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Abstract
The protein-ligand interaction is an important issue in rational drug design
and protein function research. This thesis focuses on the study of proteinligand interactions using various molecular modeling methods, including
molecular docking, molecular dynamics simulations, MM/GBSA (Molecular
Mechanics/Generalized Born Surface Area), “alchemical” free energy
calculations, and metadynamics simulations. These methods are used in
combination to predict the binding modes and calculate the binding free
energies of several important protein-ligand systems, which are summarized
as follows.
In Paper I, we investigated the binding profile of a type I positive allosteric
modulator (PAM) NS-1738 with the α7-nicotinic acetylcholine receptor (α7nAChR). NS-1738 is found to have three different binding sites on α7-nAChR.
Moreover, there exist multiple binding modes at each binding site due to the
structural features of the ligand and the lack of strong interactions with the
protein. Through alchemical free energy calculations we found that NS-1738
has only moderate binding affinities to the receptor. Suggestions were given
based on the simulation results on how to improve the binding affinities.
In Paper II, we revealed the binding mechanism of a PET radio-ligand
[ F]ASEM with α7-nAChR. Using metadynamics simulations, we managed
to find a stable state which is not observed in molecular docking and unbiased
molecular dynamics simulations. Free energy analysis further confirmed that
this stable state is the global minimum with respect to the selected collective
variables. This conformational state can serve as a promising starting point for
binding/unbinding studies and optimization of similar radio-ligands.
18

In Paper III, we studied the binding modes and binding affinities of two
important probes (AZD2184 and thioflavin T) for the detection of amyloid
β(1-42) fibrils in clinical studies. We found that the conformation of the fibril
dramatically influences the binding profiles of the ligands. Through molecular
docking studies, we found that AZD2184 and thioflavin T are able to bind to
several sites of the Aβ(1-42) fibril and their binding free energies were
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estimated by the MM/GBSA method. Due to the small size, planarity and
neutrality of AZD2184, it binds more strongly with Aβ(1-42) fibril at all sites.
By contrast, thioflavin T has more significant conformational changes after
binding, which is the reason that thioflavin T can be used as a fluorescent
probe in in vitro studies.
In Paper IV, we studied the binding profile of a cell signaling compound
PtdIns(3,4,5)P3 with the plecsktrin homology (PH) domain of Saprolegnia
monoica cellulose synthase. We first studied the binding modes of the inositol
groups of PtdIns(3,4,5)P3 with the PH domain in solution, the results of which
were then used to guide the modeling of the binding mode of PtdIns(3,4,5)P3
in a membrane with the PH domain. Several critical residues were found to
anchor the PH domain on the membrane using the specific interactions with
PtdIns(3,4,5)P3.
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Chapter 1 Introduction
Proteins are macromolecules consisting of amino acids and have one or
several chains. Different proteins have different sequences of amino acids
(primary structure), which are determined by the DNA sequences of their
genes. The primary structures of proteins further determine their folding into
specific three-dimensional structures that finally determine their functions.
Like other bio-macromolecules such as nucleic acids and polysaccharides,
most proteins are important components of living organisms and are involved
in practically every biological process.1 Proteins include many different
categories, e.g. enzymes, structural proteins and signaling proteins, etc.
Enzymes, such as glycosyltransferases,2 can catalyze specific biochemical
reactions involved in the metabolism of living organisms. G-protein-coupled
receptors (GPCR)3 can transmit cellular signals by binding to some signaling
molecules, such as dopamine and epinephrine. Ion channels, such as nicotinic
receptors,4 can transport ions or other small molecules from one location to
another. However, some proteins may just be junk products of some
physiological activities and may be harmful to the human body, like the
amyloid fibril, which is one of the causal effects of Alzheimer’s disease.5
A major characteristic of proteins is that they are able to bind to other
molecules with high specificity and affinity. The capability of a protein
binding to other molecules is determined by the shape of its binding pocket
and the physicochemical properties of the residues forming the pocket. The
binding capability of proteins to small molecules (called ligands) is of
particular interest and has a broad usage in structure-based drug design
because many drugs are small molecules and function by binding to some
specific drug targets, such as kinases, ion channels, enzymes, and G-proteincoupled receptors (GPCR).6
Protein-ligand interactions are fundamental to many biological processes.1
The functions of a protein can be regulated by binding to ligands. A protein
can have conformational changes under physiological conditions, which in
turn are responsible for the conformational transitions among low- and high-
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affinity states for the ligands. Ligand binding can stabilize the protein in some
specific states and thereby switch the protein among states of different
functions.7
Protein-ligand interactions are described by a combination of
intermolecular interactions, including electrostatic, van der Waals,
hydrophobic interactions, etc.7 The structure of a protein-ligand complex at
the atomic level is essential for protein-ligand interaction studies. Molecular
docking methods, like DOCK8, AUTODOCK9, GOLD10, and Glide11, in
combination with empirical scoring functions are able to estimate the
preferred positioning of a ligand in a protein’s binding pocket. Classically,
molecular docking can be depicted by the so-called “lock and key” model,
where the protein can be considered as a lock and the ligand as a key.12 This
model describes how a ligand binds to a protein generally. Molecular docking
has been successfully used in many research areas.13
Usually, modeling protein-ligand interactions are composed of two
successive steps, namely to predict the binding mode and to estimate the
corresponding binding affinity. The former predicts the favorable positioning
of a ligand in the binding pocket of a protein target (docking pose) while the
latter calculates the binding free energy of the ligand with the protein for the
specific docking pose. As mentioned above, although docking itself has
proven successful in predicting binding poses, the scoring functions used to
predict the binding affinities perform very poorly and constitute the major
shortcoming suffered by all the molecular docking approaches.13 In practice,
the binding free energy value is a very useful quantity because it measures
how strong a ligand can bind to a protein. If an accurate prediction of proteinligand binding affinity is available from molecular modeling studies, the
necessity to measure the ligand binding constants by experiment, which is
normally a very expensive and time-consuming process, will be greatly
reduced.
There are many methods available to estimate protein-ligand binding free
energies, with different levels of accuracy and efficiency.14 The fastest
method is the empirical approach mentioned above which has been
implemented in various molecular docking methods and is based on
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simplified potential functions and binding affinity data of known proteinligand complex structures.12, 15 Efficiency is a major concern for empirical
approaches, which use many simplifications or approximations to quickly
screen a large number of compounds. As a result, the solvation, entropic, and
sampling effects cannot be handled in a proper way, which causes these
empirical approaches to be inaccurate.12 Although molecular docking is still
an important and practical choice in the foreseeable future for screening
compounds, more accurate methods are needed in order to precisely
differentiate similar and potentially active compounds and to optimize lead
compounds.
A type of free energy calculation methods which is more accurate than
molecular docking is represented by the Molecular Mechanics/PoissonBoltzmann Surface Area (MM/PBSA) and Molecular Mechanics/Generalized
Born Surface Area (MM/GBSA) methods.16 These methods are usually used
in a post-processing manner, where the binding free energies of a ligand with
a protein are estimated based on the trajectories produced by MD simulations
with explicit water molecules. The binding energies in vacuum are calculated
using a molecular mechanical force field, the entropies by normal mode
analysis or quasi-harmonic method, and the solvation free energy by implicit
solvent models (PB or GB).17 The MM/PB(GB)SA approaches have proven
successful in many research areas.16 However, one drawback of
MM/PB(GB)SA is that they are very sensitive to the parameters used for the
estimation of entropy and solvation free energy.
The alchemical free energy calculation method and potential of mean force
(PMF) method are among the methods having the highest level of accuracy
and robustness.18 An advantage of the alchemical method is that we do not
have to know the binding/unbinding pathway of the ligand from the protein in
advance. In an alchemical calculation, the ligand is changed into another
molecule or a “dummy” molecule (with no interactions with the environment).
Since free energy is a state function, we can design more efficient
thermodynamic pathways and unphysical intermediate states to calculate the
free energy difference between the two physical end points.19 However, the
alchemical free energy calculations are still quite time-consuming due to the
following reasons: 1) explicit treatment of solvation effects with a large
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number of discrete water molecules; 2) many intermediate states are needed to
ensure a sufficient phase space overlap and to facilitate convergence; and 3)
each step of the perturbation requires equilibration of every intermediate
state.20, 21
Alternatively, the protein-ligand binding free energy can be obtained with
the so-called potential of mean force (PMF) methods, such as umbrella
sampling22 and the steered molecular dynamics (SMD) method23. In these
methods, an external bias potential or force is applied to the system to explore
different configurations. The binding free energies are calculated by the
Jarzynski’s equation24 or weighted histogram analysis method (WHAM)25. A
major limitation of the PMF methods is that an explicit binding/unbinding
pathway of the ligand from the protein binding pocket should be known in
advance. A similar method is the more recent metadynamics method, which
adds a history-dependent potential to the system’s Hamiltonian to drive the
system out of local free energy basins and to explore other regions of
interest.26 While the alchemical method is more useful in the case when a
neutral ligand is buried deeply in the interior of the protein, the PMF and
metadynamics methods may be more useful in the cases when highly charged
ligands are involved, and the binding pocket is close to the surface of the
protein.22, 23, 26 In particular, metadynamics is able to explore the local free
energy surface of multiple reaction coordinates or collective variables.
This thesis is organized as follows. In Chapter 2, a brief introduction is
given to the methods used in the thesis, including molecular docking,
molecular dynamics simulation, MM/PB(GB)SA, alchemical free energy
calculation and metadynamics simulation, which is followed by brief
summaries and discussions on their applications to some important systems as
seen in Chapter 3. Finally, Chapter 4 provides a summary of the thesis and
an outlook for the future.
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Chapter 2 Computational methods
2.1 Molecular docking
Many proteins are targets for important bioactive agents in the treatment of
diseases related to human, animals, and plants. The association between
biologically relevant small molecules (called ligands) and their protein targets
plays a critical role in the regulation of the protein functions. Molecular
docking is a tool to find the most favorable positioning of one molecule
relative to another when they are brought together to form a complex. It plays
an important role in structure-based drug design and in the research of protein
structures and functions. In the past decades, dozens of effective docking
methods have been put forward, and much research has been directed towards
improving these methods.12
In this thesis, we use AutoDock as an example to introduce the basic
concepts of molecular docking. There are many versions of AutoDock.
Different algorithms and scoring functions are used in these versions. In this
thesis, the latest version, namely AutoDock 4.2,27 is introduced.
In a docking scheme, two issues must be considered: the accuracy of the
prediction and efficiency of the calculation using reasonable resources and
time. AutoDock 4.2 uses two techniques to meet these requirements, namely a
rapid grid-based energy evaluation method combined with an efficient search
algorithm for torsional degrees of freedom.27
In order to evaluate the energies in a rapid way, the affinity potentials for
each atom type of the ligand are pre-calculated in AutoDock. In this process,
the protein is put in a grid, the size of which is determined by the size of the
ligand and can be changed manually according to practical needs. Each grid
point stores the affinity potentials for all the atom types of a ligand with the
protein. Then, in an AutoDock job, the interaction energy of a particular
ligand conformation with the protein target is calculated using the values from
the grids.
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The search for the ligand conformation related to the torsional degree of
freedom is carried out with the search methods implemented in AutoDock. At
present, the most efficient search method is the Lamarckian genetic algorithm
(LGA), which uses the genetic algorithm and the local search algorithm to
achieve efficient global phase space coverage and local search optimization.28
AutoDock 4.2 uses a semi-empirical scoring function to estimate proteinligand binding free energies.27 This scoring approach combines classical force
fields with empirical parameters and is able to rank candidate compounds in a
rapid way. The enthalpic contributions such as Lennard-Jones, electrostatic,
and hydrogen bonding interactions are calculated with a molecular mechanics
approach and the solvation free energy and conformational entropy by
empirical approaches, where the empirical parameters are obtained by fitting
to known protein-ligand binding affinity data determined by experiment.29
The protein and ligand molecules start in unbound conformations and form
a bound complex after docking. The protein-ligand binding free energy (∆G)
is calculated as follows:

∆
∆

(2.1)

,

where V stands for the potential energy, P represents the protein and L the
ligand, and ∆Sconf is the entropic changes upon ligand binding.
Each potential energy term includes the van der Waals, hydrogen-bond,
electrostatics, and desolvation energies:

,

,

(2.2)
exp

,

,

2

.

The weights (Wvdw, Whbond, Welec, and Wsol) are obtained by fitting to
experimental binding affinity data. The first term is a classical 12/6 potential
for Lennard-Jones interactions. Aij and Bij are parameters for repulsive and
dispersion interactions, respectively. The second term is a hydrogen bond
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term using a 12/10 potential, and Cij and Dij are obtained by fitting to the
typical data of hydrogen bonds in the experiment. The term E(t) represents the
directionality of the hydrogen bond, and t is the deviation from ideal hydrogen
bond geometry. The third term is the electrostatic potential with an apparent
dielectric constant ɛ(rij). The last term is an empirical desolvation energy
calculated using the volume (V) surrounding a specific atom, a weighted
solvation parameter (S), and is a distance-weighting factor σ.
Finally, the entropy changes upon ligand binding (ΔSconf) can be estimated
from the number of active torsions of the ligand (Ntors) with an empirical
parameter Wconf:

∆

.

(2.3)
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2.2 Molecular dynamics simulation
Molecular dynamics (MD) simulation is an in silico modeling method for
studying movements of particles (mostly atoms). In an MD simulation,
particles are able to interact with each other in a specified period of time,
producing a trajectory which can give an insight into the dynamic behavior of
the system. Most of the following concepts are interpreted in the framework
of the GROMACS MD code 30-32 unless otherwise specified.
2.2.1 Force field
In molecular modeling, the function of a force field is to model the
potential energy of an atomic system. It includes the functional forms of the
potential energy and a whole set of parameters and is able to relate chemical
structures or conformations to potential energies. The functional form can be
obtained with analytical or empirical methods, and force field parameters,
such as force constants and equilibrium values, can be obtained from
reproducing experimental data or quantum chemistry calculations. The
popular force fields are mostly of pair-additive forms, and the total potential
energy is a sum of pairwise bonded and non-bonded energy terms.33
Many force fields can be used for the simulation of biomolecular systems,
with the most popular ones being CHARMM34, AMBER35, OPLS36, and
GROMOS37. Especially, CHARMM and AMBER force fields are used in this
thesis and will be explained in detail.
In the CHARMM force field (CHARMM22/CMAP38 and CHARMM3639),
the potential energy V has the form of:
1

,

cos

, ;

(2.4)

,
,

2

,

4

.
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In these terms, the components with the subscript 0 are equilibrium values
and kx (x=b, θ, ϕ, ω, UB) is the force constant for each type of interaction.
Term 1 accounts for bond stretching interaction using the harmonic
potential, where b is the bond length.
Term 2 accounts for the harmonic bond angle potential, where  is the
bond angle.
Term 3 accounts for the proper dihedral potential in the periodic type,
where n is the multiplicity,  is the dihedral angle and is the phase shift.
Term 4 accounts for the improper dihedral in the harmonic type, where 
is the improper dihedral. Improper dihedrals are able to keep the planarity of
planar groups or the chirality of chiral centers.
Term 5 accounts for the Urey-Bradley potential (a cross-term for 1-3 bondangle vibration), where r1,3 is the distance between atom 1 and atom 3. UreyBradley potential is used in the CHARMM force field.40
Term 6 accounts for the grid-based energy correction map (CMAP) for the
backbone , dihedrals of the protein. The CMAP term is developed
specially for the CHARMM force field.38
Term 7 accounts for the van der Waals (vdW) potential using a standard
12-6 Lennard-Jones (LJ) repulsion/dispersion potential function. As shown in
Figure 2.1, εij is the potential well depth. rij is the inter-particle distance. Rmin,ij
is the distance at which the potential has the minimum value. σ is the distance
where the net LJ potential is zero.

Figure 2.1. Illustration of the Lennard-Jones potential.
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Term 8 accounts for the electrostatic energy with a Columbic potential. qi
and qj are the partial charges of particles i and j, respectively. rij is the interparticle distance. ɛ0 is the electric permittivity of free space.
For the AMBER force field (ff99SB, ff99SB-ildn, ff03, ff14SB, etc.)41, the
potential energy V in has the form of:
1
2

1

cos

(2.5)
,

2

,

4

.

Actually, the potential form of the AMBER force field is very similar to
that of the CHARMM force field. However, the AMBER force field does not
include the Urey-Bradley potential and the backbone dihedral correction map
(CMAP) term. Besides, the dihedral force constant has different forms in the
AMBER and CHARMM force fields.
Most force fields for the simulation of biomolecular systems normally just
contain parameters for proteins, nucleic acids, and polysaccharides, as well as
some common small molecules, such as ADP, ATP, NADP, etc. The force
field parameters of most organic molecules (ligands) are almost always absent
in these force fields. Therefore, some additional utilities are needed to
generate the force field parameters for such ligands, which can then be used
for the simulation of protein-ligand systems. CHARMM general force field
(CGenFF)42-44 and general AMBER force field (GAFF)45, 46 can be used to
generate parameters for the ligands, which are compatible with the
CHARMM and AMBER force fields, respectively.
2.2.2 Energy minimization
The initial structure of a molecular system used for modeling can
sometimes have some poor interactions. For example, two atoms too close to
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each other will have a large repulsive interaction. Therefore, it is often
required to run an energy minimization on a structure to remove bad contacts
before submitting it to molecular dynamics simulations. There are three
methods often used for energy minimization, namely steepest descent (SD),
conjugate gradient (CG), and the L-BFGS algorithm. For most minimization
processes, the SD algorithm is efficient enough. SD is a robust and efficient
algorithm for energy minimization and is easy to implement. This algorithm
uses the potential energy and forces to update the positions of particles in an
iterative way and stops when it has been iterated for a user-specified number
of cycles, or when the maximum force is smaller than the specified value.
Compared with SD, CG is more efficient when the system is close to the
energy minimum. The L-BFGS algorithm is a minimization algorithm which
approximates the original Broyden–Fletcher–Goldfarb–Shanno (BFGS)
algorithm47 using the inverse Hessian matrix but with a much smaller memory
requirement. This algorithm is found to converge faster than the conjugate
gradient algorithm and is shown useful for alchemical free energy calculations.
2.2.3 Integration Algorithm
The leap-frog algorithm48 is a commonly used integration algorithm and
updates the positions r and velocity υ by:
1
Δ
2
Δ

1
Δ
2
Δ

Δ
1
Δ .
2

,

(2.6)
(2.7)

Other integration algorithms such as Verlet49 and velocity Verlet50 are also
implemented in various MD codes.
2.2.4 Stochastic dynamics (SD)
Stochastic dynamics (also known as velocity Langevin dynamics) works
by adding a friction term and a noise term to the original Newton’s equations
of motion, as

12
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d
d

d
d

, ,

(2.8)

where γ [1/ps] is the friction constant and
, is a noise term. Compared
with MD simulations using classical thermostats like Berendsen, the
advantage of SD is that the generated ensemble is known. SD can be explored
to control the temperature and would return a correct distribution of kinetic
energies, thus approximating the canonical ensemble. SD works well for
systems with nearly decoupled modes. Therefore, it is often used in
alchemical free energy calculations.32
2.2.5 Temperature coupling
Direct implementation of molecular dynamics simulations for an isolated
system produces a microcanonical (NVE) ensemble. However, many
quantities that we are interested in are actually corresponding to those of a
canonical (NVT) ensemble. There are several temperature coupling schemes,
including Berendsen, velocity-rescaling, Andersen, and Nosé-Hoover
thermostats.
The Berendsen algorithm was first proposed by Berendsen in 1984.51 In
the Berendsen coupling scheme, a temperature deviation from the reference
value T0 is slowly corrected according to:
d
d

,

(2.9)

where is a coupling parameter.
The Berendsen algorithm is simple and easy to implement in many MD
codes. However, the fluctuation of the kinetic energy is suppressed in the
Berendsen thermostat, which means that a correct canonical ensemble is not
generated.32
The velocity-rescaling thermostat is an updated version of the Berendsen
thermostat.52 In this scheme, an additional stochastic term is included, which
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makes sure that a correct kinetic energy distribution is generated, and a
correct canonical ensemble is produced.
The Andersen thermostat maintains a thermostatted ensemble by taking an
NVE ensemble and periodically re-selecting the velocities of the atoms which
are generated from a Maxwell-Boltzmann distribution.53
The Nosé-Hoover thermostat is also suitable for canonical ensemble
simulations. This approach was proposed by Nosé and Hoover.54, 55 In the
Nosé-Hoover scheme, the Hamiltonian of the system is extended by coupling
to a thermal reservoir (Q) and an additional friction term (ξ):
H

2

, ,…,

2

.

(2.10)

Besides, for some systems, there exists the non-ergodic problem, namely,
that only a small part of the phase space can be sampled, even if infinitely
long simulations are implemented. In this case, the Nosé-Hoover chain
scheme can be used, where multiple Nosé-Hoover thermostats are
implemented for the same system. If the number of chains is big enough, the
non-ergodic problem can be solved.32
2.2.6 Pressure coupling
As in the case of temperature coupling, a “pressure bath” or barostat can
also be used to control the pressure of a system. We have the Berendsen
algorithm which scales the box vectors and atomic coordinates at every time
step,51 the Parrinello-Rahman barostat using an extended-ensemble as in the
Nosé-Hoover thermostat,56 and the MTTK (Martyna-Tuckerman-TobiasKlein) method which works specially for the velocity Verlet integration
algorithm.57
2.2.7 Periodic boundary conditions (PBC)
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The edge effects (the interface with the vacuum) of a finite system in an
MD simulation can be minimized using periodic boundary conditions (PBC).
PBC is always implemented together with the minimum image convention,
which regulates that only the closest image of a particle is chosen for the
calculation of short-range non-bonded interactions with other particles.32
Normally, a cut-off is set for short-range interactions. The long-range van der
Waals interactions beyond the cut-off are normally ignored while the long
range electrostatic interactions are usually recovered with the Particle-MeshEwald (PME) method58, 59.
When PBC is used, the system is first put into a box, which is then copied
in each direction to fill the whole space. The most frequently used box types
are cubes, rhombic dodecahedrons, and truncated octahedrons.
2.2.8 Constraint algorithms
Traditionally, the SHAKE method can be used to implement constraints in
many MD codes.60 Besides, the LINCS (LINear Constraint Solver) method is
also available now.61 The SHAKE algorithm works by changing a set of
unconstrained coordinates to a new set fulfilling a list of distance constraints
using a reference set. The LINCS algorithm resets the bond lengths after an
unconstrained update in a non-iterative way.
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2.3 MM/PB(GB)SA
Descriptions of solvation effects are important for simulations of
biomolecules which often exist in water. In an MD simulation, water
molecules are usually represented explicitly by some water models such as
TIP3P62, SPC63, SPC/E64. Although explicit solvent representations are rather
realistic and accurate for the simulation of solvent effects, they also have
some shortcomings. It is difficult to simulate systems which might have
significant structural transitions, for instance, protein folding, due to the high
energy barriers among different conformational minima. Moreover, it is
always difficult to obtain free energy values from simulations using explicit
solvent models due to the influence of solvent molecules which are the bulky
part of the system and has a large number of degrees of freedom.
Alternatively, one can use implicit solvent models to represent the solvent
effect. In this framework, the real water environment with explicit water
molecules is replaced by a continuum which has the dielectric properties of
water. Compared to assuming an explicit solvent, the implicit solvent models
have the following advantages: (1) Less demanding for computing resources
because the large number of water molecules are represented implicitly. (2)
Enhanced sampling of conformational space because the solvent viscosity
effect is dramatically reduced which makes conformational transitions much
faster. (3) More straightforward to calculate free energies because the solvent
effect is taken into account implicitly and thus the solvation free energies can
be estimated in a simpler way.65
In the last decade, the Molecular Mechanics/Poisson-Boltzmann Surface
Area (MM/PBSA) and the Molecular Mechanics/Generalized Born Surface
Area (MM/GBSA) methods have become more and more popular.66 In these
two methods, classical force fields and continuum solvation models are
combined to calculate the binding free energies of a large molecular system.
Compared with the alchemical methods such as exponential averaging (EXP)
and thermodynamic integration (TI) which are arguably more accurate
methods to calculate binding free energies, the MM/PB(GB)SA methods are
computationally more efficient. Besides, the MM/PB(GB)SA method allows
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us to decompose the binding free energies into meaningful components
originating from different types of interactions.16
With the MM/PBSA or MM/GBSA method, when a protein (P) and a
ligand (L) are combined to form a complex structure (PL), the binding free
energy is calculated as:
∆

.

(2.11)

The free energy of P, L, or PL (represented by X) is given by:
G
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(2.12)
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(2.15)
(2.16)
(2.17)

The meanings of each component in the above equations are as follows:
EMM―the total molecular mechanics energy in the vacuum, which includes
the bonded (internal) (Ebonded) and nonbonded (Enonbonded) energies.
Furthermore, the bonded energy includes contributions from bonds (Ebond),
angles (Eangle) and dihedrals (Edihedral), while the nonbonded energy consists of
electrostatic (Eelectrostatics) and van der Waals (EvdW) energies.
T―absolute temperature in Kelvin (K).
S―conformational entropy.
Gsolv―the solvation free energy in the implicit solvent framework. Gsolv
consists of three components, namely, the energy (Gcav) required to generate a
cavity in the solvent for the solute, the van der Waals interaction energy (GvdW)
between the solute and the solvent when they are in neutral forms, and the
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electrostatic interaction energy (Gelec) when the atomic charges are turned on.
In practical calculations, the first two contributions are approximated as one
component (GSASA), which can be estimated by a combination of the solvent
accessible surface area (SASA) and two empirical parameters  and . The
electrostatic contribution can be obtained using the Poisson-Boltzmann (PB)
or Generalized Born (GB) model.
In the PB model, the electrostatic potential can be calculated by solving the
PB equation:67
4

4

exp

,

(2.18)

where (r) is the dielectric constant, and (r) is the total electrostatic potential,
(r) is the Stern layer masking function, kB is the Boltzmann constant, and T is
the system’s temperature.
The last term in the PB equation for discrete ions in solution can be
linearized when the ionic strength is low. However, the approximation is not
valid for highly charged systems. The PB equation cannot be solved
analytically for large systems but has to be solved with some numerical
methods, which are still very resource-intensive and time-consuming.
In the GB model, the electrostatic contribution of the solvation free energy
is given by:68
∆

1
1
2

1

,
,

exp

(2.19)

where is the dielectric constant of bulk solvent, qi is the (partial) atomic
charge of particle i, rij is the inter-particle distance, Ri is the effective Born
radius of atom i, and  is an empirical constant which usually has the value of
1/4.
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In the GB model, the most important thing is to obtain the effective Born
radius for each atom, which can then be used to obtain the solvation free
energy with eq. (2.19). There are many GB models available, such as the Still
model and the HCT model.41 Different GB models mainly differ in how the
effective Born radii are calculated.
When the MM/PB(GB)SA methods are used to calculate protein-ligand
binding free energies, the conformations of the protein, the ligand, and the
complex are often generated by atomistic MD simulations using explicit
solvents, either based on the “single trajectory” or on the “three trajectories”
modes. In the former mode, only one simulation of the complex is required,
and the structures of the protein, the ligand, and the complex are extracted
from the same trajectory produced. In the latter mode, simulations of the
protein, the ligand, and the complex are run separately, and their final
conformations are then extracted from the respective trajectories. Each mode
has its own pros and cons. The “single trajectory” mode is computationally
more efficient and can eliminate the noise in internal energies which are often
very large. However, if the protein or ligand structures have dramatic
conformational changes after binding, the “three trajectories” mode would be
a better choice.17

Chapter 2 Computational methods

19

2.4 Alchemical free energy calculation
Free energy calculation methods can generate meaningful and measurable
free energy values. An important class of free energy calculations is the
“alchemical method”, so called since it calculates free energy difference of a
thermodynamic transition which transforms a chemical system to a different
one through some non-physical states. Alchemical free energy calculations are
currently (arguably) the most accurate method of calculating binding free
energies of protein-ligand complexes. However, the calculations are time
consuming, due to the following three issues: 1) the explicit treatment of
water molecules, 2) the need to consider many intermediate states in order to
have a proper overlap in the phase space, and 3) each transformation step for
each state requires a whole set of equilibrations and simulations.
Free energy is a state function and the free energy changes of a system are
independent of the thermodynamic path taken. As a consequence, we can
choose a thermodynamic path that includes some computationally more
straightforward (non-physical) states, as shown in Figure 2.2.
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Figure 2.2. The thermodynamic cycle used to calculate the absolute binding
free energy. In this diagram, the protein is shown in a circular shape with a
breach, which represents the binding pocket. The ligand is shown as a green
square when full interactions are present and as a transparent square when the
electrostatic and van der Waals interactions are decoupled. The light blue
background represents the water environment. The red circle means restraints
are applied. The black surrounding box means that the simulation is
implemented for that particular system. In the left column, only the ligand was
simulated, whereas in the right column both the protein and the ligand were
simulated.
The binding free energy (∆Gbind) between the ligand and the protein in
Figure 2.2 is:
Δ

Δ
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(2.20)
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where ∆Gbind is the total binding free energy; ∆Grestr_on is the free energy of
applying the positional restraints; ∆Gint_complex is the interaction energy
is the free energy of releasing
between the protein and the ligand; Δ
_
the restraints; ∆Gint_water is the solvation free energy of the ligand. The
technical details are discussed as follows.
In alchemical free energy calculations, the potential of the system is
obtained by mixing the two end point potentials with a coupling parameter λ.
With the linear mixing rule, the mixed potential V(λ) is expressed as:
1

,

(2.21)

where V0 and V1 are the potential of the initial and final state, respectively.
This linear mixing rule is sufficient for the changes in atom types or
atomic partial charges. However, for the cases where some atoms appear or
disappear, the linear mixing rule would have serious defects at high or low λ
values, which is due to the Lennard-Jones potential function used to calculate
the repulsive/attractive interactions of appearing or disappearing atoms.69
When the particles are about to appear or disappear (when λ has values close
to 0 or 1), the r−12 term used to describe the Pauli repulsion would cause huge
fluctuations to 〈 / 〉.
The singularities in the Lennard-Jones potentials can be circumvented by
using the so-called “soft-core” potentials:70, 71

,

1

1

4 1

,

1

1

4
1

1

,

(2.22)
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(2.23)

where ɛ and σ are the ordinary Lennard-Jones parameters, r is the interparticle distance, and α is the soft-core parameter.
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The soft-core potential is now considered the standard for avoiding
endpoint singularity problems and is implemented in many MD codes, such as
AMBER41, GROMACS32, and NAMD72.
As shown in Figure 2.2, each binding free energy calculation includes
three different sets of calculations with the ligand in the binding site (applying
restraints, charge decoupling, and Lennard-Jones decoupling), and then two
with the ligand in water (charge coupling and Lennard-Jones coupling). Each
set of calculations involves an initial and a final state, and a couple of
intermediate states between them. Each of these states needs a separate
simulation.
First, we need to add a set of restraints between the ligand and protein in
order to keep the ligand in the binding pocket when inter-molecular
interactions are turned off. Restraints are used to speed up convergence.
Without restraining the ligand in the binding pocket, we would need to sample
the entire simulation box when the inter-molecular interactions are decoupled.
These restraints are quite useful as they restrain the position of the ligand
relative to the protein (Figure 2.2). There is an analytical solution for their
removal, as shall be introduced later. The ligand is restrained in the binding
pocket using a potential of the form
2

,

(2.24)

where ξ represents the specific degree of freedom to be restrained, ξ0 is the
reference value, and k is the spring constant. Reference atoms are chosen
according to Figure 2.3 based on the specific protein-ligand complex.
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Figure 2.3. Set up of the restraints. L1, L2, and L3 are three reference atoms
from the ligand while P1, P2 and P3 are the corresponding ones from the
protein. The distance (d), angles (1 and 2), dihedrals (1, 2 and 3) are
defined as:
d: L2―P2;
1: L1―L2―P2;
2: P1―P2―L2;
1: L1―L2―L3―P2;
2: L1―L2―P2―P1;
3: P1―P2―P3―L2.
The next calculation step is to discharge the ligand in the protein. The
electrostatic interaction between the ligand and the protein are gradually
turned off with the linear coupling rule described above. The final calculation
step involves decoupling the Lennard-Jones interactions between the protein
and the ligand. Normally, we just turn off the inter-molecular Lennard-Jones
interactions with the protein (leaving the ligand’s intra-molecular LennardJones interactions intact) and use the soft core functional form for this
transformation.
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For the ligand alone in water, only the charging and Lennard-Jones
coupling component calculations were done, using the same λ values as in the
protein-ligand case.
Besides, instead of performing simulations of releasing the restraints, we
computed the free energy of releasing the positional restraints analytically
according to the approach of Boresch et al.73

∆
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∙
,

,

,

2

(2.25)

where kB is the Boltzmann constant; T is the temperature in Kelvin; V0 is the
standard state volume; r0 is the reference distance values; θA,0, θB,0 are the
reference angles values; Kx is the force constant for the distance (r), two
angles (θA, θB) and three dihedrals (ϕA, ϕB, ϕC) restraints.
Finally, after simulations at different λ values, necessary data are generated
and stored for the analysis of the binding free energy. Many analysis methods
are available for calculating the binding free energy values after alchemical
free energy simulations. Exponential averaging (EXP) is a simple method
used to calculate binding free energy difference. Other names for this method
are the “free energy perturbation (FEP)” and “Zwanzig relationship”. With
EXP, the binding free energy is obtained by:19
∆
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/

〉,

(2.26)

where i is the index of the coupling parameter λ which ranges from 0 to 1.
Although EXP is quite simple to understand and also represents an exact
solution, it has a rather low efficiency and converges very slowly when there
is a poor overlap between the states.
Thermodynamic Integration (TI) is also an important method for free
energy calculation with decent accuracy and efficiency. Compared to EXP
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and Bennett acceptance ratio (BAR) TI has the simplicity of EXP and
accuracy of BAR and is therefore widely used in practice.19 With TI, the
binding free energy is calculated according to:19
〈

Δ

〉

〈

〉 ,

(2.27)

where ωi is a weighting constant.
The Bennett acceptance ratio (BAR) method is an algorithm for
calculating the free energy differences between two systems. With BAR, the
binding free energy is calculated according to:19, 74
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where ni is the number of configurations for the simulation of state i. The
binding free energy ∆G should be solved iteratively.

26

Chapter 2 Computational methods

2.5 Metadynamics simulation
Molecular dynamics (MD) simulation is a common tool frequently used
for understanding molecular interaction mechanisms, explaining experimental
data, and making predictions. However, meaningful results can only be
obtained for systems that are ergodic in the limited simulation timescale,
which ranges from nanosecond to microsecond in MD simulations. In
practical cases, the ergodicity is often a problem due to the high free-energy
barriers separating relevant configurations, which cannot be overcome in
unbiased MD simulations. Under these conditions, some techniques which are
able to enhance the sampling of a system need to be used.
Metadynamics is an accelerated simulation technique which can be used to
enhance conformational sampling and to find possible stable or meta-stable
states of a system.26, 75 It can also be used to reconstruct the free-energy
surface (FES) with respect to a set of selected collective variables (CVs). The
reliability and efficiency of a metadynamics simulation are closely related to
the selection of CVs. A CV is a special degree of freedom and is a function of
the atomic coordinates of the system. Many types of CVs have been used in
metadynamics; examples include distances, torsion angles, coordination
numbers, RMSD, etc. CVs should normally meet three requirements: 1) They
should be able to differentiate different stable or meta-stable states we are
interested in; 2) They should be able to describe the slow events which are
directly related to the phenomenon expected; and 3) For efficiency, the CVs
used in a metadynamics simulation should be as few as possible.
In metadynamics, the sampling is enhanced by an external historydependent bias potential V, which drives the system out of some free energy
basins and makes it able to explore other regions of interest. The bias potential
V is a function of the selected CVs and is added to the system’s Hamiltonian
in the course of simulation and, thus, discourages the system from resampling
some already visited configurations. At time t, the total bias potential V(s,t)
added to the selected CV s is given by:26
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(2.30)

where s represents all the selected collective variables and has d components
which are a function of the coordinates q of the system;  is the Gaussian
deposition stride; W is the Gaussian height; σi is the Gaussian width of the ith
collective variable. The Gaussian height W and the Gaussian width σ
determine the size of the Gaussian bias potential. Normally W and σ are
chosen on a trial and error basis. If large Gaussians are added, the free energy
surface (FES) can be explored at a quick pace, but the FES constructed are
susceptible to large errors. On the other hand, if smaller Gaussians are used,
the FES will be more accurate, but the system would need more simulation
time to converge.
If the simulation is long enough, the bias potential V will converge to the
minus of the free energy F plus a constant C:26
, →∞

.

(2.31)

In standard metadynamics, constant Gaussians are added to the system in
the whole course of a simulation. As a consequence, standard metadynamics
has two major drawbacks which limit its usage: (1) It is difficult to decide
when the simulation has converged and when to stop a simulation; and (2)
The bias potential tends to overfill the underlying FES and drives the system
toward regions with higher energy and, therefore, would sample unphysical
configurations.26
A solution to the problems is provided by well-tempered metadynamics, in
which the bias potential V(s,t) has the same form as in standard metadynamics
(eq. (2.30)), but the Gaussian height decreases over simulation time:76
exp

,
∆

,

(2.32)
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where W0 is the initial Gaussian height, kB is the Boltzmann constant and ∆T
is the difference between the temperature of the collective variables and that
of the simulation.
Normally, a well-tempered metadynamics simulation is seen to have
converged when the Gaussian height becomes very small. When the
simulation has converged, the bias potential V(s,t) can be related to the free
energy F(s,t) of the system by:76
,

∆
∆

,

.

(2.33)

A well-tempered medynamics simulation becomes an unbiased MD
simulation or a standard metadynamics simulation when ∆T has extreme
values, namely, for ∆T→0 the unbiased MD is recovered, whereas the ∆T→
∞limit corresponds to standard metadynamics. In between one can regulate
the extent of FES exploration by tuning ∆T. The conformational sampling and
the exploration of the FES can be limited to regions of interest by using a
finite value of ∆T. As the Gaussian weight decreases over time and the
sampling can be limited to physically interesting regions of s, the overfilling
problem of standard metadynamics is solved properly.
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3.1 Binding profile of the allosteric modulator NS-1738 with the structure
of an α7 nicotinic acetylcholine receptor chimera (Paper I).
Nicotinic acetylcholine receptors (nAChRs) belong to the family of ligandgated ion channels and are extensively found in the nervous systems as well
as various non-neuronal cells.4 The homo-pentameric α7 receptor is one major
type of neuronal nAChRs in the central nervous system (CNS) and is mainly
expressed in the hippocampus and cortex regions, which is closely related to
cognition and memory.4 Clinical studies have shown that α7-nAChR is
closely related to many neurological diseases.77 Potentiation of the function of
α7-nAChR is believed to provide a possible way for the treatment of such
dysfunctions.78 Positive allosteric modulators (PAMs) are able to augment the
peak current response of the endogenous agonist of α7-nAChR by binding to
some allosteric sites. PAMs are under active research in many groups.78-80
In this work, the binding profile of a potent type I PAM, NS-1738, with a
chimera structure (termed α7-AChBP)81 constructed from the extracellular
domain of α7-nAChR and an acetylcholine binding protein, was studied with
molecular modeling methods. We found that NS-1738 could bind to one of
the three allosteric sites of α7-AChBP, namely the top pocket, the vestibule
pocket and the agonist sub-pocket (Figure 3.1). NS-1738 has moderate
binding affinities (-6.76~-9.15 kcal/mol) at each allosteric site (Table 3.1).
The detailed binding modes of NS-1738 with α7-AChBP in each pocket are
shown in Figure 3.2-3.5.
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Figure 3.1. Binding of NS-1738 at various allosteric sites of 7-AChBP. (A)
General view of the binding modes. T1, T2 (vertical) and T3, T4 (horizontal)
are the binding modes in the top pocket, V1 and V2 in the vestibule pocket
and A1 in the agonist sub-pocket. (B) Naming convention of the secondary
structures of 7-AChBP.
Table 3.1. Binding modes, contact residues, and binding free energies of NS1738 at the allosteric binding sites of 7-AChBP.
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Figure 3.2. Binding profile of NS-1738 in the top pocket of α7-AChBP in the
vertical orientations, including T1 (A1-A3) and T2 (B1-B3).

Figure 3.3. Binding profile of NS-1738 in the top pocket of α7-AChBP in the
horizontal orientations, including T3 (A1-A3) and T4 (B1-B3).
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Figure 3.4. Binding profile of NS-1738 in the vestibule pocket, including V1
(A1-A3) and V2 (B1-B3).

Figure 3.5. Binding profile of NS-1738 in the agonist sub-pocket.
We found that NS-1738 has four binding modes (T1-T4) in the top pocket
(Figure 3.2 and 3.3) and two (V1-V2) in the vestibule pocket (Figure 3.4).
However, only one stable binding mode was found in the agonist sub-pocket
(Figure 3.5) due to orientation restrictions. In all the binding modes, the urea
group of NS-1738 forms hydrogen bonds with the backbone or side chain
hydrogen-bond acceptors of the protein. The hydroxyl group also participates
in the hydrogen-bond interactions in the binding modes in the vestibule
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pocket. However, the trifluoromethyl group does not seem to contribute
positively to the binding with α7-AChBP, possibly due to its bulky size.
Chemical modification of this group might be an effective way to improve the
binding affinity.
3.2 Binding profile of the PET radioligand [18F]ASEM with the structure
of an α7 nicotinic acetylcholine receptor chimera (Paper II).
The mechanism and progress of CNS diseases related to α7-nAChR can be
studied with positron emission tomography (PET), a non-invasive method to
visualize and quantify receptors in vivo.82 PET studies can also facilitate the
discovery of drugs targeting α7-nAChR by measuring receptor occupancies
and dose-response relationships.
[18F]ASEM is a potential PET radioligand used for in vivo quantification
of α7-nAChR in the human central nervous system (CNS).83-86 It is currently
the most promising α7-nAChR PET radioligand with excellent affinity,
specificity, and BPND values. [18F]ASEM has similar pharmacophores to
epibatidine (Figure 3.6), which is an alkaloid agonist with a high affinity to
α7-nAChR. However, [18F]ASEM is an antagonist with high specificity and
affinity for α7-nAChR. We found that [18F]ASEM binds at the same
orthosteric site of α7-AChBP as epibatidine (Figure 3.7). Several structural
details of this binding are found to be important. The
diazabicyclo[3.2.2]nonane ring has cation-π and extensive hydrophobic
interactions with Tyr91, Trp145, Tyr184, and Try191, which fixes [18F]ASEM
tightly in the binding site. The dibenzo[b,d]thiophene ring turns to the other
side of the pyridine ring of epibatidine (the crystalized agonist) and has van
der Waals interactions with residues from loop C on one side and π-π stacking
interaction with Trp53 of the complementary subunit on the other side.

Figure 3.6. Structures of epibatidine and [18F]ASEM.
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Figure 3.7. Binding modes of epibatidine and ASEM with α7-AChBP. (a)
General view of the binding modes of epibatidine and ASEM. (b) Detailed
binding mode of epibatidine. (c) Detailed binding mode of ASEM.
The conformation of Trp53 has a great impact on the binding mode of
[ F]ASEM (Figure 3.8). Six states in terms of the sidechain dihedral angles χ1
and χ2 of Trp53 were found by the metadynamics simulation (Figure 3.8, 3.9,
and 3.10). State 5 is the global minimum, where Trp53 is rotated to have
favorable π-π stacking interactions with [18F]ASEM. This new finding at the
atomistic level of the binding mechanism of [18F]ASEM with α7-AChBP can
have wide ramifications for the development of novel PET radioligands
targeting α7-nAChR.
18
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Figure 3.8. Free energy surface (FES) with respect to the side chain dihedral
angles  andof Trp53 obtained from the metadynamics simulation.

Figure 3.9. Binding modes in states 1-3 (a-c) observed in three independent
MD simulations. ASEM and Trp53 are shown in thick stick mode while other
residues are shown in thin stick mode. Hydrogen bonds are displayed as black
dotted lines.
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Figure 3.10. Binding modes of states 4-6 (a-c) discovered by the
metadynamics simulation. ASEM and Trp53 are shown in thick stick mode
while other residues are shown in thin stick mode.
3.3 Binding profiles of thioflavin T and AZD2184 with Aβ(1–42) fibril
(Paper III).
Alzheimer’s disease (AD) is responsible for 60-70% of dementia in elderly
people87 and deposition of amyloid beta fibrils in the human brain is deemed
as an important hallmark of AD.5 Quantitative detection of the amyloid beta
fibril is important for diagnosing and monitoring the progression of the
disease. AZD2184 (a PET tracer)88 and thioflavin T (a fluorescent probe)89 are
two important probes for the quantitative determination of Aβ(1–42) fibril in
vivo and in vitro, respectively. These two probes have similar structures
(Figure 3.11) but different utilities. In this work, we investigated the binding
profiles of thioflavin T and AZD2184, with Aβ(1–42) fibril using molecular
modeling methods. In molecular docking studies, the fibril flexibility is taken
into account by using all the 10 NMR models deposited in the PDB structure
as protein targets. (Figure 3.12).

Figure 3.11. Chemical structures of thioflavin T and AZD2184. Reprinted
with permission from the American Chemical Society.
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Figure 3.12. Conformational fluctuations of the NMR models of the Aβ(1–42)
fibril. Reprinted with permission from the American Chemical Society.
Our studies show that the conformational flexibility of the fibril has a
significant influence on the ligand binding profiles. Thioflavin T and
AZD2184 bind at three sites located inside the fibril (core sites) and one on
the surface (surface site) (Figure 3.12 and 3.13). Compared to the core sites,
the surface site is mainly solvent-exposed and has much fewer contacts with
the ligands. As a result, both thioflavin T and AZD2184 have unfavorable
binding free energies at this site (Table 3.2). By contrast, the core sites are
quite narrow and composed mainly of nonpolar residues. Therefore, the
electrostatic and steric issues of the sites have a dramatic influence on the
binding affinities of the ligands. Consequently, the binding free energies of
AZD2184 are much more favorable than those of thioflavin T at every core
site (Table 3.2) due to the small size, planarity, and neutrality of AZD2184.
However, due to the additional methyl groups and non-planarity issues, the
conformational changes of thioflavin T are much more prominent than those
of AZD2184 (Figure 3.13), which is the structural basis for the usage of
thioflavin T as a florescent probe for the detection of Aβ(1–42) fibrils in
experiment.
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Figure 3.13. Various binding modes of AZD2184 (A-D) and thioflavin T (EH) at different sites of the A(1-42) fibril. Reprinted with permission from the
American Chemical Society.
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Table 3.2. MM/GBSA binding free energies (kcal/mol) of AZD2184 and
thioflavin T with the A(1-42) fibril. Reprinted with permission from the
American Chemical Society.

3.4 Binding profile of PtdIns(3,4,5)P3 with the PH domain of Saprolegnia
monoica cellulose synthase (Paper IV).
Saprolegnia monoica is found to contain cellulose synthases which are
critical for the oomycete development and reproduction.90 Type 2 cellulose
synthase of S. monoica (SmCesA2) contains a plecsktrin homology (PH)
domain in the sequence.91 The PH domain is a special protein structure motif
and can bind to phosphoinositides, an important class of cell signaling
compounds.92 Understanding the binding mechanism between the PH domain
and phosphoinositides would shed light on the bio-synthetic process of
cellulose in oomycete. In this work, the binding profile of SmCesA2-PH with
a phosphoinositide PtdIns(3,4,5)P3 was systematically studied using molecular
modeling methods.
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Figure 3.14. The binding profiles of the inositol head groups Ins (b1-b4),
Ins(1)P (c1-c4) and Ins(3,4,5)P3 (d1-d4) with SmCesA2-PH. Reprinted with
permission from the Nature Publishing Group.
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Figure 3.15. Binding profile of SmCesA2-PH with Ins(3,4,5)P3. (A) Detailed
binding mode of SmCesA2-PH with Ins(3,4,5)P3. (B) Electrostatic potential
surface. Reprinted with permission from the Nature Publishing Group.
The inositol head groups (with different phosphorylation levels) of
PtdIns(3,4,5)P3 were able to bind to a specific site of SmCesA2-PH which is
formed by residues from 1, 2 and 1-2 loop (VL1) (Figure 3.14 and 3.15).
SmCesA2-PH cannot bind favorably with the inositol ring but has a rather
high binding affinity with the free phosphate groups, which bind to the basic
residues in the binding site (Lys88, Lys100, and Arg102) through extensive
electrostatic and hydrogen-bond interactions.
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Figure 3.16. Binding profile of SmCesA2-PH with POPC/PtdIns(3,4,5)P3
membrane. (a) Contact probability of the amino acids of SmCesA2-PH with
the membrane. (b) The binding mode of SmCesA2-PH with the membrane.
Reprinted with permission from the Nature Publishing Group.
When PtdIns(3,4,5)P3 is put in a POPC membrane, it has a binding mode
similar to that of Ins(3,4,5)P3 (Figure 3.16). Besides, the 1-2 (VL1) and 34 (VL2) loops can also influence the binding of SmCesA2-PH to the plasma
membrane. The consistency between the binding modes of SmCesA2-PH with
a single soluble inositol head group and with the whole PtdIns(3,4,5)P3 lipid
molecule in a membrane verifies the rationality of the initial orientation of
SmCesA2-PH with respect to the PtdIns(3,4,5)P3/POPC membrane.
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Various modeling methods, such as molecular docking, molecular
dynamics (MD) simulation, Molecular Mechanics/Poisson-Boltzmann Surface
Area (MM/PBSA), Molecular Mechanics/Generalized Born Surface Area
(MM/GBSA), alchemical free energy calculation, and metadynamics
simulation, were employed in this thesis to study some protein-ligand
complexes. These methods proved to be very useful for the investigation of
protein-ligand interactions at the atomic level and to be useful to solve various
practical problems. In all the projects discussed in this thesis, molecular
docking was first used to obtain the initial structures of the protein-ligand
complexes, which were then relaxed with MD simulations. The equilibrated
trajectory from MD simulations can be used to compute the binding free
energy values using the MM/PB(GB)SA method. Besides, the equilibrated
structure can also be used to perform alchemical free energy calculations
through simulations of a number of intermediate states.
In this thesis, the studies of protein-ligand binding profiles include two
aspects, namely binding mode prediction and binding affinity estimation.
Molecular docking is a very efficient way to find the possible orientation of a
ligand relative to a protein target. However, due to the usage of a simplified
scoring function, the predicted binding mode might deviate from the
energetically most favorable one. The protein-ligand complex predicted by
molecular docking usually only serves as an initial structure for MD
simulations. Theoretically, with MD simulations can one also find the most
favorable orientation of one molecule relative to another. However, very often
the system would get stuck in some local minimum, and the desired
configuration cannot be reached in a limited simulation time. Normally, MD
simulations are just used to equilibrate the complex structure predicted by
molecular docking and drive it to a close local minimum. Some advanced
sampling methods can be used to accelerate the sampling in MD simulations,
with metadynamics being a good example. In this work, metadynamics has
been successfully used to sample the configurations of some systems which
are unavailable with MD simulations. However, the major problem with
metadynamics is the selection of suitable collective variables, which is often a
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tricky job. With improper collective variables, the simulation would be
difficult to converge and may give misleading results.
Once we obtain the binding mode of a ligand and a protein through
molecular docking, MD or metadynamics simulations, an important job is to
calculate the binding free energy between the protein and the ligand.
Molecular docking has a simplified scoring function and gives a very crude
prediction of the binding affinity, which should always be used with
discretion. With MD simulations it is difficult to give binding free energy
values directly due to sampling issues. The MM/PBSA or MM/GBSA method
is often used as a post-processing method to extract the binding free energy
from the trajectories produced by MD simulations. The performance the
MM/PBSA or MM/GBSA method depends very much on the empirical
parameters used. A more accurate and robust method is alchemical free
energy calculation, which takes advantage of MD simulations with explicit
solvent and is able to give precise binding free energies through the
simulation of a number of intermediate states. Unlike molecular docking and
the MM/PBSA or MM/GBSA methods, alchemical free energy calculations
do not depend on empirical parameters and have thus a wider application
region and tend to give more accurate results if used properly. A major
problem of the alchemical methods is the intensive demand for computing
resources, which can be prohibitive for big systems. The metadynamics
method is also able to give accurate binding free energy values from the free
energy surface constructed.
In summary, the methods discussed in this thesis, like molecular docking,
MD simulations, MM/PB(GB)SA, alchemical free energy calculation, and
metadynamics, provide a powerful and versatile set of techniques to study the
binding profiles of protein-ligand complexes. Each method has its own
advantages and disadvantages and should be used properly according to the
system being studied and the computing resources available. With the
improvement of computing resources, these methods will become more and
more useful in the near future. However, development is still required for
these methods, including: 1) more accurate scoring functions for molecular
docking, 2) faster algorithms for MD simulations, 3) more universal
parameters for the MM/PB(GB)SA method, 4) better algorithms for charged
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ligands for the alchemical free energy calculation method, and 5) more
straightforward ways to select proper collective variables for metadynamics
simulations. Such development will require the devotion of time and effort of
many researchers.

References

47

References
1.

Berg J. M., Tymoczko J. L. & Stryer L. Biochemistry, 5th Edition,
New York: W H Freeman (2002).

2.

Lairson, L. L., Henrissat, B., Davies, G. J. & Withers, S. G. Annu.
Rev. Biochem., 77, 521-555 (2008).

3.

Vilardaga, J. P., et al. Mol. Endocrinol., 23, 590-599 (2009).

4.

Abraham, D. J. & Rotella, D. P. Burger’s Medicinal Chemistry, Drug
Discovery and Development, 7th Edition, New York: Wiley (2010).

5.

Harrison, R. S., Sharpe, P. C., Singh, Y. & Fairlie, D. P. Reviews of
Physiology, Biochemistry and Pharmacology, Berlin: Springer-Verlag
Berlin (2007).

6.

Overington, J. P., Al-Lazikani, B. & Hopkins, A. L. Nat. Rev. Drug
Discov., 5, 993-996 (2006).

7.

Dunn, M. F., Protein-Ligand Interactions: General Description, eLS.
John Wiley & Sons Ltd (2010).

8.

Kuntz, I. D., Blaney, J. M., Oatley, S. J., Langridge, R. & Ferrin, T. E.
J. Mol. Biol., 161, 269-288 (1982).

9.

Goodsell, D. S., Morris, G. M. & Olson, A. J. J. Mol. Recognit., 9, 15 (1996).

10.

Jones, G., Willett, P. & Glen, R. C. J. Mol. Biol., 245, 43-53 (1995).

11.

Friesner, R. A., et al. J. Med. Chem., 47, 1739-1749 (2004).

12.

Weill, N., Therrien, E., Campagna-Slater, V. & Moitessier, N. Curr.
Pharm. Des., 20, 3338-3359 (2013).

13.

Campagna-Slater, V., Therrien, E., Weill, N. & Moitessier, N. Curr.
Pharm. Des., 20, 3360-3372 (2014).

48

References

14.

Ferrara, P., Gohlke, H., Price, D. J., Klebe, G. & Brooks, C. L. J. Med.
Chem., 47, 3032-3047 (2004).

15.

Eldridge, M. D., Murray, C. W., Auton, T. R., Paolini, G. V. & Mee,
R. P. J. Comput. Aid. Mol. Des., 11, 425-445 (1997).

16.

Hayes, J. M. & Archontis G. Molecular dynamics-Studies of
Synthetic and Biological Macromolecules, InTech (2012).

17.

Miller, B. R., et al. J. Chem. Theory. Comput., 8, 3314-3321 (2012).

18.

Brandsdal, B. O., et al. Adv. Protein. Chem., 66, 123-58. (2003).

19.

Christ, C. D., Mark, A. E. & van Gunsteren, W. F. J. Comput. Chem.,
31, 1569-1582 (2010).

20.

Bruckner, S. & Boresch, S. J. Comput. Chem., 32, 1320-1333 (2011).

21.

Bruckner, S. & Boresch, S. J. Comput. Chem., 32, 1303-1319 (2011).

22.

Kastner, J. Wires Comput. Mol. Sci., 1, 932-942 (2011).

23.

Li, M. S. & Mai, B. K. Curr. Bioinform., 7, 342-351 (2012).

24.

Jarzynski, C. Phys. Rev. Lett., 78, 2690-2693 (1997).

25.

Kumar, S., Bouzida, D., Swendsen, R. H., Kollman, P. A. &
Rosenberg, J. M. J. Comput. Chem., 13, 1011-1021 (1992).

26.

Barducci, A., Bonomi, M. & Parrinello, M. Wires Comput. Mol. Sci.,
1, 826-843 (2011).

27.

Morris, G. M., et al. J. Comput. Chem., 30, 2785-2791 (2009).

28.

Morris, G. M., et al. J. Comput. Chem., 19, 1639-1662 (1998).

29.

Huey, R., Morris, G. M., Olson, A. J. & Goodsell, D. S. J. Comput.
Chem., 28, 1145-1152 (2007).

30.

Berendsen, H. J. C., Vanderspoel, D. & Vandrunen, R. Comput. Phys.
Commun., 91, 43-56 (1995).

31.

Pronk, S., et al. Bioinformatics, 29, 845-854 (2013).

References

49

32.

Abraham, M.J., et al. GROMACS 5.0.5 (2015).

33.

Ponder, J. W. & Case, D. A. Adv. Protein Chem., 66, 27-85 (2003).

34.

Brooks, B. R., et al. J. Comput. Chem., 4, 187-217 (1983).

35.

Weiner, S. J., et al. J. Am. Chem. Soc., 106, 765-784 (1984).

36.

William L. J. & Tirado-Rives, J., 110, 1657-1666 (1988).

37.

van Gunsteren, W. F. & Berendsen, H. J. C. GROMOS (1987).

38.

Mackerell, A. D., Feig, M. & Brooks, C. L. J. Comput. Chem., 25,
1400-1415 (2004).

39.

Huang, J. & MacKerell, A. D. J. Comput. Chem., 34, 2135-2145
(2013).

40.

MacKerell, A. D., et al. J. Phys. Chem. B, 102, 3586-3616 (1998).

41.

Case, D. A., et al. AMBER 14 (2014).

42.

Vanommeslaeghe, K., et al. J. Comput. Chem., 31, 671-690 (2010).

43.

Vanommeslaeghe, K. & MacKerell, A. D. J. Chem. Inf. Model., 52,
3144-3154 (2012).

44.

Vanommeslaeghe, K., Raman, E. P. & Mackerell, A. D. Jr. J. Chem.
Inf. Model., 52, 3155-3168 (2012).

45.

Wang, J. M., Wolf, R. M., Caldwell, J. W., Kollman, P. A. & Case, D.
A. J. Comput. Chem, 25, 1157-1174 (2004).

46.

Wang, J. M., Wang, W., Kollman, P. A. & Case, D. A. J. Mol. Graph.
Model., 25, 247-260 (2006).

47.

Byrd, R. H., Lu, P. H., Nocedal, J. & Zhu, C. Y. Siam J. Sci. Comput.,
16, 1190-1208 (1995).

48.

Hockney, R. W., Goel, S. P. & Eastwood, J. J. Comp. Phys. 14, 148158 (1974).

49.

Verlet., L. Phys. Rev. 159, 98-103 (1967).

50

References

50.

Swope, W. C., Andersen, H. C., Berens, P. H. & Wilson, K. R. J.
Chem. Phys. 76, 637-649 (1982).

51.

Berendsen, et al. J. Chem. Phys., 81, 3684-3690 (1984).

52.

Bussi, G., Donadio, D. & Parrinello, M. J. Chem. Phys., 126 (2007).

53.

Andersen, H. C. J. Chem. Phys., 72, 2384-2393 (1980).

54.

Nose, S. Mol. Phys., 52, 255-268 (1984).

55.

Hoover, W. G. Phys. Rev. A, 31, 1695-1697 (1985).

56.

Parrinello, M. & Rahman, A. J. Appl. Phys., 52, 7182-7190 (1981).

57.

Martyna, G. J., Tuckerman, M. E., Tobias, D. J. & Klein, M. L. Mol.
Phys., 87, 1117-1157 (1996).

58.

Ewald, P. Ann. Phys. 64, 253-287 (1921).

59.

Darden, T., York, D. & Pedersen, L. J. Chem. Phys., 98, 10089-10092
(1993).

60.

Ryckaert, J. P., Ciccotti, G. & Berendsen, H. J. C. J. Comput. Chem.,
23, 327-341 (1977).

61.

Hess, B., Bekker, H., Berendsen, H. J. C. & Fraaije, J. G. E. M. J.
Comput. Chem., 18, 1463-1472 (1997).

62.

Jorgensen, W. L., Chandrasekhar, J., Madura, J. D., Impey, R. W. &
Klein, M. L. J. Chem. Phys., 79, 926-935 (1983).

63.

Berendsen, H. J. C., Postma, J. P. M., van Gunsteren, W. F. &
Hermans, J. Intermolecular Forces. Bernard Pullman (1981).

64.

Berendsen, H. J. C., Grigera, J. R. & Straatsma, T. P. J. Phys. Chem.,
91, 6269-6271 (1987).

65.

Tan, C., Tan, Y. H. & Luo, R. J. Phys. Chem. B, 111, 12263-12274
(2007).

66.

Rastelli, G., Del Rio, A., Degliesposti, G. & Sgobba, M. J. Comput.
Chem., 31, 797-810 (2010).

References

51

67.

Fogolari, F., Brigo, A. & Molinari, H. J. Mol. Recognit. 15, 377-392
(2002).

68.

Still, W. C., Tempczyk, A., Hawley, R. C. & Hendrickson, T. J. Am.
Chem. Soc., 112, 6127-6129 (1990).

69.

Pohorille, A., Jarzynski, C. & Chipot, C. J. Phys. Chem. B, 114,
10235-10253 (2010).

70.

Steinbrecher, T., Mobley, D. L. & Case, D. A. J. Chem. Phys., 127,
214108 (2007).

71.

Steinbrecher, T., Joung, I. & Case, D. A. J. Comput. Chem., 32, 32533263 (2011).

72.

Phillips, J. C., et al. J. Comput. Chem., 26, 1781-1802 (2005).

73.

Boresch, S., Tettinger, F., Leitgeb, M. & Karplus, M. J. Phys. Chem.
B, 107, 9535-9551 (2003).

74.

Bennett, C. H. J. Comput. Phys., 22, 245-268 (1976).

75.

Laio, A. & Gervasio, F. L. Rep. Prog. Phys., 71, 126601 (2008).

76.

Barducci, A., Bussi, G. & Parrinello, M. Phys. Rev. Lett., 100 (2008).

77.

Prickaerts, J., et al. Neuropharmacology, 62, 1099-1110 (2012).

78.

Faghih, R., Gopalakrishnan, M. & Briggs, C. A. J. Med. Chem., 51,
701-712 (2008).

79.

Timmermann, D. B., et al. J. Pharmacol. Exp. Ther., 323, 294-307
(2007).

80.

Bertrand, D., et al. Mol. Pharmacol., 74, 1407-1416 (2008).

81.

Li, S. X., et al. Nat. Neurosci., 14, 1253-1259 (2011).

82.

Piel, M., Vernaleken, I. & Rosch, F. J. Med. Chem., 57, 9232-9258
(2014).

83.

Gao, Y., et al. J. Med. Chem., 56, 7574-7589 (2013).

52

References

84.

Wong, D. F., et al. Mol. Imaging Biol., 16, 730-738 (2014).

85.

Horti, A. G., et al. J. Nucl. Med., 55, 672-677 (2014).

86.

Horti, A. G. Biochem. Pharmacol., 97, 566-575 (2015).

87.

Hampel, H., et al. Expert Rev. Neurother., 15, 83-105 (2015).

88.

Johnson, A. E., et al. J. Neurochem., 108, 1177-1186 (2009).

89.

LeVine, H. Amyloid, Prions, and Other Protein Aggregates. 309,
274-284 (1999).

90.

Fugelstad, J., et al. Biochem. Bioph. Res. Co., 417, 1248-1253 (2012).

91.

Fugelstad, J., et al. Fungal Genet. Biol. 46, 759-767 (2009).

92.

Lemmon, M. A. Biochem Soc Symp, 74, 81-93 (2007).

