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Abstract 
Proteins are dynamic structural entities that are involved in many biophysical 
processes through molecular interactions with their ligands. Protein-ligand 
interactions are of fundamental importance for computer-aided drug discovery. 
Due to the fast development in computer technologies and theoretical methods, 
computational studies are by now able to provide atomistic-level description 
of structures, thermodynamic and dynamic properties of protein-ligand 
systems, and are becoming indispensable in understanding complicated 
biomolecular systems. In this dissertation, I have applied molecular dynamic 
(MD) simulations combined with several state of the art free-energy 
calculation methodologies, to understand structures and binding properties of 
several protein-ligand systems. 

The dissertation consists of six chapters. In the first chapter, I present a brief 
introduction to classical MD simulations, to recently developed methods for 
binding free energy calculations, and to enhanced sampling of configuration 
space of biological systems. The basic features, including the Hamiltonian 
equations, force fields, integrators, thermostats, and barostats, that contribute 
to a complete MD simulation are described in chapter 2. In chapter 3, two 
classes of commonly used algorithms for estimating binding free energies are 
presented. I highlight enhanced sampling approaches in chapter 4, with a 
special focus on replica exchange MD simulations and metadynamics, as both 
of them have been utilized in my work presented in the chapter thereafter. In 
chapter 5, I outlined the work in the 5 papers included in the thesis. In paper I 
and II, I applied, respectively, the molecular mechanics Poisson-Boltzmann 
surface area (MM-PBSA) and alchemical free energy calculation methods to 
identify the molecular determinant of the affibody protein ZAb3 bound to an 
amyloid b peptide, and to investigate the binding profile of the positive 
allosteric modulator NS-1738 with the α7 acetylcholine-binding protein (α7-
AChBP protein); in paper III and VI, unbiased MD simulations were 
integrated with the well-tempered metadynamics approach, with the aim to 
reveal the mechanism behind the higher selectivity of an antagonist towards 
corticotropin-releasing factor receptor-1 (CRF1R) than towards CRF2R, and to 
understand how the allosteric modulation induced by a sodium ion is 
propagated to the intracellular side of the d-opioid receptor; in the last paper, I 
proved the structural heterogeneity of the intrinsically disordered AICD 
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peptide, and then employed the bias-exchange metadynamics and kinetic 
Monte Carlo techniques to understand the coupled folding and binding of 
AICD to its receptor Fe65-PTB2. I finally proposed that the interactions 
between AICD and Fe65-PTB2 take place through an induced-fit mechanism. 
In chapter 6, I made a short conclusion of the work, with an outlook of 
computational simulations of biomolecular systems. 
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Chapter 1 Introduction 

Proteins are dynamic entities that play central roles in many biological 
processes, such as signal transduction, ion permeation, structure organization, 
metabolic reactions and apoptosis.1 They are widespread in bio-systems and 
exert cellular functions through molecular recognition and association, a 
process that enables them to bind to different ligands or targets, including 
proteins, small molecules and nuclear acids, with different specificities and 
binding affinities.2 With the exception of enzyme-catalyzed processes, in 
other the recognition and association cases only noncovalent interactions are 
involved, namely electrostatic interactions, hydrogen bonds, ionic and 
hydrophobic effects.3  

Most proteins can fold spontaneously into unique, three-dimensional 
structures for their biological functions in physiological conditions due to the 
shape complementarity between the proteins or between the proteins and their 
ligands. In this structure-function paradigm, a protein is considered as a rigid 
body with specific binding sites and the ligands (including protein ligands and 
organic molecule ligands) are assumed to be able to bind to a preformed 
“pocket” of the protein without disturbing its tertiary structure significantly. 
Hence, the structure-based interaction model has a broad range of applications 
in computer-aided drug design for proteins such as G protein-coupled 
receptors (GPCRs).4 Some proteins, such as intrinsically disordered proteins 
(IDPs), do not have stable, well-defined structures, but can bind to their 
targets through coupled folding and binding, an association process where the 
folding of a protein or both occurs simultaneously.5 Such proteins include 
amyloid b peptides (Ab) and the amyloid precursor protein intracellular 
domain (AICD) studied in my work. 

To obtain an understanding of how tightly a protein and a ligand are 
combined, we usually need to estimate the binding free energy. If we also 
want to know the exact binding mode and identify the specific residues that 
contribute to the binding, then the tertiary structure of the protein-ligand 
complex with atomic resolution is needed. Moreover, the fundamental aspects 
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of the structure and free energy landscape are required to gain in-depth 
knowledge of the mechanism underlying these binding processes. 

For the above purpose, a branch of experimental methods are now available. 
For instance, isothermal titration calorimetry (ITC) measures directly the 
thermodynamics, both the enthalpy (DH) and entropy (DS) changes, and thus 
defines the binding affinity (DG).6 X-ray crystallography or nuclear magnetic 
resonance (NMR) allows the determination of a folded state with well-defined 
three-dimensional structures or an ensemble of structures in dynamic 
equilibrium.7 Other experimental approaches, such as small-angle X-ray 
scattering (SAXS), fluorescence energy transfer, mass spectrometry-based 
microfluidic platform and NMR relaxation-dispersion experiments, can 
provide valuable information for the binding processes, and are also widely 
applied with an attempt to determine the dynamic properties and to unravel 
the mechanism for the formation of a protein-ligand complex.8,9 

Despite the great advances in experimental techniques, it is still rather 
challenging to reach a complete understanding of the mechanism underlying 
protein-ligand binding at the atomistic level. It is necessary to borrow efforts 
from other techniques to overcome these challenges. One such important 
technique is the molecular dynamics (MD) simulation method,10,11 which can 
provide a dynamical and atomistic insight into intra- and intermolecular 
motions of biomolecules at timescales ranging generally from picoseconds to 
microseconds.  

MD simulations can be traced back to the late fifties of the last century. In 
1977, the first atomistic simulation of a biomolecular system was published 
by Martin Karplus’ group.12 In that work, the bovine pancreatic trypsin 
inhibitor (BPTI) of less than 1000 atoms was simulated at the time scale of 
several picoseconds. Since then, MD simulations (hereafter we mean classical 
MD simulations) have received broad attention and motivated an increased 
interest among the computational community. Thanks to the tremendous 
progress in computer technologies, MD simulations are able to reach up to the 
millisecond timescale or tens of millions of atoms,13 and are nowadays 
indispensable not only for supporting (or interpreting) experimental results, 
but also for exploring the mechanisms underlying complex processes, and 
even for making novel predictions. Since MD simulations are able to provide 
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an atomic-level insight into structural and functional properties as well as 
thermodynamic and dynamic properties of biological systems, they have 
become a powerful tool to integrate into experimental research for the 
understanding of complicated molecules of biological interest. 

In a typical MD simulation of protein-ligand interactions, the accuracy is 
usually determined by two factors. One is the empirical force field with which 
the equations of motion of the system are integrated. In the past decades, great 
efforts have been made to develop and improve molecular mechanical (MM) 
force fields,14 with the aim of generating simulation results that are in good 
agreement with experimental observations. The state of the art force fields, 
including AMBER, CHARMM, and OPLS, are able to produce reliable 
results for most biological systems and are widely applied in the 
simulations.14 Recently, Jiang et al. developed a new force field called the 
residue-specific force field (RSFF1),15 which relies on the local 
conformational preferences of each residue from a protein coil library, and 
found that it works well in protein folding simulations. Furthermore, 
experimental data (e.g. chemical shifts, residual dipole couplings) can also be 
integrated into the development of a force field to increase the accuracy of 
simulations of the natively unfolded proteins, such as IDPs.  

 
Figure	 1.1	 Free	 energy	 barriers	 determine	 the	 amplitude	 and	 timescale	 of	
protein	motions	(adapted	from	Henzler-Wildman	et	al.16).	The	states	A	or	B	
define	 free-energy	 minima	 in	 the	 energy	 landscape.	 The	 finer	 motions	
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usually	 take	 place	 in	 an	 energy	 basin	 (A	 or	 B),	 which	 describe	 the	 fast	
fluctuations	 such	 as	 rotations	 of	 sidechains	 (ps)	 or	 loop	motions	 (ns).	 The	
great	 number	 of	 configurations	 at	 the	 basin	 are	 structurally	 similar.	 The	
energy	 barrier	 between	 states	 A	 and	 B	 determines	 the	 rate	 of	
interconversion.		

The other factor that influences the accuracy of an MD simulation is the 
simulation time. For an MD simulation based on an empirical force field, the 
time step is usually limited by the highest frequency motions (e.g. bond 
stretching and bond bending) and is usually set to 1-2 femtoseconds (10-15 
seconds). However, for a system having several energy basins (Fig. 1.1) that 
are separated by high-energy barriers, the simulation time required to sample 
all the basins often occurs at least at the time scale of microseconds. Hence, if 
we simulate a system which is close to a local energy minimum, the system 
can easily be trapped in that local basin for long time (Fig. 1.1), leading to 
quasiergodicity. To overcome the quasiergodic behavior and to reach a 
thermal equilibrium in the configuration space, the most straightforward way 
is to run super-long-time simulations by using supercomputers17 or special-
purpose machines,18 or via the launched Folding@home project,19 which are 
able to generate MD trajectories with the time scale ranging from micro- to 
mili-seconds. In spite of significant improvements in computer technologies, 
simulations of complicated processes that may have even longer timescales, 
such as those of multidomain protein folding and protein-ligand 
association/dissociation, still represent great challenges that can hardly be 
bypassed in the near future. 

Do we have other ways to circumvent the timescale issue without sacrificing 
atomic resolution in simulations of complex systems (e.g., ligand 
binding/unbinding and protein folding)? The answer is yes. Over the past 
decades, a rich portfolio of computational methods have been proposed,13 
which are generally termed enhanced sampling techniques. Here, I focus only 
on a selection of algorithms of enhanced sampling, and on two well-known 
free-energy calculation methods that I have used in the estimation of the 
binding strength of protein-ligand complexes. I will firstly introduce the free-
energy calculation methods. 
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To estimate the binding affinity (or the free-energy change) of a ligand to a 
protein, we can use the molecular mechanics Poisson-Boltzmann surface area 
(MM-PBSA)20 or alchemical methods21 (free energy perturbation and 
thermodynamic integration). MM-PBSA is an approximate, end-point method 
that calculates the free-energy difference from the endpoints of a reaction, the 
separated protein and ligand state and the final complex state. During an MM-
PBSA calculation, the gas-phase binding energies are computed by the 
molecular mechanic energy function, solute entropies by the quasi-harmonic 
approximation, the electrostatic term of solvation free energy by the PB 
equation and the non-polar term by an approximation proportional to the 
solvent-accessible surface area (SASA). Since the free energy is a state 
function, its estimation depends only on the energies of the initial and final 
states regardless of the intermediate states in the cycle. In the alchemical 
calculation, the ligand is alchemically transformed into another chemical or a 
non-interacting dummy molecule through a number of intermediates in 
nonphysical stages. Both of the above approaches have been applied in drug 
discovery for many target proteins, such as kinase Chk-1, HIV reverse 
transcriptase, trypsin to mention a few of many examples.22,23 We should also 
note that they have their own features: MM-PBSA is fast and can be applied 
to binding free-energy comparisons of a large collection of ligands, but suffers 
from the problem of limited accuracy. The alchemical method is more 
rigorous and accurate, but at the expense of much more computational time, 
and the utility of this approach is usually limited in cases where the binding 
affinities of a large number of ligands with very similar structures are 
compared.  

The search for configuration space can be enhanced with sampling methods in 
terms of either increasing the temperature of the system, or adding an external 
bias potential (force). Parallel tempering (also known as temperature replica 
exchange MD24, T-REMD) simulations belong to a popular enhanced 
sampling method utilizing the former strategy. During a T-REMD simulation 
a group of replicas at different temperatures are simulated in parallel. An 
exchange of coordinates between two neighboring replicas is attempted in a 
regular interval and the exchange is accepted according to the Metropolis 
criterion. Through the swapping, the low-temperature replicas can evolve to 
exchange coordinates with the highest-temperature replica in which energy 
barriers can be crossed easily and the possible local-minimum energy states in 
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the low-temperature replicas are sampled. Since T-REMD can sample a 
system canonically in each replica, it has been employed in the studies of 
many biological systems especially in protein folding research.  

Recently, a more efficient algorithm called replica exchange with solute 
scaling (REST2),25 a revised version of replica exchange with solute 
tempering (REST1),26 has attracted much attention. In a REST2 simulation all 
the replicas are run at the same temperature, but the potential energy terms for 
protein intramolecular and protein-water interactions are, respectively, scaled 
by l and l (0 < l ≤ 1), which amount to the increase of the temperatures of 
the protein and the surrounding water molecules. Because the water-self 
interaction energy term that overwhelms the total potential energy is assumed 
to be unchanged, the number of replicas needed in a REST2 simulation is 
greatly reduced compared with T-REMD that instead heats all the degrees of 
freedom of a system. In addition, REST2 is also found to be extremely 
efficient in sampling the local conformational changes of a system.27-29 

In an alternative class of sampling methods, an additional bias potential (or 
force) as a function of several collective variables (CVs) is added to a system. 
In this case, the selected CVs represent the slow degrees of freedom and are 
supposed to provide a coarse-grained description of this system. A number of 
sampling methods belong to this class, such as umbrella sampling,30,31 
adiabatic bias MD,32 steered MD,33 self-healing umbrella sampling,34 as well 
as metadynamics.35,36 Here, I shall mainly focus on metadynamics.  

Metadynamics is designed to enhance the sampling of rare events and 
reconstruct the related multiple dimensional free energy surfaces (FESs) for 
complex systems. In a metadynamics simulation, a history-dependent bias 
potential as the sum of small Gaussians is added along the trajectory of the 
selected CVs. The bias will then fill a free-energy minimum through time so 
as to encourage the system to escape the energy basin where it is normally 
trapped in and to explore other minima in the FES. Although the normal 
metadynamics is encouraging, the bias potential does not converge to the 
negative free energy.37 Barducci et al. have developed a well-tempered 
metadynamics (WT-Metad)38-40 method with a tuning parameter to control the 
sampling of the conformational space so that the free energy rigorously 
converges modulo a constant to the bias potential. Recently, Dama et al. 
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introduced a novel variant of metadynamics named transition tempered 
metadynamics (TT-Metad),41 in which the bias is added following a minimum 
bias on the maximally biased path scheme. Therefore, this method has the 
optimal performance over WT-Metad in terms of the choice of the tuning 
parameter, the barrier crossing rate and the overall convergence rate. 
Additionally, an adaptive version of metadynamics42 has been introduced with 
the aim to update the Gaussian width according to the local properties of the 
underlying FES, based on the local geometrical properties or on the local 
diffusivity of the variables. Due to the intuitive, efficient, nature, these 
methods have proven highly successful in studies of many biological 
systems.43 

For a system that can be described by a few (1 or 2) CVs, the above methods 
are powerful and allow the simulations to converge at accessible timescales. 
However, for a complex system described by multiple CVs, there is an 
exponential increase in the simulation time. To overcome this issue, Piana and 
Laio developed a new variant of metadynamics (BE-Metad).44 During BE-
Metad simulations, multiple replicas with low-dimensional metadynamics are 
simulated at the same temperature and exchanges of the bias potentials 
between two randomly selected replicas after a fixed time interval are allowed 
through a Metropolis-like acceptance algorithm. In this manner, the whole 
configuration space in the CV ranges can be explored ideally in each replica. 
Since that only one or two CVs in each replica are biased, the computational 
time just scales linearly with the number of CVs. Moreover, due to the 
multidimensional nature of the bias potential, BE-Metad can be used to 
sample complex biological processes, such as protein folding, fibril nucleation 
and protein-ligand binding.45-48 Very recently, a parallel bias scheme (parallel 
bias metadynamics, PB-Metad)49 was proposed, in which multiple low-
dimensional bias potentials are added to the underlying potential. At each time 
interval only one bias potential is turned on while keeping all the others 
inactive, so that the potentially high-energy barriers that characterize high-
dimensional FESs can be surmounted in a computationally feasible way. At 
variance with PB-Metad, in concurrent metadynamics50 a number of low-
dimensional bias potentials are deposited simultaneously, making the free 
energy function from the bias potential different from that in PB-Metad. In the 
three methods stated above, a number of low-dimensional (mono- or two- 
dimensional) free energy landscapes can be directly obtained, and the full 
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high-dimensional FES can also be reconstructed by using reweighting 
schemes. 

Parallel tempering (PT) schemes can be combined with metadynamics in 
order to enhance the sampling of complex systems. For example, in parallel 
tempering metadynamics (PT-Metad)51 a number of replicas are used to 
perform metadynamics simulations at different temperatures based on the 
same set of CVs and an exchange of coordinates between the neighboring 
replicas is attempted. PT-Metad is of high efficiency, because it can overcome 
the weaknesses of each individual approach: The bias potential approach 
allows the system to cross high energy barriers over a few biased CVs, while 
PT allows the low-to-moderate energy barriers to be crossed over all degrees 
of freedom and therefore alleviates the hysteresis due to the neglect of some 
hidden slow degrees of freedom in metadynamics. In my study of the AICD 
system, coupled concurrent metadynamics was coupled to the REST2 method. 
I found that the integrated approach is powerful in conformational search with 
the least requirement for the number of replicas to obtain relatively high 
acceptance probabilities (> 40%). 

In this thesis, a set of simulation methods are used. In Paper I, I used the MM-
PBSA method to analyze the contribution of each residue in an affibody 
protein to its binding to the Ab(1-40) peptide and found several hot-spot 
residues in the affibody.52 In Paper II, molecular docking was firstly used to 
predict the binding sites and modes. Then a more rigorous free-energy 
calculation method, the alchemical method, was applied for the calculation of 
binding free energies of an allosteric modulator bound to a protein receptor.53 
In Paper III, unbiased MD and WT-Metad simulations were performed to 
explain the high selectivity of an antagonist towards a GPCR protein.54 In 
Paper IV, we combined simulations and experiment to reveal the molecular 
mechanism of the allosteric modulation caused by the allosteric sodium ion in 
the d-opioid receptor.55 In Paper V, I employed a set of enhanced sampling 
methods to understand the binding pathway and the underlying coupled 
folding and binding mechanism for the Fe65-PTB2/AICD system.  

 



Chapter 2 Molecular dynamics simulation 9 

 

Chapter 2 Molecular dynamics simulations  

Molecular dynamics (MD) simulations is a powerful tool that can provide an 
atomic-level insight into the structural, thermodynamic and dynamic 
properties of a molecular system. The method has been extensively employed 
in biology, chemistry, and materials science. A number of parameters and 
algorithms are needed during the simulations, such as the parameters of a 
force field, integration algorithm, thermostat, barostat, and so on. In this 
chapter, I will present a brief introduction to some basic aspects of the method. 

2.1 Hamiltonian equations 

In classical MD simulations, the Hamilton equations of motion are 
numerically solved to yield a continuous trajectory of a collection of particles. 
For a system of N particles with masses 𝑚$, coordinates 𝒒$, and momenta 𝒑$, 
the Hamilton corresponds to the total energy which is the sum of the kinetic 
energy and potential energy of the system 

 𝐻 𝒒(, … , 𝒒+; 𝒑(, … , 𝒑- =
1
2

𝒑$1

𝑚$

+

$2(

+ 𝑈 𝒒(, … , 𝒒+ , ( 1 ) 

where the first term on the right-hand side of the equation is the kinetic energy 
(𝐾) and the second term is the potential. The equations of motion of the 
system can be given by the Hamiltonian equations: 

 𝒒$ =
𝜕𝐻
𝜕𝒑$

=
𝒑$
𝑚$
, ( 2 ) 

 
 𝒑$ = −

𝜕𝐻
𝜕𝒒$

= −
𝜕𝑈
𝜕𝒒$

= 𝑭$, ( 3 ) 

where 𝒒$  and 𝒑$  are the time derivatives of the position and momentum of 
particle i, respectively. The first equation delineates a relationship between the 
momentum and velocity of particle i, while the second is functionally equal to 
Newton’s second law (𝑭$ = 𝑚$𝒒$). Hence, the solution of the Hamiltonian 
equations leads to the production of a trajectory of all the particles. 

For an isolated system, the total energy of the system is conserved (9:
9;
= 0) 

and all the microstates will be visited with equal probability if the simulation 
time is sufficiently long. In contrast, if the system is coupled to an external 
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bath, energy exchange can take place between the system and the bath. In this 
case, the system corresponds to a canonical ensemble. The Hamiltonian of the 
system is not conserved and the probability of a phase space point (𝒒,	𝒑) to be 
explored is 

 𝑃(𝒒, 𝒑)𝑑𝑞𝑑𝑝µ	exp	 −b
𝒑$1

2𝑚$

+

$2(

+ 𝑈 𝒒 𝑑𝑞𝑑𝑝, ( 4 ) 

where b  is the reverse product of the Boltzmann constant ( 𝑘H ) and 
temperature (T). The canonical ensemble allows a number of microstates with 
different total energies to be sampled and it is therefore often used in MD 
simulations. 

2.2 Force fields 

In an MD simulation, the force acting on an atom is derived from a potential 
energy function that describes the interactions between the atoms. To define 
these interactions, a so-called force field is often used. A force field in an MD 
simulation refers to both the functional forms of the potential and the related 
parameters. By simplifying the inter-atomic interactions to simple pair-
additive forms, force fields provide a cheap and fairly accurate approximation 
to the potential energy.  

Several state-of-the-art force fields, such as AMBER,56,57 CHARMM,58 
OPLOS59 and GROMOS60, have been widely used in simulating biomolecular 
systems. In this thesis, I applied both the AMBER and CHARMM force fields 
in the simulations of protein-ligand interactions. CHARMM and AMBER are 
quite similar in terms of the functional forms except that in CHARMM two 
additional bonded terms are included. 

In the CHARMM force field, the potential function includes the bonded terms 
(𝑈IJ-KLK) containing those for bond stretching, angle bending, dihedral angle 
torsion, out-of-plane torsion and the cross terms, and the nonbonded terms 
(𝑈-J-I) containing those for van der Waals and electrostatic interactions:  

 
𝑈 = 𝑈IJ-KLK + 𝑈-J-I 
					= 𝑈IJ-K + 𝑈M-NOL + 𝑈K$PLKQMO + 𝑈$RSQJSLQ + 𝑈TH + 𝑈UVWX 
					+𝑈YKZ 	+ 𝑈LOL[, 

( 5 ) 

with 
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 𝑈IJ-K = 𝑘I 𝑏 − 𝑏] 1

IJ-K^

, ( 6 ) 

 𝑈M-NOL = 𝑘_ 𝜃 − 𝜃] 1

M-NOL^

, ( 7 ) 

 𝑈K$PLKQMO = 𝑘a(1 + cos 𝑛𝜙 − 𝛿 ),
K$PLKQMO^

 ( 8 ) 

 𝑈$RSQJSLQ = 𝑘h 𝜑 − 𝜑] 1

$RSQJSLQ^

, ( 9 ) 

 𝑈TH = 𝑘TH 𝑟(,k − 𝑟(,k;]
1

TH

, ( 10 ) 

 𝑈UVWX = 𝑉UVWX
a,m

, ( 11 ) 

 𝑈YKZ = 𝜀$o
𝑟R$-,$o
𝑟$o

(1

− 2
𝑟R$-,$o
𝑟$o

p

-J-I
	$,o

, ( 12 ) 

 
𝑈LOL[ =

𝑞$𝑞o
4𝜋𝜀]𝑟$o-J-I

	$,o

. 
( 13 ) 

The cross terms in eq. (5) include the two-body Urey-Bradley term (𝑈TH) that 
covers the 1-3 atoms, and the torsion/torsion cross term (𝑈UVWX) that is used 
to correct for backbone torsions.  

The van der Waals interaction term shown in eq. (12), is expressed by a 
Lennard-Jones (LJ) 6-12 potential. 𝜀$o is the well depth of the LJ potential and 
has the approximate value of 𝜀o𝜀$ . 𝑟$o  is the interatomic separation. 𝑟R$-,$o 
represents the inter-atomic distance between atoms i and j at the lowest 
potential, which approximately obeys the combining rule (𝑟R$-,$o = 𝑟R$-,$ +
𝑟R$-,o) and is related to s that denotes the sum of van der Waals radius. The 
LJ potential can therefore be reformulated as 

 𝑈YKZ = 4𝜀$o
𝜎$o
𝑟$o

(1

−
𝜎$o
𝑟$o

p

-J-I
	$,o

. ( 14 ) 

In the AMBER force field, the potential energy function is described as 
minimalist in its functional form. It consists of energy terms corresponding to 
the bonded interactions such as bond stretching, angle bending and dihedral 
angle torsion, as well as nonbonded interactions including the van der Waals 
and electrostatic interactions 
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𝑈 = 𝑘I 𝑏 − 𝑏] 1

IJ-K^

+ 𝑘_ 𝜃 − 𝜃] 1

M-NOL^

 

						+
1
2
𝑉- 1 + cos 𝑛𝜙 − 𝛾

K$PLKQMO^

 

+ 𝜀$o
𝑟R$-,$o
𝑟$o

(1

− 2
𝑟R$-,$o
𝑟$o

p

-J-I
$o

+
𝑞$𝑞o

4𝜋𝜀]𝑟$o
.

-J-I
$o

 

( 15 ) 

From eq. (15) we note that the improper dihedral term in the AMBER force 
field shares the same form as the dihedral term, which is different from that in 
the CHARMM force field. We should also note that the force-field parameters, 
such as the force constants, reference distances or angles, may be rather 
different between the AMBER and CHARMM force fields. Hence we shall be 
careful in transferring parameters between the two force fields. 

2.3 Integration algorithms 

It is impossible to integrate the equations of motion for a many-particle 
system with an analytical algorithm. However, we can turn to numerical 
algorithms to solve this problem. 

Verlet integrator 

In MD simulations, one of the most commonly used integrators is the Verlet 
algorithm.61 The basic idea of the algorithm is to use two Taylor series 
expansions to derive the position 

 𝒒 𝑡 + 𝛿𝑡 = 𝒒 𝑡 + 𝛿𝑡𝒒 𝑡 +
1
2
𝛿𝑡1𝒒 𝑡 +

1
6
𝛿𝑡k𝒃 𝑡 + 𝛰 𝛿𝑡z , ( 16 ) 

 𝒒 𝑡 − 𝛿𝑡 = 𝒒 𝑡 − 𝛿𝑡𝒒 𝑡 +
1
2
𝛿𝑡1𝒒 𝑡 −

1
6
𝛿𝑡k𝒃 𝑡 + 𝛰 𝛿𝑡z . ( 17 ) 

By adding eqs. (16) and (17), we get  

 𝒒 𝑡 + 𝛿𝑡 = 2𝒒 𝑡 − 𝒒 𝑡 − 𝛿𝑡 + 𝛿𝑡1𝒒 𝑡 + 𝛰 𝛿𝑡z . ( 18 ) 

In this algorithm, the calculation of the position at 𝑡 + 𝛿𝑡  requires the 
positions in the two previous time steps and the acceleration in the last time 
step. In addition, the velocities that are useful for the calculation of the kinetic 
energy are not explicitly solved, but are typically computed from the first-
order central difference 
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 𝒒 𝑡 =
1
2𝛿𝑡

𝒒 𝑡 + 𝛿𝑡 − 𝒒 𝑡 − 𝛿𝑡 + 𝛰 𝛿𝑡1 . ( 19 ) 

From eq. (16), we can find that the errors due to the truncation of the Taylor 
series expansion for positions are in the order of 𝛿𝑡z. But for the velocities, eq. 
(19) leads to errors in the order of 𝛿𝑡1	. 

Leap-frog integrator 

The leap-frog integrator62 improves the standard Verlet algorithm by applying 
velocities 𝒒 at time 𝑡 − (

1
𝛿𝑡 and positions 𝒒 𝑡  at time 𝑡, which requires the 

forces 𝑭 𝑡  to be first determined at time 𝑡. 

 𝒒 𝑡 +
1
2
𝛿𝑡 = 𝒒 𝑡 −

1
2
𝛿𝑡 +

𝛿𝑡
𝑚
𝑭 𝑡 , ( 20 ) 

 𝒒 𝑡 + 𝛿𝑡 = 𝒒 𝑡 + 𝛿𝑡𝒒 𝑡 +
1
2
𝛿𝑡 . ( 21 ) 

In this algorithm the velocities at time 𝑡 + (
1
𝛿𝑡 are calculated. They are then 

used to calculate the positions 𝒒 at time 𝑡 + 𝛿𝑡. In this way, the velocities and 
positions are updated with a half time step offset. As a result, it looks like that 
the velocities leap over the positions and then the positions leap over the 
velocities. It should be noted that the velocities at time 𝑡 are not computed, 
but can be obtained approximately through the following equation: 

 𝒒 𝑡 =
1
2
𝒒 𝑡 −

1
2
𝛿𝑡 + 𝒒 𝑡 +

1
2
𝛿𝑡 . ( 22 ) 

With the velocities at time 𝑡, the kinetic energy (or the temperature) of the 
system can be obtained. The leap-frog algorithm is computationally efficient 
and time-reversible, and eliminates the problems existing in the Verlet 
algorithm. The integrator has been applied in our MD simulations.  

Additionally, another popularly used integrator is the Velocity Verlet 
algorithm, which is more rigorous than the Verlet integrator by using the 
velocity directly. It allows one to update the positions and velocities via the 
velocities and positions at time 𝑡, and the accelerations at time 𝑡 and 𝑡 + 𝛿𝑡. 

2.4 Periodic boundary conditions 

In an MD simulation, the number of atoms that can be simulated is always 
limited. In order to study the properties of a real macroscopic system (e.g. ~ 
1023 atoms), we can simulate a smaller system consisting of hundreds or 
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thousands of atoms in a simulation box and use the periodic boundary 
conditions (PBCs).63  

 
Figure	 2.1	 Schematic	 illustration	of	periodic	 images	of	a	2-dimensional	unit	
cell.	

By using the PBC method (Fig. 2.1), the unit cell of the modeled system is 
embedded in a space filled by an infinite number of periodic images located in 
each direction of the cell. In this case, the atoms will not feel surface forces, 
so the surface effects are minimized. PBCs are often applied together with the 
usual minimum image convention. Whenever an atom leaves the unit cell from 
one side, a duplicate with the same velocity will enter into the box from the 
opposite side from the neighboring box so that the total number of atoms in 
the unit cell stays constant. An atom in the simulation box will not only form 
interatomic interactions with the others in this box, but also interact with its 
images in the surrounding boxes.  

2.5 Cutoff methods  

The most time consuming part of an MD simulation is usually the calculation 
of nonbonded energies and forces. For instance, if the van der Waals 
interactions among all the atoms in the simulation box are considered, the 
computational cost at each time step would scale exponentially as the system 
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size, causing a heavy computational burden especially for a large system. On 
the other hand, some interactions (e.g. van der Waals interactions) decay 
notably with the increase of interatomic distance (𝑟). We can thus introduce a 
spherical cut-off (𝑟[) and only the van der Waals interactions within this cut-
off are explicitly considered.  

There are three different kinds of cutoff methods used in MD simulations, 
namely truncation, shifting and switching. For the truncation method, the 
forces are calculated as usual if the interatomic distances are less than 𝑟[, and 
are abruptly truncated to zero at distances equal to the cut-off. Such a simple 
truncation is usually problematic because it introduces a discontinuity in the 
potential at 𝑟[, and causes an infinite force for an atom pair when crossing the 
cut-off.  

The shifting method shifts a potential by a constant (and a linear term) such 
that the force is zero at 𝑟[. This method ensures the continuity of the potential 
at 𝑟[, and avoids the force at 𝑟[ being infinity  

 𝑈{| 𝑟 =
𝑈YKZ 𝑟 − 𝑟 − 𝑟[ ∇𝑈YKZ 𝑟[ − 𝑈YKZ 𝑟[ 	,
0																																																																												,

				𝑟 ≤ 𝑟[
				𝑟 > 𝑟[

. ( 23 ) 

Another approach is to switch off the potential between a distance and the cut-
off, by adding a switch function to the original potential function or directly 
multiplying the potential with a cutoff function. The latter case can be 
implemented with a cutoff function ( 𝑓U(𝑟) ) of a so-called Tersoff-like 
potential, a switching potential; 

 𝑈^S 𝑟 = 𝑓U 𝑟 𝑈YKZ 𝑟 , ( 24 ) 

with  

 𝑓U 𝑟 =

1																																																					, 𝑟 ≤ 𝑅 − 𝐷																											
1
2
1 − sin	

𝜋
2
𝑟 − 𝑅
𝐷

									 , 𝑅 − 𝐷 < 𝑟 < 𝑅 + 𝐷 = 𝑟[.

0																																																					, 𝑅 + 𝐷 ≤ 𝑟																											

 ( 25 ) 

Through the switch function, the potential is unchanged at distances less than 
𝑅 − 𝐷, and starts to decay sinusodially at the interval (𝑅 − 𝐷, 𝑅 + 𝐷), beyond 
which it decays to zero (Fig. 2.2). 
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Figure	2.2	The	switching	potential	of	the	van	der	Waals	interaction.	

The above three approaches can also be applied to the electrostatic potential 
and force. However, the electrostatic interaction is a long-range interaction 
and neglecting the interaction outside a cut-off will often give rise to 
instability in the simulation, so we need to include both the short- and long-
range terms. For an MD simulation with PBCs, the long-range electrostatic 
interactions are often recovered by using the Particle-Mesh-Ewald (PME) 
summation scheme.64 

2.6 Energy minimization 

The aim of energy minimization is to find a local minimum on the potential-
energy surface of a structure so that the net force imposed on each atom 
vanishes. Energy minimization before an MD simulation is especially useful 
in treating the initial structure with bad contacts (e.g. two non-bonded atoms 
stay too close each other), which allows the resulting structure to be suitable 
for subsequent equilibration and production runs. Steepest descent (SD), 
conjugate gradient (CG) and the limited-memory Broyden-Fletcher-Goldfarb-
Shanno (L-BFGS) algorithms are three commonly used minimization methods.  

In the SD minimization method, the system is pushed following the negative 
gradient of the potential function (force) to search a state in a local minimum. 
SD is quite efficient in removing bad contacts in an unreasonably high-energy 
structure. It is, however, inefficient in reaching a local minimum and can lead 
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the search towards a local minimum close to the initial point. CG uses the 
history gradient information to update the coordinates and thus the potential. 
For a system that is close to the minimum, CG is found to converge fast 
during the minimization process. L-BFGS uses a symmetric and positive 
definite matrix to approximate the inverse Hessian of the potential function. 
This algorithm requires fewer function evaluations than the CG method and 
converges therefore faster.  

In many cases, a combined usage of minimization methods is preferable. For 
instance, an SD minimization is carried out to remove highly unfavorable 
clashes, which is then followed by a CG minimization process to make the 
structure reach a local minimum. 

2.7 Thermostats 

MD simulations are usually executed in the isothermal-isobaric (NPT) or the 
canonical (NVT) ensembles. To maintain the temperature of a system, we 
need to couple it to a thermostat (bath) with a fixed temperature. Several 
thermostats are now available, of which Velocity rescaling, Langevin 
dynamics, Berendsen, Stochastic velocity rescaling, and Nosé-Hoover 
thermostats are often employed. 

Velocity rescaling  

Velocity rescaling was the first method proposed to keep the system 
temperature close to the desired temperature. In this algorithm, the velocities 
of atoms are multiplied by a factor λ to obtain the desired temperature of the 
external bath. The temperature of a system with N atoms has a direct 
relationship to the kinetic energy (here, we do not subtract the degrees of 
freedom from the total linear momentum for simplicity),  

 𝐾 =
𝑚$𝒒$1

2

+

$2(

=
3𝑁
2
𝑘H𝑇 𝑡 , ( 26 ) 

which gives rise to the instantaneous temperature 

 𝑇 𝑡 =
𝑚$𝒒$1+

$2(

3𝑁𝑘H
. ( 27 ) 

Therefore, to obtain the desired temperature 𝑇] , the scaling factor should 
satisfy 
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 λ =
𝑇]
𝑇(𝑡)

. ( 28 ) 

The velocity-rescaling thermostat is straightforward and generates the correct 
mean temperature. However, the method does not produce canonical 
distributions for the given temperature. In addition, it leads to discontinuities 
in the momentum (velocity), which further affects the positions of the atoms, 
so that the trajectory is also not continuous or time-reversible.  

Berendsen thermostat  

Similar to the velocity rescaling scheme, the Berendsen algorithm65 
(alternatively termed the weak-coupling thermostat) tries to generate the 
correct temperature fluctuations by multiplying the velocities by a factor λ in 
a different form: 

 λ = 1 +
𝛿𝑡
𝜏�

𝑇]
𝑇 𝑡

− 1 , ( 29 ) 

where 𝜏� is a relaxation time or coupling parameter determining how tightly 
the bath and system are coupled together, and 𝛿𝑡 is the time step. From the 
above equation, we can find that if 𝜏�  is small enough (e.g. 𝜏� = 𝛿𝑡 ) the 
velocities are rescaled in the velocity-rescaling fashion, while if 𝜏�  has a 
larger value (𝜏� ≫ 𝛿𝑡) the system is weakly coupled and a larger number of 
time steps are needed to reach the reference temperature.  

The Newton’s equation of motion for the system is changed accordingly  

 𝑚$𝒒$ = 𝑭$ + 𝑚$𝛾
𝑇]
𝑇 𝑡

− 1 𝒒$, ( 30 ) 

where 𝛾 is related to 𝜏� by 𝜏� =
(
1�

.  

In the Berendsen method, the velocities at each time step are scaled with λ, 
such that it is quite efficient to push the instantaneous temperature towards the 
prescribed value (𝑇]) for systems that are far from equilibrium. However, the 
method still suffers from some problems, such as that fluctuations of the 
kinetic energy are suppressed and are not consistent with the canonical 
ensemble.  
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Langevin dynamics 

Langevin dynamics can be viewed as to couple a system (e.g. a molecule) to a 
heat bath filled with a fluid of much smaller and lighter Brownian particles.66 
These particles continuously jostle the molecule, giving rise to a viscous drag 
force (−𝛾𝒑$) opposite to the direction of the momentum, and a random noise 
term due to the stochastic collisions with the solvent 

 𝑑𝒑$ = −
𝜕𝐻
𝜕𝒒$

𝑑𝑡 − 𝛾𝒑$𝑑𝑡 + 𝑹$ 𝑡 𝑑𝑡, ( 31 ) 

where 𝛾 is a friction coefficient measuring the strength of the coupling, 𝑹$ 𝑡  

has the amplitude of 2𝛾𝑚$𝑘H𝑇𝑑𝑾$ 𝑑𝑡 that depends on the particle mass 
𝑚$  and the friction coefficient 𝛾 , and the average temperature 𝑇 . Here, 
𝑾$ 𝑡 , … ,𝑾-(𝑡) are the vectors of independent Wiener processes (Brownian 
motions) at time 𝑡. Since 𝑹$	stands for the random collision term it has a zero 
mean value ( 𝑹 𝑡 = 0 ) and is assumed to have the covariance of 
𝑹$ 𝑡 𝑹o 𝑡 + 𝜏 = 2𝛾𝑚$𝑘H𝑇𝛿 𝜏 𝛿$o , where the 𝛿-functions means that the 

random forces are uncorrelated both in time and across particles.  

The change of Hamiltonian 𝑑𝐻 of the system is corrected by 

 𝑑𝐻 𝑡 = 𝐾 − 𝐾 𝑡
𝑑𝑡
𝜏�
+ 2

𝐾𝐾 𝑡
𝑁�𝜏�

𝑑𝑊 𝑡 , ( 32 ) 

where 𝜏� is a relaxation time (𝜏� =
(
1�

), 𝐾 is the average kinetic energy, and 

𝑁�  is the number of degrees of freedom relating to 𝐾	(𝐾 = (
1
𝑘H𝑇𝑁�). This 

equation explicitly shows that the system not only couples globally to a heat 
bath, but is also subject locally to random noise. The Langevin algorithm 
converges to the canonical ensemble, but is sensitive to the parameter 𝛾 which 
disturbs the dynamics considerably. 

Stochastic velocity rescaling 

Bussi et al. proposed a stochastic velocity rescaling (SVR) scheme67 with the 
aim at improving the Langevin thermostat by minimizing the perturbation to 
the dynamics. Different from the Langevin dynamics which uses independent 
random forces acting on each degree of freedom, the algorithm uses a single 
random force that acts on all the degrees of freedom at each time step. By 
coupling the system to the SVR thermostat, we have 
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 𝑑𝒑$ = −
𝜕𝐻
𝜕𝒒$

𝑑𝑡 +
1
2𝜏�

1 −
1
𝑁�

𝐾
𝐾
− 1 𝒑$𝑑𝑡 +

𝐾
𝑁�𝐾𝜏�

𝑝$𝑑𝑾 𝑡 , ( 33 ) 

If there is only one degree of freedom (𝑁� = 1) for the system, eq. (33) equals  

 

𝑑𝒑$ = −
𝜕𝐻
𝜕𝒒$

𝑑𝑡 +
1
2𝜏�

−1 𝒑$𝑑𝑡 +
𝐾
𝐾𝜏�

2𝑚$𝐾𝑑𝑾 𝑡  

			= −
𝜕𝐻
𝜕𝒒$

𝑑𝑡 −
1
2𝜏�

𝒑$𝑑𝑡 +
𝑘H𝑇
2𝐾𝜏�

2𝑚$𝐾𝑑𝑾 𝑡  

			= −
𝜕𝐻
𝜕𝒒$

𝑑𝑡 − 𝛾𝒑$𝑑𝑡 +
𝑚$𝑘H𝑇
𝜏�

𝑑𝑾 𝑡 																 

																						= 	−
𝜕𝐻
𝜕𝒒$

𝑑𝑡 − 𝛾𝒑$𝑑𝑡 + 2𝛾𝑚$𝑘H𝑇𝑑𝑾 𝑡 ,														 

( 34 ) 

One finds that this equation becomes equivalent to the Langevin equation (eq. 
(31)) in the case where 𝑁� = 1. Hence SVR can be considered as a general 
version of the Langevin algorithm. 

Eq. (32) still holds in the case of the SVR method, except that the single noise 
term (𝑑𝑾 𝑡 )  is used for all the particles. The SVR thermostat not only 
ensures the correct temperature distribution of a system, but also minimizes 
the disturbance on the dynamics. Moreover, the method has a weak 
dependence on the relaxation time 𝜏� , so that the selection of 𝜏�  can be 
chosen feasibly.  

The Nosé-Hoover thermostat68,69 is another gentle thermostat capable of 
generating correct temperature fluctuations. By using this thermostat, the 
Hamiltonian of a system is extended by coupling it to a thermal reservoir and 
a friction term. It can be applied in MD production runs.  

2.8 Barostats 

For MD simulations performed in the NPT ensemble, the pressure of a system 
is controlled through dynamically adjusting the volume or shape of a 
simulation cell by coupling the system to a barostat. Many algorithms used for 
adjusting the temperature of an MD simulation can also be adapted to the 
control of the pressure. Here, I briefly introduce two of the most frequently 
used barostats, namely the Berendsen and Parrinello-Rahman barostats.  
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Considering a system in a cubic box of finite size, the pressure can be derived 
from the virial theorem 

 𝑊;J; = −3𝑁𝑘H𝑇 = −3𝑃𝑉 + Ξ, ( 35 ) 

where 𝑉 is the box volume, −3𝑃𝑉 is the external virial due to the interactions 
between the particles and the wall of the box, and Ξ is the inner virial for 
particle-particle interactions and is expressed by Ξ = 𝑭$. 𝒒$+

$ . Therefore, the 
pressure of the system can be obtained as 

 𝑃 =
1
3𝑉

3𝑁𝑘H𝑇 + 𝑭$. 𝒒$

+

$

. ( 36 ) 

It is obvious from eq. (36) that the pressure control can be achieved by 
changing the inner virial via the scaling of the inter-particle coordinates. This 
strategy is used in the Berendsen barostat.  

Similar to the case in the Berendsen thermostat, the volume of the simulation 
cell can be scaled by a rescaling factor 𝜂 

 𝜂 𝑡 = 1 −
𝛿𝑡
𝜏X
𝛾 𝑃] − 𝑃 𝑡 , ( 37 ) 

where 𝛿𝑡 is the time step, 𝜏X is the relaxation time constant determining the 
coupling strength, 𝛾  is isothermal compressibility, and 𝑃]  is the desired 
pressure that the system will finally reach. For a simulation box with isotropic 
scaling, both the coordinates and box vectors are scaled by 𝜂( k. 

With the Berendsen barostat, the cell size is scaled at each time step while the 
cell shape remains invariant. The algorithm is found to be extremely efficient 
for a system to reach a desired pressure, but it does not result in a correct 
thermodynamic ensemble, so it is often suggested to be applied only in the 
beginning of an MD simulation.  

Parrinello et al. proposed an extended-ensemble pressure coupling algorithm, 
the Parrinello-Rahman barostat70 (formulae are not given here). In this method 
the unit cell is represented by a box matrix, which allows the variations of not 
only the volume but also the shape of the cell. With this algorithm, 
simulations can be carried out both in isotropic or anisotropic conditions, and 
the fluctuation of the pressure will behave correctly. The Parrinello-Rahman 
barostat can be recommended for use in production runs. 
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Chapter 3 Free energy calculation methods 

3.1 MM-PBSA 

Recent advances in computational hardware, force fields, and more accurate 
and sophisticated methodologies have enabled us to compute thermodynamic 
and dynamic properties of complicated systems, such as protein-ligand 
systems. For protein-ligand interactions, one of the most important properties 
we want to obtain is the free energy of binding, which describes the affinity of 
a ligand bound to a protein.  

Numerous approaches with different computational loads and accuracies have 
been proposed over the last decades. Among the available methods, molecular 
docking methods are computationally most efficient, but are subject to 
inaccuracies because of the employment of empirical scoring functions for 
energy estimation. Alchemical methods explicitly incorporate the 
contributions of solvent molecules, which yield rigorous results at the cost of 
heavy computational loads. The hybrid methods, such as molecular mechanics 
Poisson-Boltzmann surface area (MM-PBSA)20,71 and molecular mechanics 
generalized Born surface area (MM-GBSA)72 methods, which combine 
molecular mechanics energies and a continuum solvent model for solvation 
energies, are found computationally inexpensive to calculate free energies at 
moderate levels of accuracy. They have therefore been applied in many 
protein-ligand cases. 

MM-PBSA is an end-point free energy calculation method, which takes into 
account only the ending structures of a reaction for estimating the ligand 
binding free energy and relative free energy differences among different 
conformational states. MM-PBSA often computes binding free-energies based 
on the snapshots of a trajectory obtained from an MD simulation with an 
explicit solvent. For a protein-ligand system, the free energy difference for a 
ligand (L) binding to a protein (P) to form a complex (PL) is expressed as  

 ∆𝐺I$-K = 𝐺 𝑃𝐿 − 𝐺 𝑃 − 𝐺 𝐿 , ( 38 ) 
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where 𝐺 𝑃 , 𝐺 𝐿  and 𝐺 𝑃𝐿  are the free energies of the protein, ligand, and 
their complex, respectively. The free energy of each term (represented by X) 
is obtained by 

 G 𝑋 = 𝐸VV 𝑋 + 𝐺^JO 𝑋 − 𝑇𝑆 𝑋 , ( 39 ) 

where 𝐸VVis the potential energy of the solute X, 𝐺^JO is the solvation free 
energy, 𝑆 is the solute entropy and T is the temperature. For each snapshot, 
the solvent molecules and counterions are stripped, leaving the solute 
molecules only to obtain the molecular mechanics energy (𝐸VV). The bonded 
term (𝐸IJ-KLK) in 𝐸VV  is computed in the same way as in the simulation, 
while the nonbonded terms (𝐸-J-I) are calculated without cutoffs so as to 
incorporate all the nonbonded, pairwise interactions.  

 𝐸VV 𝑋 = 𝐸IJ-KLK 𝑋 + 𝐸-J-I 𝑋 , ( 40 ) 

with 

 𝐸IJ-KLK 𝑋 = 𝐸IJ-K 𝑋 +𝐸M-NOL 𝑋 +𝐸;JQ^$J-^ 𝑋 , ( 41 ) 

 𝐸-J-I 𝑋 = 𝐸YK� 𝑋 + 𝐸LOL[ 𝑋 . ( 42 ) 

The solvation free energy (𝐺^JO) is approximated as the sum of the polar and 
nonpolar contributions, with the polar term (𝐺XH) solved by means of the PB 
approach.71 The nonpolar term (𝐺-S) is further decomposed into two parts, the 
van der Waals attractive energy (𝐺YK� ) between the solute and solvent 
molecules, and the unfavorable energy (𝐺[MY) 

 𝐺^JO 𝑋 = 𝐺XH 𝑋 + 𝐺-S 𝑋 = 𝐺XH 𝑋 + 𝐺YK� 𝑋 + 𝐺[MY 𝑋 , ( 43 ) 

with  

 𝐺[MY = 𝛾 ∙ 𝑆𝐴 + 𝑏, ( 44 ) 

where 𝛾 is the surface tension, 𝑆𝐴 is the solvent accessible surface area, and 𝑏 
is a regression offset. Therefore, the final binding free energy can be 
reformulated as the sum of the energy differences between the complex and 
the isolated structures (L, P) in terms of 𝐸VV, 𝐺XH, 𝐺YK�, 𝐺[MY and −𝑇𝑆 

 ∆𝐺I$-K = ∆𝐸VV + ∆𝐺XH + ∆𝐺YK� + ∆𝐺[MY − 𝑇∆𝑆. ( 45 ) 
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In our work, 𝐺XH  is obtained by solving the linear Poisson-Boltzmann 
equation,73 

 −∇ ∙ 𝜀 𝒓 ∇𝜙 𝒓 = 𝜌� 𝒓 + 𝜌R 𝒓 , ( 46 ) 

where 𝜙 𝒓  is the electrostatic potential we want to obtain and 𝜀 𝒓  is the 
position dependent dielectric constant. 𝜌� 𝒓  on the right-hand side is the 
fixed partial-atomic-charge distribution, which models the partial atomic 
charges as 𝛿-functions with positions at 𝒓$  and charge magnitudes of 𝑞$ . 
The mobile term, 𝜌R 𝒓 , is the charge distribution of counterions, which is 
assumed to follow a Boltzmann distribution.  

 𝜌� 𝒓 =
4𝜋𝑒[1

𝑘H𝑇
𝑞$𝛿 𝒓 − 𝒓$ ,

$

 ( 47 ) 

 𝜌R 𝒓 = −𝜅1𝜙 𝒓  ( 48 ) 

where	𝑒[ is the charge of an electron, 𝜅1 is the ion accessibility function. With 
the electrostatic potential available, the polar term of the solvation free energy 
is estimated as  

 𝐺XH 𝑋 =
1
2

𝑞$
$

𝜙$¡] − 𝜙$( . ( 49 ) 

where 𝜙$(  is the electrostatic potential determined with the same charge 
distribution in the presence of a low dielectric medium (vacuum). 

The MM-PBSA method can also be used to post-process the alanine-scanning 
analysis for the identification of the hot-spot residues. During the process, the 
side chain of a residue (with the exception of glycine or proline) is truncated 
to yield an alanine, the binding free-energy is calculated using the snapshots 
for the wildtype, and the final relative binding energy is estimated as the 
difference in the binding free energy between the mutated and the wildtype 
systems 

 ∆∆𝐺I$-K = ∆𝐺I$-KR¢;M-; − ∆𝐺I$-KZ;  ( 50 ) 

Binding free energies can be computed based on a single trajectory of the 
complex, or on three trajectories of the protein, ligand and protein-ligand 
complex individually. In the three-trajectory method, conformational changes 
of the protein and ligand upon the complex formation are explicitly taken into 
account. Such structural rearrangements are often important, as they may 
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contribute a fair amount (several kcal/mol) to the binding energies. On the 
other hand, the molecular mechanics energies in this case do not cancel out. 
They usually have the magnitude of hundreds or thousands of kcal/mol, which 
often lead to large uncertainties (noise) for the free energy difference 
calculations. In the alternative one-trajectory method, the protein and ligand 
conformations are assumed to remain unchanged during the binding process, 
so their conformations are extracted from the trajectory of the protein-ligand 
complex. With this method the intramolecular contributions cancel out exactly. 
Although the conformational flexibility of the unbound states is neglected, 
this method yields much less noise than the three-trajectory version in most 
cases, and is usually selected for the MM-PBSA calculations.  

The drawbacks of MM-PBSA, however, are also due to the approximations in 
the solvation effect (including both polar and nonpolar terms) and solution 
entropy terms. In the single-trajectory approach, the bound ligand is assumed 
to take the same conformations as it would be in the solvated state, which 
makes the estimations of ligand entropy and intramolecular interactions quite 
questionable. Multiple runs with different initial conditions may be tried in 
this case, but the free energies obtained possibly converge to different values, 
resulting in large uncertainties.74 In addition, the performance can be 
influenced by some settings (such as, the solute dielectric constant), which 
complicates the determination of the parameters adopted.75 Therefore, a 
common strategy is to compare the binding free energies of a group of ligands 
with similar structures or to compute the relative binding free energies as 
shown in our work. 

3.2 Alchemical free-energy calculations 

Accurate estimations of the binding affinity of a ligand to a protein have been 
considered as a holy grail of computational biology. To this end, free-energy 
estimation approaches of different working principles combined with Monte 
Carlo (MC) or MD simulations are often applied to provide rationales for 
experimental observations and to further aid the design of new ligands with 
potentially high binding affinities. Of the available free energy calculation 
methods, alchemical techniques represent the most rigorous way to determine 
the binding free energy of a ligand or relative binding energies of a group of 
structurally similar ligands.  
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Since the free energy is a state function, the free energy difference of a 
binding event depends only on the free energies of the two states, the unbound 
and bound states. We can thus design a (non-physical) thermodynamic cycle 
with the end states connected by some alchemical intermediate states (Fig. 
3.1), and implement alchemical modifications to the ligand both in solution 
and in the receptor-bound state. The alchemical modifications proceed from 
an end state along the cycle to finally arrive at the other end state. By 
summing over the free-energy differences in each stage the total free energy 
change, namely the binding free energy, can be obtained. The relative binding 
energy between two similar ligands bound to the same target can also be 
calculated. In this case, one ligand is partially transmuted into the other, 
instead of being annihilated entirely as in the absolute binding free-energy 
estimation. 

As shown in Fig. 3.1, a complete binding free energy estimation generally 
requires two sets of simulations, one set of simulations corresponds to the 
annihilation of the ligand in solution via progressively decoupling the 
electrostatic and van der Waals interactions and the application of restraints to 
the ligand; the other set is responsible for creating the ligand atoms in the 
receptor-bound state by means of coupling those intermolecular nonbonded 
interactions, and removing the restraints imposed on the protein-ligand 
complex gradually. For each set of calculations, a number of alchemical 
intermediates are simulated separately.  
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Figure	 3.1	 Schematic	 illustration	 of	 an	 alchemical	 thermodynamic	 cycle	 for	
the	estimate	of	 the	absolute	 free	energy	calculation	 (adapted	 from	Aldeghi	
et	 al76).	 The	 untouched,	 fully	 interacting	 ligand	 in	 the	 solvent	 (A)	 is	
annihilated	 to	 become	 a	 non-interacting	 molecule	 (B)	 by	 progressively	
decoupling	 its	 non-bonded	 interactions,	 which	 yields	 the	 term	∆𝐺LOL[_YKZ^JOY ;	
the	 ligand	 is	 then	 restrained	 by	 a	 set	 of	 restraints	 (C),	 but	 it	 still	 does	 not	
interact	with	 the	 environment,	 such	 restraints	 can	 be	 obtained	 analytically	
(∆𝐺QL^;Q^JOY );	the	restrained,	non-interacting	ligand	in	(C)	is	equivalent	to	that	in	
(D),	 in	which	the	annihilated	ligand	is	restrained	at	the	binding	pocket	of	its	
receptor;	 after	 that	 the	 van	der	Waals	 and	electrostatic	 interactions	of	 the	
ligand	are	gradually	 recovered	 (E),	 resulting	 in	 the	energy	 (∆𝐺LOL[_YKZ

SQJ; );	 the	
restraints	 formed	 between	 the	 receptor	 and	 ligand	 are	 removed	 (F),	
generating	an	energy	term	(∆𝐺QL^;Q

SQJ; ),	and	the	final-reached	state	corresponds	
to	 the	 desired,	 unrestrained	 system.	 The	 binding	 free	 energy	 can	 also	 be	
derived	from	the	reverse	process	of	the	alchemical	cycle	(F→A).		

In the alchemical algorithms, the potential is changed gradually by a 
parameter 𝜆 that couples the initial-state and end-state potential functions, so 
that the system is progressively transformed to the desired end state through 
multiple alchemical intermediate states. This can be achieved by applying a 
linear mixing rule 

 𝑈 𝜆 = 1 − 𝜆 𝑈] + 𝜆𝑈(, ( 51 ) 

where 𝑈]  and 𝑈(  correspond to the potential of the initial and final state, 
respectively. 

For the purpose of having a relatively high overlap between neighboring 
states, decouplings of the van der Waals and electrostatic interactions between 
the ligand and its environment are often carried out one after another. The 
annihilation of the electrostatic interactions can be achieved by the linear mix 
rule described above, while for the van der Waals terms such a treatment 
would result in severe defects for the systems where the alchemical groups are 
created or annihilated, due to the singularities in this potential function. Such 
singularities occur when these modified (dummy or near dummy) atoms are 
very close to the real atoms in a simulation, which lead to numerical 
instabilities of the system and thus a slowly convergent process. Various 
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effective techniques have been suggested to circumvent these singularities. In 
our work, we used a soft-core approach77 to treat the van der Waals 
interactions of the disappearing atoms with their environment 

 𝑉[ = 4𝜀 1 − 𝜆 𝛼𝜆 +
𝑟
𝜎

p §1

− 𝛼𝜆 +
𝑟
𝜎

p §(

, ( 52 ) 

where 𝜀, 𝜎 are the normal LJ parameters, 𝑟 is the interatomic separation and 𝛼 
a user-defined parameter. It is notable that when 𝜆 equals zero, that is, the 
system is in the initial state, eq. (52) restores the normal LJ potential function; 
as the coupling parameter approaches 1 (e.g. 𝜆 = 0.99), the above equation 
turns into a smooth function, which allows those vanishing atoms to lie in 
very close distance to the real atoms, yielding a finite penalty at 𝑟 = 0; in the 
case of 𝜆 = 1 , the interactions disappear. Similarly, for the LJ potentials 
involving incoming atoms the above soft-core potential can be written as 

 𝑉[ = 4𝜀𝜆 𝛼 1 − 𝜆 +
𝑟
𝜎

p §1

− 𝛼 1 − 𝜆 +
𝑟
𝜎

p §(

. ( 53 ) 

When the ligand is annihilated or weakly coupled in the receptor-bound state, 
it is free for the ligand to wander anywhere in the simulation system, which 
makes it impossible to converge the simulation in a short time. To speed up 
the convergence in these unphysical steps, a set of restraints are often applied 
to keep the ligand’s position and orientation stable with respect to its partner. 
In our work, we add six harmonic restraints, including one distance, two 
angles and three dihedrals formed between the ligand and receptor, following 
the protocol described by Boresch et al.78 The free energy changes in the 
standard state due to the removal of these restraints can be analytically solved 
in a reliable and efficient way  

 ∆𝐹QL^] = −𝑘H𝑇𝑙𝑛
8𝜋1𝑉]

𝑟]1𝑠𝑖𝑛𝜃W,]𝑠𝑖𝑛𝜃H,]

𝐾Q𝐾_®𝐾_¯𝐾a®𝐾a¯𝐾a°
2𝜋𝑘H𝑇 k

(
1
, ( 54 ) 

where the standard volume 𝑉] = 1660Åk; 𝐾Q ,	𝐾_® ,	𝐾_¯ ,	𝐾a® ,	𝐾a¯ ,	𝐾a°  are 
the force constants for each of the six restraints; 𝑟], 𝑠𝑖𝑛𝜃W,], 𝑠𝑖𝑛𝜃H,] are the 
reference values for the intermolecular distance and two angles, respectively.  

For the calculation of the free-energy difference in an alchemical stage, 
several analytical techniques are now available. Exponential averaging (EXP) 
proposed by Zwanzig79 has been employed for the calculation of the free-
energy difference between two end states. In a canonical simulation of the 
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initial state, the free energy difference can be directly obtained by using the 
difference of Hamiltonians (in practice, potential energies) between the states: 

 ∆𝐹 = −𝛽§(𝑙𝑛 𝑒§² :³§:´ ] = −𝛽§(𝑙𝑛 𝑒§²∆T´→³ ], ( 55 ) 

with 

 
									 𝑒§²∆T´→³ ] = 𝑒§²∆T´→³ 𝜌] 𝒒 𝑑𝒒		

= 𝑒§²∆T 𝜌] ∆𝑈; ∆𝑈]→( 𝑑∆𝑈, 
( 56 ) 

where ∆𝑈]→( = 𝑈( − 𝑈] , 𝐻]  and 𝐻(  are the Hamiltonians of the initial and 
final state, respectively, á ñ0 represents the expectation value calculated from a 
forward simulation, 𝜌] 𝒒  and 𝜌] ∆𝑈; ∆𝑈]→(  are the probability 
distributions. 𝜌] ∆𝑈; ∆𝑈]→(  can be described by a d-function 
𝜌] ∆𝑈; ∆𝑈]→(  = 𝛿 ∆𝑈 − ∆𝑈]→( ]. 

EXP is thus represented by a two-state equation, which is simple and can 
yield an exact solution in cases where the phase space overlap between the 
states is high. On the other hand, we find that the above equation is dominated 
by the exponential factor, which means that the conformations that correspond 
to the low values of ∆𝑈]→(  would contribute the most to the ensemble 
average, but those with ∆𝑈]→( distributions in the tail of 𝜌] ∆𝑈; ∆𝑈]→(  are 
hardly sampled. Therefore, the overlap for most systems is very poor in the 
available simulation time, giving rise to inefficiency and large statistic 
uncertainties of the results. 

Another popular method in alchemical simulations is thermodynamic 
integration (TI).80 With this estimator, the derivative of 𝐹 with respect to 𝜆 is 
constructed, then the total change in the free energy is obtained by a 
numerical integration of the derivative.  

 Δ𝐹 =
𝑑𝐹
𝑑𝜆

𝑑𝜆
(

]
=

𝜕𝑈
𝜕𝜆 ¶ 𝑑𝜆

(

]
. ( 57 ) 

A more commonly used estimator, termed multistate Bennett acceptance ratio 
(MBAR),81,82 has been reported to determine free energy changes with both 
efficiency and minimum variance. Free energy difference is then measured by 
using the information from both forward and reverse simulations 

 ∆𝐹 = −𝛽§( 𝑙𝑛
𝑓 ∆𝑈$→$·( $

𝑓 ∆𝑈$·(→$ exp	 −𝛽∆𝑈$→$·( $·(
,

+§(

$2(

 ( 58 ) 
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with 

 𝑓 ∆𝑈$→$·( = 1 +
𝑛$
𝑛$·(

exp 𝛽 ∆𝑈$→$·( − ∆𝐹
§(

 ( 59 ) 

where 𝑁 represents the number of simulations, 	∆𝑈$→$·( is the difference of 
the potential energies (∆𝑈$·( − ∆𝑈$) between states 𝑖 and 𝑖 + 1, 𝑛$  and 𝑛$·( 
are the number of configurations sampled at states 𝑖  and 𝑖 + 1 , and á ñi 
indicates an ensemble average from the simulation at state 𝑖. It is noted that 
the MBAR technique, through the use of all the simulation data, not only 
provides an alternative way to efficiently calculate a statistical quantity (such 
as the free energy difference), but also offers a good estimate of the statistical 
error in this quantity. With the statistical errors obtained, a meaningful 
estimation of a quantity derived from statistical mechanics is ensured.  

Alchemical methods usually yield good estimates of relative binding free 
energies with mean errors typically less than 1 kcal/mol. However, they are 
computationally extremely demanding and only applicable to a small number 
of ligands with very similar structures. Furthermore, for some systems where 
the ligand has different orientations in the receptor, we have to sample all the 
possible configurations, otherwise these computational approaches would fail 
in the prediction of experimental observables due to that the simulations are 
probably trapped in a local minimum. These sampling problems seem to be 
alleviated recently by, for instance, combining the simulations with the replica 
exchange (RE) scheme83 or using the binding energy distribution analysis 
method (BEDAM).84 But for more complicated systems involving ligand or 
receptor reorganization upon binding, the available combinations are still 
quite inefficient, and more potential sampling algorithms are possibly required 
(see references 74,85-88 for detailed reviews). 
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Chapter 4 Enhanced sampling approaches: replica exchange 
molecular dynamics and Metadynamics 

As described in INTRODUCTION, the most efficient way to explore rare 
events taking place in microseconds to milliseconds is to apply an enhanced 
sampling approach. In the work reported in this thesis, both the replica 
exchange, with a solute scaling technique, and the metadynamics methods 
were applied, by means of which we were able to get an in-depth 
understanding of the mechanism of a ligand bound to its receptor, as well as 
an atomistic description of the conformational ensemble of an intrinsically 
disordered protein. 

4.1 Replica exchange with solute scaling 

The core idea of replica exchange MD (REMD) simulations of a system is to 
exchange the coordinates at low temperature with those sampled at higher 
temperatures via a replica exchange scheme. The highest temperature is 
chosen so that the system at this temperature can rapidly cross the potential 
energy barriers to sample other configurations in the potential basins. 
Whenever the simulations are converged, the probability of a variable at a 
given temperature follows the Boltzmann distribution.  

Since the REMD simulation was reported to enhance the sampling of 
configurational space in protein folding two decades ago, it has attracted more 
and more attention and has been widely applied to studies of protein folding. 
However, there is a disadvantage with this standard REMD method: the 
number of replicas required scales as the square root of the number of degrees 
of freedom. For instance, even for a small system composed of 16 amino 
acids dissolved in 1361 water molecules, tens of replicas are needed to span a 
temperature range from 270 to 695K while maintaining viable acceptance 
rates.89 The principle cause of this is that while the Hamiltonian grows with 
the system size, the acceptance probability between two temperature-adjacent 
replicas is determined by the factor (𝑒§∆²∆¸), a quantity that exponentially 
relies on the change in energy. As a result, in cases where larger systems are 
simulated, a small value of ∆𝛽  has to be guaranteed to obtain a sufficient 
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acceptance rate, which means more replicas closely spaced in temperature are 
required to cover a predefined temperature range. Due to that a large number 
of parallel simulations should be performed, the applicability of this method is 
severely limited to medium-to-large systems.  

Built on the ideas that the bulk solvent (water molecules) is the main 
contributor to the total energy of a system and that the phenomenon in protein 
folding involves only a small number of atoms, one can deform the 
Hamiltonian function in each replica so as to consider only a small subset of 
the system. Multiple variants of Hamiltonian replica-exchange methods have 
been developed, such as replica exchange with solute tempering (REST1)26 
and biasing potential REMD (BP-REMD),90 in which replicas are exchanged 
based on the change in energy of a small number of atoms. With these 
approaches, the number of replicas that are allowed to have a wider separation 
of temperature could be greatly reduced. 

The REST1 method decomposes the (potential) energy of a system into three 
parts: protein-intramolecular interactions (𝐸SS ), intermolecular interactions 
between protein and water molecules in the solvation shell (𝐸SZ), and the 
interactions between water molecules (𝐸ZZ). The potential energy (𝐸R) of the 
system in the replica running at 𝑇R is deformed through 

 𝐸R¹¸{�( 𝑋 = 𝐸SS 𝑋 +
𝛽] + 𝛽R
2𝛽R

𝐸SZ 𝑋 +
𝛽]
𝛽R

𝐸ZZ 𝑋 , ( 60 ) 

where 𝑋  represents the coordinates of the entire system, 𝛽]  is the inverse 
product of the Boltzmann constant and 𝑇], with 𝑇] the reference temperature. 
Whenever the system is running in replica 0, the normal potential function is 
recovered.  

Replica exchange with solute scaling (REST2)25 further improves the 
sampling efficiency over the REST1 technique by optimizing the weights of 
the energy components, so that the deformed potential energy for replica 𝑚 is  

 𝐸R¹¸{�1 𝑋 =
𝛽R
𝛽]
𝐸SS 𝑋 +

𝛽R
𝛽]
𝐸SZ 𝑋 + 𝐸ZZ 𝑋 . ( 61 ) 

Similarly, in replica 0 with 𝛽R = 𝛽], the above equation turns back to the 
original potential function. It should be noted that the temperatures in REST1 
for different replicas differ from each other, while for the REST2 simulation 
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the temperature is kept constant for all the replicas (𝑇] = 𝑇R	;𝑚 = 0,… ,𝑀), 
such that they arrive at the final ensemble distribution at a given temperature 
𝑇R  from different routes. For instance, replica 𝑚  in REST2 moves on the 
protein potential energy surface (concomitantly, the energy barriers) that is 
entirely lowed by a factor of 𝛽R 𝛽] , rather than evolving along the full 
unscaled energy surface with basins separated by high-energy barriers. The 
weight terms in equation (61) are virtual scaling factors obtained through 
rescaling of partial charges, epsilon values and proper dihedrals for the given 
atoms, which yields an enhanced barrier-crossing effect that is equivalent to 
an increase of the temperature of the energy components. Because the weights 
typically range between 0 and 1, the effective temperatures for protein-
intramolecular, protein-water, water-water interactions are kept at 𝑇R, 𝑇]𝑇R 
and 𝑇], respectively. 

Suppose we have a molecular system simulated under 𝑀  replicas with a 
certain temperature value of 𝑇R(𝑚 = 1,… ,𝑀)  in the 𝑚 th replica, the 
equilibrium probability for a state in a canonical simulation then reads 

 𝑃R 𝑋R = 𝑍§(𝑒§²¼¸¼ ½¼ , ( 62 ) 

where 𝑍  is a configurational partition function. For the replicas 𝑚 and 𝑛 in 
REST2, the acceptance or rejection of an exchange is determined based on the 
ratio of transition probability satisfying the detailed balance condition, 

 
𝑃$→�
𝑃�→$

=
𝑃- 𝑋R 𝑃R 𝑋-
𝑃R 𝑋R 𝑃- 𝑋-

= 𝑒𝑥𝑝 −∆-R , ( 63 ) 

where  

 
																			∆-R¹¸{�1= 𝛽R − 𝛽- 𝐸SS 𝑋- − 𝐸SS 𝑋R

+
𝛽]

𝛽R + 𝛽-
𝐸SZ 𝑋- − 𝐸SZ 𝑋R . 

( 64 ) 

Here, 𝑃$→� indicates the transition probability for the forward exchange (𝑖 →
𝑓) and 𝑃�→$  for the reverse forward exchange. On the other hand, with the 
REST1 methodology we have  

 
								∆-R¹¸{�(= 𝛽R − 𝛽- 𝐸SS 𝑋- − 𝐸SS 𝑋R

+
1
2
𝐸SZ 𝑋- − 𝐸SZ 𝑋R . 

( 65 ) 

If we apply a Metropolis criterion, the exchange that is accepted or rejected 
follows: 
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 𝑃$→� =
1																									; 𝑖𝑓	∆-R≤ 0	
𝑒𝑥𝑝 −∆-R 					; 𝑖𝑓	∆-R> 0	. ( 66 ) 

If ∆-R≤ 0, the exchange of the neighboring replicas is accepted; if ∆-R> 0, 
the exchange is determined by the comparison of the ratio of transition 
probability with a random value between 0 and 1.  

From the equations (64) and (65), we can find that the 𝐸ZZ term that leads to 
the poor scaling of the replica numbers with the system size in standard 
REMD cancels out exactly in both the REST1 and REST2 methods. By doing 
so the protein and its solvation shell are assumed to be hot atoms while the 
rest of the water molecules stay cold but is simulated in normal temperature. 
The replicas needed are only determined by those hot atoms composing 
generally a small part of a system, and are therefore remarkably reduced in 
numbers compared to standard REMD simulations. 

It seems that the only difference of REST2 with REST1 is the scaling factor 
of 𝐸SZ that is smaller than that in REST1. Such a minor change, however, has 
been proved nontrivial for a better performance of REST2 in sampling 
efficiency. The possible explaining is that: Since 𝐸SZ is inversely correlated 
to 𝐸SS and often contributes much more than 𝐸SS to the total potential energy, 
the cancellation of the contributions of 𝐸SZ  and 𝐸SS in REST2 is relatively 
large with respect to the cancellation in REST1, leading to that the acceptance 
ratio in REST2 is larger than in REST1. In practice, the bond stretching and 
bond angle bending terms in REST2 are kept intact, and the scaling of 
dihedral and non-bonded potentials also contributes to a faster sampling of 
protein conformations.  

REST2 is a force-field scaling methodology that has been successfully applied 
to the studies of several simple biological systems. Similar to its predecessor 
REST1, it can also be used to simulate a molecule of interest imbedded in a 
matrix (such as membrane) without ruining the structure of the matrix, which 
instead often happens at high temperatures of the normal REMD technique. 
Moreover, REST2 is also available for the sampling of local conformational 
rearrangements of a structure via smart choices for the hot atoms, which 
makes it an alternative to sample sparsely populated functional states. 
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4.2 Metadynamics 

Laio and Parrinello presented in 2002 an advanced sampling technique termed 
Metadynamics. In that work, they studied the dissociation of a NaCl molecule 
in solvent and the isomerization of the alanine dipeptide through the addition 
of an adaptive bias to the free-energy surface (FES) along a few selected 
collective variables (CVs). Metadynamics has become an encouraging method 
and proven useful in enhanced sampling of configuration space and 
reconstruction of the FESs of complicated systems via a computationally 
efficient way, as shown by the numerous techniques developed thereafter and 
by more than 2000 citations of that work so far. 

Metadynamics can be described by filling the minima of an FES with 
computational sands. It is a computationally enhanced sampling algorithm 
aimed at exploring conformational states at free energy minima separated by 
high-energy barriers in complex molecular systems, such as biological 
systems.35 In metadynamics (Fig. 4.1), a few CVs that offer a coarse-grained 
description of a system are chosen prior to the simulation and a positive 
history(time)-dependent bias potential is then added to the Hamiltonian of a 
system, so as to encourage the system to escape from the current 
conformational state to explore other parts of the configuration space.37 The 
bias potential,	𝑉¿ , is constructed as a sum of Gaussian potentials centered 
along the trajectory of the CVs:36  

 𝑉¿ 𝑠, 𝑡 = 𝑤 𝑒𝑥𝑝 −
𝑠$ − 𝑠$ 𝑥 𝑡Á

1

2s$1

K

$2(;Â2tÃ,1tÃ,…
;ÂÄ	;

, ( 67 ) 

where 𝑤  is the Gaussian height, t¿  is the Gaussian deposition stride, the 
parameter 𝑠$ 𝑥 𝑡Á 	 is the 𝑖;P CV as a function of Cartesian coordinates 𝑥 at 
time 𝑡Á, 𝑑 is the number of CVs, and s$ is the Gaussian width for the 𝑖;P CV.  
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Figure	4.1	Illustration	of	metadynamics	flooding	on	an	energy	landscape	of	a	
collective	variable	(adapted	from	Spiwok	et	al13).	The	model	system	evolves	
by	progressively	filling	the	underlying	free-energy	profile	with	the	deposited	
Gaussians.	Metadynamics	starts	from	the	global	minimum	state,	which	helps	
the	system	to	escape	the	current	state	after,	say,	3000	steps,	and	samples	an	
unknown	intermediate	in	another,	say,	2000	steps.	The	simulation	continues	
and	encourages	the	system	to	step	into	the	local	minimum	after	5000	steps.	
By	 adding	 the	 bias	 for	 2000	 steps,	 the	 local	 minimum	 is	 filled	 by	 the	
Gaussians,	 and	 the	 system	 is	 then	 able	 to	 sample	 the	whole	 configuration	
space	in	the	next	simulation	time	period.		

In the long time limit, the bias potential fills all the energy minima in the FES 
and allows the CV spaces being sampled evenly. The bias potential converges 
to the minus free energy as a function of the CVs91 

 𝑉¿ 𝑠, 𝑡®	∞ = 	−𝐹 𝑠 + 	𝐶, ( 68 ) 

where 𝐹 𝑠  is the free energy as a function of the CVs and 𝐶 is a quantity that 
increases with time but which is not associated with the CV values.  

In metadynamics, we assume that the CVs are selected well so as to describe 
the target system. The parameter t¿  equation (67), together with the two 
parameters, 𝑤 and	s$, that determine the shape of a Gaussian, influence the 
accuracy and sampling efficiency for the FES reconstruction.92 If the 
Gaussians are large and broad and are deposited quickly, the sampling of 
configurations and the exploration of properties of the FES will take a shorter 
simulation time, but at the cost of larger errors for the resulting FES. What is 
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worse, the configurations in shallow energy basins are hardly sampled. On the 
other hand, if the Gaussians are very small and are deposited slowly, the FES 
can be built with higher accuracy, but will require much more simulation time 
for a converged result.  

In spite of the great benefits that metadynamics brings, there exist several 
drawbacks in its normal version. One is that in a single metadynamics 
simulation, the bias potential 𝑉¿  does not converge to the free energy, but will 
fluctuate around it with time. That brings about two consequences: 1) the bias 
will overfill the energy surface and push the system to sample unphysical 
regions of a CV space (Fig. 4.1, a region at the right-hand side of the global 
minimum after 8000 steps); 2) we do not exactly know when we can stop the 
simulation, although the convergence of the simulation is typically judged by 
the diffusive motion of the CVs. The first overfilling problem is now 
circumvented by introducing an interval 𝑎, 𝑏  scheme in the case of one CV 
that is biased, so that in the regions out of an interval (𝑠 𝑥 < 𝑎	||	𝑠 𝑥 > 𝑏) 
the bias is still added but the motions of the system is determined by the 
forces from the force field, while in the regions in the interval (𝑎 ≤ 𝑠 𝑥 ≤ 𝑏) 
the motions are determined by the forces from both the potential energy and 
the bias as in normal metadynamics. For the second problem, one usually 
carries out multiple runs and take the average as the final free energy. 
Alternatively, one can use the recently developed well-tempered 
metadyanmics method in which the simulation converges asymptotically, 
making it possible to obtain the free energy in a single run. 

In addition, normal metadynamics can only be applied to a system that is 
described by a few CVs. We can find that as long as the CVs selected are 
uncorrelated, the time required to build an FES at a given accuracy scales 
exponentially with the number of CVs. As a result, the performance of 
metadynamics deteriorates remarkably with the increase of the dimensionality 
of the CV space, which then can make this algorithm incapable in 
reconstructing an accurate FES. For complex events in biological systems, 
more than 2 CVs are generally needed to build a meaningful FES.93 To this 
end, we can choose more advanced sampling approaches, such as bias-
exchange metadynamics94 and replica exchange with collective-variable 
tempering, that are built based on normal metadynamics, to sample the 
conformational space of a complex system described by many CVs. 
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In the next sections, I will firstly introduce well-tempered metadynamics and 
then the more advanced sampling methodologies, bias-exchange 
metadynamics and replica exchange with collective-variable tempering. These 
methods are applied in my work to solve different issues of biological interest. 

Well-tempered metadynamics (WT-Metad) 

As stated above, the main purpose of WT-Metad is to improve the normal 
metadynamics so as to effectively explore the configurational space defined 
by the CVs and to obtain the FES that converges rigorously to an exact value. 
The time-dependent bias potential in this case is reformulated by 

 𝑉 𝑠, 𝑡 = 𝑘H∆𝑇𝑙𝑛 1 +
𝜔𝑁 𝑠, 𝑡
𝑘H∆𝑇

, ( 69 ) 

where ∆𝑇 is an effective temperature used for modulating the compensation 
of the FES, 𝜔  indicates the initial deposition rate ( 𝜔 = 𝑤] t¿ ), and 
𝑁 𝑠(𝑥), 𝑡  is the histogram of a variable 𝑠(𝑥) from a biased simulation and 
which has a time derivative 𝑁 𝑠(𝑥), 𝑡 = 𝛿^,^ ; . To evaluate the convergence 
of the simulation, the deposition rate at which the bias is modified can be 
obtained as 

 𝑉 𝑠, 𝑡 =
𝜔𝑁 𝑠, 𝑡 𝑘H∆𝑇
𝑘H∆𝑇 + 𝜔𝑁 𝑠, 𝑡

= 𝜔𝑒§
Ê ^,;
Ë¯∆�𝛿^,^ ; , ( 70 ) 

where 𝛿^,^ ;  is an energy kernel that can be replaced by a Gaussian with finite 
width. Given the equation above, it is apparent that the bias deposition rate 
can be lowered quickly with the simulation time, in contrast to the fixed 
quantity (𝑤] t¿ ) in normal metadynamics. Since 𝑁 𝑠, 𝑡  has a sublinear 
growth with time, the rate decreases to zero as 1 𝑡, and the dynamics of the 
relevant variables proceeds progressively towards the thermodynamic 
equilibrium. The slower variation of the deposition rate can also be reflected 
by the Gaussian height at time 𝑡 

 𝑤 𝑡 = 𝜔t¿𝑒
§Ê ^,;
Ë¯∆� . ( 71 ) 

As the simulation proceeds the bias deposited on each microscopic variable of 
a CV increases, the Gaussian height, on the other hand, has an inverse trend 
with respect to the bias that has already been deposited. In the long time limit, 
𝑉 𝑠, 𝑡  approaches zero. 𝑉 𝑠, 𝑡  is connected to 𝐹 𝑠  by the equation 
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 𝑉 𝑠, 𝑡 → ∞ = −
∆𝑇

𝑇 + ∆𝑇
𝐹 𝑠 + 𝐶 𝑡 , ( 72 ) 

where 𝑇 is temperature at which the system is simulated. 𝐶 𝑡  is relevant to 𝑠 
and can cancel out exactly in the estimation of a free-energy difference. One 
can find that 𝑉 𝑠, 𝑡  in this case does not fully compensate the underlying 
FES, but converges to a quantity, modulo a constant, in a CV region. By 
substituting eq. (69) into eq. (72), the FES at finite time is estimated by  

 𝐹 𝑠, 𝑡 = −
𝑇 + ∆𝑇
∆𝑇

𝑉 𝑠, 𝑡 = −𝑘H 𝑇 + ∆𝑇 𝑙𝑛 1 +
𝜔𝑁 𝑠, 𝑡
𝑘H∆𝑇

. (73 ) 

With this equation, in the case where ∆𝑇 = 0, the bias potential is zero and a 
plain MD simulation is recovered, while in the case ∆𝑇 → ∞, one obtains 
𝐹 𝑠, 𝑡 = −𝑉 𝑠, 𝑡 , the well-tempered scheme is lost and the simulation 
becomes a normal metadynamics.  

The probability distributions of other variables that are not biased in the 
simulation are distorted and do not conform to a Boltzmann distribution, as 
these variables have more or less correlation with the biased CVs. To recover 
the unbiased distribution of a variable, a simple reweighting algorithm39 can 
be applied in a postprocessing fashion.  

Bias-exchange Metadynamics (BE-Metad) 

BE-Metad94 is a powerful sampling algorithm aimed at accelerating the 
exploration of configuration space of complex systems via the incorporation 
of the replica exchange scheme into metadynamics. In each replica only one 
or two CVs are biased, and the CVs between different replicas can be either 
the same or different from one another. 

In a BE-Metad simulation, several low-dimensional (mainly one-dimensional) 
metadynamics simulations of the same system are performed at the same 
temperature. After a fixed time interval, exchanges of coordinates between 
two randomly selected replicas (𝑎 nd 𝑏) are attempted using the Metropolis-
like acceptance algorithm with a probability of 

 
𝑃MI = 𝑚𝑖𝑛 1, 𝑒𝑥𝑝 −𝛽 𝑉¿M 𝑥I, 𝑡 + 𝑉¿I 𝑥M, 𝑡 − 𝑉¿M 𝑥M, 𝑡

− 𝑉¿I 𝑥I, 𝑡 , 
( 74 ) 

where 𝑉¿M 𝑥I, 𝑡  and 𝑉¿I 𝑥M, 𝑡  indicate the bias potentials in replicas 𝑎 and 𝑏 
in which the system has the atomic coordinates of 𝑥I and 𝑥M, respectively. If 
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the move is accepted, the coordinates in replica 𝑎, 𝑠M 𝑥M, 𝑡  will perform a 
jump to replica 𝑏, 𝑠M 𝑥I, 𝑡  and those in replica 𝑏 will jump from 𝑠I 𝑥I, 𝑡  to 
𝑠I 𝑥M, 𝑡 . The jumps efficiently improve the diffusive behavior of the system 
in the CV space, so that a configuration evolves based on the deposition of the 
bias potential that is going to change whenever a swap is accepted. After 
sufficient exchange moves, the configuration space in the whole CV range can 
be explored ideally by each replica.  

As in ordinary metadynamics, the thermodynamic average in a replica cannot 
be directly obtained, and the bias converges to the negative of the free energy. 
But BE-Metad efficiently enhances the sampling of configuration space 
spanned by all the biased CVs, and increases the accuracy for the estimate of 
the free energy. Additionally, given that only one or two CVs in a replica are 
biased, the time needed for the simulation of each replica to reach 
convergence is greatly reduced, and the total simulation grows just linearly 
with the increase of the number of CVs. 

In BE-META simulations, the convergence of a bias potential in a replica was 
monitored in the same way as in standard metadynamics with one CV 

 𝑉¿ 𝑠(𝑥), 𝑡 = 𝑤 𝑒𝑥𝑝 −
𝑠 − 𝑠 𝑥 𝑡Á

1

2s1
;Â2tÃ,1tÃ,…

;ÂÄ	;

, ( 75 ) 

where 𝑥 are the atomic coordinates of the system, 𝑠 is the CV, and 𝑤 and s 
represent, respectively, the height and width of the Gaussians. After a 
transient time 𝑡LÌ, the simulation converges and the bias grows evenly with 
time and fluctuates around an average 𝑉¿(𝑠). The free energy 𝐹 𝑠  is then 
estimated by a time average of the bias potential 𝑉¿(𝑠, 𝑡) 

 −𝐹 𝑠 	~	𝑉¿ 𝑠 =
1

𝑡;J; − 𝑡LÌ
𝑑𝑡Á

;ÎÏÎ

;ÐÑ
𝑉¿ 𝑠, 𝑡Á , ( 76 ) 

where 𝑡;J; is the total simulation time for the replica. The convergence of the 
bias potential is evaluated from the reconstructed profiles. In this manner, 
multiple low-dimensional free energy profiles at each replica are generated.  

However, a one-dimensional free energy profile is usually less informative for 
complicated processes, such as the protein-peptide binding/unbinding events 
in our work, because an energy minimum in the low dimensional profile 
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probably corresponds to the structure with very different configurations. To 
obtain a reliable estimate of the free energies over different structures, one 
needs to build the FES as a function of several CVs by using, for example, the 
bin-based approach. With this method, all the structures sampled with BE-
META are subdivided into a number of small bins (clusters) and in each bin 
the members are close to each other in each CV space. The size of a bin is 
defined by its side length in each direction 𝑑𝑠 = (𝑑𝑠(, 𝑑𝑠1, … , 𝑑𝑠-), where 𝑛 
is the number of CVs. The free energy 𝐹a of a cluster a is finally estimated 
via the weighted-histogram analysis method (WHAM),95 as described by 
Marinelli et al.93  

 𝐹a = −𝑘H𝑇 𝑙𝑛
𝑛a$$

𝑒
(

Ë¯�
�Ò§Êa

Ó

o

	, ( 77 ) 

where 𝑛a$  is the number of times that cluster a is observed in the trajectory of 
replica 𝑖, 𝑓$  is a normalization parameter and is determined iteratively in a 
similar way as in WHAM, and 𝑉a

Ô is the time average of the bias potential 
acting on cluster a in replica 𝑗 and is determined according to the equation 

 𝑉aÖ =
1

𝑡;J; − 𝑡LÌ
𝑑𝑡Á

;ÎÏÎ

;ÐÑ
𝑉¿$ 𝑠a, 𝑡Á , ( 78 ) 

where 𝑉¿$(𝑠a, 𝑡Á) is the history-dependent bias potential of cluster a, with the 
center of 𝑠a  in replica 𝑖 . Corrections owing to the difference of the bias 
potentials in the same cluster have been reported in ref 16. However, they 
have essentially negligible impact on 𝑉aÖ and thus on the free energy 𝐹a when 
𝑑𝑠 is small. The variance of the free energy in cluster a is defined by 

 s1 =
𝑔(𝑘H𝑇)1

𝑛a$$
	, ( 79 ) 

where 𝑔 is the standard autocorrelation time entered in the WHAM equation.  

From equations (77) and (78), we can find that the FES for a system is quite 
dependent on the number of CVs and on the types of CVs selected. Generally, 
it is not necessary to use all the CVs, as some of the CVs may correspond to a 
“fast” process, or are strongly correlated with other CVs. For the selection of 
CVs, one needs to make sure that the selected CVs provide an accurate and 
informative description for the event in which we are interested. In addition, a 
good set of CVs entail a large number of clusters in which each member 
contains structures with very similar configurations. METAGUI,96 a graphic 



44  |  Chapter 4 Enhanced sampling approaches 

interface for BE-META and MD simulations, is now available to assist the 
selection of CVs by visualizing the structures assigned to the same bin. 

Replica exchange with collective-variable tempering (RECT) 

With a notable exception of BE-META that uses a low-dimensional 
metadynamics in a replica, the RECT approach samples the conformational 
ensemble of a system through the combination of the replica exchange 
scheme and concurrent metadynamics. In RECT simulations, a number of 
replicas with ∆𝑇  at different values are employed. As ∆𝑇  in a WT-Metad 
simulation modulates the sampling strength, the concurrent WT-Metad of 
many CVs leads to a ladder distribution for any given CV among the replicas. 
Through the exchange of coordinates between neighboring replicas, the 
replicas at low ∆𝑇 (e.g. unbiased replica) are able to collect the configurations 
of the CV values that are available only at higher effective temperatures.  

Let’s consider the concurrent WT-Metad method 50 first. Since that several 
mono-dimensional bias potentials are added simultaneously in a replica and 
since the variables in general are correlated, the CV that is biased can feel the 
bias potential acting on another CV, causing a contamination among these 
bias potentials. The bias potential of a CV now differs from that in the WT-
Metad and has the form 

 𝑉Ø 𝑠Ø, 𝑡 = 𝑤] 𝑑𝑡	𝑒𝑥𝑝 −
𝑉Ø 𝑠Ø, 𝑡
𝑘H∆𝑇

𝑒𝑥𝑝 −
𝑠Ø − 𝑠Ø 𝑡

1

2sØ1
;

]
, ( 80 ) 

with the Gaussian height at time 𝑡 

 𝑤 𝑡 = 𝑤]𝑒𝑥𝑝 −
𝑉Ø 𝑠Ø, 𝑡
𝑘H∆𝑇

, ( 81 ) 

where 𝛼 = 1,… , 𝑁UÊ represents the index of a CV, with 𝑁UÊ	𝑏𝑒𝑖𝑛𝑔	the total 
number of biased CVs. For a bias potential, the evolution only relies on the 
marginal probability of a CV, which indicates that the bias will proceed 
towards flattening the marginal probability for the CV in the long-time limit. 

In extreme cases where the CVs are uncorrelated with each other, the free 
energy as a function of the CVs are equivalent to the quantity obtained from a 
WT-Metad simulation; where the CVs are identical (or linearly correlated) the 
total bias, that acts upon 𝑠Ø  would be 𝑉;J; 𝑠Ø, 𝑡 = 𝑁UÊ𝑉Ø 𝑠Ø, 𝑡 , leads to a 
concurrent metadynamics that equals a WT-Metad with both the Gaussian 
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height and the parameter ∆𝑇 that are scaled by 𝑁UÊ. In normal cases, the CVs 
are more or less correlated, and the relationship between the free energy and 
the bias potential (equation 72) is lost. To recover the unbiased distribution 
whenever the dynamics diffuses on each variable range, a reweighting scheme 
can be used to weight each frame by a factor 𝑒𝑥𝑝 𝛽 𝑉Ø 𝑠Ø, 𝑡Ø .  

By using a replica exchange scheme, neighboring replicas ( 𝑖  and 𝑗 ) with 
different values of ∆𝑇  are allowed to have an exchange of atomistic 
coordinates, the exchange probability is chosen so as to satisfy the detailed 
balance 

 𝑎𝑐𝑐 = 𝑚𝑖𝑛 1, 𝑒§∆Ú,Ò , ( 82 ) 

where 

 ∆$,o= 𝛽 𝑉Ø$ 𝑠Ø
o

Ø
+ 𝑉Ø

o 𝑠Ø$
Ø

− 𝑉Ø$ 𝑠Ø$
Ø

+ 𝑉Ø
o 𝑠Ø

o

Ø
. ( 83 ) 

Here, 𝑉Ø$Ø  is the sum of the bias potentials acting on the respective variables 
in replica 𝑖. It can be found that in the first replica (∆𝑇 = 0), there is no bias 
deposited with the simulation time and the probability in this replica is 
consistent with a Boltzmann distribution. In that case the free energy can be 
obtained from all the replicas via a WHAM technique.97 

In our work, we have combined the concurrent WT-Metad method with the 
REST2 method (we term it REST2-RECT), which allows an enhanced 
sampling of configuration space by performing concurrent metadynamics with 
different values of ∆𝑇  in a ladder of replicas in which the force field is 
deformed progressively. The combined approach has the advantages of each 
of them alone: it can use a multiple number of CVs in a computationally 
efficient way, and it will also alleviate the hysteresis due to the neglect of the 
hidden slow degrees of freedom. Using this method, the acceptance 
probability between two adjacent replicas (𝑖 and 𝑗) is modified as 

 ∆= ∆¹¸{�1 + ∆¹¸U�. ( 84 ) 

The acceptance probability between a pair of neighboring replicas, in this case, 
is determined by values from scaling of the force field (∆¹¸{�1) and from 
concurrent metadynamics (∆¹¸U�). 
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Chapter 5 Summary of project work 

5.1 Molecular determinants of the affibody protein ZAβ3 bound to 
an Ab peptide (paper I). 

Amyloid b (Ab) is a 39-43 amino acid peptide derived from the proteolytic 
cleavage of the membrane-associated amyloid precursor protein (APP) 
through b- and g-secretases.98 In physiological conditions, Ab peptides are 
prone to aggregate and form insoluble amyloid fibrils. The fibril forms 
deposited in senile plaques and cerebral vessels are the neuropathological 
hallmark of Alzheimer’s disease (AD). Much effort has been made to treat 
AD by, for example, inhibiting the activity of b-secretase, preventing Ab 
oligomerization and aggregation, clearing the amyloid deposits, and 
stimulating the Ab clearance. Among these strategies, promoting the 
clearance of Ab with anti-Ab antibodies has attracted a lot attention and may 
provide a viable alternative to treat AD. Recently, a novel affibody protein 
(ZAβ3)2, a head-to-tail homodimer of ZAβ3, has been reported (Fig. 5.1). This 
affibody protein forms a hydrophobic tunnel-like cavity that embraces an 
Ab40 monomer that forms a b-hairpin structure.99 The binding affinity for the 
binding is 17 nM. 

 
Figure	 5.1	 Cartoon	 representation	 of	 the	 structure	 of	 the	 (ZAβ3)2:Ab	
complex,	with	Ab40,	the	ZAβ3	and	ZÜÝk

Á 	subunits	that	are	rendered	in	magenta,	

green,	 and	 cyan,	 respectively.	 The	 hydrophobic	 residues	 in	 Ab	 are	
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represented	as	a	stick	model,	while	the	residues	with	hydrophobic	groups	in	
the	affibody	are	represented	as	stick	and	surface	models.		

In this work, we combined MD simulations and the MM-PBSA technique to 
study the (ZAβ3)2:Ab system, aiming at enhancing the affinity of the affibody 
protein binding to Ab. We firstly performed energy decomposition at the per-
residue basis, which made the distribution of the effective energy to each 
residue in the affibody possible. Apart from the residue Glu15 in ZAβ3, all the 
residues (Glu15, Ile16, Val17 and Tyr18) from the b-strands of the affibody 
have favorable 𝛥𝛥𝐺ßàà contributions (Table 1 and Fig. 5.2). Such favorable 
(negative) interactions are partially due to the formation of hydrogen bonds 
(contributed by Glu15 in ZAβ3 and Val 17 in each of the subunit, Fig. 5.2B) 
between Ab and (ZAβ3)2, but the hydrophobic groups seem to play a major role 
through the energetically favorable van der Waals interactions with the 
hydrophobic cluster at the exterior or interior face of Ab (Table 5.1 and Fig. 
5.2). Additionally, the residues other than those from the b-stands, such as 
Leu19, Pro20, Leu27 and Leu45 from both of the ZAβ3 subunits, also 
contribute significantly to the total 𝛥𝛥𝐺ßàà via the van der Waals interactions 
(Table 1). 

To double check the contributions of each ZAβ3 residue, and to identify 
theoretically the hot spots or the residues having unfavorable contributions 
upon mutation, we carried out computational alanine/glycine scanning 
mutagenesis over the affibody residues. From Fig. 5.3, we determined 
theoretically 5 residues with 𝛥𝛥𝐺áâãä  larger than 2 kcal/mol, which are 
considered the potential hot spots. All the hot spots identified are located at 
the binding interface of the (ZAβ3)2:Ab complex (Fig. 5.2), and 4 of them are 
found to have nonpolar sidechains (Leu34 and Leu45 from ZAβ3, Ile16 and 
Leu45 from ZÜÝk

Á ). Tyr18 of ZAβ3 residues at the surface of the complex, the 
aromatic group of which is found to have a strong p-p stacking interaction 
(refer to the paper) with the sidechain of Ab Phe20, and the hydroxyl group of 
which contributes to the formation of a stable H-bond by interacting with the 
carboxylic oxygen atoms of Ab Glu22 (Fig. 5.2A). The existence of both the 
p-p stacking and hydrogen bonding due to ZAβ3 Tyr18 probably explains the 
higher value of 𝛥𝛥𝐺áâãä with respect to that in the case of ZÜÝk

Á  Tyr18 where 
a relative weak p-p stacking is found. 
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Table 5.1 Per-residue decomposition of the effective binding energies of the 
residues in ZAβ3. 
Residuea 𝛥𝛥𝐸åäæ  𝛥𝛥𝐸ßçßè  𝛥𝛥𝐺éêçåßçßè  𝛥𝛥𝐺ßààáá  𝛥𝛥𝐺ßààéè  𝛥𝛥𝐺ßàà b 
Glu15 -2.18 -1.59 2.19 -1.51 -0.07 -1.58 
Ile16 -3.03 -1.48 1.33 -1.50 -1.68 -3.18 
Val17 -2.23 -4.22 3.82 -1.54 -1.09 -2.63 
Tyr18 -3.20 -11.75 9.00 -0.99 -4.96 -5.95 
Leu19 -2.07 -2.74 3.09 -0.58 -1.14 -1.72 
Pro20 -1.50 -0.66 0.95 -0.69 -0.52 -1.21 
Leu27 -1.21 -0.53 0.53 -0.33 -0.88 -1.21 
Leu45 -1.66 0.29 -0.19 -0.26 -1.30 -1.56 
Ile16 -3.29 -2.03 1.06 -1.82 -2.44 -4.26 
Val17 -1.61 -3.73 2.71 -1.59 -1.04 -2.63 
Tyr18 -3.93 -0.94 2.31 -0.86 -1.70 -2.56 
Leu19 -2.43 -3.21 3.33 -0.84 -1.47 -2.31 
Pro20 -1.75 -2.44 2.73 -0.91 -0.55 -1.46 
Leu27 -1.23 0.88 -0.91 -0.24 -1.02 -1.26 
Leu45 -2.40 -1.66 1.65 -0.16 -2.25 -2.41 
The residues that have a favorable energy contribution (𝛥𝛥𝐺ßàà < -1.20 kcal/mol) to 
the binding of Aβ are listed. The units of the energies presented are kcal/mol. aThe 
residues in the upper part are from ZAβ3, and in the lower part (with light dark 
background) from ZÜÝkÁ . b𝛥𝛥𝐺ßàà corresponds to the effective binding energy for an 
affibody residue, without considering the contribution from the apolar solvation free 
energy term that is currently not decomposable with the MM-PBSA method. 

 
Figure	 5.2	 The	 residues	 in	 (ZAβ3)2	with	 favorable	 energetic	 contributions	 to	
the	 binding.	 Identification	 of	 the	 residues	 that	 interact	 with	 either	 the	
exterior	 face	 (A)	 or	 the	 interior	 face	 (B)	 of	 the	 residues	 in	 Ab40.	 Some	
secondary	structure	elements	(helices	and	loops)	in	(B)	are	not	shown	for	the	
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sake	of	visuality.	Hydrogen	bonds	 (H-bonds)	 formed	between	 (ZAβ3)2	and	Ab	
are	marked	with	yellow	dashed	lines.	

 
Figure	5.3	Comparison	of	 the	 relative	binding	 free	energies	of	 the	mutated	
residues	of	(ZAβ3)2.	The	glycine	and	proline	residues	(Gly14,	Pro20,	Pro24,	and	
Pro38)	that	are	unable	to	be	mutated	for	the	calculations	are	marked	with	an	
asterisk	 at	 the	 corresponding	 position.	 Cys28,	 on	 the	 other	 hand,	 form	 a	
covalent	disulfide	bond	with	each	other	and	are	not	considered	here.	For	the	
glycine	scanning,	the	𝛥𝛥GI$-K 	value	is	highlighted	by	a	light	grey	background.	

To summarize, we have found that the hydrophobic interactions formed 
between the nonpolar residues of (ZAβ3)2 and those located at both the interior 
and exterior faces of Aβ40 primarily contribute to the binding of (ZAβ3)2 to the 
Aβ monomer. The identification of hot-spot residues enables us to evaluate 
the importance of each residue to the binding, and thus offers a theoretical 
basis for enhancing the binding affinity of (ZAβ3)2 through a mutation 
technique. 	

5.2 Binding profile of NS-1738 to the α7 acetylcholine binding 
protein (Paper II). 

Neuronal nicotinic acetylcholine receptors (nAChRs) comprise a class of 
neurotransmitter gated ion channels that are extensively distributed 
throughout the nervous system.100 They are the homo- or heteropentamers 
with an extracellular ligand-binding domain and a transmembrane domain, 
and are composed of the homologous subunits (α2-α10, β2-β4) that are 
arranged around the central water-filled, cation-selective pore. The 
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homomeric α7-nAChR belongs to an important subtype of the neuronal 
nAChR superfamily, and plays an important role in various physiological 
events, including learning, memory and motor activity in the central nervous 
system (CNS). In addition, previous researches have shown that the protein is 
linked to pathological conditions, such as Alzheimer's disease and 
schizophrenia, and the augmentation of the physiological functions of α7-
nAChR in response to the agonist binding has been suggested to alleviate such 
neuronal dysfunctions.101 Therefore, it is possible to design positive allosteric 
modulators (PAM) or allosteric enhancers that are capable of potentiating the 
binding of the endogenous agonist to α7-nAChR. PAMs of α7-nAChR are 
now under active research and have demonstrated a potential therapeutic 
influence.  

Here, we have combined molecular docking, alchemical free energy 
calculations and MD simulations to study the binding profile between a 
typical type I PAM, NS-1738 and a chimera protein α7-AChBP102 composed 
of an acetylcholine-binding protein (AChBP) and the N-terminal extracellular 
domain of the α7-nAChR protein. We found that NS-1738 is able to bind to 
α7-AChBP at three different allosteric sites, which are the vestibule pocket, 
the top pocket and the agonist sub-pocket (Fig. 5.4). In all but one binding 
modes, the binding affinities of NS-1738 are rather close as estimated by the 
alchemical free energy technique, with the absolute binding free energies in 
the range of -8 ~ -9 kcal/mol (Table 5.2). In each binding mode, different 
contacting residues of α7-AChBP are suggested to contribute to the 
stabilization of the protein-ligand complex in the binding pocket (Fig. 5.5-5.8). 
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Figure	 5.4	 Schematic	 representation	 of	 the	 binding	 of	 NS-1738	 at	 various	
allosteric	sites	in	α7-AChBP.	(A)	The	seven	binding	modes	of	NS-1738	in	three	
different	 binding	 pockets	 and	 the	 ligand	 used	 in	 this	work.	 (B)	 A	 generally	
accepted	naming	convention	for	the	secondary	structures	of	a	subunit.	

Table 5.2 Binding free energies of NS-1738 and the key residues contributing 
to the binding for each binding mode at one of the three allosteric binding 
sites. 
binding 
site 

binding 
mode 

contact residues 
DGbind 

(kcal/mol) 

top 
pocket 

T1 
L6, Y7, L10, Y14, Y62, L63, Q64, W65, 
N66, Y70, V76, V78, V107 -8.69±0.59 

T2 
L6, Y7, E9, L10, Y14, Y62, L63, Q64, 
W65, N66, Y70, V76, V78, V107 -8.88±0.84 

T3 
Q3, L6, Y7, L10, Y11, Y14, D17, V18, 
V76, P79 -8.07±0.21 

T4 
Q3, L6, Y7, L10, Y11, Y14, D17, V18, 
V76, P79 -9.15±0.43 

vestibule 

pocket 

V1 
F31, L54, M56, L88, K96, P97, L100, 
P102, Q103, Y115, I119, F142 -6.76±0.3 

V2 
L54, M56, P86, L88, K96, P97, L100, 
P102, Q103, Y115, I119, F142 -8.36±0.8 

agonist 
sub-pocket A1 

L36, Q37, V51, W53, Y91, N92, T101, 
S124, W145, I165, Y167, Y184 -8.83±0.62 
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Figure	 5.5	 Schematic	 representation	 of	 the	 vertical	 binding	 modes	 of	 NS-
1738	 in	 the	 top	 pocket	 and	 the	 stability	 of	 NS-1738	 in	 each	 vertical	
orientation.	 NS-1738	 is	 inserted	 into	 the	 top	 pocket	 with	 different	
orientations	 (A1,	B1)	and	 forms	hydrogen	bonds	with	 the	residues	L63	 (A2)	
and	L6	(B2),	respectively.	Evolutions	of	the	hydrogen	bonds	and	orientation	
of	NS-1738	relative	to	the	protein	(A3,	B3).	

 

Figure	5.6	Representation	of	the	horizontal	binding	modes	and	the	stability	
of	 NS-1738	 in	 the	 top	 pocket.	 NS-1738	 is	 located	 approximately	 on	 the	
interface	 formed	 by	 the	 α7-AChBP	 subunits	 (A1,	 B1)	 and	 interacts,	
respectively,	 with	 the	 residues	 D17	 (A2)	 and	 L10	 (B2)	 in	 the	 alternative	
subunits	 to	 form	 hydrogen	 bonds.	 Evolution	 of	 the	 hydrogen	 bonds	 and	
orientation	of	NS-1738	relative	to	the	α7-AChBP	protein	(A3,	B3).	
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Figure	 5.7	 Binding	 of	 NS-1738	 in	 the	 vestibule	 pocket	 of	 α7-AChBP.	 The	
vestibule	binding	pocket	is	rather	large,	allowing	the	ligand	to	have	different	
orientations	relative	to	the	protein	(A1,	B1).	For	each	of	the	binding	modes,	
several	 pocket	 residues	 form	 hydrogen	 bonding	 interactions	with	 the	 urea 
group	and	 the	hydroxyl	group	of	NS-1738	 (A2,	B2),	as	 indicated	by	 the	MD	
simulation	results	(A3,	B3).	

	
Figure	5.8	The	binding	mode	adopted	by	NS-1738	in	the	agonist	sub-pocket	
of	α7-AChBP.	The	interface	formed	by	the	two	subunits	is	rather	narrow	(A1),	
which	restricts	the	ligand	to	have	other	possible	orientations.	The	urea	group	
forms	two	hydrogen	bonds	with	the	residue	Y91	(A2,	A3).	

From the figures above, we found that NS-1738 seems to have stabilized 
binding modes in both the top and the vestibule pockets, although the ligand 
has a lower binding affinity when it adopts the V1 binding mode. The possible 
reason for the existence of only one binding mode in the agonist sub-pocket is 
the formation of a narrow gorge that restricts the orientation of NS-1738. For 
each binding mode mentioned above, the urea group of NS-1738 is found to 
have hydrogen bonding interactions with the key residues in the binding 
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pockets of the protein. It is noted that the hydroxyl group is also involved in 
the hydrogen bond formation in both the V1 and the V2 binding modes in the 
vestibule pocket. The large trifluoromethyl group, however, gives an 
unfavorably energetic contribution to the binding in either of the binding 
pockets, which suggests that a lead optimization of this group might be 
necessary to have a higher binding affinity to α7-AChBP. 

5.3 Residues remote from the binding pocket control the antagonist 
selectivity towards CRF1R (Paper III) 

The corticotropin-releasing factor (CRF) receptors 1 (CRF1R) and 2 (CRF2R) 
are members of the secretin family (class B) of G-protein-coupled receptors 
(GPCRs).103 They are present throughout the CNS and the periphery nervous 
system, and serve as key regulators in the modulation of hypothalamic-
pituitary-adrenal (HPA) axis response to stress. An imbalanced expression of 
these two proteins has been found to yield stress-related disorders, such as 
depression and anxiety.104 Antagonists that target CRF1R have been developed 
for the treatment of such disorders, which generally exhibit a much higher 
selectivity towards CRF1R than towards CRF2R, although the level of amino 
acid identity shared between CRF1R and CRF2R is rather high (Fig. 5.9a) and 
the binding-pocket residues that have a direct interaction with the antagonists 
are identical (Fig. 5.9b and 5.9c).105 The CRF1R antagonist, CP-376395, has 
been used in our work. CP-376395 shows a binding affinity (𝐾$) of 12 nM to 
CRF1R and has a ~ 1000-fold lower affinity (𝐾$  > 10  µM) to the CRF2R 
receptor. To understand the high selectivity of the antagonist towards CRF1R, 
we performed MD simulations and WT-Metad simulations for the systems 
with CP-376395 in either CRF1R or CRF2R. 

Since the residues in the antagonist binding pocket of the two receptors are 
identical, it is expected that CP-376395 has a rigid structure during the MD 
simulations (Fig. 5.10a, 5.10b). We have found that the main sequence 
difference between CRF1R and CRF2R along the entry/exit route of the 
antagonist is the residue His2283.40 that exists in CRF1R, but is absent at the 
corresponding position of CRF2R which is substituted by Val1953.40. In 
CRF1R, His2283.40 forms a stable sidechain H-bond with Tyr3566.63 (Fig. 
5.10c), allowing the stabilization of a bottleneck comprising the residues 
Tyr3566.63and Phe2323.44. While in the case of CRF2R, such a close distance is 
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not maintained between Tyr3236.63 
and Val1953.40 due to the lack of a 

hydrogen donator/receptor atom in Val1953.40 (Fig. 5.10c). The Tyr3236.63 

sidechain group, on the other hand, has a hydrogen bonding interaction with 
the side chain of Gln2696.44 (Figure 5.10d) and the rotameric transition of the 
Tyr3236.63 

sidechain moiety hence breaks the bottleneck in CRF2R. These 
observations make us assume that the above differences found are 
contributing to the higher selectivity of CP-376395 towards CRF1R. 

Metadynamics as a function of the distance between the Asn312 and CP-
376395 and the Tyr6.63 dihedral change (c1) was applied to sample the 
dissociation of CP-376395 from the antagonist binding pocket for the CRF 
receptors (Fig. 5.11). In CRF1R, the energies required to overcome the 
barriers are ~ 5 kcal/mol from B0 to B1 and ~ 4 kcal/mol from B1 to B2; 
while in CRF2R, the energies needed for the metastable state transition are 
lower. In particular, the dissociation from B1 to B2 is almost a barrier-less 
process, and the torsion angle of Tyr3236.63 

can be feasibly sampled from -p to 
-1. The FESs support that the rotameric switch of the Tyr3566.63 sidechain 
group in CRF2R abolishes the bottleneck and that the conserved bottleneck is 
a perquisite for CP-376395 departing from CRF1R. 

 
Figure	 5.9	 Cartoon	 representation	 of	 the	 structures	 of	 CRF1R	 and	 CRF2R.	
CRF1R	and	CRF2R	are,	 respectively,	obtained	 from	X-ray	crystallography	and	
the	 homology	 modelling,	 and	 are	 rendered	 in	 green	 and	 cyan.	 CP-376395	
located	in	the	binding	pocket	of	each	CRF	receptor	is	rendered	in	yellow.		
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Figure	5.10	(a)	RMSD	of	the	ligand	heavy	atoms	with	respect	to	those	in	the	
first	 snapshots	 in	 the	 50	 ns	MD	 simulations.	 (b)	 Evolution	 of	 the	 distances	
between	 the	nitrogen	atom	at	 the	pyridine	 ring	of	CP-376395	and	 the	 side	
chain	of	Asn5.50.	 (c)	Evolution	of	the	backbone	distances	between	Tyr6.63	and	
His2283.40	(CRF1R)	 or	 between	 Tyr6.63	and	Val1953.40	 (CRF2R).	 (d)	 Evolution	 of	
the	distance	between	 the	hydroxyl	 group	of	 Tyr6.63	and	 the	 amide	 group	of	
Gln5.50.	

 
Figure	 5.11	Metastable	 states	 and	 the	 corresponding	 structures	 during	 the	
dissociation	of	CP-376395	from	CRF1R	or	CRF2R	obtained	from	metadynamics	
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simulations.	There	exist	three	energy	basins	 in	each	FES.	The	corresponding	
conformational	states	are	displayed.	

5.4 Propagation of the allosteric modulation induced by sodium in 
the d-opioid receptor (Paper IV) 

GPCRs constitute the largest family of proteins, the function of which 
involves transmission of diverse extracellular stimuli across membranes 
through the intermolecular interaction of their intracellular domains with G 
proteins.106 In the presence of an agonist, a GPCR is activated and coupled to 
a G-protein, which further stimulates the downstream effector modulation. 
Besides the stimulus produced by the agonist residing at the orthosteric site, 
some chemical entities, such as sodium ions, are also able to modulate the 
receptor activation by binding to the allosteric site.107 Sodium has been found 
to have negative effects on modulating the binding of an agonist. In this work, 
we have combined MD and WT-Metad simulations and experiment to study 
the mechanism of sodium allosteric modulation in the d-opioid receptor (d-
OR).  

We have known that in the d-OR structure the allosteric sodium ion is cradled 
mainly by the charged residue Asp952.50, several neighboring polar residues 
(Asn1313.35, Ser1353.39, and Asn3147.49), and a few water molecules (Fig. 5.12). 
Besides, Trp2746.48 positioned at a place close to the allosteric site serves as a 
rotamer toggle switch that can adopt different conformations in the active and 
inactive states of the receptor. To study the allosteric effect of sodium, we 
firstly carried out MD simulations on two sets of systems, one set corresponds 
to the d-OR alone (d-OR-apo), the d-OR with either Naltrindole (d-OR-
Naltrindole) or DADLE (d-OR-DADLE) at the orthosteric site; the other set 
corresponds to the d-OR bound to a sodium ion (d-OR-Na+), to sodium and 
Naltrindole (d-OR-Naltrindole-Na+), to sodium and DADLE (d-OR-DADLE-
Na+).  

For the systems in which the d-OR does not bind to the sodium ion, Trp2746.48 
undergoes a rotameric transition from the state W2 (with c > 150o or c1 < -
150o) in a short simulation time and is stabilized at the state W1 (150o < c1 < -
50o) in the rest of the simulations; while in the cases where the sodium is 
positioned at the allosteric site, Trp2746.48 does not undergo such a change in 
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rotameric state, and is locked in the state W2 during the whole simulation time 
(Fig. 5.13). From the simulation results, we assume that a rotameric switch of 
Trp2746.48 takes place in response to sodium binding: the residue prefers to 
stay in the W1 state in the absence of the sodium ion and in the W2 state 
whenever the sodium ion is present. WT-Metad as a function of c1 and c2 of 
Trp2746.48 have been applied to check the preference of the rotamer switch 
(Fig. 5.14). The results show that the most favorable energetic state for 
Trp2746.48 in the d-OR-apo, d-OR-DADLE, and d-OR-Naltrindole systems is 
W1, which corresponds to an energy minimum with c1 at around ± 170o (Fig. 
5.13 a-c). In contrast, the most stable conformational state for Trp2746.48 in the 
presence of a prelocated sodium ion (d-OR-Na+, d-OR-DADLE-Na+ and d-
OR-Naltrindole-Na+) is always the W2 state with c1 close to -60o. Such 
observations are in line with the results obtained from the MD simulations. 
We further determined the movements of the intracellular part of the helices 5 
and 6, which presumably act as a mediator to propagate the allosteric effects 
to the intracellular side. By comparing two systems with or without the 
sodium ion, we found that the positions of the intracellular side of helix 5 or 
helix 6 differ from each other, which implies that the sodium ion functions as 
an allosteric modulator in the d-OR protein. 

 
Figure	5.12	Schematic	representation	of	the	crystal	structure	of	d-OR	(a)	and	
two	agonists	(b).	(c)	The	residues	at	the	allosteric	site	cradle	the	sodium	ion.		
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Figure	 5.13	 Time	evolution	of	 the	 Trp2746.48	c1	rotameric	 switch	 in	 the	MD	
simulations	of	the	six	different	systems.	

 
Figure	5.14	Free	energy	changes	associated	with	the	rotameric	transitions	of	
the	Trp2746.48	sidechain	group.	(a-f)	FESs	as	a	function	of	c1	and	c2.	The	upper	
panels	represent	the	FESs	and	the	lower	panels	represent	the	minimum	free-
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energy	 paths	 connecting	 the	 two	 rotamer	 states	 W1	 and	 W2	 along	 the	
reaction	coordinate.	

5.5 Coupled folding and binding of the intrinsically disordered 
AICD peptide in the presence of the Fe65-PTB2 protein (Paper V) 

IDPs are a class of proteins that lack a well-defined secondary or tertiary 
structure in an isolated state. They are predicted to be widespread in biology 
and are associated with a broad repertoire of important cellular functions.108 
Many IDPs that are partially or completely disordered in their free states fold 
into well-defined tertiary structures upon binding to their targets, an 
association process involving coupled folding and binding. Although many 
biophysical and computational approaches have been applied to study coupled 
folding and binding reactions over the past decade, an atomic-level 
description of the binding of IDPs and the underlying mechanisms still 
represents a major challenge. 

Here, we work on a novel system, AICD/Fe65-PTB2109, to study the 
association of the intrinsically disordered peptide AICD with the target Fe65-
PTB2 protein (Fig. 5.15). To demonstrate the structural heterogeneity of the 
isolated AICD666-693, we applied REST2-RECT to sample the configurations 
of AICD in solution, and found that the top ten clusters represent only 28% of 
the population of the conformational ensemble (Fig. 5.16). These structures 
differ in either the contents or the positions of the helices, but they are all 
compact and have a similar number of intra-chain H-bonds, which indicates 
that the free AICD is more prone to exist in the partially-folded states or 
molten globule (MG) states. BE-Metad has been used to describe the 
binding/unbinding of AICD by Fe65-PTB2. From the 3D FES, we observed 
four free-energy minima corresponding to the dissociated state (DS; 34-46 
kJ/mol), the intermediate state 1 (IS-1; 10-25 kJ/mol), 2 (IS-2; 5-10 kJ/mol), 3 
(IS-3; < 5kJ/mol), and the natively folded state (NF; < 5kJ/mol). The unbiased 
MD simulations proved the stability of each intermediate. By using the KMC 
algorithm on the FES, we were able to find the possible paths connecting the 
DS states and the NF state. Moreover, each KMC trajectory goes through 
intermediates, IS-1, IS-2 and IS-3, to finally reach the NF state, indicating that 
these intermediates are on path (Fig. 5.17). We described the binding process 
with atomistic detail, and found that the partially folded AICD first 
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approaches Fe65-PTB2 to form different diffusion encounter complexes, 
which then evolve through multiple intermediates to the final native state. The 
binding of AICD proceeds via a kinetic divide-and-conquer strategy by which 
AICD folds in a stepwise fashion. We propose that the interaction of AICD 
with the target takes place via an induced fit mechanism: The intrinsically 
discorded AICD firstly approaches the receptor, it is then induced by the 
interface residues at the binding site to form the native state, through 
overcoming multiple low-energy barriers (Fig. 5.18). 

 
Figure	5.15	Coupled	folding	and	binding	of	the	 intrinsically	disordered	AICD	
peptide	upon	binding	 to	 the	Fe65-PTB2	protein.	The	 left	panel	corresponds	
to	the	multiple	transient	configurations	of	AICD	that	can	quickly	interconvert	
to	 each	 other	 in	 the	 free	 states,	 owing	 to	 the	 structural	 heterogeneity	 of	
AICD.	The	right	panel	shows	a	well-defined,	ordered	structure	of	AICD	bound	
to	Fe65-PTB2	(colored	in	marine).	
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Figure	5.16	Cartoon	representations	of	the	structures	of	top	ten	clusters	and	
a	2D	population	map	of	AICD.	The	 structures	are	 colored	by	atom	 index	of	
AICD	 from	 blue	 for	 the	 N-terminal	 to	 red	 for	 the	 C-terminal.	 The	 top	 10	
clusters	 contribute	 a	 total	 of	 ~	 28%	 of	 the	 population	 of	 the	 REST2-RECT	
trajectories.	

 
Figure	 5.17	 Three-dimensional	 FES	 for	 the	 binding	 of	 AICD	 to	 Fe65-PTB2.	
Each	dashed	 line	 represents	a	KMC	 trajectory	 connecting	a	dissociate	 state	



64  |  Chapter 5 Summary of project work 

and	 the	 NF	 state.	 Initiated	 from	 different	 dissociate	 states,	 the	 KMC	
trajectories	go	 through	 intermediates	 IS-1,	 IS-2	and	 IS-3	 to	 finally	 reach	 the	
bound	state	 (NF).	 In	 the	 figure,	some	transition	states	 (TS-1,	TS-2	and	TS-3)	
are	also	marked.	

 
Figure	5.18	FES	as	a	 function	of	𝑅UíV	and	𝑄WïUð.	White	 lines	 represent	 the	
possible	routes	for	AICD	bound	to	or	dissociated	from	the	target	Fe65-PTB2.	
It	is	noted	that	when	AICD	is	isolated	(𝑅UíV	>	2.5	nm),	the	residual	structure	
(for	which,	𝑄WïUð	is	close	to	1)	is	not	observed	even	with	BE-MetaD.	
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6.1 Conclusion 

Thanks to the tremendous progresses in hardware manufacturing, the rapid 
development of efficient software packages as well as the numerous 
computational algorithms available, in silico experiments nowadays display a 
prevalence in understanding biological phenomena, including protein-ligand 
interactions, protein folding, protein aggregation and crystallization, ion 
permeation. In particular, MD simulations, together with a set of versatile 
algorithms, are able to provide an atomic-level insight into thermodynamic 
and dynamic properties of biological systems besides the structures and 
functional predictions. In this thesis, I have applied MD simulations in 
combination with state-of-art techniques to study the structures and binding 
properties of some protein-ligand systems. My studies are motivated by that 
protein-ligand interactions are extensively involved in many fundamental 
processes in biology, and also offer a structural basis for rational drug design. 

Based on the study of binding free energies, ligands with high affinities can be 
designed, although not absolutely. The MM-PBSA method offers a 
compromise between speed and computational accuracy in the estimation of 
binding free energies. It has been successfully used to compare the relative 
binding affinities of a group of structurally similar compounds to a target 
protein receptor. In Paper I, we have applied this method to determine the 
molecular determinants of the affibody protein ZAb3 to an Alzheimer amyloid 
b peptide, and found that the hydrophobic residues at the binding interface 
between ZAb3 and Ab contribute significantly to the high affinity. Besides, we 
also predicted several hot-spot residues contributing to the binding. Another 
popular but more rigorous class of free-energy estimation algorithms are 
alchemical methods, which are able to estimate the absolute binding free 
energies with low mean errors, and have potential use in lead optimization 
where partial chemical structures of compounds are modified for the 
improvement of target selectivity. In paper II, we identified three possible 
binding sites of the allosteric modulator NS-1738 in α7-nAChR, and used the 
alchemical method to measure the binding affinity for each binding mode. We 
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found that for all the binding modes, NS-1738 has moderate affinity to the 
receptor, suggesting that an alchemical modification of the ligand for higher 
target specificity and selectivity is necessary.  

The free energy is a state function, which just provides the information of the 
end state and demonstrates how tightly the protein and ligand is bound. 
However, for some properties, such as the selectivity of an antagonist towards 
GPCRs with similar or identical antagonist binding sites, it is far from trivial 
to understand the molecular mechanism underlying the association/ 
dissociation event between the protein and the ligand. MD simulation can be 
used to simulate such events, but is extremely time consuming and can yield 
large statistical uncertainties. For this purpose, we used well-tempered 
metadynamics (WT-Metad) that is able to enhance the conformational search 
by filling the free energy minima with a time-dependent bias potential. In 
Paper III, we tried to understand why the selectivity of CP-376395 towards 
CRF1R is higher than towards CRF2R. We observed the existence of the 
His3.40 residue in CRF1R, which is remote from the antagonist binding pocket 
and forms a hydrogen bond with bottleneck residues that stabilize the 
bottleneck in CRF1R. By contrast, His3.40 is absent in CRF2R, resulting in the 
abolishment of the bottleneck. The bottleneck ensures the antagonist to stay in 
the pocket for a longer time, and thus displays a slow dissociation kinetics. In 
paper IV, the WT-Metad method has also been employed to investigate the 
propagation of the allosteric effect of the sodium ion in the  d-opioid receptor. 
We assumed that Trp2746.48 would switch its rotameric sidechain in response 
to sodium binding, the residue prefers to stay in the W1 state in the absence of 
the sodium ion, and in the W2 state whenever the sodium ion is present. 
Through the rotameric transition of Trp2746.48, the allosteric effect is 
transmitted to the intracellular side via the intracellular domains of helices 5 
and 6. 

Coupled folding and binding is at the heart of many important functional 
processes. As coupled folding and binding involves both the protein folding 
and protein ligand binding interactions, sampling methods with one or two 
collective variables (CVs) biased are often insufficient in obtaining converged 
results, and enhanced sampling algorithms capable of biasing many number of 
CVs are then needed. In our work (paper V), we sampled the structure 
heterogeneity of the intrinsically disordered AICD in solution by the REST2-
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RECT approach. For the purpose of understanding the binding mechanism 
between AICD and Fe65-PTB2, we carried out BE-Metad simulations with 10 
CVs, and computed the high dimensional FES. The FES and KMC 
trajectories provided a picture consistent with a three-state binding mode, 
namely, AICD approaches Fe65-PTB2 and forms a diffusional encounter 
complex, which then evolves through multiple intermediates to finally reach 
the folded state. The interaction of AICD with Fe65-PTB2 provides a nice 
example of an induced-fit mechanism. 

6.2 Outlook 

MD simulations are often used to provide a realistic description of a variety of 
molecular properties of biomolecular systems. From this point of view, force 
fields applied to derive forces acting on atoms in the simulated systems must 
be accurate enough. Otherwise, the configurations sampled might not 
represent those in real systems, and the descriptions based on the trajectories 
could give misleading results.110 In the past decades, a large number of force 
fields have been developed to improve their accuracy for reproducing 
structures and dynamic properties of protein systems. Albeit not perfect in 
accurately capturing all the properties, most recent versions are able to 
provide accurate descriptions of motions, structures and molecular 
interactions for most proteins.110,111 An alternative way to improve the 
accuracy for the sampling of a specific system is to integrate the experimental 
parameters (particularly the NMR parameters, such as chemical shifts, 
residual dipolar couplings or the nuclear overhauser effect) during the 
simulations. The NMR parameters can either act as the CVs,47 or as the 
restraints that restrain the simulations.112-115 In the latter case, multiple walkers 
of the same system can be simultaneously simulated, the restraints are then 
obtained by averaging over these replicas, so the intrinsic average nature of an 
experimental observation could be better reflected. 

Whenever an enhanced sampling approach is used to sample the configuration 
space of a complex system, the user-defined collective variables that are 
assumed to provide a coarse-grained description of the system should include 
all the slow degrees of freedom, which, however, presents an apparent 
paradox: The more complex a system is, the smaller possibility to find out all 
the hidden degrees of freedom, and much longer simulation time will be spent 
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to ensure a converged simulation. Therefore, programs that can automatically 
identify such slow degrees of freedom are required. To alleviate the hysteresis 
effect caused by the neglect of some important variables, the temperature 
replica exchange scheme can be combined with bias depended 
techniques.116,117 

Another problem with the CV based sampling methods, for example 
metadynaimcs, is that the dynamic properties (such as the rate of 
conformation exchange) are lost. Further efforts should be made to recover 
the kinetics of a system in study. Recently, a novel metadynamics technique, 
termed infrequent metadynamics, has been developed118 with the aim of 
recovering the dynamics from a system biased by metadynamics. This method 
seems to be rather useful and have been successfully applied to estimate the 
kinetic properties for several systems.119,120 
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