length (each 60 ns, Fig. 3.5A+B).
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Figure 3.5: (A) The Rmsdbackbone of trp-cage backbone with respect to the experimen-
tal structure vs simulation time was recorded for the cMD simulations (one out of 9
examples) and for the reference replica of the BP-REMD simulation (in B). The his-
togram for the Rmsdbackbone distribution (with respect to native trp-cage) is indicated
in C, for all 9 combined cMD simulations (black line, entire simulation time) and the
reference replica of the BP-REMD simulation (grey line, entire simulation time). (D)
Comparison of the native structure of trp-cage (pdb1Y2T, cartoon and stick model)
and a superposition of the near-native backbone conformation (grey cartoon) and sev-
eral other conformations obtained in the replicas at the final stage of the BP-REMD
simulation (darker grey cartoons).

After 41 ns the population of lowest Rmsdbackbone cluster is approaching the one of the
most populated cluster (data not shown), however, it is not forming the most popu-
lated cluster over the entire trajectory (see Fig. 3.5C). This could be due to insufficient
accuracy of the force field. However, to achieve an accumulation of folded structures
in quantitative agreement with experiment would require transitions to near- native
structures in most of the replicas which requires longer simulation times even with the
present BP-REMD technique. Interestingly, at the final stage of the simulation (60
ns) 25% of structures in the replicas contained the native-like α-helix and include in
part already native contacts between residues of the helix and the C-terminus of the
protein (Fig. 3.5D+E). As a final example the BP-REMD approach was applied to
the refinement of a peptide loop structure (illustrated in Fig. 3.6). Predicting the con-
formation of loop structures is a common problem while modeling protein structures
based on homology to a protein with known structure. While frequently part of the
structure can be predicted with high confidence other parts, e.g. loops that connect
secondary structure elements, cannot be modeled based on homology to a template
structure [147]. Most realistic force field models include presence of explicit water
and should principally enable very accurate loop structure prediction. A long loop
connecting two β-strands in a small SH3 domain protein was chosen as test system.
The loop segment (Residues 10 to 20) of the crc-SH3 domain high-resolution X-ray
structure :PDB ID:1CSK[84]) was deformed randomly to a Rmsdbackbone > 6 Å relative



32 3. BP-REMD with adaptive biasing of peptide dihedral angles

Figure 3.6: (A) Rmsdbackbone of a 12 residue loop segment of an SH3 domain (residue 10
to 20 of PDB ID:1CSK [14]) with respect to the experimental structure vs simulation
time was recorded for the cMD simulations (one out of 9 examples) and for the reference
replica of the BP-REMD simulation (in B). The Rmsdbackbone of the loop segment was
calculated after superposition of all SH3 residues (except for the loop segment) onto
the native structure. The histogram for the Rmsdbackbone distribution (with respect to
native loop structure) is indicated in C, for all 9 combined cMD simulations (black line)
and the reference replica of the BP-REMD simulation (grey line). (D) Comparison of
the start structure (black) and native SH3 structure (light grey). (E) final structure
(black, representative structure of highest populated cluster) superimposed onto native
structure (light grey).

to experiment. During BP-REMD simulations the protein backbone ( except for the
loop region) was weakly restrained to the native SH3 domain structure (see Methods).
Already, after 10 ns conformations in the reference replica approached the native loop
structure (Rmsdbackbone < 1 Å) and formed the dominant conformational state at the
final stage of the (30 ns) simulation (Fig. 3.6B-D). In contrast, no structures with an
Rmsdbackbone < 2 Å were observed in standard cMD simulations (9 independent runs
of 30 ns, Fig. 3.6A).
The biasing levels in each replica of the BP-REMD simulations were adjusted to guar-
antee high acceptance rates and simultaneously a broad exchange (occupancy) of each
replica conformation in each replica run (see Methods for details). At each adjustment
step the biasing potentials of the replicas were uniformly scaled. In every case the
automatically adjusted biasing potentials reached a constant level with modest final
fluctuation (Fig. 3.1). In the oligo-alanine case a high-acceptance rate and very uniform
distribution of conformers in all possible replicas was observed (Fig. 3.7 A). Note, that
these two criteria together determine a high traveling rate of the conformers to visit
all replica conditions and both were controlled during the BP-REMD simulation (see
Methods). For example a high exchange rate between neighboring replicas can still
indicate that just two labeled conformers exchange back and force (without visiting
other biasing potential conditions). However, this would result in a very non-uniform
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Figure 3.7: Distribution of different starting structures in the reference replica. Each
starting structure at the beginning of the BP-REMD simulations was labeled (s1-s9).
The frequency of occurrence in the reference replica (bars) reflects its exchange between
different replica conditions:
(A) BP-REMD of oligo-alanine, see Fig. 3.3;
(B) BP-REMD of chignolin, see Fig. 3.4;
(C)BP-REMD of trp-cage, see Fig. 3.5;
(D) BP-REMD of 10 residue loop in crcSH3 domain (see also Fig. 3.6).

distribution of the conformers among the replicas. For the other three test cases high
exchange rates (> 40%) between neighboring replicas but no completely uniform distri-
bution but nevertheless a full coverage of all (labeled) start structures over all replicas
was achieved (Fig. 3.7 B-D).
It should be noted that a time dependent biasing potential creates in principle a non-
equilibrium force field condition in each replica (except for the reference replica). The
Monte Carlo exchanges between non-equilibrium ensembles can also perturb the sam-
pling in the reference replica. Especially, for a drifting biasing potential (in the initial
phase of the BP-REMD) this may result in sampling of a non-canonical distribution
in the replicas. However, after an equilibration phase (∼2ns) the biasing potentials
reached on average constant levels with 10% fluctuation (table 3.1). Such fluctuations

Figure 3.8: Fixed biasing potential levels in each replica: To investigate the influence
of the dynamical adjustment of the potential size, BP-REMD simulations were per-
formed with constant dihedral biasing levels in each replica condition (the difference
in maximum biasing potential (kcal/mol) per dihedral is indicated). Occupancy of
each labeled start structure in the reference replica was recorded in the upper three
panels (the change in biasing level between neighboring replicas is indicated). De-
viation from desired 11.1% occupancy increases with increasing difference of penalty
potentials in neighboring replicas. The lower panel indicates the backbone Rmsd of
sampled states in the reference replica for the three different cases (black symbols:
∇Epen= 0.15 kcal mol;dark grey symbols: ∇Epen= 0.3 kcal/mol; light grey symbols:
∇Epen=1.0 kcal/mol.
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(similar to temperature fluctuations in a standard MD simulation) may not perturb the
average sampling severely because the average Boltzmann probabilities stay constant
(if one neglects higher order influences of the fluctuations on the Boltzmann proba-
bilities beyond a linear term). The appropriate choice and adjustment of the biasing
potentials is of critical importance for the performance of the method. For the chigno-
lin case this is demonstrated by running BP-REMD simulations with constant biasing
potential levels in each replica. In the first BP-REMD the biasing potential levels be-
tween neighboring replicas differed by 0.15 kcal/mol which is close to the optimal level
found in the final stage of the BP-REMD of chignolin with adaptable biasing levels
(table 3.1. As shown in Fig. 3.8A, in this case the starting structures 1 to 9 distribute
relatively uniformly in the reference replica indicating that all conformers occasionally
visit the reference replica and contribute to improved sampling. As a result successful
folding occurred rapidly already after ∼1 ns simulation time (Fig. 3.8D). In contrast,
larger differences in biasing levels provoke an ordering of conformations in the replicas
preventing all conformations from visiting the different replica conditions frequently
and uniformly (Fig. 3.8B+C). As a consequence transitions to near-native chignolin
conformations occurred in these cases on longer time scales (∼10-15 ns, not shown).

3.5 Conclusion

Replica exchange MD simulations can improve sampling of conformational states of
biomolecules especially in cases where favorable states are separated by significant en-
ergy barriers. However, the computational demand of the standard T-REMD approach
grows rapidly with system size limiting the method to small proteins or implicit solvent
models. Modifying the Hamiltonian (force field) among the replicas instead of the tem-
perature can reduce computational demand. In the current approach the force fields
along the replicas differed by both a 2D biasing potential specifically designed to pro-
mote backbone dihedral angle transitions of a peptide as well as a 1D biasing potential
that affects the first dihedral angle of the peptide side chains. For several test systems
the approach significantly accelerated structure formation processes and increased the
variety of sampled configurations compared to the same number of independent cMD
simulations. Dynamic adjustment of the biasing potentials during simulations con-
stitutes a second advantage over previous BP-REMD approaches with a 1D biasing
potential [88]. In this case an adjustment of the biasing levels in each replica on test
systems or during short test simulations was necessary [88]. Both high acceptance rates
and a broad distribution or flow of conformations among the replicas can be of criti-
cal importance for effective sampling: Conformers may tend to “order” during replica
exchange simulations such that only a fraction of the replicas is connected through
replica exchanges [217]. Dynamic adjustment of the biasing potential in each replica
ensures both high exchange rates and good mixing of sampled structures in the repli-
cas. It avoids evaluating the optimal biasing potential levels by test simulations [88] or
underestimating its level to ensure high exchanges rates and thus minimizes the risk
of reducing the effect of the biasing potential. Meeting the requirements for structural
refinement, the BP-REMD method can be applied to selected parts of the protein and
thus selectively enhance the conformational sampling of a desired region of a protein.
Successful application to a 10 residue loop region in a crc-SH3 domain indicates that
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efficient refinement of incorrectly modeled loop structures in explicit solvent is possi-
ble at modest computational demands. It is possible to extend the approach to bias
additional side chain dihedral angles which could be especially important in case of
large bulky residues such as tryptophan. Another extension could be the biasing of the
ω-backbone dihedral transition that controls the equilibrium between the backbone cis
and trans conformation at proline residues. Such transitions are rarely observed on the
time scale of continuous MD simulations although important for the folding of several
proteins.
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Chapter 4

Hamiltonian Replica Exchange
Combined with Elastic Network
Analysis to Enhance Global
Domain Motions

The biasing potential method presented in chapter 3 enhances conformational sampling
of peptides and proteins by inducing backbone and side chain dihedral angle transitions.
These local changes affected the global shape of proteins and promoted folding of
test peptides and loop regions. However, the effectivity is coupled the the number
dihedral angles that are to be penalized and thus decreases with protein size. As an
advantage, flexible regions of the protein can be penalized only which is a benefit for
loop refinement. A bunch of biological processes is associated with the motions of
rigid protein domains. The dynamics of their flexible hinge regions could be promoted
by the biasing potential method. However, the directions of global mobility of rigid
protein domains are captured well by coarse-grained elastic network models (ENM) of
proteins that are based on a low resolution representation of protein dynamics. The
computational effort decreases by means of a Hamiltonian replica exchange molecular
dynamics (H-REMD) approach that combines an ENM analysis with atomistic explicit
solvent MD simulations: A set of centers, that represents rigid segments (centroids) of
a protein is subjected to an ENM analysis. Based on this results, a distance-dependent
biasing potential is constructed to promote and guide centroid/domain rearrangements
and is integrated into the replica framework. The magnitude and the form of the
biasing potentials are adapted during the simulation, basing on the average sampled
conformation, to reach a near constant biasing in each replica after equilibration. This
allows for canonical sampling of conformational states in each replica.

4.1 Motivation and outline

Classical molecular dynamics (cMD) simulations are increasingly being used to char-
acterize the dynamics of biomolecules [114, 214]. However large-scale motions of
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biomolecules often occur only rarely even on the time scale of hundreds of nanosec-
onds that are currently possible. Parallel tempering or replica exchange molecular
dynamics (REMD) simulations is an established technique used to enhance confor-
mational sampling during MD simulations [reviewed in [152]]. Conformational va-
riety is generated in parallel replicas running at different temperatures. At preset
intervals (usually neighboring) pairs of replicas exchange with a specified transition
probability. Instead of changing the temperature among the replicas it is also pos-
sible to modify the force field or selected force field contributions along the replicas
(termed Hamiltonian-(H)-REMD). A variety of H-REMD techniques to enhance con-
formational sampling of biomolecules have been described by scaling different force
field terms [52, 3, 118, 121, 88, 159, 80, 34, 91, 153]. In most of these approaches
specific force field terms are modified or biased along the replicas such as non-bonded
interactions [3, 118, 121, 80] hydrogen bonds and short range contacts[159] or dihe-
dral angle barriers [88, 159, 34, 91, 153]. These approaches can significantly enhance
sampling of local changes in proteins but are not specifically aimed at improving the
sampling of global domain motions in proteins. In recent years it has been shown
that soft normal modes obtained from Elastic network models (ENMs) of proteins
frequently overlap with experimentally observed global conformational changes in pro-
teins [207, 6, 65, 204, 208]. In an ENM the mobility of a residue or protein segment
depends on the local density and number of short range contacts (usually between Cα

atoms of the protein). Collective degrees of freedom can be calculated very rapidly from
an ENM model of a protein by a normal mode calculation. Due to the coarse-grained
nature, ENMs may indicate directions of possible large scale conformational transitions
of a biomolecule. In fact, often very significant overlap of the softest ENM modes with
experimentally observed conformational changes in proteins has been found. This has,
for example, been used in efficient flexible docking simulations of proteins [127]. The
idea of coupling ENM analysis of proteins and atomistic MD simulations has been ex-
plored by Zhang et al. [233] employing a separate temperature coupling of collective
ENM degrees of freedom of a molecule and temperature control of the rest of the sys-
tem in a single simulation. The motion along ENM degrees of freedom is amplified by
increasing the temperature álongt́he collective degrees of freedom of the molecule. The
method allowed enhanced sampling of peptide and protein motion [233]. However, sepa-
rate temperature coupling of different degrees of freedom corresponds to a non-physical
simulation system and it is not clear if such a simulation produces conformations com-
patible with the desired simulation ensemble (e.g. a canonical ensemble). In addition,
extended simulation runs with an increased temperature of the soft collective degrees of
freedom of a system may lead to sampling of undesired conformations, e.g. unfolding of
the protein (if the temperature of a collective degree of freedom is kept above the folding
temperature of the protein). It is also possible to use random deformations in collective
directions derived from an ENM analysis to start atomistic MD simulations and in that
ways improve the conformational search properties of MD simulations. Such approach
has been employed by Gur et al. [60] to study global motions in adenylate kinase. How-
ever, such approach does not allow for a canonical sampling of relevant conformational
states during the atomistic simulations. In a recently developed H-REMD method
different levels of a biasing potential derived from a low-resolution ENM description
were used to improve the sampling of large scale motions in proteins [229] in implicit
solvent. The biasing potentials act on distances between Cα backbone atoms and are
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compatible with soft collective degrees of freedom of the protein derived from the ENM
analysis. Similar to a flooding potential [59] the biasing potentials promote transitions
along the globally soft directions in the protein system. Embedding these potentials in
a replica exchange scheme can also improve the sampling in a reference replica under
the control of the original force field. The method proved successful to sample global
domain motions motions of the T4 lysozyme as well as to speed up folding of a peptide
compared to cMD simulations [229]. However, for an efficient sampling the approach
required the frequent recalculation of the ENM of the protein under study in order to
adapt the biasing potential to the changes in the protein structure. As a consequence
the biasing potentials are not constant over time which may result in a non-canonical
sampling not only in the replicas but potentially also in the reference replica simulation.
Aim of the current study is to extend the method by reducing the number of biasing
potentials acting not on distances between Cα atoms but between a modest number
of centroids reflecting the local atom density or domain structure of the protein. The
width and strength of biasing potentials between the centroids is still determined by
the ENM fluctuations and integrated into all atom H-REMD simulations of the pro-
tein in explicit solvent. In addition, dynamical adjustment of the biasing potentials
during an equilibration phase can also speed up conformational sampling [153]. The
performance of the method was tested on two biologically important proteins. One
example was a substructure of glycoprotein 130 (gp130) [18] ]consisting of the two
subdomains D2 and D3. The activation of the gp130 signal transduction protein is
coupled to domain-domain motions [183]. The second example was the cyanovirin-N
dimer, a potent virocidal protein [13, 228, 9, 15]. Nuclear magnetic resonance [13] and
crystallographic studies [228] indicate different domain dimer arrangements compati-
ble with global domain flexibility of the system [9, 15]. The application of the ENM
coupled REMD approach resulted in both cases in increased domain-domain motion
compared to standard MD simulations including large scale conformational transitions
compatible with available experimental data. The approach could be a valuable tool
to systematically study large scale motions in biomolecules under realistic simulation
conditions including explicit solvent and ions.

4.2 ENM coupled replica exchange simulations

4.2.1 MD simulations
All simulations were performed by means of the pmemd module of the Amber12 pack-
age [26]. The crystal structures pdb 1BQU served as start structures for molecular
dynamics (MD) simulations of the domain 2 (D2) and domain 3 (D3) substructure of
glycoprotein 130 (gp130). In case the Cyanovirin-N domain dimer, two different ex-
perimental start structures, pdb1L5B and pdb1L5E, that differed in the global domain
geometry were used. The structures were solvated in truncated octahedral boxes with
explicit TIP3P water molecules and neutralized with sodium and chloride ions [84]
by means of the leap module and using the parm10 force field [43]. During 100 ps
equilibration the systems were heated up to 298 K while protein heavy atoms were
harmonically restrained (25 kcal/mol Å−2) to positions in the starting structure. Af-
ter removing positional restraints gradually during another 100 ps the structures were



40 4. H-REMD combined with Elastic Network Analysis

equilibrated for 10 ns (temperature: 298 K, pressure: 1 bar) and an unrestrained sim-
ulation (1 ns) served to generate 12 starting snapshots (equi-distant along the 1 ns) for
the ENM coupled REMD and independent cMD simulations. Long range electrostatic
interactions were calculated with the Particle Mesh Ewald (PME) method [35] and us-
ing a real space cutoff radius of 9Å. Bonds involving hydrogen atoms were constrained
by the Settle algorithm [133], which allowed for a time step of 2 fs. Simulation results
were analyzed by means of the cpptraj module of Amber12.

4.2.2 Selection of domain centroids and
calculation of fluctuations using an
elastic network model

Domain centroids were selected based on the density of atoms in different protein re-
gions. This was achieved by defining a number of centroids and minimizing the sum
of distances between position of centroids and nearby protein atoms (weighted by a
Gaussian function) and maximizing the distances [65]. The calculation of eigenvectors
(normal modes) and eigenvalues provided orthogonal directions of motion and cor-
responding force constants that are inversely proportional to the fluctuation in each
normal mode direction. The excitation of the 50 softest normal modes (by a thermal
energy of RT, with R: gas constant and temperature T,=300 K) was used to calcu-
late the expected distance fluctuations between the predetermined domain centroids
based on the ENM analysis. The 50 softest modes are responsible for >90% of the

Figure 4.1: Form of the biasing potential (left panel) acting between distances (dij) of
protein domain centroids (indicated as C1-C4 in the right panel). In the right panel
the structure of the gpw130-D2-D3 protein is indicated by the Cαbackbone atoms (grey
spheres). The biasing potentials act with increasing amplitude (indicated in the left
panel) in the replica runs. One reference replica runs only under the control of the
original force field without any biasing potential. The width of each biasing potential
is based on the distance fluctuation between corresponding centroids calculated from
an elastic network model (ENM) of the protein (see Methods for details). The domain
centroids represent rigid (dense) parts of the protein (with little internal fluctuation
according to the ENM).
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gp130-D2-D3 ENM-REMD simulations < d120 > < d130 > < d140 > < d230 > < d240 > < d340 >

mean centroid-centroid-distance (Å) 20.6±0.6 38.9±0.7 23.1±0.8 55.6±0.7 43.3±0.6 20.7±0.33
mean width of 1st biasing potential (Å) 1.75±0.4 3.4±0.5 2.25±0.2 6.6±0.6 3.0±0.1 2.2±0.3
mean width of 2nd biasing potential (Å) 5.3±0.7 10.3±0.9 6.8±0.3 20.0±1.2 8.9±0.4 6.5±0.6
Cyanovirin-A ENM-REMD simulations
mean centroid-centroid-distance (Å) 31.8±0.7 29.4±0.5 23.6±0.4 23.6±0.5 25.8±1.0 31.8±0.6
mean width of 1st biasing potential (Å) 5.75±0.45 3.6±0.5 2.3±0.3 2.2±0.3 10.1±1.3
mean width of 2nd biasing potential (Å) 17.1±0.8 10.7±0.9 6.8±0.7 6.7±0.6 30.4±2.4 17.2±0.9
Cyanovirin-B ENM-REMD simulations
mean centroid-centroid-distance (Å) 35.7±0.6 27.4±0.5 23.1±0.4 23.2±0.5 41.2±0.9 36.2±0.4
mean width of 1st biasing potential (Å) 6.3±0.4 7.1±0.4 2.0±0.2 2.0±0.3 14.2±0.7 6.7±0.4
mean width of 2nd biasing potential (Å) 18.8±0.7 21.4±0.7 6.1±0.5 6.1±0.6 42.6±1.4 20.1±0.6

Table 4.1: The centroid-centroid distances (dij0) correspond to the reference distances
in the biasing potentials in each replica and the mean width determine the width of the
biasing potentials (see equation in Methods section and Fig. 4.1). The mean increase
in amplitude of the biasing potential along the replica ladder was 0.082±0.02 kcal/mol
(gp130-D2-D3 system), 0.18±0.045 kcal/mol (cyanovirin-A), and 0.18±0.04 kcal/mol
(cyanovirin-B)

conformational fluctuations of the protein systems (not shown). A distance-dependent
biasing potential was designed in order to specifically promote structural changes in
the atomistic simulations compatible with the distance fluctuation estimates from the
ENM and implemented in the pmemd module to destabilize the protein structure along
the centroid distances dij (i,j are centroid labels).

V (dij) = k([dij − dij0]2 −∆d2
ij)2, if |dij − dij0| ≤ ∆dijV (dij) = 0, otherwise (4.1)

The biasing potential is characterized by a positive (repulsive) amplitude and a charac-
teristic width similar to a Gaussian potential. For each centroid pair it was centered to
a reference centroid distance (dij0) and using a width proportional to the precalculated
distance fluctuations from the ENM analysis. The effect of such a potential in the
atomistic replicas runs is an increased motion along the centroid distance directions
compatible with the ENM calculations. For each centroid-centroid distance two such
potentials were used one with a narrow width and one with broader range (see Fig. 4.1,
Table 4.1).

4.2.3 Replica exchange scheme with adaptive
biasing levels

The biasing potential based on the ENM calculations of the protein molecules was
integrated into H-REMD simulations to improve conformational sampling at the level
of atomistic explicit solvent simulations (illustrated in Fig. 4.2). During the H-REMD
simulations one reference replica was propagated under the control of the original
parm10 force field whereas the centroid-centroid distance dependent biasing potentials
were added with increasing amplitudes in each of the 11 replicas (total number of
replicas was in each case 12 including the reference simulation). A replica exchange
was attempted every 2 ps and accepted or rejected according to the standard Metropolis
criterion in H-REMD simulations[152]. The magnitudes and the width of the biasing
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Figure 4.2: Illustration of the ENM-coupled replica exchange simulations. Exchanges
between replicas (left panel) were attempted every 2 ps. Every 100 exchange attempts
(200ps), the centroid-centroid distances and ENM-derived fluctuations to determine the
width of the biasing potential (illustrated in the right panel) were recalculated from the
running average over the past 200 exchange attempts. In addition, the amplitude of the
biasing potential used in the replicas is adjusted to keep a high exchange acceptance
rate based on the exchange acceptance rate of the past 500 exchange attempts. The
shape of the biasing potential and the distances between domain centroids (for an
arbitrary centroid arrangement) are indicated in the left panel.

potentials in the replicas were adjusted during the simulations (Fig. 4.2)). The reference
centroid-centroid distances were recalculated every 200 ps from the running average of
the last 400 ps. Similarly, the magnitude of the biasing potentials was also adjusted
every 200 ps to optimize the acceptance rate of replica exchanges. Test calculations
indicated an average over the last 500 exchanges to provide for a reasonable estimation
of the acceptance rates. Based on a previous adaptive H-REMD approach [153] the
amplitude of the biasing potentials was lowered (increased) by 10 % if the acceptance
probability for exchanges between neighbors fell below 20% (surpasses 60% ) in any of
the replicas. The biasing levels were also lowered by 10% if a configuration visits each
replica less than once within the previous 500 exchanges. The last criterion promotes
that the replica conformations do not only exchange with directly adjacent neighboring
replica conditions but reach all available biasing levels from time to time. The choices
of adjustment resulted in smooth adaptation of the biasing levels in each replica to
near constant levels at the final stage of the simulations (table 4.1).
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4.3 Conformational flexibility of the D2-D3
interdomain connectivity of glycoprotein
130

The glycoprotein 130 (gp130) is a membrane-bound cytokine receptor involved in signal
transduction events during inflammation processes. It consists of six domains (D1-D6)
and forms complexes with interleukin 6 (Il-6) [63, 126]. Il-6 binds to the D2-D3 domain
hinge region which mediates subsequent activation of inflammatory processes [63, 126].
Experimental crystal structures of several gp130 sub-domains in the absence and pres-
ence of bound Il-6 are available. The D2-D3 segment forms an independent stable
unit that was crystallized in the absence and presence of Il-6 [18]. Recent electron
microscopy studies on a closely related system [125] and mutagenesis of the D2-D3
hinge region in combination with molecular dynamics (MD) studies [183] indicated
that changes in the D2-D3 inter domain angle are involved in the gp130 activation
process. Inactive in its kinked crystal-like form, it is found to be active in a more
extended form [183]. Usually induced by Il-6 binding, this stretching process of gp130
can be alternatively provoked also by mutations at the D2-D3 domain interface [183].
In order to test the ability of the present ENM-coupled H-REMD (ENM-REMD) ap-
proach to enhance global domain motion and to explore the domain mobility on the
gp130-D2-D3 system we performed both classical continuous (c)MD and ENM-REMD
simulations. Conformations changed and fluctuated only modestly in 12 independent
20 ns cMD simulations of the gp130-D2-D3 segment each starting from different initial
conditions. This is reflected in a root mean square deviation of the protein backbone
(RMSD) below 3 Å during all 12 simulations (Fig. 4.3A)). In contrast, during ENM-
REMD simulations much larger conformational changes and fluctuations were found
in the reference replica controlled by the original force field. For a small fraction of
sampled states in the reference replica the RMSD reached up to ca. 11-12 Å from the
starting structure (Fig. 4.3A)). The sampled domain arrangements can be characterized
by an angle φ and a dihedral angleθ defined for the protein molecule (Fig. 4.3)D).A
projection of the sampled conformations during all combined cMD simulations (240
ns) indicates only a modest sampling of D2-D3 interdomain angles (between 125-140o)
similar to previous cMD simulations on the same system [183] and a narrow sampled
regime of the pseudo dihedral angle θ (Fig. 4.3C). For the ENM-REMD simulations
(only considering the 16 ns of the reference replica) a larger range of domain-domain
conformations especially with larger interdomain angle and a much broader range of
pseudo dihedral angles were observed (Fig. 4.3B,C). This indicates that the gp130-D2-
D3 segment can adopt a greater variety of domain arrangements then just the crystal
structure conformation. However, the percentage of these alternative arrangements
(ca. 5-10%) is lower than the arrangement observed in the crystal structure. There
is experimental evidence from cryoEM studies on the full gp130 structure that indeed
the D2-D3 domain segment can undergo significant conformational changes with dif-
ferent interdomain angles [125]. It is interesting to compare the results of the coupled
ENM-REMD simulations with an ENM analysis of the gp130-D2-D3 global mobility.
The deformations in the first and second softest deformation modes (Fig. 4.4) clearly
indicate significant possible mobility in the domain angle coordinate (first mode) and
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Figure 4.3: (A, left panel) Root mean square deviation (RMSD) of the gp130-D2-
D3 backbone from the crystal structure during 12x20 ns cMD simulations. Note,
that the recorded RMSD of 12 independent simulations (each 20 ns) were appended
and shown in one plot. (A, right panel) RMSD vs. simulation time observed in the
reference replica (without biasing potential) of the ENM-REMD simulation starting
from the same gp130-D2-D3 start structures as the independent cMD simulations. (B)
Snap shots (cartoon representation of a slightly more kinked gpw130-D2-D3 domain
arrangement (left) and a more straight gpw130-D2-D3 domain arrangement compared
to the crystal structure observed during the ENM-REMD simulations. The positions
of these structures among sampled states projected onto a domain angleΦ vs. domain
dihedral angle Θ plot (Θ -Φ plot) is indicated as arrows in (C). Each dot in (C)
corresponds to a sampled domain arrangement in the ENM-REMD (blue) or cMD
simulations (grey dots). The definition of the angular and dihedral angle variables to
approximately describe the domain arrangement is indicated in (D). While angleΦ is
spanned by centers of masses of domain 2(A1 res 1-93), the hinge (A2 residue 90-99)
and domain 3 (A3 residue 97-201), dihedral angle Θ is defined by the 4 centroids of
the starting structure (C1-C4)

dihedral angle coordinate (second mode). Indeed, as discussed above, the ENM cou-
pled REMD also show significant mobility in these variables. This indicates that the
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Figure 4.4: Deformation of gpw130-D2-D3 in the two softest normal modes calculated
by an elastic network model. Structural deformations (red and grey tubes) were gen-
erated by displacing the crystal structure of the gpw130-D2-D3 protein (pink tube) in
negative and positive direction along the softest (left panels) and second softest ENM-
mode (right panel). The softest modes are characterized by the smallest associated
eigenvalue or force constant for deformation and are predicted to contribute most to
the fluctuation of the protein structure.

ENM calculation provides collective degrees of freedom that correspond to directions
of global motions also seen in the atomistic simulations (in the reference replica that
runs without any biasing). However, the atomistic REMD simulations do not result in
a simple Gaussian distribution of sampled states in these global variables (as an ENM
model would suggest) but show a much more complex distribution. For example, do-
main angular variable distributes very asymmetrically including mainly a set of more
open extended states. The resulting non-uniform distribution of states in the plain
spanned by the angular and dihedral variables (Fig. 4.3C) indicates free energy barri-
ers between different globally distinct arrangements. These barriers prevent a sampling
of alternative global states during the 240 ns cMD simulations but in the ENM-REMD
the biasing potentials in each replica help the system to overcome such energy barriers.

4.4 Domain mobility of cyanovirin -N
The cyanovirin-N protein from cyanobacterium Nostoc ellipsosporum is a highly po-
tent virucidal agent that has found interest as a potent HIV (human-immuno-deficiency
virus) inactivating protein [15]. It was found to form a metastable (domain-swapped)
dimer in solution and in crystal structures [9, 15] and can form different inter-domain ar-
rangements depending on the experimental conditions. Two crystal structures pdb1l5e
and pdb1l5b obtained under different crystallization conditions, termed cyanovirin-A
(pdb1l5b) and cyanovirin-B (pdb1l5e), served as starting structures for comparative
cMD and ENM-REMD simulations. The two crystal structures differ in the interdo-
main geometry (Fig. 4.5) giving rise to an overall backbone RMSD of 7 Å. In these
proteins residues 1-50 and 151-202 as well as 51-151 form stable rigid domains. Each of
the stable domains can be superimposed with an RMSD of < 1 Å. After superposition
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Figure 4.5: Comparison of cyanovirin conformation A (blue) and conformation B (grey)
before (A) and after (B) equilibration. The structures were superimposed with respect
to the first domain dimer (right side in each panel, corresponding to residues 1-51
and 151-202) and only the backbone is illustrated (cartoon representation). During
equilibration a slight shift of the domain arrangements compared to the start geometries
was observed resulting in total backbone RMSD deviations from the starting structure
of 1.5 Å (cyanovirin-A) and 4.5 Å (cyanovirin-B), respectively. The structures of
individual domains in each domain dimer did not change significantly (backbone RMSD
with respect to start structure was ł 1 Å). The total RMSD between cyanovirin-A and B
conformers was similar for the starting structures (7.3 Å, shown in A) and equilibrated
conformers (8.0 Å, shown in B).

of the two crystal structures with respect to such a domain the RMSD of the other
domains reach ca. 17.5 Å indicating that the large total RMSD of 7 Å between the
two crystal structures is mainly due to a domain-domain rearrangement. After an 10
ns cMD equilibration run conformations of cyanovirin-A and cyanovirin-B shifted re-
sulting in a ca. 1.5 Å and ca. 4.5 Å RMSD from the respective crystal start structure.
Despite these shifts the overall dimer domain arrangement was conserved (Fig. 4.5) and
the total RMSD between the equilibrated structures cyanovirin-A/B was ca. 8 Å. The
result indicates a significant flexibility of the structures in the proximity of the corre-
sponding starting geometry. Starting from the equilibrated cyanovirin-A structure dur-
ing 12 independent cMD simulations conformational deviations from the equilibrated
starting structure of up to 4 Å were observed (similar to the large fluctuations observed
in the equilibration phase). However, no transitions to conformations close to the alter-
native domain arrangement (cyanovirin-B) were found (Fig. 4.6). In contrast, several
conformations switched from the starting state to the alternative domain arrangement
in the ENM-REMD reference replica (corresponding to grey points in the upper panels
of Fig. 4.6 with a small RMSD with respect to structure of cyanovirin-B). In case of
starting from the equilibrated cyanovirin-B arrangement the cMD simulations indicate
a transition into the alternative cyanovirin-A in 1 out 12 independent 20 ns simulations
(Fig. 4.6). This transition was found to be irreversible on the time scale of the cMD
simulations. Cyanovirin-B switched towards the cyanovirin-A domain topology in the
reference replica of the ENM-REMD simulations although less frequently compared
to the opposite transition. For fully equilibrated simulations the distributions of the
two domain arrangements in the reference replicas of both simulations (starting from
different domain arrangements) are expected to be identical. Such equilibration of
states is not reached within the 20 ns REMD simulation. However, a clear trend can
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Figure 4.6: Upper left panels): Backbone RMSD from equilibrated cyanovirin-A
structure during 12 cMD simulations (results of 12x20 ns concatenated in the up-
per left graph). Both the deviation from the equilibrated cyanovirin-A (blue line) and
cyanovirin-B conformer (grey line) are plotted. (Upper right panel): Same for the
reference replica of an ENM-REMD simulation. In the middle panel representative
conformations for cyanovirin-A (blue cartoon) and B (grey) conformers to indicate
the cyanovirin structure corresponding approximately to the RMSD level in each plot.
(Lower panels): Same results starting from the equilibrated cyanovirin-B conformer
(color coding is the same as in the upper panels).

be seen reflected in an increasing accumulation of transitions to the cyanovirin-B type
arrangements in the simulation starting form cyanovirin-A and only little sampling of
the alternative cyanovirin-A if simulations were started from cyanovirin-B (Fig. 4.6).
This result indicates the cyanovirin-A conformer to be presumably more stable in the
current force field than conformer cyanovirin-B. Although alternative domain arrange-
ments were not sampled in full equilibration, frequent domain-arrangement transitions
were observed in the ENM-REMD reference replica: In contrast only one transition
occurred in cMD simulations of same total length. Thus, the performance of the
ENM-REMD approach in terms of sampling alternative global arrangements is also
much better for the second example compared to cMD simulations at the same com-
putational demand.

4.5 Conclusions

Elastic network models often allow a rapid estimation of the collective directions for
global domain motions in proteins. However, even along these soft collective direc-
tions the protein system might have to cross numerous local minima and barriers at an
atomic resolution description in order to reach alternative stable arrangements during
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available simulation time. There have been several attempts to combine ENM anal-
ysis with atomistic MD simulations. Among these are approaches to initially deform
structures along ENM soft degrees of freedom and use the generated structures to start
MD simulations at atomic resolution [60]. Alternatively, separate temperature coupling
along collective degrees of freedom (with increased associated thermal energy) either in
single MD simulations [233] or coupled with temperature (T-)REMD [102] have been
described. These approaches may improve the conformational search properties but
can strongly disturb the equilibrium of an MD-simulation and may result in a largely
non-canonical sampling of available states. A major aim of advanced sampling schemes
is to produce the same distribution of states in shorter time as long continuous MD
simulations. This is especially important in case of global domain motions where dif-
ferent domain arrangements are often populated to similar degrees corresponding to
small free energy differences. Even a small non-canonical bias in the sampling tech-
niques may then strongly affect the population of alternative structures. In a previous
study we used a biasing potential acting on many Cα-Cα backbone distances in the
protein system compatible with the distance fluctuations derived from an ENM anal-
ysis [229]. The frequent recalculation of the ENM during the simulations resulted in
biasing potentials that changed and fluctuated during the simulations. Such varying
biasing potentials can also influence the sampling in the reference replica and may
cause deviations from canonical sampling. In the present technique only a few bias-
ing potentials acting on the distances between centers-of-mass of protein segments are
used. The position and distances between these centers change less and much more
slowly than individual atom distances during the simulations. In addition, for the re-
calculation of biasing potentials based on the ENM we use the average over a large
simulation window instead of an instantaneous structure (as in the previous method).
This procedure resulted in biasing potentials that adapt during the simulation time to-
wards stable potentials in each replica with small residual fluctuations (see table 4.1).
Hence, the application of the present REMD with an ENM derived biasing potential
in the replica runs allows an enhanced domain-domain motion but at the same time
a canonical sampling in the reference replica compatible with the original force field
and free of any biasing. In addition, based on previous experience [153] the adjustment
of the biasing potential amplitudes in each replica guarantees high acceptance rates
and high conformer turn around in the space of replica runs. For the two test sys-
tems gp-130-D2-D3 and cyanovirin-N the ENM-REMD approach enhanced sampling
of different domain arrangements compatible with available experimental data could
be demonstrated. Although on the present time scale no converged sampling could be
achieved the method showed clearly better sampling of cMD simulations of total length
identical to the combined REMD replica runs. In future efforts different forms of the
biasing potentials will be tested. However, even in the present form the ENM-REMD
technique could be useful to study systematically domain-domain motions in proteins
under realistic simulation conditions including surrounding solvent and ions.



Chapter 5

Allosteric coupling between side
chain interactions and binding
pocket flexibility in HLA-B*44:02
molecules

As part of the viral immune response MHC class I molecules present antigenic peptides
to cytotoxic T-cells at the cell surface. This chapter centers around two human class
I allotypes HLA-B*44:05 and HLA-B*B*44:02, whose sequence is identical except for
a single amino acid at position 116 (i.e tyrosine 116 B*44:05 aspartic acid B*44:02)
resulting in very similar structures in complex with the same peptide. In contrast to
B*44:05 peptides bind efficiently to B*44:02 in the presence of the chaperone protein
tapasin. Binding site and role of tapasin during the loading process still are elusive.
However, the conformational variety of B*4402 in its peptide free form gives insight
into the most flexible parts of proteins, that may be stabilized by tapasin. The biasing
potential replica exchange method described in chapter 3 promotes side chain flips of
selected amino acids in MHC class I molecules. While the rotameric state of the basic
Arg 97 turns out to be coupled to the global shape of peptide free B*44:02 it does not
affect the form of peptide free B*44:05. Conformational flexibility becomes manifest
in the the F pocket that is much more mobile in the absence of a peptide in case of
B*44:02 compared to B*44:05. Free energy simulations to open the F pocket indicate a
molecular side chain switch mechanism that underlies the global opening motion. This
side chain switch involves the rearrangement of salt bridges and hydrogen bonding of
the basic Arg 97 with three acidic aspartate residues 114, 116 and 156 near the F pocket.
Rotations of the side chains of these residues are accelerated with the biasing replica
exchange method: Same side chain rearrangements prove to induce global opening
motions of the F pocket for the B*44:02 in contrast to B*44:05 allotype.
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5.1 Motivation and outline

MHC class I molecules play a key role in the antiviral human immune response. In
the endoplasmic reticulum (ER), class I molecules form complexes with short antigenic
peptides, assisted by chaperone proteins [151]. After successful peptide loading, class
I molecules are transported to the cell surface to be presented to the immune system
which can lead to destruction of infected cells by cytotoxic T cells [78, 139]. Antigenic
peptides are bound to MHC class I molecules in a narrow cleft on top of an extended
beta sheet flanked by two alpha helices [2] Fig. 5.1A). Among the products of the three
class I gene loci in humans (HLA-A, B, C), HLA-A and HLA-B play the most prominent
role in presenting antigenic peptides at the cell surface and show the greatest polymor-
phic variation. The latter enables HLA-A and HLA-B molecules to bind to a large num-
ber of different peptides (every allotype binds to a specific set; [232]). Despite the large
polymorphic variance among HLA-A/B molecules, the basic concept of peptide binding
is well conserved [54, 124, 16, 2]. By forming transient complexes with class I molecules
in the ER, the chaperone protein tapasin assists peptide loading and promotes pref-
erential binding of high-affinity peptides in the editing process [179, 224, 182, 77].
Mutagenesis experiments on class I molecules and tapasin indicate transient binding
of tapasin to a helical segment (α2−1 helix, Fig. 5.1B) and to residues 221 and 221 in
the α3 domain of the class I molecules [73, 111, 148, 202, 212, 219, 231]. Although
most class I molecules benefit from the presence of tapasin in the ER, there are some

Figure 5.1: (A) Peptide (yellow sticks) loaded MHC class I molecules with α1,2,3
domains and non-covalently attached β2m (cyan) in cartoon representation. (B) En-
largement of the B* 44:02 binding pocket (rotated by 90◦ with respect to view in A)
with the R97 side chain at the floor of the peptide binding cleft located close to three
acidic aspartic acids, D114, D116, and D156 (labeled residues). (C) Location of C and
F pockets and definition of distances (red double arrows) for measuring pocket width
(centers of mass of the α2−1 helix and α1 helix segment in case of the F pocket).
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allotypes that show reduced dependence or even complete tapasin independence for
cell surface expression [221, 154, 231]. Interestingly, single amino acid differences be-
tween two allotypes can have a major impact on the tapasin dependence of class I
allotypes [221]. A particularly interesting example is the allotype HLA-B*44:05 that
was shown to form stable complexes with antigenic peptides and exhibits cell surface
presentation in cells that lack tapasin [221, 231]. In contrast, under the same con-
ditions, cells with the closely related allotype HLA-B*44:02 showed strongly reduced
presentation of peptides at the cell surface (in the absence of tapasin). Both allotypes
differ only by a single residue at position 116 (a tyrosine in case of HLA-B*44:05 and an
aspartate in case of HLA-B*44:02, respectively) at the bottom of the F pocket region
that binds the peptide C-terminus (Fig. 5.1B) and are not located close to the proposed
tapasin binding region of class I. Crystal structures of both allotypes in complex with
the same high-affinity peptide do not show any difference that explains differences in
tapasin dependence [55, 122, 230, 231]. Thus, residue 116 may have an effect on the
structure and dynamics of peptide free class I molecules, which influences the interac-
tion and recognition by tapasin. Buried at the interface to the peptide, residue 116
is also inaccessible to tapasin in both cases. So far, experimental studies based on
NMR spectroscopy indicate that MHC class I molecules are at least partially folded
in the absence of antigenic peptides [17, 105]. In a previous comparative molecular
dynamics (MD) simulation study, we found especially the C-terminal part of the α2
helix (termed α2−1 helix, residues: 135-147) showing enhanced flexibility and confor-
mational shifts in the absence of a bound peptide in case of the B*44:02 allotype [189].
Indeed, this helical segment proved also to be most mobile in a comparative analysis
of several crystal structures of class I molecules [111, 47]. Strikingly, the mobile α2−1
helix corresponds to the proposed tapasin binding region described above. In contrast
to B*44:02, the same α2−1 helix segment of peptide-free B*44:05 fluctuates closely
around the peptide-loaded X-ray structure (receptive state) in MD simulations [189].
This suggests that tapasin may stabilize empty allotypes (with a mobile α2−1 helix)
that subsequently adopt a receptive conformation [182, 55]. Interestingly, simulations
predicted a D116H mutation of B*44:02 to reduce the α2−1 helix mobility of peptide-
free molecules to a similar level as observed for B*44:05. Hence, this mutation should
result in a tapasin-independent allele, which was indeed confirmed by experiments [55].
While these studies indicate a coupling between the mobility of the F pocket (in the
absence of a peptide), in particular of the α2 − 1 helix and the tapasin dependence
of peptide loading, the molecular origin of the enhanced F pocket mobility is not yet
clear. It is mechanistically interesting how one single residue difference in the F pocket
floor (D116 in B*44:02 vs. Y116 in B*44:05) can affect the global dynamics of an
entire binding region. In the present study, we have investigated the coupling of local
side chain motion in the binding cleft and global mobility of the α2−1 helix segment of
the B*44:02 allele by means of umbrella sampling (US) and biasing potential replica
exchange (BP-REMD) simulations. We find a side chain molecular switch mechanism
of the R97 residue: Located at the floor of the binding cleft, the R97 side chain can
interact with different acidic residues in the F pocket (including residue D116). Simu-
lations indicate a causal relation between different interaction networks of the R97 side
chain and global shifts of the α2−1 helix segment. Induced global changes of the α2−1
helix segment resulted in a switch of the R97 side chain interactions (US simulations).
On the other hand, induced switching between alternative R97 side chain interactions
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led to a global shift of the α2−1 helix segment (BP-REMD-simulations). Although the
mechanism is specific for the B*44:02 allotype similar types of correlated side chain
rearrangements may cause global changes in other allotypes and may correspond to a
general mechanism valid in other protein molecules as well.

5.2 Molecular dynamics simulations and biasing
potential replica exchange MD simulations

The crystal structures of human class I B*44:02 allotypes ([122]) protein data bank
entry: pdb1M6O and B*44:05 ([231] protein data bank entry: pdb1SYV) in complex
with the same peptide EEGRAFSF served as start structures for all Molecular Dy-
namics (MD) simulations. To model an initial structure of the empty B*44:02 and
B*44:05 allotypes, respectively, the peptides were removed from the crystal structures
(Fig. 5.1A,B). Centered in a truncated octahedral box solvated with TIP3P waters [84].
each protein was neutralized with Na+ and Cl− ions up to a final concentration of ca.
0.15 M. All Simulations were performed with the Amber12 package [26] by means of the
parm03 force field [43]. Long range electrostatic interactions were included by means
of the particle mesh Ewald option [35]. After energy minimization of each system, the
protein and solvent were heated in 100 K steps (each for 0.05 ns), including positional
restraints on all heavy atoms (50 kcal/(molÅ2). At 300K, restraints were removed
gradually during additional 0.1 ns simulation time. Opening of the binding pocket of
peptide free B*44:02 was enforced by umbrella sampling simulations: A harmonic po-
tential with a restraining force constant of 2.0 kcal/(molÅ2) was imposed on the heavy
atoms of two alpha helices that surround the F pocket floor (see Fig. 5.1C, residues
74-85 and 138-149). Applying these distance restraints in a range from 10 to 26 Å in
0.5 Å steps, each umbrella window was simulated for 9 ns. Including data of last 4 ns of
these runs, the resulting distance histograms were transformed into a free energy profile
by means of the weighted histogram analysis method (WHAM [104]; implemented by
Grossfield, http://dasher.wustl.edu/alan/). A biasing potential Hamiltonian replica
exchange (BP-REMD) method proved successful to disturb selected key side chains in
the F pocket locally. The simulations followed the protocol described in [153] without
biasing the backbone conformation. Side chain flips of the amino acid R97 and adjacent
residues D156 and N77 were promoted by a penalty potential, whose three plateaus
with a width of 40◦ are centered around stable χ1 angle regimes at -60◦ 60◦ and 180◦.
BP-REMD simulations consisted of a set of 5 parallel replica MD simulations, that
differed by the levels of χ1 biasing potentials: while the reference replica was under the
control of the original force field without biasing potential, plateau height increased
linearly for subsequent replicas. It is adjusted on the fly such that replicas travel effi-
ciently through potential conditions and level out at 0.7 kcal/mol per side chain and
replica and 0.5 kcal/mol in case of 44:05, respectively.



5.3. Global F pocket opening of HLA B*44:02 induces local R97 side
chain motions 53

5.3 Global F pocket opening of HLA B*44:02
induces local R97 side chain motions

Peptide binding contributes critically to the stability of MHC class I molecules, such
that MHC class I molecules are conformationally less ordered and more flexible in
the empty state (without bound peptide) compared to the peptide bound state [17,
105]. Indeed, recent molecular dynamics (MD) simulation studies indicated enhanced
conformational mobility especially of the α2−1 helix segment that flanks the F pocket in
the tapasin-dependent B*44:02 allotype in the absence of a bound peptide [189]. This
resulted in partial opening of the F pocket. In contrast, for the tapasin independent
B*44:05 allotype which differs from B*44:02 in one residue (D116Y), only a modest
increase of conformational flexibility in the absence of bound peptide compared to the
bound state was observed. Hence, binding of a peptide to B*44:02 requires a substantial
change in the MHC class I backbone structure (and flexibility) and presumably also
of side chains near and at the F pocket. Analyzing these interactions and driving
forces provides the basis for a detailed understanding of the peptide loading mechanism
and the role of the tapasin chaperone protein during this process. MD simulations
are especially well suited to study the global F pocket opening motion observed for
B*44:02 as well as possible associated side chain motions. A convenient approach
to systematically investigate the global opening of the F pocket is the application
of umbrella sampling (US) simulations. By applying a penalty potential to modify
the distance between centers of mass of the α2−1 helix segment (residues 138-149,
indicated in Fig. 5.1) and a part of the α1 helix (residues 74-85) it is possible to
systematically increase the F pocket size during a series of simulations. This method
was also used by Sieker et al., ([189], see Fig. 5.1C and Methods section for details).
The simulations also allowed the calculation of a free energy profile for opening of the
F pocket along the F pocket distance (Fig. 5.2) and gives insight into possible barriers
or stable substates along the opening pathway. Similar to a previous free energy
profile obtained in simulations on just the α1/α2 peptide binding superdomain of the
B*44:02 allotype (without the α3 domain and the β2m light chain, [189]), only a small
free energy difference between a near-native arrangement (F pocket distance of ∼12-13
Å, termed receptive state) and a more open F pocket width (larger F pocket distance
of ∼16-20 Å, termed open state) were found. In contrast to the simulation on the full
B*44:02 molecule, the free energy profile in case of the isolated α1/α2 peptide-binding

allotype α1-α2-superdomain only* entire class I structure
HLA B*4402 -2.0 kcal/mol 0.5 kcal/mol
HLA B*4405 2.1 kcal/mol 4.5 kcal/mol

Table 5.1: Free energy of F pocket opening. States with a center-of mass distance of
12-14 Å between residues 74-85 of the α1 helix and residues 138-149 of the α2 helix
were considered as receptive or receptive conformation of the F pocket and distances
between 14-22 Å as open F pocket states. Free energy differences correspond to the
differences of the averages taken over the corresponding distance regimes. Free energy
differences between receptive/receptive and open form are taken from Sieker et al. [189]
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Figure 5.2: Calculated free energy change vs. F pocket width for B*44:02 and
B*44:05. The free energies were extracted from umbrella sampling simulations of in-
duced F pocket opening along the distance between α−helices flanking the F pocket
(i.e. spanned by residues 74-85 and 138-149, respectively, see Methods section for
details).

superdomain predicted a lower free energy of the F pocket in open form compared to a
near-native bound arrangement (table 5.1). The present umbrella sampling simulations
on the full B*44:02 allotype structure resulted in a slightly lower free energy of the near-
native bound arrangement of ca. 1 kcal/mol, compared to a more open arrangement
(Fig. 5.2). Taken together, the results suggest that both the presence of β2m and
the α3 domain stabilize the α1/α2 peptide binding domain in the peptide-receptive
conformation. This result agrees with the experimental observation that indeed β2m
and peptide binding are coupled and a loss of β2m typically destabilizes peptide binding,
possibly by affecting the receptive form of the α1/α2 binding superdomain [210, 48].
Even though the free energy of the open form is slightly higher than in the near
native bound structure, the small difference still indicates a significant population of
this state in the absence of a bound peptide. For the B*4405 allotype, a significant
increase of the free energy upon opening of the F pocket was observed amounting
to ca. 4.5 kcal/mol. This is in qualitative agreement with previous simulations on
just the α1/α2 peptide binding domain that showed a free energy difference between
open and receptive (near-bound) F pocket distance of ca. 2.0 kcal/mol. Consistent
with the observation for B*44:02, it predicts that the presence of the α3−domain and
β2m stabilizes the α1/α2 peptide binding domain in a receptive conformation and
thereby enhances peptide binding capacity. The large free energy barrier observed
for B*44:05 suggests that open F pocket states are barely populated in peptide-free
B*44:05. Interestingly, the difference between the free energy of F pocket opening in the
absence vs. presence of α3-domain and β2m is similar for both allotypes. This suggests
that in both allotypes the contribution of the α3-domain and β2m to the stabilization of
a receptive conformation is similar. In the US simulations of the B*44:02, we observed
characteristic rearrangements of the side chain structure in the F pocket region. In
particular, this involved the side chain of R97 and its interaction partners. In the
case of B*44:02, the basic R97 can principally interact via hydrogen-bond stabilized
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Figure 5.3: F pocket shape and characteristic side chain arrangements during induced
opening and BP-REMD simulations of B*44:02. Induced opening was achieved either
by umbrella sampling but also observed in BP-REMD simulations, where transition
of local side chain conformations (e.g. R97) was accelerated with a biasing potential
in replica runs (see Methods). The first column shows characteristic structural snap-
shots of open (upper panel), intermediate (middle panel), and receptive (lower panel)
arrangements formed by R97 with D114, D116 and/or D156. The second and third
columns indicate the corresponding distributions of the side chain states at various
F pocket and C pocket distances sampled during umbrella sampling or BP-REMD
simulations. The color code in columns 2 and 3 follows table 5.2 indicating sampling
of receptive side chain states mainly at small C and F pocket distances (lower pan-
els).Intermediate side chain states were found for both small and large pocket sizes
whereas the open side chain arrangement was sampled only in case of large pocket
width (upper panels).

salt bridges with the three nearby acidic residues D114, D116, or D156 (illustrated in
Fig. 5.1 and 5.3). In the peptide-receptive conformation with a F pocket width of
12-13 Å the first are characterized by the following binding pattern: R97 is hydrogen
bonded to D156 and occasionally interacting with D114 and D116. In the following,
this arrangement is termed the receptive switch (see Fig. 5.3 bottom of column I
and table 5.2). The criterion for a contact is fairly loose, only requiring a minimal
distance (2.5 Å) between any of the 5 hydrogens of the R97 guanidinium groups and
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state H-bonding H-bonding H-bonding color
R97:D156 R97:D114 R97:D116

receptive + + + blue
receptive + + − blue
receptive + − − blue
receptive + − + blue

intermediate − + − green
open − + − blue
open − − + blue
open − − − blue

Table 5.2: Definition of side chain interaction network states involving residue R97
near F pocket floor. A contact criterion of 2.5 Å between H−bond donors on R97
and acceptor oxygen atoms on an acidic residue was taken as a putative H−bonding
contact.

any oxygen atoms of the acidic D114/D116. The opening motion of the F pocket in US-
simulations is coupled to a characteristic change in the side chain interaction network:
This results first in an intermediate state where R97 is in contact with D114 only and
finally in an open switch state with R97 forming a salt bridge with either D114 and
D116 simultaneously or only with D116 (see Fig. 5.3 and definition in table 5.2).The
distribution of sampled open, receptive and intermediate states correlated with the
F pocket width. Thus, we observed that an artificially induced global change of the
F pocket provoked a local switch in the basic and acidic side chains at the F pocket. No
other significant changes in the average side chain conformations around the F pocket
were observed. The induced opening of the F pocket also resulted in a correlated
opening of the adjacent C pocket in the majority of sampled conformations. However, in
particular at opening distances above 15 Å, there were also states sampled with similar
average F pocket size but different C pocket distances (Fig. 5.3: distance between
backbone centers of mass of residues 150-156 in the α2 and 67-73 in the α1 helix. These
types of open structures differ in the angular placement of the α2−1 helix segment
relative to the α2−2 helix segment that flanks the C-pocket (illustrated in Fig. 5.4).
Interrupting the continuous helix these ḱink pointsín the long α2 helix (at positions
151, 152) appear to enhance the types of possible structural alterations in the absence
of a bound peptide.

5.4 Accelerated side chain flips of R97 induce a
global opening of the F pocket of B*44:02

A statistical correlation between side chain interactions and an induced global shift of
the α2-1 segment does not prove any causal relationship between the two conforma-
tional motions. In the previous paragraph we provided evidence that induced opening
of the F pocket results in rearrangements of the side chain interactions of R97. To
prove a causal relationship it is necessary to show that induced changes in the side
chain arrangement can in turn lead to global opening of the F pocket. In order to
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Figure 5.4: Superposition of two types of B*4402 conformations with enlarged
F pocket (light blue cartoon) onto the X-ray starting structure (dark-blue cartoon).
(A) Example of a conformation with increased distance between α−helical segments
that flank the F pocket (increased distance between residues 74-85 and 138-149) but a
C pocket size similar to the width observed for the X−ray structure. This conformation
is compatible with the intermediate side chain state of R97 and even with the receptive
arrangement (indicated in A). For the more frequently observed conformation (B) with
an enlarged C and F pocket, the open side chain state (less frequently intermediate
side chain state) was usually found.

further investigate this relationship we performed replica exchange based MD simula-
tions that accelerate side chain changes by the application of a biasing potential in the
replica runs. The biasing potential lowers the barrier for side chain dihedral changes
around the χ1 dihedral torsion angle. Different levels of such potential are applied in
replica simulations and are allowed to exchange with neighboring replicas including one
simulation that runs under the control of the unbiased original force field (only this
one is used for the analysis). Due to the exchanges with a reference replica, the sam-
pling of alternative side chain conformations is also enhanced in the reference run (see
Methods for details). This technique accelerates the speed of sampling but does not
disturb the equilibrium sampling of conformations in the reference simulation [153].
In case of B*44:02 and B*44:05, biasing potentials affected the side chains of R97,
D114, D116/Y116 and D156, resulting in enhanced sampling of alternative sterically
possible and energetically favorable side chain arrangements. Observed open, recep-
tive and intermediate switch states (as defined in table 5.2) closely resembled states
already observed during the US simulations that induce the opening of the F pocket.
Interestingly, the sampled switch states correlated with an opening of the F pocket
and increased F pocket and C pocket distances in a qualitatively similar manner as
observed in case of the US simulations for induced opening of the F pocket (Fig. 5.3).
Hence, the switching of R97 side chain contacts with acidic residues in or near the
F pocket caused or at least initiated an opening of the F pocket (and in part also of
the C pocket) in the BP-REMD simulations. The range of F pocket distances is smaller
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Figure 5.5: F pocket shape and characteristic side chain arrangements of B*44:05
in BP-REMD simulations The first column shows characteristic structural snapshots
of intermediate and receptive side chain arrangements of R97 with D114 and D156.
The second column (umbrella sampling) indicates the correlation between F/C-pocket
size and occurrence of receptive (blue) and intermediate (green) side chain states of
B*44:05. The distributions show significant overlap which indicates little correlation
of the sampled F pocket size with the side chain configuration.

than those in US simulations of induced global opening. However, this is expected, be-
cause distances beyond ca. 20 Å or below ca. 11 Å corresponded already to unfavorable
states with significantly higher free energy than the F pocket distances around 12-16
Å and can therefore not be observed in the absence of a stabilizing umbrella potential.
The free energy barriers for the allotype B*44:02 in the F pocket distance range of
12-16 Å are in the order of the mean kinetic energy per degree of freedom (1 RT=0.6
kcal/mol, with R: gas constant and T: temperature of 300 K) and can be overcome
by switching salt bridge contacts. In case of BP-REMD simulations of the B*44:05
allotype no significant opening of the F pocket could be induced (Fig. 5.5). The size of
the F pocket showed a much smaller deviation from the peptide-loaded shape and only
R97 side chain arrangements compatible with the receptive and intermediate switch
states, respectively, were observed (Fig. 5.5). The side chain of Y116 restricts the
motion of R97 to receptive or intermediate states. Hydrogen bonds to D156 and or
D114 dominate, resulting in only slight opening of C and F pockets. This is in line
with the US simulations, where receptive and open F pocket states are separated by
a larger free energy barrier in case of B*44:05 compared to B*44:02. A close look at
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the correlation between F pocket distance and side chain states indicates that even
in case of an R97-D156 salt bridge (receptive side chain state) an open F pocket was
occasionally sampled due to an alternative opening pathway. This involves a change
of the kink angle between the α2−1 helix and the rest of the α2 helix (illustrated in
Fig. 5.4).

5.5 Conclusions

Our simulation studies shown here indicate significant differences in the global F pocket
flexibility in the absence of a bound peptide between the B*44:02 and B*44:05 class
I allotypes. The calculated free energy differences indicated a much smaller barrier
for F pocket opening in case of B*44:02 than for B*44:05. Compared to previous
simulations on the isolated α1-α2 peptide binding platform, we found overall larger
free energy barriers for opening which indicate that the presence of the α3 domain and
the β2m subunit in the complex stabilizes the receptive through a similar free energy
contribution for both allotypes. Thus the β2m subunit assists peptide binding like a
chaperone function. This result is also in line with experimental data that indicates a
coupling of peptide binding and assembly of the whole MHC class I loading complex
(with several components that may act as chaperones, Wright et al., 2004). Further
analysis of the molecular mechanism of the global opening of the F pocket in case of
the B*44:02 allotype suggested a coupling to changes in salt bridge contacts between
R97 and the acidic residues D114, D116, and D156. A receptive state associated with a
contact between R97 and D156 dominates a B*44:02 structure with an F pocket close
to the bound form (receptive state), whereas a switch to a contact of R97 with D114
and/or D116 resulted in the sampling of mainly open F pocket states (large distances
between flanking alpha-helical segments). The causal coupling between global changes
in the F pocket size and local salt bridge switches was demonstrated by either inducing
a global change (during umbrella sampling) resulting in local changes of the salt bridge
network or by accelerating local side chain transitions (using BP-REMD), which in
turn leads to global changes of the F pocket. Interestingly, coupled side chain and
main chain conformational changes involved in the peptide loading mechanism have
recently been observed in the closely related MHC class II molecules (Pos et al., 2012).
For human MHC class II molecules (e.g. the human allotypes: HLA-DR1, DR3 or
DR4) peptide loading and editing is mediated by the chaperone protein HLA-DM. The
crystal structure of a complex between HLA-DM and HLA-DR1 [162] demonstrated
the binding of HLA-DM near the P1 pocket of class II. Similar to the F pocket for
class I molecules (which anchors the C-terminus of a bound peptide) the P1 pocket in
class II is a key specificity pocket that anchors the N-terminal side chain of the bound
peptide in class II molecules. The comparison of the HLA-DM/HLA-DR1 complex
with isolated HLA-DR1 structures indicates large protein main chain changes and
coupled side chain changes in an alpha-segment that flanks the P1-pocket [162]. In
particular, the side chain of W43 in HLA-DR1 switches between two rotameric states
that are each compatible with only one of the main chain conformations observed for
the HLA-DM bound state (without a bound peptide) and the peptide-bound HLA-
DR1 conformation, respectively, indicating a causal allosteric coupling. It is likely that
coupled side chain and backbone conformational changes play a role in other protein
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systems as well. Molecular dynamics simulations offer the possibility to investigate
whether statistically associated changes are based on a causal relation or simultaneous
changes occur accidentally, without a coupling interaction. Finally, we like to emphasize
that in the present case, the coupling mechanism between side chain and global motion
is specific for the B*44:02 allotype. However, similar types of coupling may form the
basis for allosteric motions in other class I allotypes as well as other systems that
involve significant backbone changes upon association and binding of ligands.



Chapter 6

Dipeptides speed up both folding
of MHC class I molecules and
peptide loading

Information on protein-peptide complexes is of central interest for structural biology
and drug development. Peptide binding can even induce the folding of its molecu-
lar target: high affinity peptides (consisting of 8-10 amino acids) are known to speed
up the folding of MHC class I molecules into their peptide receptive form in vitro.
Experiments–performed by Prof. Dr. Sebastian Springer and Ph.D. Sunil Kumar
Saini–demonstrated dipeptides to fulfill the minimal requirements to enhance the fold-
ing of MHC class I molecules and to promote the peptide exchange. First part of this
chapter includes an overview on these experimental findings, which inspired us to per-
form molecular dynamics (MD) simulations and MMPB/SA free energy calculations.
As presented in the second part of this chapter, these simulations could give insight
into the molecular mechanism of dipeptide binding.

6.1 Motivation and outline

MHC class I molecules play an important role in the immune system. Located in
the endoplasmic reticulum, these proteins consist of a transmembrane α3 domain, a
binding pocket and a not covalently bound β2m unit and are responsible for the vi-
ral and antitumoral immune response. Cell destruction of infected cells is induced by
MHC class I molecules that stably bind viral/tumoral peptides into their pocket to
transport them to cell surface and present them to cytotoxic T killer cells [62, 39].
Binding peptides have in common a length of 8-10 amino acids as well as characteristic
sidechains at key positions that form contacts with certain subpockets of the binding
pocket [198, 10, 167]. Natural or artificially designed high affinity peptides proved
to induce the folding of denatured bacterial MHC class I molecules in vitro [190, 39].
Thus, high affinity peptides are an effective tool to fold MHC class I molecules into
their native structure in vitro. In vivo peptide loading on MHC class I molecules is
allotype-dependent and usually assisted by a chaperone protein complex (PCL) that
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includes Tapasin (see chapter 5). However, not only high affinity peptides bind to
MHC class I molecules: in the presence of the PCL lots of suboptimal peptides with
inappropriate length or anchor side chains first bind into the binding pocket, to grad-
ually exchange with high affinity peptides 5) [221, 163]. Thermal denaturation of
MHC class I molecules was measured by tryptophan fluorescence (TDTF) experiments
to demonstrate the minimal requirements for these suboptimal peptides: a dipep-
tide glycyl-leucine(GL) successfully promoted the folding of denatured MHC class I
molecules into their native form. The label free TDTF method records the fluores-
cence of the MHC class I molecule solution at different temperatures [30, 46]. The
melting (thermal denaturation) temperature of proteins, which is characterized by a
dip in fluorescence as soon as tryptophan is exposed to solvent, proved to be cou-
pled to the stability of MHC class I molecules [180]. In a first folding step denatured
MHC class I molecules HLA-A*02:01 (A2) were incubated with (1) no peptide, (2)
GL, (3) GG and (4) NLVPMVATV in four independent measurements. Afterwards,
MHC class I molecules were separated from free dipeptides by mass spectrometry. To
stabilize folded MHC class I molecules, the high affinity peptide NLVPMVATV was
added to the solution after folding (except for NLVPMVATV) in a second post-folding
step. Finally, the fluorescence was recorded for different temperatures. If no peptide
or the dipeptide GG is present during the folding step, A2 molecules remain dena-
tured: even the presence of the high affinity peptide NLVPMVATV during the post
folding step could not promote the A2 folding (in both cases≈ 15% of A2 molecules
are folded.). After the high affinity peptide NLVPMVATV had been added in the first
folding step, TDTF measurements showed A2-NLVPMVATV complexes to be stable
(melting temperature). Strikingly, the same is true for dipeptide GL: stable native A2-
NLVPMVATV complexes (identical melting temperature of ≈ 56◦) formed during the
post folding process, after dipeptide GL had been added in the folding step (60% of
MHC class I molecules are folded compared to NLVPMVATV). The same experiments
were repeated for Kb in complex with FAPGNYPAL and showed identical effects at
sightly different melting temperature (≈ 51◦): the presence of dipeptide GL promoted
folding even more successfully than the high affinity peptide NLVPMVATV (110% of
MHC class I molecules are folded compared to NLVPMVATV. In contrast, a folding
with GG or without peptide resulted in 30% of folded peptides only).
Moreover, fluorescence anisotropy experiments showed the presence of GL to provoke
enhanced binding rates of high affinity peptides in vitro. Therefore Kb and A2 allotypes
were folded with dipeptides. Kinetic association values (kon) resulted from measuring
fluorescence anisotropy of fluorophore labeled high affinity peptides that were added
after folding reactions. The presence of GL enhanced NLVPMVATV binding to the
A2 molecule and resulted in a kinetic association value kon ≈ 22 ∗ 103(M−1s−1) that
was seven fold higher compared to GG (and no peptide) with a kinetic association of
kon ≈ 3 ∗ 103(M−1s−1). For the Kb allotype dipeptide GL could speed up peptide
binding six fold compared to GG (The same is true if no peptide is present).
GL even proved suitable to prolong the lifetime of functional MHC class I molecules
at the surface of murine and human cells and prevent the removal of native complexes
from the cell membrane. (MD simulation results described below do not refer to this
experimental finding).
All experiments concerning dipeptides and their influence on MHC class I molecules
were performed in the Springer lab and inspired us to investigate the role of dipeptides
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on MHC class I molecules by means of MD simulations.

6.2 Simulation results and discussion
MD simulations could give insight into the molecular mechanism of dipeptide binding.
We followed the hypothesis that the dipeptide GL binds at the same position as two C-
terminal amino acids of full length peptides (see Fig. 6.1 A,B,C): acting as a placeholder
for the full length peptide, GL keeps the the F pocket in shape via an H-bond network,
that resembles the one of the full length peptide. In 20 ns classical MD simulations
GL did not leave the binding pocket of Kb or A2. While GG dissociated from Kb

within 1.2 ns, this effect was not observed for A2. The width of the binding pocket

Figure 6.1: MD simulation data:
(A) While GL keeps the binding pocket in shape, GG dissociates after 1.2 ns. Snapshot
are taken from the MD simulation with GL (right, gray) and GG (left, light blue) after
∼16 ns. Dark blue binding pocket shows starting structure, which is identical in both
simulations.
(B)Proposed binding mode of dipeptides: GL acts as a placeholder for the full-length
peptide.
(C) FAPGNYPAL and GL bound to the F pocket(not shown): the position of GL
indeed meets the one of the C-terminal amino acids of the full length peptides.
(D,F)(Left) Average F, C, and A,B pocket width of GL, GG and FAPGNY-
PAL(D)/NLVPMVATV(F) complexed with Kb (D) and A2(F) binding pocket (cor-
respond to distances between the Cα centers of mass of opposing helical segments in
the F pocket region (residues 74-85 vs. 138-149; dark blue helices in (E)), the C pocket
region (residues 67-73 vs. 150-156; cyan helices in (E), and the A/B pocket region
(residues 50-66 vs. 157-174; light blue helices in (E))
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allotype Full length peptide GL GG
K2 -46.08± 7.06 -22.98± 5.0489 -15.04± 4.90
A2 -65.77±6.88 -12.75± 5.04 -2.93±4.50

Table 6.1: Free energy of binding of full length peptide FAPGNYPAL/NLVPMVATV
to Kb/A2 as well as dipeptides GL and GG. Resulting form MMPB/SA calculations
these values could reproduce the experimentally observed trend.

in the F, C and A,B region (see Fig. 6.1E) depended on the type of bound dipeptide.
As shown in Fig. 6.1 D and F, bound GL kept the F pocket in shape. In case of
Kb, GL even had a stabilizing effect on the C pocket. Starting structures for the
GG and GL MHC class I complexes were created by cutting the full length peptide
to AL and changing(= deleting appropriate atoms) A to G and L to G respectively.
The HLA-A0201 ILKEPVGHV (protein data bank entry: pdb 3GSO [57]) crystal
structure complex serves as starting structure for the simulations of the full length
peptide and GG. The GL receptor complex is created by adapting the 2C7U [81] full
length peptide complex. MD simulations were performed in explicit water following
the following standard protocol: using a parm03 force field [43], each complex was
placed in an octahedral TIP3 water box (surrounded by a minimal water layer of 9 Å)
and neutralized with sodium (14/15/14) and chloride (6/7/6) ions. After an energy
minimization, each complex was positionally restrained (25 kcal mol−1 Å−2) and heated
from 100 to 300 K in three 0.1-ns simulation runs. Restraints were gradually removed
in five MD simulations. Each complex was equilibrated for 1 ns and simulated for
20 ns, whereby particle mesh Ewald method accounted for long-range electrostatic
interactions [35]. Binding free energy calculations were performed using the MMPB/SA
tool of the amber simulation package [132]. The binding free energy of the GL and
FAPGNYPAL Kb complexes was calculated using the 5 ns trajectories. Since for the
calculation of the free energy only the bound peptide Kb states are relevant, the free
energy was determined evaluating the very beginning of the GG Kb simulation only
(0.4 ns). As shown in table 6.1, MMPB/SA calculations could reproduce the trend
observed in experiments.
GL speeds up folding and binding of high affinity peptides to MHC class I molecules.
We assume GL to bind into the F pocket at a similar position as the full length peptide.
Similar H-bond patterns could stabilize the GL-MHC class I complex. Additionally
GL enhances binding of high affinity peptides presumably by keeping MHC class I
molecules in a peptide receptive shape. Thus, in vitro dipeptides could play a similar
role as Tapasin within cells, namely by keeping MHC class I molecules in a peptide
receptive form (see chapter 5).

6.3 Acknowledgements
Parts of this chapter have been published in [181]:



Chapter 7

Rapid alchemical free energy
calculation employing a
generalized Born implicit solvent
model

Absolute binding free energy values of diverse peptide-protein complexes can be esti-
mated by post processing molecular explicit solvent simulations using generalized Born
(GB) or Poisson Boltzmann (PB) implicit solvent models. In chapter 6 we made use
of the MM/PBSA MM/GBSA method to successfully classify binding affinities of pep-
tides of different length for MHC class I molecules. However, the resulting “pseudo” free
energy values are approximations of rigorous free energy values only. Inaccuracies are
based on simplifications such as rough entropy estimates that enter into the free energy
equation. A second source of error is of statistical nature: The averages of absolute
free energy values from the complex and its partners sum up to the final binding free
energy with propagating errors. To provide more accurate rigorous free energy values,
the energy changes associated with alchemical transformations are calculated based on
free energy perturbation (FEP) simulations and a GB implicit solvent model. There-
fore, Lennard-Jones, Coulomb and Born radii parameters are transformed gradually in
a single-topology series. Integrated into a replica exchange scheme, these relative free
binding energy calculations converge rapidly.

7.1 Motivation and outline

One of the most important applications of molecular simulations in biophysics is the es-
timation of free energy changes associated with a structural change in a biomolecule or
the association of two binding partners. Often it is of particular interest to predict the
effect of a chemical modification of ligand or the substitution of an amino acid residue
in a protein on the binding affinity. In alchemical simulation studies it is possible to
gradually switch between a force field (Hamiltonian) representing a reference ligand
with known binding affinity to a partner molecule and a Hamiltonian representing a
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chemically modified ligand. A series of not necessarily physical intermediate states is
bridging the conformational gap between initial and final states. These intermediate
Hamiltonians are typically described by an associated coupling parameter λ that varies
between 0 and 1 and represents at λ=0 and λ=1 the two end-points of the transfor-
mation (e.g. modified and unmodified ligand molecule). A variety of well established
techniques is available, to extract free energy differences associated with such force
field change, including free energy perturbation (FEP) [238], thermodynamic integra-
tion (TI) [96], umbrella sampling [209] WHAM [104, 176], and Bennett acceptance
ratios (mBAR) [12]. The standard TI method requires the derivative of the force field
function with respect to λ at the intermediate stages in order to integrate the free
energy change along the reaction coordinate λ [32]. A relative free energy change can
be extracted using a thermodynamic cycle that involves an alchemical transformation
in the ligand binding site and of the ligand in free solution. It is also possible to obtain
absolute binding free energies of complete ligands [38]. The free energy simulation
methodology in combination with an explicit solvent representation is widely used to
study biomolecular systems and has also found many applications in the drug design
field [68, 37]. However, the computational demand is high and more approximate meth-
ods have been designed that aim at either reducing the number of intermediate states
of a transformation [32, 197] or consider only the end-states of the transformation,
e.g. only the force field for the modified and unmodified ligand. The most widely
used end-state methods are the Molecular Mechanics Poisson-Boltzmann/Surface area
(MM/PBSA) or the Molecular Mechanics Generalized Born/Surface area (MM/GBSA)
approaches. MM/PBSA and MM/GBSA make use of snapshots of MD trajectories of
molecules in solution [195, 56, 132]. In post processing procedure after removing ex-
plicit solvents from each frame the snapshots are evaluated using a continuum solvent
description based either on the finite-difference Poisson-Boltzmann (FDPB) or the
generalized Born (GB) models and a surface-area dependent nonpolar solvation con-
tribution [68]. The removal of explicit solvent molecules in the post processing yields
a large reduction of the number of particles and therefore results in a reduction of the
fluctuations of the solvent response to the molecular configuration in each snapshot.
For example binding affinities of a ligand to a protein can be estimated from the differ-
ences of average energies of the complex and the corresponding averages of the isolated
components (over the snapshots of the trajectories). Since this procedure yields only
average energies it is often complemented by calculating differences in conformational
entropies obtained form a normal mode analysis of the complex and isolated partners.
Such approach and related methods like the linear interaction energy (LIE) method
require only one MD simulation (or three if separate simulations are performed for
complex and partner molecules) but do not yield rigorous free energy changes associ-
ated with ligand binding or residue mutation. Another severe drawback is the fact that
binding free energies (or free energy changes due to chemical modification or residue
substitution) are obtained as small differences between large numbers for the average
energies of the complex and separate partners in MM/PBSA and MM/GBSA calcula-
tions. Thus even small conformational changes of biomolecules can easily result in high
free energy fluctuations [196] provoking large statistical uncertainties and free energy
errors that exceed the actual magnitude of the estimated free energy difference. Nev-
ertheless, the MM/PBSA and MM/GBSA methods are widely applied to analyze the
stability of protein conformations as well as protein ligand binding affinities [56, 132].
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Direct rigorous free energy simulations integrate chemical modifications or residue sub-
stitutions by gradually transforming one force field representation into another in the
frame of the free energy calculation methods discussed above. While usually coupled
with explicit solvent models, such strategies have rarely been combined with an im-
plicit solvent model. Sampling of free energy changes along several intermediate steps
should converge rapidly in implicit solvent since the solvent response is instantaneous
and does not require an extended averaging over many explicit solvent configurations.
Since only the interactions of modified chemical groups are accumulated in rigorous
free energy simulations free energy estimates are not associated with large uncertainties
that arise while subtracting large total average energies of whole complex and isolated
partners in MM/PBSA or MM/GBSA calculations.

However, performing a free energy simulation with the implicit solvent model can
be difficult and time consuming if solving the FDPB equation frequently (numerically
time consuming) and to extract sufficiently accurate forces from the FDPB model [141,
142]. This is not the case for the GB solvation model that serves as basis for many
MD simulation studies but is much less frequently used for free energy simulations.
An analytical generalized Born plus non-polar (AGBNP) model provides the basis
for estimating absolute ligand binding free energies by gradually decoupling receptor
and ligand in a MD simulation using the BEDAM approach [53] or during docking
simulations [187, 188].

In the GB-model a chemical group (e.g. single atom) interacts with the system
via non-bonded Lennard-Jones and Coulomb potentials. Additionally, each atom is
associated with a Born radius, that influences both its solvation and the solvation of
other surrounding atoms or groups of atoms. Thus, annihilating a chemical group in a
rigorous free energy simulation implies both removing its Coulomb and Lennard-Jones
interactions and its associated Born radius. Since the effective Born radii of atoms
change in a rather complex functional relation with respect to the coordinates it might
be complicated to extract the analytical expression of the derivatives vs. alchemical
reaction coordinate λ during MD simulations. Michel et al. [131] circumvented this
difficulty by calculating a finite-difference approximation of the derivate vs. λ. Monte
Carlo (MC) free energy simulations of ligand binding and predicted binding affinities
of a set of inhibitors to cyclooxygenase2, to neuraminidase [131] and cyclin-dependent
kinase2 [130] and set of compounds to an estrogen receptor in implicit solvent.
Alternatively an atom without charge and Lennard-Jones interactions could be rep-
resented as low dielectric cavity assuming that its influence on calculated free energy
differences is small. In the present study the FEP method was combined with a GB
implicit solvent model to calculate relative solvation free energies and relative binding
free energies. Following an approach by Meng et al. [129] we employed the H-REMD
method, that improves sampling [152] and yields the appropriate ensemble averages
for the free energy differences per step in λ on the fly as part of the replica exchange
criterion [129]. The designed protocol scales charges, Lennard Jones interactions and
Born radii simultaneously in different powers of the coupling parameter λ to allow a
smooth annihilation or creation of atoms during GB implicit solvent simulations. Rela-
tive free energy estimates of hydration of amino acid side chains in tripeptides, relative
binding free energies of different FKBP binding ligands and alanine scanning of p53
peptide binding to the oncoprotein MDM2 converged rapidly within less than 1 ns per
λ step and were in good agreement with experiment. Combined with a graphical pro-
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cessor based hardware replica exchange FEP simulations with a GB continuum model
(RE-FEP-GB) are about to allow for calculating relative free energies within minutes
of computer time.

7.2 Materials and Methods

7.2.1 Molecular dynamics simulation and
simulation systems

Simulations were performed by means of the sander module of the Amber12 pack-
age [27]. To calculate relative hydration free energies of amino acid side chains tripep-
tides with sequence ACE-X-NME were generated using the Amber tleap module. Here
the amino acid of interest (X) is flanked by N-terminal Acetyl (ACE) and C-terminal N-
Methyl(NME) capping groups, respectively. The short alpha-helical peptide of the pro-
tein p53 (PMI-ligand) in complex with the protein MDM2 (pdb3EQS, [157]) served as
test system to calculate binding affinities of a series of residue mutations (alanine-scan).
Additionally, the RE-FEP-GB approach was tested on a set of small organic ligands
in complex with the FKBP binding protein (BUT,4-hydroxy-2-butanone) PDB 1d7j;
(DSS, methyl sulphinyl-methyl sulphoxide) PDB 1d7i; (DMSO,dimethylsulphoxide)
PDB 1d7h [23]). Simulations were performed using the parm10 force field [31] and the
OBC (Onufriev, Bashford and Case) generalized Born implicit solvent model ( [149],
igb=5 in the Amber input file), wherein vacuum and solvent differ by their dielectric
constants (εsolvent = 78.5 εvacuum = 1.0 ). Bonds involving hydrogen atoms were con-
strained by the Settle algorithm [133] with a time step of 0.001ps. A Langevin thermo-
stat with a collision frequency of 5.0ps−1 regulates temperature. Positional restraints
were subsequently removed in five consecutive 0.1ns simulations. During a final 0.1ns
equilibration run only Cα atoms were restraint with a force constant of 0.5kcal/Å2mol,
resulting in the input structure for the RE-FEP-GB simulations. While non bonded
interactions were calculated up to a cutoff of 99Å, Born radii were considered up to a
cutoff of 15Å. The same conditions applied for the RE-FEP-GB simulations.

7.2.2 Free energy perturbation (FEP) in the
REMD framework

Relative free energy differences were calculated by exploiting a thermodynamic cycle.
In case of relative free energies of hydration it involved creation or annihilation of a
chemical group both in aqueous solution (represented by a GB continuum model) and
in vacuum. Similar, for relative free energies of binding ligands were modified at a
binding site and in free solution. In the FEP scheme free energy changes between two
states i, i+1 are defined as

∆Gi,i+1 = −kBT ln < exp−(Hi+1(x)−Hi(x))/kbT >i (7.1)

where H is the Hamiltonian in state i and state i+1, respectively. In case of an al-
chemical transformation these states are appropriate intermediate Hamiltonians on
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the path of a complete creation or annihilation of a chemical group in N simulations.
It has been recognized by Meng et al. [129] that the FEP expression for the free en-
ergy corresponds to the exchange criterion used in H-REMD simulations. Hence, a
complete FEP simulation can be setup as an H-REMD simulation with each inter-
mediate represented by one replica. An additional advantage is that the exchanges
during H-REMD may improve the convergence of the free energy simulation. The
replica exchange FEP simulations with a GB continuum model (RE-FEP-GB) were
typically performed with 32 replicas and an equilibration of 0.1 ns followed by a 1.5
ns production run per replica. Exchanges were attempted every 1 ps and accepted
according to a Metropolis criterion. Free energy differences in both annihilation and
creation direction were extracted. In the H-REMD scheme two free energy differences
are calculated for exchange partners Hi+1(x) and Hi(x): While energy differences of
the conformation i in replica Hi and Hi+1 enter into ∆Gi→i+1,forward(orup) = −KbT ln <
exp−(Hi+1(x)−Hi(x)) >i, energy difference of the conformation i+ 1 in replica Hi+1
and Hi determines ∆Gi+1→i,backward(ordown) = KbT ln < exp−(Hi+1(x) − Hi(x)) >i+1.
As pointed out in [129] differences between forward and backward free energies are not
only incorporated directly in the REMD scheme, but can also serve as a good estimate
to check convergence of free energy calculations. The error of calculated free energy
changes were also independently estimated by splitting the FEP data into four blocks
and calculating block averages and standard deviation.

7.2.3 Transformation potentials in REFEP-GB
simulations

For creation/annihilation of atoms only the non-bonded interactions of the chemical
group were coupled/decoupled from the system. This involved appropriate scaling of
Lennard-Jones parameters, partial charges and changes in Born radii of the group to
generate topology files that represent intermediate states of the systems. Test simu-
lations indicated that a linear scaling of the epsilon and sigma values of the Lennard
Jones parameters of the modified atoms is an appropriate choice. To avoid numerical
instabilities in case of scaled atoms represented with very small sigma values that may
still have a partial charge the charge scaling was completed in 28 steps instead of 32
for the annihilation of a group.

More critical is the simultaneous reduction of the Born radii of disappearing atoms.
Such reduction is necessary not to end up with dummy atoms that still represent a
region of low dielectric constant (although the region could be filled with solvent). A
linear decrease of the Born radii coupled with a quadratically decrease of partial charges
resulted in smoothly decreasing electrostatic GB solvation and Coulomb interactions of
the modified atoms with the rest of the system. In the GB continuum model a surface
tension term proportional to the solvent accessible surface area (SASA) accounts for
nonpolar solvation. It turned out that it is sufficient to calculate this contribution from
the average SASA at the end-states of the alchemical transformation.
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7.3 Results and Discussion

7.3.1 Calculation of hydration free energies of
amino acid side chains

The free energy of hydration of several amino acid side chains in a tripeptide con-
text (with N- and C-terminal capping groups) was calculated by annihilating the side
chain atoms to alanine including the necessary changes of partial charges, Born radii
and Lennard-Jones interactions. The main aim was to check how quickly the calcu-
lated free energy differences converged for such small test systems. Since experimental
free energies of hydration were determined for isolated amino acid side chains an ex-
act agreement was not expected (taken from [222, 194]). Nevertheless, the calculated
hydration free energy differences of the most of the selected side chains agreed with
experimental values within a range of 2 kcal/mol. Only Leu and Asn hydration free
energies deviated more than > 2 kcal/mol. Errors were estimated by comparing the
difference of forward and backward FEP free energies and by calculating the variance
of block averages of the free energy vs. simulation time. The difference between for-
ward and backward FEP free energies did not exceed 0.34 kcal/mol and was in most
cases well below 0.1 kcal/mol after 1.5 ns data gathering time per λ (table 7.1). A
similar small error of the calculated free energy changes was estimated from the block

Figure 7.1: Convergence of calculated free energy differences of side chain mutation to
alanine in implicit GB solvent and in vacuum. Cumulative forward (side chain annihila-
tion) and backward (side chain creation) free energies in vacuum, ∆Gvacuum

up/down(reddish),
and in GB solvent, ∆Gsolvent

up/down (dark blue and blue), are plotted versus simulation time.
Calculated forward free energies are approaching backward free energies within less
than 0.5 ns, indicating rapid convergence. The differences of ∆Gsolvent and ∆Gvacuum

combined with the nonpolar surface area term correspond to the calculated hydration
free energy differences ∆∆G in table 7.1.
.
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∆∆G errorup,down errorblock average ∆Gexp

leu 0.18 ± 0.34 ± 0.78 2.28
phe -0.84 ± 0.14 ± 0.40 -0.76
met -0.18 ± 0.14 ± 0.16 -1.48
cys -0.27 ± 0.20 ± 0.29 -1.24
trp -5.16 ± 0.10 ± 0.10 -5.88
tyr -5.58 ± 0.16 ± 0.15 -6.11
gln -7.56 ± 0.13 ± 0.30 -9.38
asn -5.93 ± 0.16 ± 0.20 -9.70

Table 7.1: Relative changes in free energy of hydration for mutation to alanine in
tripeptide context (in kcal/mol). Experimental data for side chain hydration was taken
from reference 30

averaging procedure (table 7.1). As shown in Fig. 7.1, convergence to calculated free
energy differences close to the results in table 7.1 was already achieved after 0.5 ns data
gathering time (with basically no residual drift in the calculated free energy change).
Note, that explicit solvent free energy simulations to calculate hydration free ener-
gies of amino acid side chains require much longer simulation times per λ to achieve
convergence [187] because it requires sampling over many different explicit solvent con-
figurations.

7.3.2 Relative binding free energies of FKBP
ligands

The FKBP protein is a small cis-trans prolyl-isomerase for which crystal structures
in complex with the small ligands DSS, BUT and DMSO are available. Both DSS
and BUT (see Fig. 7.2) were transformed to the reference ligand DMSO in 32 steps
of the coupling parameter λ. The convergence and quality of REFEP-GB free energy
estimates depends on the alchemical conversion pathway. In order to get an impression
on the changes in the different energy components along the alchemical pathway single

Figure 7.2: FKBP protein in complex with small ligands DMSO(dimethylsulphoxide,
left panel), DSS (methyl sulphinyl-methyl sulphoxide, middle panel) and BUT (4-
hydroxy-2-butanone, right panel). Ligands are indicated as atom-color-coded stick
models.
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Figure 7.3: Calculated energy contributions for a single snapshot of the alchemical
DSS to DMSO transformation along the coupling parameter λ (changing in 32 discrete
steps). Energy contributions correspond to Lennard-Jones EV DW , Coulomb EC and
GB reaction field EGB terms and are given for the DSS to DMSO conversion in the
absence of FKBP protein (upper row of plots) and same for the conversion in complex
with FKBP (second row of plots). The filled bold squares and diamonds at the end
points of the transformation indicate calculated energies obtained with the original
topology files representing the end states of the alchemical transformation. The cal-
culated change in free energy obtained with the RE-FEP-GB approach vs. coupling
parameter λ is indicated in the lower panel (square indicate the conversion in the ab-
sence of FKBP protein and diamonds represent the transformation in complex with
the protein partner).

conformers for the DSS - DMSO conversion in solution and in complex with FKBP
were analyzed. As illustrated in Fig. 7.3 the different energy components along the
alchemical transformation pathway change smoothly and the components that make
up the largest contributions change almost linearly. Such smooth change resulted
in similar free energy changes per step of λ along the whole alchemical path and in
rapid convergence along the path. Note, that the Born Radii of disappearing atoms



7.3. Results and Discussion 73

Figure 7.4: (A) Comparison of calculated RE-FEP-GB binding free energy changes
(blue bars) for alchemical transformation of DSS and BUT ligands to DMSO in complex
with the FKBP protein and experiment (grey bars). Simulations for the BUT system
were started from two possible initial orientations of the methoxy group of BUT in
the binding pocket. (B) Comparison of calculated RE-FEP-GB binding free energy
changes for in silico mutation of PMI peptide side chains to alanine in complex with
the MDM2 protein (blue bars) and experimental alanine scanning on the same system
(grey bars). Experimental values are taken from [113]. The light blue part of the blue
bars indicate the nonpolar solvent accessible surface area contribution ∆∆Gsurf .

were scaled down to 0.1Å † within 32 replicas. This was necessary to avoid numerical
instabilities (the residual energy due to this small Born radius of a dummy atom to the
system was in all cases < 0.01 kcal/mol and was neglected). The calculated binding
free energy differences due to the alchemical transitions agreed with experimental data
within a range of 0.9 kcal/mol. Very similar free energy differences were obtained for
the BUT-to-DMSO case starting from two different internal rotameric states of the
methoxy group (see Fig. 7.4).

7.3.3 In silico alanine scanning of PMI ligand
in complex with MDM2

The α-helical peptide with sequence “TSFAEYWNLL” (in one-letter code, termed PMI
ligand) binds specifically to the MDM2 protein. The structure of the PMI/MDM2
complex has been determined experimentally [113] (see Fig. 7.5). Moreover, the stabil-
ity of the PMI/MDM2 complex and the effect of several substitutions of PMI interface
residues on binding affinity has been quantified experimentally‡in an alanine scan [112].
Residues Phe3 (F3) Trp7( W7) Tyr6(Y6) and Leu10(L10) were found to contribute
most critically to effective binding. Relative binding free energies were calculated by
alchemical RE-FEP-GP transformations of the peptide in complex with MDM2 and in

†slightly above the internal amber offset of boffset = 0.09Å
‡with the SPR based Kd measurements [113]
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Figure 7.5: Oncoprotein MDM2 in complex with the PMI ligand (left panel). Peptide
binding site of the protein MDM2 (grey surface representation) in complex with the α
helical PMI peptide (cartoon and stick representation of the most important binding
residues). (right panel) Stick representation of all side chains of the PMI ligand.

the absence of MDM2. The calculated alanine scanning free energy changes differed
from experiment less than 0.5 kcal/mol except for 3 cases, S2A, Y6A and W7A, with
deviations exceeding 1.5 kcal/mol with respect to experiment (Fig. 7.4). Again, cal-
culated free energy differences converged rapidly, characterized by residual differences
between forward and backward FEP results (table 7.2 and Fig. 7.6).
For this system the effect of reducing the Born radii during the FEP calculations was
compared to calculations in which the final dummy atoms still represent a region of low
dielectric constant (no scaling of Born radii) but without a charge or Lennard-Jones
interaction. Depending on the type and location of the side chain at the interface and
location in the unbound ligand the difference in calculated free energy change for the
two cases reached between a few tenth to up to 2 kcal/mol (table 7.2). Also, better
agreement with experiment was observed for the calculations including scaling of Born
radii.

Figure 7.6: Convergence of calculated binding free energy differences for alanine scan-
ning of side chains of the PMI ligand and PMI ligand in complex with MDM2. Cu-
mulative forward and backward free energy changes of three alchemical side chain to
alanine conversions (in complex with MDM2 protein: light and dark blue), ∆GPMI

up/down,
and in solvent, ∆Gsolvent

up/down (light and dark green), are plotted versus simulation time.
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∆∆Gel,RB(i) errorup,down errorblock average ∆∆Gel,RB=const. ∆∆Gbind
exp

2SA 0.14 ± 0.05 ± 0.11 0.17 1.24
3FA 5.11 ± 0.63 ± 0.24 3.23 5.46
5EA 0.78 ± 0.13 ± 0.29 -1.17 1.10
6YA 0.48 ± 0.55 ± 0.53 -1.43 3.06
7WA 7.85 ± 0.36 ± 0.26 9.48 6.31
8NA -0.60 ± 0.15 ± 0.25 -1.66 -1.10
9LA 0.10 ± 0.32 ± 0.27 -1.54 -0.17
10LA 3.34 ± 0.59 ± 0.28 2.52 3.28

Table 7.2: Calculated relative changes in binding free energy of PMI peptide to MDM2
protein upon mutation to alanine (in kcal/mol). For comparison free energy differ-
ences without changing Born radii of disappearing atoms (RB=const.) are also given.
Experimental data was taken from reference 33

7.4 Conclusion

The generalized Born model is usually employed to estimate free energy differences
within the MM/GBSA approach, that post processes trajectories. This method typi-
cally yields only mean energy differences between end-states of representing for example
the binding of two different ligands to a receptor molecule. In the present study we
used the free energy perturbation approach in combination with Hamiltonian replica
exchanges between intermediate states to evaluate the free energy change associated
with an alchemical transformation: Therefore we change partial charges Lennard-Jones
interactions and Born radii of atoms that undergo alchemical changes. To achieve
highest efficiency it is best to scale all parameters simultaneously in one FEP pro-
cess. Decreasing Born radii can increase the electrostatic reaction field (at constant
partial charge of an atom) and provoke an increase of the electrostatic solvation of a
disappearing atom. We circumvent these effects by scaling the charge quadratically
combined with a linear change in Born radii to achieve a smooth free energy change
along a coupling parameter of the alchemical transformation. Although the GB model
accounts for solvation effects only approximately we could demonstrate for several test
cases that the approach yields free energy changes in close agreement with available
experimental data. Moreover, calculations converged rapidly in relatively short sim-
ulation times per step in coupling parameter λ. This is possible presumably due the
benefits of the implicit solvent model, that allows for a more rapid sampling of alter-
native states and for a instantaneous solvent response that does not require averaging
over many solvent degrees of freedom during sampling. The present method yields
rigorous free energy changes associated with an alchemical change in the system which
is a decisive advantage compared to MM/GBSA and related approaches. Accuracy of
calculations could possibly increase by combining the present pure GB implicit solvent
model with an explicit representation of just a few specifically bound water molecules
at the ligand binding site. In addition, it may also be possible to reduce the number
of steps in the alchemical coupling parameter λ to further decrease the computational
demand. However, simulations in the GB continuum model are already quite rapid
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especially on graphical processing units (GPUs) reaching up to 400-500 ns per day for
a small to medium sized protein on a single GPU (using the latest Amber-GPU version
of the pmemd module). The present REFEP-GB simulations converge within 1 ns per
λ step. Hence, a cluster of GPUs would allow performing a single REFEP-GP free
energy calculation in 2 minutes simulation time. This puts systematic rigorous free
energy applications to test hundreds or even thousands of ligand modifications at reach
within a day of GPU computer time.



Chapter 8

Dynamic self-rearrangement of
molecules in Molecular Dynamics
simulations to identify best
binder

The RE-FEP-GB approach proves as an effective tool to estimate relative free energy
differences of ligands, that differ by several atoms. As a drawback solute solvent in-
teractions are estimated by an implicit GB model, which both disrespects the role of
key water molecules and may fail predicting polar and buried charges. Thus, in this
chapter a method is developed to “grow” realistic ligands within their binding pockets
in native-like environment respecting explicit water molecules. During the simulations
scaffold and molecular groups can combine into realistic molecules, that can degrade
and (re-)arrange dynamically interacting with explicit water molecules. The approach
aims at distinguishing binding affinity of ligands, that differ by small molecular groups,
sticking to the same molecular scaffold. If the scaffold is softly restrained to its exper-
imentally resolved binding pose, small molecular groups are expected to adopt native
binding poses. Their binding periods may correlate with their binding free energy. In
the following limits and potentials of this approach will be discussed.

8.1 Motivation and outline

Identifying binders for known molecular targets is the central aim of lead discov-
ery [168, 25]: Binding affinities of ligands were successfully improved by fragment
based approaches, that rely on the following puzzle-like principle: Both experimen-
tal(NMR [226] and X-ray [41]) and computational methods help identifying the binding
sites of a number of small low affinity binders. Supposed to bind into sub-pockets of the
desired target region, these three dimensional complexes serve as scaffold for the high
affinity ligand: Chemical linkage and assembly of these small sub-pocket binders can
result in a high affinity ligand for the desired pocket. Inspired by this fragment based
approach we aimed to mimic a dynamic self (re-)arrangement of molecule fragments
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Figure 8.1: Geometrical orientation of ring torso and fragments. During the simulations
the methyl, ethyl and hydroxyl (from the left to the right) fragment are free to exchange
with the ring torso. Native covalent bonds and mean chemical orientation between CB
and CR (dashed lines) are replaced by short range potentials during simulations.

in MD simulations. Surrounded by explicit water, these fragments can combine into
realistic molecules, that can degrade and (re-)arrange dynamically during a simulation.
The presence of a molecular target should principally not only result in a native-like
complex: Lifetime of ligands in the desired binding pocket should also correspond
to their binding affinities, and thus ideally reflect the free energy scale (i.e. survival
of high affinity ligands). Crystal structures of T4 lysozyme in complex with toluene
(PDB:3GUK [117]), ethyl-benzene (PDB:3GUL [117]) and phenol (PDB:3GUO [117])
as well as experimental data on its binding kinetics makes its hydrophobic core to a
suited molecular target, to prove the principle. Fragments are created by splitting
neutral binders into a positively charged benzene ring torso and negatively charged
ethyl, methyl and hydroxyl groups, respectively (see Fig. 8.1). (A detailed description
of ligand preparation follows in section 8.3). In the following, interactions between
the ring and its fragments are driven by short range potentials that mimic geometrical
binding properties as well as intermolecular interactions. Advantages and limits of this
approach will be discussed basing on the following two test cases: An ethyl, methyl
and hydroxyl group are competing to form a complex with the ring torso† in solution:
Native-like toluene, ethyl-benzene and phenol rings formed in MD-simulations. The
same was observed in the the hydrophobic cavity of the binding-pocket with the ring
scaffold at its appropriate place: The T4 lysozyme ethyl-benzene and phenol complexes
resembled native like structures.

8.2 Short range interactions drive dynamic
self (re-)arrangement of molecules

MD simulations are a powerful tool to study the dynamics of biomolecules. Thereby
the motion of biomolecules is driven by inter- and intra-molecular forces: While molec-
ular geometry is restricted by harmonic bond and angle potentials and a trigonometric
torsion potential series, van der Waals and electrostatic potentials account for intra-
molecular interactions by preventing molecular overlap and providing for a native-like
charge distribution. Solving Newton’s equation of motions, positions and velocities can
be predicted on the atom scale. While global motions are governed by both dihedral

†Benzene ring torso forms by truncating one hydrogen of classical Benzene.
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angle changes (several minima the torsion angle potential can result in global protein
motion) and intra-molecular interactions, bond lengths and bond angles of neighboring
atoms barely fluctuate at physiological conditions. In contrast to quantum-chemical
calculations, the chemical structure is kept fixed during simulation time. Restricted
by sharp harmonic potentials, covalent bonds do never form or break during MD sim-
ulations. We try to break this paradigm by enabling dynamic self arrangement of
molecules during a simulation run. Short range potentials control the orientation and
the geometrical structure of dynamically combining molecules (i.e. ring torso and
fragments). Acting on the acceptor carbon of the ring torso and the receptor carbons
(oxygen, respectively) of its fragments, the binding potential VW is mediating the bond
length in MD simulations.

VW (dij) = −kb((dij − d0)2 − (∆B

2 )2)2 if |dij −∆B| > 0

0 otherwise

kb = kb0
(0.5∆B)4

(8.1)

with force constant kb, potential width ∆B (where VB<0) and native bond length d0.
Centered around the chemical bond length, these narrow Gaussian-like potential wells
restrict receptor atoms on a shell around receptor carbon of the ring torso at chemical
bond length distance (see Fig. 8.2(A)). Attractive interactions have any effect only if
binding fragments are in close proximity (± 0.5Å ) of each other. The depth of the
potential well is adjusted such that thermal fluctuations still can neutralize its effect.
These two aspects are decisive for successful molecular (re-)arrangement. Fragment
concentration is not controlled by the number of fragments–only one of each kind is in
solution–but by additional potential walls that force the fragments into the vicinity of
the ring torso carbon of interest: Additionally this potential prevents charged fragments
from getting trapped by charged side chains inside the T4 cavity: Thus, the influence
of the artificial additional charges on the ring torso fragment assembly is balanced.

VP (d( ~rCs , ~rF ) = 2.0(d( ~rCs , ~rF )− (d0 + ∆wall))2 if 0 < d( ~rCs , ~rF ) < d0

0 if d( ~rCs , ~rF ) < ∆wall + d0

2.0(d( ~rCs , ~rF )− d0)2 else
with ∆wall = 3.5, 1.5

(8.2)

The resulting total potential is substituting static covalent bonds in MD simulations(see
Fig. 8.2(A)):

VB = VP (d( ~rCs , ~rF ) + VW (d( ~rCs , ~rF )) (8.3)

The width of these potential walls differs in the binding cavity and in solution: While
fragments exchange effectively within the binding cavity at a potential width of 3.5 Å,
potential walls have to be limited to a width 1.5 Å in case of the ring torso fragment
in solution. This stronger restriction in solution is necessary to balance the influence
of the dipole moments of fragments. A distance dependent angle potential provides
for correct chemical orientation(see Fig. 8.2(B)): the first term is of the same shape
as the bond length potential and accounts for correct angle formation between three
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Figure 8.2: (A) Binding potential VW : Ring torso carbon CB and fragment torso
CR (OR) interact via a Gaussian like potential well VW , that is catching fragments
from solution. Binding potential VB.: potential walls regulate concentrations. (B)
Angle potential VA: Gaussian like angle potential is modulated by a distant dependent
Gaussian. It affects the geometry only, if the distance between ring torso carbon CB
and fragment torso CR (OR) d(CB,CR) equals approximately the experimental bond
length(colored dark grey). (C) Dihedral potential VD: a classical MD potential VD
acts on the ring torso carbon CB and the fragment torso CR (OR) if their distance
d(CB,CR) is in their experimental range.

neighboring covalently bound atoms. The distance dependent second term eliminates
long range interactions: the angle potential is acting only, if the distance between
acceptor and receptor atoms equals approximately the bond length (±0.2Å).

VA(θijk, dij) = −ka((θijk − θ0))2 − (∆A

2 )2)2 exp(−100.0(dij − d0)2) if |θijk −∆A| > 0

VA(θijk, djk) = −ka((θijk − θ0))2 − (∆A

2 )2)2 exp(−100.0(djk − d0)2) if |θijk −∆A| > 0

0 otherwise

kb = ka0

(0.5∆A)4

(8.4)
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with angle Î i̧jk, force constant kb, potential width ∆b (region, where Vb is acting i.e.
Vb < 0), native angle θ0, native bond length d0 and actual current CBCR distance dij.
While harmonic angle and bond MD potentials are replaced by (distance-dependent)
short range potential wells, the MD dihedral potential is modulated by a distance-
dependent Gaussian, to eliminate long range interactions (see Fig. 8.2(C)):

VD(Ψijk, djk) = −kψ(1 + cos(ηΨ + δ)) ∗ exp(−100.0(djk − d0)2) (8.5)
with force constant kψ, phase δ, frequency η and native bond length d0 . A modification
of relevant intermolecular interactions is a necessary prerequisite for effective molecular
recombination. To avoid molecular repulsion between the ring torso and the fragments
during MD simulations, relevant electrostatic and van der Waals interactions have to be
modified‡: Each atom of each fragment is excluded to interact with both the acceptor
carbon and with its two neighboring carbons (CB2, CB6 in Fig. 8.1) of the ring torso.
However, atomic interactions between the T4 lysozyme and the ring torso and between
the T4 lysozyme and the fragments are fully considered. Thus, recombined molecules
can interact classically with binding cavity atoms. To prevent simultaneous binding of
different fragments to the ring torso, the interactions of different fragments with each
other are fully respected. The acceptor carbon is fishing the carbon (oxygen) atom
of one of the fragments out of the solution, keeping it approximately at correct bond
length. Only then the angle and dihedral angle potentials start pushing the complex
in correct shape.

8.3 Methods

8.3.1 Fragments and ring torso preparation
Both the ring “torso” (benzene without 1 hydrogen) and the fragments are constructed
respecting the molecular geometry of ethyl, methyl and hydroxyl groups (fragments),
respectively. Both molecular mechanics calculations (antechamber) and manual changes
approximate their chemical properties only. Electrostatic properties at the artificial in-
terface between ring and fragments are estimated at the expense of exact quantum me-
chanical calculations. By removing an hydrogen of a benzene ring, positively charged
CB remains unshielded (+0.2e). The charge distribution of the hydroxyl (ethyl-)group
was created by imitating the one of a tyrosine (valine) amino acid. Charge distribution
around Cβ of phenylalanine provides the basis to estimate the methyl group charges.
Resulting in a total charge of -0.2e, fragments are neutralized during complex forma-
tion with the ring torso and thus resemble their native models. While agreeing in total
net charge, atoms of each fragment differ in charge value. The resulting different dipole
moments respect different chemical properties of hydroxyl, ethyl and methyl groups.

8.3.2 Protocol
Simulations are performed by means of the amber 12 package (sander) in a ff03.r1
forcefield[43]. Dynamic self (re-)arrangement of molecules is based on the following
protocol:

‡by manipulating the excluded list in the topology file
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1. Topology file
To respect the non classical geometry and interactions of the ring torso and the
fragments, the topology file has to be adapted. Interacting via Lennard-Jones or
Coulomb forces, the ring torso CB and the fragment CR OR atoms would overlap
and repel each other strongly. To avoid this, the excluded list in the topology
files was modified such that these atoms exert intramolecular-like forces on each
other. (Note that in the sander 12 MD program the excluded list is updated
internally, restoring the original excluded list and disrespecting external changes.
Use the ewtyp = 0 option to change this.).

2. Minimization of ring torso and fragments in implicit solvent
The fragments and the ring torso are placed randomly in coordinate space. Dur-
ing an implicit solvent minimization (20000 steps, nb=20, igb=2, cut=900.0,
nsnb=20,imin=1, ntmin=2,) fragments are pulled in close vicinity of the ring
torso inside a sphere of 7Å, resulting in the starting structure for solvation in
explicit water and the equilibration run.

3. Solvation in explicit water and equilibration run
Thus, ring torso and three fragments are centered in an octahedral box and dis-
solved in TIP3P water [84], calculating long range electrostatic interactions by
means of the particle mesh Ewald option. After an energy minimization the ring
and the fragments were heated in 100 K steps (each for 0.05 ns) imposing posi-
tionally restrains on all heavy atoms (50 kcal/mol Å−2). At 300K restraints were
removed gradually during additional 0.1 ns simulation time. However, periodic
boundary conditions turned out to be explosive (sander bomb) for the production
run. We suspect interactions between the fragments and the ring torso to be cor-
rectly switched off in short range only. As soon as the ring torso approaches the
boundary, the fragments start being re-exposed to actually excluded Lennard-
Jones and electrostatic interactions. Thus, the periodicity is broken by the cap
option in favor of a stable production run.

4. Cap option for stable production run
Centered around the CB carbon of the ring torso, a spherical water cap is kept
in shape by a cap restraining potential (50 kcal/mol Å−2) and thus replacing the
continuous solvent. The ring torso is fixed with very weak positional restraints
(0.5 kcal/mol Å−2), to avoid the three fragments to displace the ring torso by
exerting forces form different directions. The fragment concentration is not con-
trolled by the number of fragments–only one of each kind is in solution–but by an
additional potential that forces the fragments into the vicinity of the ring torso
carbon of interest.

8.4 Results and discussion
(Re-)arrangement of the ring torso and the fragments was observed both in solution
and in the T4 lysozyme binding cavity. A correct chemical structure arises on average
only. While ,on the one hand, guaranteeing for perfect ring torso fragment assembly,
steep deep potential wells would disable effective fragment exchanges on the other
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Figure 8.3: Ring torso with one methyl, ethyl and hydroxyl group in aqueous so-
lution.(A) CB,CR distance versus simulation time (B) θ[◦] 120◦ angles (C) θ[◦] 114◦
113◦ 109.5◦ angles: In case of hydroxyl and methyl these angles contain hydrogen(D)
dihedral angles

hand. Adjusting the depth of angle and bond potential wells in the kbT range (see
table 8.1 8.2 8.3) is essential to keep the balance between effective fragment exchanges
and correct chemical structure formation.

8.4.1 Toluene, Ethyl-benzene and Phenol rings
First a simulation of the ring torso with one copy of each fragment type will be ana-
lyzed (ring torso +1 ethyl +1 methyl + 1 hydroxyl). In solution the simulation data
of fragments and ring torso result on average in native-like toluene, ethyl-benzene and
phenol rings (see Fig. 8.3): ethyl-benzene complexes agree on average with the native
values in table 8.1 8.2 8.3. As soon as the carbon carbon distance is in the desired
range of around 1.52, both relevant angles and torsion angles will adopt desired values
(see table 8.1 8.2 8.3 and Fig. 8.3). The same is true for dihedral angles and 120◦
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Bonds Angle Dihedral
d0[Å] kb ∆b[Å] θ0[◦] kθ ∆θ◦ kψ η δ[◦]

CBCR 1.52 0.8/2.0 1.0 CB2CBCR 120 2.0 60 CB3CB2CBCR 3.625 2.0 180
CB6CB2CBCR 120 2.0 60 CB6CB2CBCR 1.1 2.0 180
CBCRCR2 114 2.0 60

Table 8.1: Ethyl

Bonds Angle Dihedral
d0[Å] kb ∆b[Å] θ0[◦] kθ ∆θ◦ kψ η δ[◦]

CBCR 1.5 0.8 1.0 CB2CBCR 120 2.0 60 CB3CB2CBCR 0.16 3.0 0
CB6CBCR 120 2.0 60 CB6CB2CBCR 1.10 2.0 0
CBCRCH1 109.5 0.7 60
CBCRCH2
CBCRCH3

Table 8.2: Methyl

Bonds Angle Dihedral
d0[Å] kb ∆b[Å] θ0[◦] kθ ∆θ◦ kψ η δ[◦]

CBCR 1.37 0.8 1.0 CB2CBCR 120 2.0 60 CB3CB2CBCR 3.625 2.0 180
CB6CBCR 120 2.0 60 CB6CB2CBCR 1.1 2.0 180
CBCRH 113 2.0 60 CB2CBCRH 2.3 2.0 180

Table 8.3: Hydroxyl

angles, spanned by the ring torso and the hydroxyl and methyl group. In contrast, this
tendency is not pronounced in case of 109.5◦ and 113◦ angles, that are spanned by a
carbon carbon (oxygen) and a hydrogen atom. Its low mass turns a hydrogen atom into
the ideal target to be excited by thermal fluctuations. This enhanced mobility could
be reduced either by lowering hydrogen angle potentials or by artificially increasing
the hydrogen mass. In the first case the influence of the angle potentials on the total
energy landscape would be overestimated presumably decreasing the exchange rates of
fragments. In the second case an artificially increased mass would provoke unrealistic
kinetics. Increasing the mass of relevant hydrogens artificially in some test simulation
runs indeed resulted in more precise adjustment of hydrogen involving angles (data
not shown). As the position of the fragment torso in the binding cavity became more
sensitive to pushing and pulling of three more heavy fragments, the Rmsd values wors-
ened. Even a stronger adjustment of the ring torso by positional constraints did not
improve its orientation. This either could result form poor sampling or from unrealistic
kinetics. Thus, we decided to dispense with a correct geometrical orientation of angles
that involved hydrogen.

8.4.2 T4 lysozyme complexes
Dynamic self (re-)arrangement of a ring torso and one copy of each fragment type will
be analyzed within the T4 lysozyme binding cavity ( T4 lysozyme +ring torso +1 ethyl
+1 methyl + 1 hydroxyl). Ethyl-benzene and phenol rings also (re)assembled to native
like protein ligand complexes inside the hydrophobic T4 lysozyme cavity (see Fig. 8.4).
The Rmsd of the fragment with respect to its native position shows phenol and ethyl-
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Figure 8.4: Ring torso in T4 lysozyme binding cavity with one methyl, ethyl and one
hydroxyl group. While phenol is forming during the first 2 ns, (re-)arrangement results
in an ethyl-benzene complex: (A) CB,CR distance versus simulation time (B)Cα-Rmsd
versus simulation time with respect to native toluene, ethyl-benzene and phenol T4
lysozyme complex. Columns contain angle and dihedral angle data for ethyl, hydroxyl
and methyl versus simulation time. Grey bars are indicating the correlation with native
like fragment ring torso distance. (D) θ[◦] 120◦ angles (E) θ[◦] 114◦ 113◦ 109.5◦ angles:
In case of hydroxyl and methyl these angles contain hydrogen. (E) Dihedral angles

benzene to adopt a native-like position inside the binding cavity. To account for the
deformation of the cavity during simulations, the simulation data were aligned to the
Cα atoms of the native structure within a 9Å shell around the ring. Correct distances
do not necessarily correlate with low Rmsd values, indicating that non native binding
modes are populated to a certain extent. Correct geometrical assembly of the ring
torso and the fragments does not necessarily imply its correct orientation inside the
binding pocket. However, rearrangement of the ring torso and the fragments is mostly
resulting in the native binding mode. The geometrical orientation of angles (except
the ones involving hydrogen see explanation above) is reproduced on average (see first
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Figure 8.5: Superposition of native phenol and ethyl benzene in complex with T4
lysozyme with simulation arrangement

second and third panel in Fig. 8.4 angles and dihedral angles and snapshots in Fig. 8.5).
A look at the dissociation constants in table 8.4 demonstrates the ethyl group to bind
preferably to the ring torso, followed by the methyl and the hydroxyl group. Far away
from being fully converged the simulations at least indicate this binding order.

Benzene Ethyl-benzene Toulene phenol
KD(nM) kcal/mol -5.8 -5.5 -5.3 -5.0

Table 8.4: Experimental binding free energies taken from [117]

8.5 Conclusion
This approach is limited by technical as well as physical problems: Very slow perfor-
mance is based on the internal amber processing of external changes in the excluded
list. From a quantum chemical perspective fragments as well as the ring torso are
rough estimates of their models only. Manual preparation (antechamber and changes
in topology) is slowing down performance. Inducing artificial charges on surfaces of
ring and fragments means changing the electrostatic energy landscape of the whole
system. This could especially affect dynamics in the T4 lysozyme the binding cavity.
Additionally hydrogen involving angles poorly orientate correctly, resulting in a non
chemical ring fragment assembly(see results and discussion). This protocol is a proof
of principle and in its current form not suited for large fragment screening on a large
scale. Future efforts should point into the direction of speeding up sampling. However
it may serve as tool to identify possible alternative binding modes, distinguish to a
certain extend the affinity of fragment complexes.



Chapter 9

Summary and Outlook

Proteins perform many complex tasks in living cells. Synthesized as amino acids chains,
proteins adopt their well defined, complex, functional shape in a folding process. Since
the function is coupled to their shape, the first part of this thesis aimed at exploring
the conformational space by means of advanced sampling methods. Replica exchange
simulations are a versatile tool to accelerate conformational sampling of biomolecules.
Intrinsic properties of proteins entered into the construction of biasing potentials, to
promote characteristic conformational changes, that regulate protein activity (for de-
tailed description of the methodology refer to chapter 2). As shown in the second part
of this thesis, enhanced sampling methods are also suited to study protein association.
Detailed knowledge on protein peptide association gives molecular insight into binding
modes of ligands and may even allow to discriminate between pharmaceutically rele-
vant and irrelevant binders.

Summary

The biasing potential replica exchange method presented in chapter 3 was designed
to specifically promote both, dihedral angle transitions along the polymer backbone
and amino acid side chain flips. A two dimensional biasing potential penalizes Φ-Ψ
dihedral angle combinations that populate distinct density peaks in the Ramachan-
dran plot, corresponding to β-sheet or α-helical structures. Additionally, side chain
flips around the χ1 angle are enhanced by a one dimensional biasing potential to ex-
tend sampling of rotameric states. The replica framework is exploited optimally, by
adjusting the level of the biasing potential on the fly in each replica. This resulted not
only in high exchange rates between neighboring replicas and ensured occupancy/flow
of all conformers in each replica but also guaranteed conformational variety. Canonical
sampling remained unaffected after a short equilibration phase. Local dihedral angle
transitions changed the global shape of three proteins/peptides that folded from ran-
dom coils into their native structure more rapidly than in classical MD simulations of
the same total length. As an advantage biasing potentials can be focused on selected
protein regions only: Thus, an incorrect protein loop structure could fold into its native
conformation rapidly.
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Large scale domain-domain motions of proteins are essential for a wide range of bi-
ological processes. Principally, the biasing potential replica exchange method could
be applied to flexible hinge regions that connect rigid protein domains. However, the
performance improved by making use of elastic network models that predict protein
dynamics on a large scale. The Hamiltonian replica exchange approach presented in
chapter 4 combines this coarse grained information with the benefits of an atomistic
simulation in explicit solvent, to enhance domain motions of proteins. Each protein
is represented by a small number of centroids, corresponding to different protein do-
mains. Biasing potentials act on the distances between these centroids and thus pro-
mote domain-domain motions of proteins. Potentials and distances are adjusted on the
fly to account for both high exchange rates and good mixing of conformations among
replicas. This ENM coupled approach enhanced global motions of two-domain seg-
ments of the glycoprotein 130 and of the protein cyanovirin-N significantly compared
to classical MD simulations.

The biasing potential replica exchange method presented in chapter 3 is applied in
chapter 5 to contribute towards understanding the mechanism of peptide loading to
MHC class I molecules. As part of the viral immune response MHC class I molecules
present antigenic peptides to cytotoxic T-cells at the cell surface. Peptide loading of
MHC class I molecules in the endoplasmic reticulum can involve the chaperone protein
tapasin. The human class I allotype HLA-B*44:02 with an aspartic acid at position
116 at the binding pocket floor loads peptides efficiently in the presence of tapasin
only. In contrast, allotype HLA-B*44:05 differs in one single amino acid at position
116 (i.e tyrosine) but loads peptides independently of tapasin. Additionally, both al-
lotypes have almost identical shape in complex with the same high affinity peptide.
Hence, chapter 5 aims at elucidating the influence of amino acids at position 116 on
the overall shape of both allotypes in the absence of bound peptide by means of free
energy simulations: Increased conformational F pocket flexibility of B*44:02 allotypes
was reflected in a low free energy barrier of F pocket opening. Moreover, it was asso-
ciated with a side chain switch of the basic arginine 97 which may form salt bridges
with nearby acidic aspartates at position 114, 156 and 116 close to the F pocket. Salt
bridge rearrangement turned out to be coupled to the width of the B*44:02 F pocket.
As arginine 97 did not interact with Tyr at position 116, the F pocket of the B*44:05
allotype barely changed its shape, reflected in a high energy barrier of F pocket open-
ing. To establish a correlation between rotameric state of arginine 97 and the width of
the F pocket, we made use of replica exchange simulations presented in chapter 3 to
promote side chain flips of the switch and its interaction partners. While these induced
flips provoked a widening of the F pocket of the B*44:02 allotype, they did not affect
the F pocket shape of the B*44:05 allotype. Taken together, these results suggest an
allosteric side chain switch that mediates the global dynamics of B*44:02 allotypes.

Identifying binding properties of small peptides or ligands to molecular targets is of
interest not only to understand their function but also in the field of drug design. The
second part of this thesis is devoted to the investigation of protein association by means
of classical MD simulations and advanced sampling techniques.
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In chapter 6 MD simulations and MMPB/SA calculations could give insight into the
molecular mechanism of dipeptide binding to MHC class I molecules: High affinity
peptides are ideally suited to speed up folding of MHC class I molecules in a step wise
process: Thereby MHC class I molecules bind suboptimal low affinity peptides that
are exchanged with higher affinity ones. As shown by experiments in the Springer lab,
dipeptides such as GL fulfill the minimal requirements for MHC class I folding. GL
is not only ideally suited to refold MHC class I molecules into their native form but
also speeds up binding of high affinity peptides to MHC class I molecules. Classical
MD simulations supported the hypothesis that GL binds to the C-terminal part of the
binding pocket, acting as a placeholder for full length high affinity peptides. Dipeptides
kept the binding pocket in a peptide receptive shape within simulation time. Moreover,
MMPB/SA free energy calculations indicated higher binding affinity of GL compared
to GG.

MMGB/SA (MMPB/SA) calculations estimate absolute binding free energies of pro-
tein ligand complexes, by post processing explicit solvent trajectories by means of
generalized Born(GB) or Poisson Boltzmann implicit solvent models that account for
solvent solute interactions. However, MMGB/SA calculations carry several sources of
error that make absolute binding free energy an approximation of rigorous free energy
values only. In chapter 7 rigorous relative free energy differences of different ligand
molecules (alchemical transitions) are calculated based on the free energy perturbation
method (FEP). The generalized Born implicit solvent model serves as basis for rigor-
ous relative free energy calculations: Molecules are converted by scaling Lennard-Jones,
Coulomb and Born radii parameters in a single-topology series of classical simulations.
This series is integrated into a replica exchange scheme to speed up convergence. How-
ever, disappearing Born radii can increase the electrostatic reaction field (at constant
partial charge of an atom) and provoke an increase of the electrostatic solvation of a
disappearing atom. We circumvented these effects by scaling the charge quadratically
combined with a linear change in Born radii to achieve a smooth free energy change
along a coupling parameter of the alchemical transformation. The RE-FEP-GB ap-
proach was tested on the calculation of hydration free energies of amino acids, relative
binding free energies of a ligand-receptor system and in silico alanine scanning of a
peptide-protein complex. Despite of the inaccuracies that accompany the implicit GB
model, calculated values are in good agreement with experimental data.

The RE-FEP-GB approach integrates solute solvent interactions by an implicit GB
model, which ignores key water molecules and may fail predicting polar and buried
charges as well. Thus, chapter 8 addresses an approach that mimics dynamic self
(re-)arrangement of molecule fragments in MD simulations in explicit solvent. Sur-
rounded by water molecules, these fragments can combine into realistic molecules that
can degrade and (re-)arrange dynamically during a simulation. Thus, the chemical
structure of ligands changes during MD simulations. In presence of a molecular target
fragments are expected both, to form ligands and to adopt a realistic binding pose in
the binding pocket. Lifetime of ligands in the desired binding pocket should ideally
correspond to their binding affinities to reflect free energy differences (i.e. survival
of high affinity ligands). Rearrangement of fragments is driven by bond, angle and
dihedral angle potentials, that are effective if the fragments are in close proximity of



90 9. Summary and Outlook

each other. Crystal structures of T4 lysozyme in complex with toluene, ethylbenzene
and phenol as well as experimental data on the binding kinetics make this enzyme a
suited molecular target, to prove the principle. The ligand was split into a ring and
ethyl, methyl and hydroxyl fragments. While each fragment was interacting with the
ring and the T4 lysozyme, different fragments did not interact with each other. Frag-
ments and ring torso in explicit solution formed native-like toluene, ethyl-benzene and
phenol rings. In solution with T4 lysozyme native-like phenol an ethyl-benzene com-
plexes were sampled. Since this approach suffers from complicated manual fragment
preparation and slow performance, future efforts are necessary to increase its efficiency.

Outlook

BP-REMD simulations successfully accelerated conformational sampling and folding of
denatured proteins and proved suitable for loop refinement. Promoting local changes–
namely the transitions of dihedral angle combinations along the polymer backbone and
side chain flips–affected the global shape of proteins. This method could be extended
on additional side chain dihedral angles, which could improve sampling of large side
chains such as the one of tryptophan. Rarely observed in classical MD simulations,
ω-backbone dihedral transitions of Proline that control cis trans transformations may
become accessible. Allowing to penalize selected parts of the protein only, the BP-
REMD approach could be optimized to refine unstructured protein loops in explicit
solvent that are inaccessible for high resolution X-ray crystallography. Often incor-
rectly predicted by homology modeling procedures, this method could turn into a tool
to accurately refine protein loops in explicit solvent.
Hamiltonian replica exchange combined with elastic network analysis enhanced global
motions of protein domains. This approach could be extended to investigate quater-
nary structure (de-)formation of proteins consisting of not covalently bound domains of
similar molecular weight. A combination with the BP-REMD method in chapter 4 in
a 2 dimensional replica exchange scheme could be a promising extension to accelerate
both local and global conformational changes at the same time.
In this thesis another development concerned the design of a protocol to dynamically
adjust potential levels during a replica run. The replica exchange framework is op-
timally exploited by balancing high conformational variety and reasonable exchange
rates. Refinement of this protocol should concern increments between neighboring
replicas to additionally increase efficiency.
The RE-FEP-GB approach accurately characterizes protein complexes by rapidly cal-
culating relative free energy changes associated with molecular alchemical transitions.
Performance of this method depends on the accuracy of the generalized Born implicit
solvent model and the efficiency of the annihilation creation pathway, that mimics
alchemical transitions. Optimizing this pathway could result in a reduced number of
parallel replicas and thus save computational power. A limited number of explicit water
molecules–namely the ones, that are decisive for protein folding–could be integrated
to both increase accuracy of calculations and to balance inaccurate implicit solvent
effects. Moreover, graphical processing units (GPUs) are expected to drastically speed
up RE-FEP-GB calculations to screen of ligands within minutes. Hence, RE-FEP-GB
calculations could develop into an alternative, to rapidly perform rigorous free energy
calculations.
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The biasing potential Hamiltonian replica exchange (BP-REMD) presented in chap-
ter 5 was restricted to disturb selected key side chains in the F pocket of MHC class
I B*44:02 and B*44:05 alleles (neglecting the biasing of the backbone). Five replicas
elucidated molecular amino acid side chain patterns to be coupled to global changes
of F pocket shape and function. This method is expected to effectively and efficiently
investigate the impact of local side chain flips on the overall shape of other types of
proteins and systematically study global changes in proteins coupled to side chain mo-
tion.

Specific dynamics of peptides and proteins requires lots of problem solving strate-
gies. In this thesis, advanced sampling techniques–mostly involving Hamiltonian replica
exchange–could contribute to explore both conformational space of proteins and pro-
tein association in atomistic detail. These strategies were optimized to study conforma-
tional transitions, that regulate biological processes, as well as the shape and stability
of protein complexes, allowing for a broad range of further applications.
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