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Abstract 
This thesis focuses on studies of protein-ligand systems using enhanced 

sampling methods. In chapter I, I give a brief introduction to the time-scale 

problem and some enhanced sampling methods. In chapter II, the basics of MD 

simulation are reviewed. In chapter III, the theoretical backgrounds of umbrella 

sampling, bias-exchange metadynamics and infrequent metadynamics are 

presented. In chapter IV, the 5 papers included in this thesis are summarized. 

In paper 1, we studied the relationship between the antibacterial activities of 

antimicrobial peptides and their aggregation propensities. We found that an 

increasing aggregation propensity increases the free energy cost of peptide 

embedding into the bacterial membrane and decreases antibacterial activity. In 

paper 2, we employed the umbrella sampling approach to obtain the free energy 

landscape of Pittsburgh compound-B penetrating into the core binding sites of 

amyloid β fibrils. Our study suggested that, for the design of probes binding to 

fibril like proteins, other than the binding affinity, the dynamics of probes in 

the fibrils should also be considered. In paper 3, we studied the coupled folding 

and binding process of the intrinsically disordered protein p53 to MDM2 with 

bias-exchange metadynamics and infrequent metadynamics. We reconstructed 

the free energy landscape and built a kinetic network for this process. In paper 

4, we studied the binding modes of ASEM with a chimera structure of α7 

nicotinic acetylcholine receptor with well-tempered metadynamics. We found 

that an important residue, Trp53, can significantly affect the stabilities of the 

binding modes. In paper 5, we proposed an efficient method to estimate the 

transition times of rare events in biomolecular systems. In chapter V, I present 

a conclusion of this thesis and propose an outlook related to the selection of 

collective variables for enhanced sampling methods.  
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Chapter 1. Introduction 

Life is orchestrated by biomolecules. Biomolecules, such as proteins and 

nucleic acids, are building blocks of living things.1 The functions of these 

biomolecules are mainly determined by their three-dimensional structures and 

dynamical properties.2 Therefore, to understand the essence of life, knowledge 

of the three-dimensional structures and dynamical properties of biomolecules 

should be obtained. During the last decades, there have been significant 

improvements in determining biomolecular three-dimensional structures with 

experimental techniques. Techniques, like X-ray diffraction,3 nuclear magnetic 

resonance (NMR)4 and cryo-electron microscopy (Cryo-EM),5 are now widely 

used to provide insight into the structures of biomolecules. X-ray diffraction is 

capable of presenting three-dimensional structures with very high resolution.6 

NMR is a technique to obtain three-dimensional structures of biomolecules 

with relatively small size.7 Cryo-EM is very promising for determining 

biomolecules structures in solution, even for highly flexible biomolecules, such 

as amyloid β peptides and α-synuclein.8-9 Cryo-EM has mainly two advantages 

over X-ray diffraction. One advantage is that the amount of protein needed to 

perform Cryo-EM is much smaller than that to perform X-ray diffraction. 

Another advantage is that the hydrated state of the protein can be kept in Cryo-

EM.10 Therefore, Cryo-EM is becoming more and more popular in determining 

biomolecular structures. Although great success in determining biomolecular 

structures has been achieved, it is still challenging to probe the dynamics of 

biomolecules in atomic detail with experiments. Experimental techniques, such 

as stopped-flow,11 can provide kinetic information for the biomolecular 

interactions. However, due to the lack of molecular models, it is hard to 

interpret the experimental observables in atomic details. Moreover, it is 
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extremely challenging to probe the transient structures on the dynamical 

process using experimental techniques.12 

Molecular dynamics (MD) simulation is an in silico method to investigate the 

dynamics of biomolecules with high temporal-spatial resolutions.13 The first 

MD study of a protein was carried out in 1977 by Martin Karplus et al.14 At that 

time, the system they studied consisted of less than 1000 atoms and the 

simulation lasted only several ps. Compared to the systems studied nowadays, 

their system was tiny, and the simulation time was very short. However, this 

study is still a landmark in computer simulation of proteins. Since then, MD 

simulation has attracted great attention, as it provides atomic insight into the 

biomolecular dynamics, which is beyond the scope of most experimental 

techniques. With the development of hardware and software, we can now 

simulate a system consisting of billions of atoms15 or reach the time-scale of 

milliseconds using a specialized supercomputer ANTON developed by D. E. 

Shaw research.16 These developments make MD simulation a novel technique 

to study the biomolecular dynamics and to help interpret experimental 

observables. 

Although MD simulation is very powerful, it still suffers from two major 

problems. One problem is related to the empirical force fields.17 Compared with 

ab initio MD,18 in which state-of-art quantum theory is applied, force field 

based MD simulation has a coarser level of approximation. To make MD 

simulation more reliable, tremendous efforts have been devoted to improving 

the accuracy of the empirical force fields.19,20,21,22 As a result, force fields are 

becoming better and better. Nowadays, several force fields, including 

AMBER23 and CHARMM,24 are widely used in MD simulation and have been 

shown to be able to reproduce experimental results in many cases. Further 



Introduction | 

 

3 

improvement, such as integrating the experimental data into the force fields,25 

directly obtaining interatomic potentials from ab initio MD simulation26 and 

taking account of the polarizability of atoms by using the polarizable force 

fields,27 will make MD simulation more and more powerful for predictions. The 

other problem of using MD simulation to study biomolecular dynamics is that 

the time-scale for the events of biological interest is often unreachable with MD 

simulation (time-scale problem, Figure 1.1).28 That is the issue I address in this 

thesis and will be discussed in the following context.  

 
Figure 1.1. The time-scale problem. The cyan area shows the time scales that 

can be reached by current MD simulation. The pink area shows the time scales 

for experimental observables of biological interest. 

At present, MD simulation can reach the time-scale of μs with publicly 

available hardware.29 With the current capability of computational power, one 

can study the biological events such as water dynamics and simple 

conformational changes. Biological processes that happen at the time-scale 

longer than μs (also called rare-events) remain unreachable with unbiased MD 

simulation.30 Moreover, for most unbiased MD simulation, it is likely that the 

simulated systems will be trapped in local minima, meaning that the 

information obtained is mostly related to the local equilibrium,31 which could 

not help interpret the experimental observables. Therefore, the time-scale 

problem should be solved so that one can use MD simulation to study the rare-
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events. To date, numerous enhanced sampling methods have been developed to 

solve this problem.32 I will introduce some of these methods in the following 

context.  

Increasing the temperature of the system (also called high-temperature MD) is 

a simple but effective strategy to enhance sampling.33 As the Boltzmann 

configuration distribution 𝑃(𝑹)  is related to exp	(−𝑈(𝑹)/𝑘-𝑇) , the 

probability of the occurring of high-energy configurations can be increased by 

increasing the temperature. High-temperature MD is computationally cheap 

and very useful in revealing the unfolding pathways.34 The major problem for 

high-temperature MD is that it uses unphysical temperatures. This issue can be 

solved by using replica exchange approaches. With the development of 

computational power, temperature replica exchange MD (T-REMD) is 

becoming more and more popular in modeling rare-events.35 In T-REMD, 

several replicas at different temperatures are carried out at the same time and 

attempts of exchanging the configurations between two adjacent replicas are 

performed at certain time intervals according to the Metropolis criterion.35 T-

REMD is very powerful and has been applied to the studies of several kinds of 

rare-events, such as loop dynamics and protein folding. 36,37 However, T-REMD 

suffers from one major drawback, which is that the computational cost could 

be high as it requires a large number of replicas.38 To reduce the computational 

costs, Hamiltonian replica exchange molecular dynamics (H-REMD) has been 

developed.39 In H-REMD, the temperatures of different replicas are the same, 

but the potential energy functions are different. Compared with that of T-

REMD, the number of replicas needed to perform H-REMD is much smaller.40 

Replica exchange with solute scaling (REST2) is one of the most well-known 

methods developed under the H-REMD framework.41 In REST2, the interaction 

potentials between solute-solute and solute-solvent are scaled down for the 
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replicas corresponding to the “high temperatures”, resulting in an enhanced 

exploration of the configurational space. Through exchanging the 

configurations with “hot” replicas, the “cold” replicas can escape from the 

energy minima. These methods mentioned above do not require prior 

knowledge of the studied systems and are therefore very useful to develop an 

initial understanding about the system. 

If prior knowledge of the system is roughly known, then one can use collective 

variable (CV) based methods to enhance sampling. The CVs are related to the 

slow degrees of freedom and they are selected to discriminate between the 

initial, finial and intermedia states.42 Umbrella sampling, developed by Torrie 

et al., is one of the most famous CV-based enhanced sampling methods.43 In 

umbrella sampling simulations, one or several CVs related to the slow degrees 

of freedom are selected. An external bias is added to the chosen CV space to 

ensure that the sampling along these CVs is sufficient. One can obtain the 

corresponding free energy landscapes by using the weighted histogram analysis 

method (WHAM).44 Umbrella sampling is very useful in comparing the free 

energy differences between different states (e.g., drug bound state and drug 

unbound state). Another very famous and practical CV-based enhanced 

sampling method is metadynamics.45 In metadynamics, an external bias 

potential is added to the system with respect to the selected CVs to encourage 

the system to escape from energy minima. The first paper of metadynamics was 

published in 2002 by Laio et al., in which normal metadynamics was 

introduced.46 Normal metadynamics, however, suffers from two major 

drawbacks, one is that the system may explore high-energy unphysical 

configurational space, the other is that it is hard to determine the convergence 

of simulation. To tackle these problems, a new method named well-tempered 

metadynamics has been developed.47 In well-tempered metadynamics, the 
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height of the bias potential is adaptively changed according to the exploration 

of the CV space. Such way of adding bias can be used to limit the exploration 

in the regions of interest and makes the determination of convergence relatively 

easy. Though normal and well-tempered metadynamics are very useful, they 

are limited to the studies of simple events of interest, which is related to the 

limited number of CVs used in these two methods. The number of CVs in 

normal and well-tempered metadynamics is usually limited to two, which is 

due to that the time spent on exploring the CV space increases exponentially 

with increasing the number of CVs. However, for complex processes, such as 

coupled folding and binding reactions,48 two CVs are usually not enough. To 

be able to use more CVs in metadynamics, bias-exchange metadynamics has 

been developed by borrowing the idea from the replica exchange approach.49 

In bias-exchange metadynamics, multiple replicas are run in parallel with each 

replica biased on a different CV. Attempts of exchanging the configurations 

between two randomly selected replicas are performed at certain time intervals 

according to a Metropolis-like criterion. After a certain amount of simulation 

time, the systems will explore all the chosen CV space and the simulation will 

be converged. The metadynamics-based methods mentioned above are mainly 

focused on reconstructing the free energy landscapes. Recently, a novel method 

named infrequent metadynamics has been developed which is able to recover 

the unbiased kinetics.50 In this method, the bias is deposited infrequently so that 

the transition state region is not biased, allowing the use of transition state 

theory to estimate the unbiased transition times. Therefore, with the 

development of CV-based enhanced sampling methods, it is now practical to 

study rare-events both thermodynamically and kinetically.  

In this thesis, several enhanced sampling methods are used to study protein-

ligand systems. The thesis includes the following papers. In paper 1, the 
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relationship between antibacterial activities of antimicrobial peptides and their 

self-aggregation propensities is investigated. In paper 2, the free energy profiles 

of Pittsburgh compound-B penetrating into the core binding sites of the amyloid 

β fibril are studied. In paper 3, the free energy landscape and kinetics of the 

coupled folding and binding of the intrinsically disordered protein p53 to 

MDM2 receptor are studied. In paper 4, we studied the binding modes of ASEM 

to the α7-AChBP chimera structure. In paper 5, an efficient strategy for the 

estimation of rare-event transition times in biomolecular systems is proposed.  
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Chapter 2. Molecular Dynamics Simulation 

MD simulation is a computational modeling method that can serve as a “super-

resolution microscope” to reveal the dynamics of a molecular system in atomic 

detail.51 MD simulation has wide applications in several fields including 

biology, chemistry, material science.52,53 In this chapter, I will present several 

concepts used in MD simulation. 

2.1 Newton’s Equation of Motion 

In MD simulation, the motions of atoms obey Newton’s second law. In a 

molecular system consisting of 𝑁 atoms, the force 𝑭	that acts on an atom 𝑖 

at time 𝑡 obeys Newton’s second law, which is  

𝑭3 = 𝑚3 ∙ 𝒂3 = 𝑚3 ∙
𝑑9𝒓3
𝑑𝑡9

= −
𝜕
𝜕𝒓3

𝑈(𝒓<, 𝒓9, … , 𝒓?). A1C 

Here 𝑚3 is the mass of atom 𝑖, 𝒂3 is the acceleration of the atom, 𝒓3 is the 

coordinate of the atom, and 𝑈 is the potential energy.  

2.2 Integrating Newton’s Equation of Motion 

For a many-body system, there is no analytical solution to the Newton’s 

equation of motion. To solve the Newton’s equation of motion, we can use 

some integration algorithms, such as the Verlet and Leap-frog algorithms.54-55  

Verlet 

Given an atom with coordinate 𝒓 at time 𝑡, the coordinate of the atom at 𝑡 +

Δ𝑡 can be obtained with the two Taylor series expansions: 

𝒓(𝑡 + Δ𝑡) = 𝒓(𝑡) + Δ𝑡𝒗(𝑡) +
1
2
Δ𝑡9𝒂 +

1
6
Δ𝑡I𝑏(𝑡) + 𝑂(Δ𝑡L), A2C 
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where 𝒂 is the acceleration. If we change Δ𝑡 to −Δ𝑡, we have 

𝒓(𝑡 − Δ𝑡) = 𝒓(𝑡) − Δ𝑡𝒗(𝑡) +
1
2
Δ𝑡9𝒂 −

1
6
Δ𝑡I𝑏(𝑡) + 𝑂(Δ𝑡L). A3C 

According to eqs. (2) and (3), we obtain 

𝒓(𝑡 + Δ𝑡) = 2𝒓(𝑡) − 𝒓(𝑡 − Δ𝑡) + Δ𝑡9𝒂 + 𝑂(Δ𝑡L). A4C 

Therefore, if the positions of the atom at 𝑡 − Δ𝑡 and 𝑡 are known, we can 

calculate the position of the atom at 𝑡 + Δ𝑡. For the new position, due to the 

use of two Taylor series expansions, it contains an error in the order of Δ𝑡L. 

The velocity at time 𝑡 is calculated according to  

𝒗(𝑡) =
1
2Δ𝑡

[𝒓(𝑡 + Δ𝑡) − 𝒓(𝑡 − Δ𝑡)] + 𝑂(Δ𝑡9), A5C 

and has an error in the order of Δ𝑡9.  

Leap-frog algorithm 

In the leap-frog algorithm, the position 𝒓  and the velocity 𝒗  is updated 

according to: 

𝒗R𝑡 +
1
2Δ𝑡S = 𝒗 R𝑡 −

1
2Δ𝑡S + Δ𝑡𝒂, A6C 

𝒓(𝑡 + Δ𝑡) = 𝒓(𝑡) + Δ𝑡𝒗 R𝑡 +
1
2Δ𝑡S . A7C 

In this algorithm, the velocity at time 𝑡 + 1/2Δ𝑡 is calculated, and then subject 

to the calculation of the coordinate 𝒓 at time 𝑡 + Δ𝑡. With this process, the 

velocity leaps over coordinate and the coordinate leaps over the velocity. The 

velocity 𝒗 at time 𝑡 is calculated with  

𝒗(𝑡) =
1
2 U
𝒗 R𝑡 −

1
2
Δ𝑡S + 𝒗R𝑡 +

1
2
Δ𝑡SV . A8C 

The leap-frog algorithm is more accurate than the Verlet algorithm in MD 

simulation. Therefore, I used the leap-frog algorithm in my simulations.  
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2.3 Force Field 

Force fields, which consist of the energy function form and empirical 

parameters, are often used to calculate the interaction energies between atoms. 

As the force 𝑭 is related to the derivative of the potential energy, we can also 

compute 𝑭 with force field. Nowadays, AMBER,56 CHARMM,57 GROMOS58 

and OPLS59 force fields are widely used in the studies of molecule systems. In 

my studies, I used both the CHARMM and AMBER force fields.  

In the CHARMM force field, the potential energy function 𝑈 is  
𝑈 = 𝑈XYZ[\ + 𝑈]Z^_`\ + 𝑈[3a`[b]_\ + 𝑈3cdbYd`b\
+𝑈eb`fg-b][_`f + 𝑈hijk + 𝑈l[m + 𝑈`_`n, A9C

 

with 

𝑈XYZ[\ = p 𝑘X(𝑏 − 𝑏q)9
XYZ[\

, A10C 

𝑈]Z^_`\ = p 𝑘s(𝜃 − 𝜃q)9
]Z^_`\

, A11C 

𝑈[3a`[b]_\ = p 𝑘u[1 + cos(𝑛𝜙 − 𝛿)]
[3a`[b]_\

, A12C 

𝑈3cdbYd`b\ = p 𝑘|(𝜔 − 𝜔q)9
3cdbYd`b\

, A13C 

𝑈eb`fg-b][_`f = p 𝑘e-A𝑟<,I − 𝑟<,I;qC
9

eb`fg-b][_`f

, A14C 

𝑈hijk =p𝑉hijk
u,�

, A15C 

𝑈l[m = p 𝜀3�[�
𝑟c3Z,3�
𝑟3�

�
<9

−
ZYZXYZ[`[

2 �
𝑟c3Z,3�
𝑟3�

�
�

], A16C 

and 

𝑈`_`n = p
𝑞3𝑞�

4𝜋𝜀q𝑟3�ZYZXYZ[`[

. A17C 
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𝑘�	(𝑥 = 𝑏, 𝜃, 𝜙, 𝜔, 𝑈𝐵) are the force constants for all the corresponding terms 

and 𝑋q	A𝑋 = 𝑏, 𝜃, 𝜔, 𝑟<,I;qC are the equilibrium values. 

𝑈XYZ[\  describes the bond stretching interaction potential. 𝑈]Z^_`\  is the 

angle bending potential. 𝑈[3a`[b]_\  is the proper dihedral potential, with 𝑛 

being the multiplicity, 𝜙  being the dihedral angle and 𝛿  being the phase 

shift. 	𝑈3cdbYd`b\  is the improper dihedral potential. 𝑈eb`fg-b][_`f  is the 

Urey-Bradley potential, which is related to the 1-3 bond angle vibration. 

𝑈hijk is the grid-based energy correction map (CMAP) for the dihedral angles 

of a protein backbone. 𝑈l[m  is the van der Waals (vdW) potential. It is 

described with a standard 12-6 Lennard-Jones (LJ) potential function. 𝜀3� is 

the potential well depth. 𝑟3�  is the distance between atom 𝑖  and atom 𝑗 . 

𝑟c3Z,3� is the distance where the LJ potential has the minimum value. 𝑟c3Z,3� 

is related to the vdW radius 𝜎 of atom 𝑖 and atom 𝑗. The LJ potential can 

also be formulated as: 

𝑈l[m = p 4𝜀3�[�
𝜎3�
𝑟3�
�
<9

−
ZYZXYZ[`[

�
𝜎3�
𝑟3�
�
�

]. A18C 

𝑈`_`n is the electrostatic potential, 𝑞3 and 𝑞� are the partial charges of atom 

𝑖 and atom 𝑗, respectively, 𝑟3� is the distance between atom 𝑖 and atom 𝑗, 

𝜀q is the electric permittivity. 

In the AMBER force fields (Amber99SB, Amber99SB-ildn, Amber03, 

etc.),60,61 the potential energy function is  

																																		𝑈 = p 𝑘X(𝑏 − 𝑏q)9
XYZ[\

 

																																						+ p 𝑘s(𝜃 − 𝜃q)9
]Z^_`\

 

																																														+ p
1
2
𝑉Z[1 + cos(𝑛𝜙 − 𝛿)]

[3a`[b]_\
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																																					+ p 𝑘|(𝜔 − 𝜔q)9
3cdbYd`b\

 

																																									+ p 𝜀3�[�
𝑅c3Z,3�
𝑟3�

�
<9

−
ZYZXYZ[`[

2 �
𝑅c3Z,3�
𝑟3�

�
�

] 

							+ p
𝑞3𝑞�

4𝜋𝜀q𝑟3�
.

ZYZXYZ[`[

A19C 

We can see that the potential energy function form of the AMBER force 

field is similar to that of the CHARMM force field. But there are also some 

differences. The major difference is that the Urey-Bradley term and the 

CMAP term are not used in the AMBER force field. The functional form 

of the dihedral potential in CHARMM force field is slightly different from 

that in AMBER force fields.  

2.4 Periodic boundary conditions 

Though we can study a system consisting of billions of atoms with MD 

simulation now, it is still impossible to model a macroscopic system. It is 

necessary to make an approximation in which a small part of the macroscopic 

system represents the whole system, such that the number of atoms in the 

simulation box will be greatly reduced, allowing the use of MD simulation to 

study the events of interest. However, such an approximation can lead to bad 

consequences, among which the edge effect is the most well-known. The edge 

effect is related to the spatial boundaries of a finite system. To minimize the 

edge effect, a periodic boundary condition (PBC), which can be used to make 

the system as an infinite one, is introduced for the MD simulation.62 As shown 

in Figure 2.1, once the PBC is applied, the simulated system is put into a box 

surrounded by copies of itself. As a consequence, the spatial boundaries of the 

system do not exist anymore, and the edge effect is minimized.  
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Figure 2.1. Cartoon showing an example of a two-dimensional PBC. 𝑟n is the 

cut-off for short-range interactions.  

2.5 Cut-off 

In a typical MD simulation shown in Figure 2.1, atom 𝑎 interacts with both 

atoms in the simulation box and those in the copies. Therefore, the number of 

interaction pairs is large and the calculation of the non-bonded interactions, 

including van der Waals and electrostatics, would cost most of the 

computational power. For practical applications, some approximations should 

be made to reduce the computational cost. The use of cut-off is such kind of 

a
rc



Molecular Dynamics Simulation | 

 

15 

approximation.63 Once the cut-off is used, the non-bonded interactions between 

atom 𝑎 and all the other atoms are classified into two categories. Within the 

cut-off, the non-bonded interactions all called short-range interactions, while 

beyond cut-off, they are called long-range interactions.64  

Due to that the van der Waals interaction decays quickly with the distance 

between two atoms, it is possible to only consider the van der Waals 

interactions within the cut-off and neglect the contributions of those beyond 

cut-off. Below I will give a short introduction to the popular cut-off methods 

used in calculating the van der Waals energy.65  

The truncation method 

In the truncation method, the van der Waals energies are calculated as usual 

within the cut-off. Beyond the cut-off, the van der Waals energies are truncated 

to zero. The truncation method is simple, but it suffers from one major 

drawback, namely the discontinuity in the potential at the cut-off 𝑟n . The 

discontinuity in the potential will result in an infinite force once the distance 

between two atoms equals 𝑟n. 

The shifting method 

To avoid the infinite force problem in the truncation method, the shifting 

method is applied. In the shifting method, a linear term is introduced to make 

the energy zero at 𝑟n. The potential is calculated according to the following 

equation: 

𝑈\�(𝑟) = �𝑈l[�
(𝑟) − (𝑟 − 𝑟n)∇𝑈l[�(𝑟n) − 𝑈l[�(𝑟n),			𝑟 ≤ 𝑟n

0																																																																											,			𝑟 > 𝑟n
. A20C 
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The switch off method 

In the switch off method, the switch potential 𝑈�k is obtained by using the 

original potential function multiplied with a cut-off function 𝑓n(𝑟): 

𝑈\d(𝑟) = 𝑓n(𝑟) ∙ 𝑈l[�(𝑟), A21C 

with  

𝑓n(𝑟) = �

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

𝜋
2
𝑟 − 𝑅
𝐷 SV											 , 𝑅 − 𝐷 < 𝑟 < 𝑅 + 𝐷 = 𝑟n.

0																																																	, 𝑅 + 𝐷 ≤ 𝑟

A22C 

Using this cut-off function, the potential is calculated using the original 

potential function 𝑈l[�(𝑟) once the distance is shorter than 𝑅 − 𝐷, and starts 

to decay once the distance lies in the range (𝑅 − 𝐷, 𝑅 + 𝐷). 𝑈l[�(𝑟) equals 

to zero once the distance is longer than 𝑅 + 𝐷.  

Compared with the van der Waals energy, the electrostatic energy decays much 

more slowly with the distance between two atoms. Therefore, the contributions 

of the electrostatic interactions beyond cut-off cannot be neglected. In MD 

simulation, the short-range and long-range electrostatic energies are calculated 

separately. Within the cut-off, the cut-off methods used in calculating the van 

der Waals energy can also be applied to the calculation of electrostatic energy. 

For the long-range electrostatic energy, once PBC is used, it can be recovered 

with the Particle-Mesh-Ewald (PME) method.66 

2.6 Temperature coupling methods 

In reality, the temperature of a system fluctuates around a fixed value. To mimic 

such a scenario in MD simulation, a thermostat (bath) is used. Several 

thermostats, such as Berendsen67 and Stochastic velocity rescaling,68 have been 
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developed and are widely used in MD simulation. I will give a brief 

introduction of these methods.  

Berendsen thermostats 

Given a system consisting of 𝑁 atoms, the temperature 𝑇 of the system at 

time 𝑡 is 

𝑇(𝑡) =
∑ 𝑚3𝒗39?
3�<
3𝑁𝑘-

. A23C 

Here 𝑚3 is the mass of atom 𝑖, 𝒗3 is the velocity of atom 𝑖. To reach the 

predefined temperature 𝑇q, the velocity is scaled with a scaling factor 𝜆, which 

is 

𝜆 = ¡1 +
Δ𝑡
𝜏£
R
𝑇q
𝑇(𝑡)

− 1S , A24C 

where 𝜏£ is a coupling parameter, Δ𝑡 is the time step. The Berendsen method 

is very efficient in pushing the temperature 𝑇  to the pre-defined 𝑇q , as it 

requires scaling the velocities at each time step. However, the ensemble 

generated with the Berendsen method is not canonical, as this method does not 

consider the fluctuations of kinetic energies.69 In my studies, I only used it in 

the equilibration steps.  

Stochastic velocity rescaling 

Stochastic velocity rescaling is an extension of the Berendsen method. In this 

method, a random force is added to the system so that the fluctuation of kinetic 

energy can be modeled.68 The mathematic form for stochastic velocity rescaling 

is 

𝑑𝐾 = (𝐾q − 𝐾)
𝑑𝑡
𝜏£
+ 2¡

𝐾𝐾q
𝑁[�

𝑑𝑊
√𝜏£

, A25C 
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where 𝐾 is the kinetic energy, 𝑁[� is the number of degrees of freedom, 𝜏£ 

is the relaxion time, 𝑑𝑊 is a Wiener process. As the ensemble generated with 

the stochastic velocity rescaling is canonical, I used it in the production runs in 

my studies. 

2.7 Pressure coupling methods  

In MD simulation, the pressure of the system is controlled by adjusting the 

coordinates of the particles. Here I will give a brief introduction of two popular 

methods that are used in controlling the pressure, including Berendsen67 and 

Parrinello-Rahman barostats.70 

For a system consisting of 𝑁  atoms, the pressure 𝑃  of the system is 

calculated according to the virial theorem 

𝑃 =
𝑁𝑘-𝑇
𝑉

+
1
3𝑉§

pp𝑭3� ∙ 𝒓3�
�¨3

?g<

3�<

© , A26C 

where 𝑉 is the volume of the simulation box, ∑ ∑ 𝑭3� ∙ 𝒓3��¨3
?g<
3�<  is the inner 

virial for the atom-atom interactions. To control the pressure of a system, the 

coordinates for the atoms are scaled by a scaling factor. In the Berendsen 

barostat, the scaling factor 𝜂 at time 𝑡 is  

𝜂(𝑡) = 1 −
Δ𝑡
𝜏k
𝛾A𝑃q − 𝑃(𝑡)C, A27C 

where Δ𝑡  is the time step, 𝜏k  is the relaxation time, 𝛾  is the isothermal 

compressibility. For a simulation with a cubic box, to reach the desired pressure 

𝑃q, the atomic coordinates are scaled by 𝜂
¬
. The Berendsen barostat is very 

efficient in pushing the system to achieve the defined pressure as it scales the 

atomic coordinates each time step. However, similar to Berendsen thermostat, 

it could not generate a correct thermodynamic ensemble. To correctly generate 
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the thermodynamic ensemble, an extend-ensemble pressure coupling algorithm, 

called the Parrinello-Rahman barostat, has been developed.70 In my studies, I 

used the Berendsen barostat in the equilibration step and the Parrinello-Rahman 

barostat in the production runs. 

2.8 MM/PBSA 

The Molecular Mechanics/Poisson-Boltzmann Surface Area (MM/PBSA) 

method is famous for calculating free energies in an end-point fashion.71 In 

MM/PBSA, water is represented with continuum which has the same dielectric 

properties as water.72 Compared with the simulations using explicit solvents, 

simulations with implicit solvents are computationally cheaper.73 Moreover, 

due to the approximation of the solvent, the free energies can be calculated 

directly. Therefore, MM/PBSA is widely used in the computational-aided drug 

design community.74 Below I will give a brief introduction of the theory of this 

method.  

In the MM/PBSA method, the binding free energy of a protein (P) and a ligand 

(L) is calculated as: 

Δ𝐺X3Z[ = 𝐺k¯ − 𝐺k − 𝐺¯. A28C 

𝐺(𝑋), where 𝑋 = 𝑃𝐿, 𝑃, 𝑜𝑟	𝐿 is defined as: 

𝐺(𝑋) = 𝐸jj(𝑋) + 𝐺\Y_l(𝑋) − 𝑇𝑆(𝑋), A29C 

𝐸jj(𝑋) = 𝐸XYZ[`[(𝑋) + 𝐸ZYZXYZ[`[(𝑋), A30C 

where 

𝐸XYZ[`[(𝑋) = 𝐸XYZ[(𝑋) + 𝐸]Z^_`(𝑋) + 𝐸[3a`[b]_(𝑋), A31C 

𝐸ZYZXYZ[`[(𝑋) = 𝐸`_`n(𝑋) + 𝐸l[m(𝑋). A32C 

The solvation free energy 𝐺\Y_l  approximately equals to the summation of 

polar 𝐺k- and nonpolar 𝐺Zd term, which is: 

𝐺\Y_l(𝑋) = 𝐺k-(𝑋) + 𝐺Zd(𝑋). 
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The 𝐺k- term can be calculated as 

Δ𝐺k- =
1
2p

𝑞3A𝜙3´q − 𝜙3<C , A33C 

where 𝜙3´q is the electrostatic potential in water and 𝜙3< is that in vacuum. 

The electrostatic potential 𝜙3(𝒓)  is obtained by solving the Poisson-

Boltzmann equation, which is 

∇ ∙ [𝜀(𝒓)∇𝜙(𝑟)] − 𝜀(𝒓)𝑘(𝒓)9 sinh[𝜙(𝒓)] +
4𝜋𝜌�(𝒓)
𝑘-𝑇

= 0, A34C 

where 𝜀(𝒓) is the position-dependent dielectric constant, 𝑘(𝒓) is related to 

the ionic strength of the solution, 𝜌�(𝒓) is the fixed charge density, 𝑇 is the 

temperature. In practical usage, 𝜀(𝒓)  is treated as a constant.75 Such a 

treatment can result in the inaccuracy of this method, as the dielectric property 

of the hydrophobic binding site and that of solvent-accessible site are very 

different.  

The nonpolar term consists of two parts, which are the van der Waals attractive 

energy 𝐺l[m, and the cavity energy 𝐺n]l. 𝐺n]l is defined as: 

𝐺n]l = 𝛾 ∙ 𝑆𝐴𝑆𝐴 + 𝑏, A35C 

where 𝑆𝐴𝑆𝐴 is the solvent-accessible surface area, 𝛾 is the surface tension 

and 𝑏 is a fitting parameter.  
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Chapter 3. Enhanced Sampling Methods 

3.1 Umbrella sampling 

Umbrella sampling, developed by the Torrie et al., is a very famous enhanced 

sampling method to reconstruct free energy landscapes along user-defined 

reaction coordinates.43 In an umbrella sampling simulation, an external bias is 

added to the simulated system to ensure that the sampling along the chosen 

reaction coordinate is sufficient. The free energy landscape along the reaction 

coordinate can be obtained with the WHAM analysis. Here I give a detailed 

introduction of the theory of umbrella sampling simulation.  

Let us first consider how to obtain the free energy landscape along a predefined 

reaction coordinate 𝜉 . With 𝜉  defined, we can obtain the probability 

distribution 𝑄(𝜉) by integrating out all degrees of freedom according to: 

𝑄(𝜉) =
∫𝛿[𝜉(𝒓) − 𝜉] exp(−𝛽𝑈) 𝑑?𝒓

∫exp(−𝛽𝑈)𝑑?𝒓
, A36C 

where 𝑈  is the potential energy, 𝛽 = <
¼½£

. The free energy 𝐺  is thus 

expressed as: 

𝐺(𝜉) = −𝑘-𝑇𝑙𝑛𝑄(𝜉). A37C 

Therefore, once the probability distribution 𝑄(𝜉)  is obtained so the free 

energy 𝐺(𝜉)  will be. In an MD simulation, according to the ergodic 

hypothesis,76 we have 

𝑃(𝜉) = lim
Á→Ã

1
𝑡
Ä 𝜌[𝜉(𝑡Å)]
Á

q
𝑑𝑡Å, A38C 

where 𝑄(𝜉)  is equal to the time average 𝑃(𝜉)  once the simulation time 

becomes infinite, 𝜌  is the counts for the occurrence of 𝜉 . Therefore, in 
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principle 𝐺 can also be obtained with an MD simulation. To obtain a good 

approximation of 𝑃(𝜉), one needs to obtain sufficient samplings along the 

reaction coordinate 𝜉, which should involve the modeling of the so-called rare-

events. Currently, rare-events that happen at times longer than milliseconds are 

hard to be sampled due to the limitations of computer power. Therefore, to 

model the rare-events along the reaction coordinate 𝜉 , some enhanced 

sampling should be used.  

In an umbrella sampling simulation, an external bias 𝑤3 of window 𝑖 is added 

to the simulated system with respect to 𝜉, which makes that 

𝑈X(𝒓) = 𝑈Ç(𝒓) + 𝑤3(𝜉), A39C 

where 𝑈X(𝑟) is the potential energy of the biased simulation, 𝑈Ç(𝑟) is the 

potential energy of the unbiased simulation and 𝑤3(ξ) is the bias added to the 

system that has a dimension of 𝜉. According to eq. (36), we have 

𝑃3Ç(𝜉) =
∫𝛿(𝜉Å(𝒓) − 𝜉) expA−𝛽𝑈Ç(𝒓)C𝑑?𝒓

∫expA−𝛽𝑈Ç(𝒓)C𝑑?𝒓
A40C 

and 

𝑃3X(𝜉) =
∫𝛿(𝜉Å(𝒓) − 𝜉) exp R−𝛽 É𝑈Ç(𝒓) + 𝑤3A𝜉Å(𝒓)CÊS 𝑑?𝒓

∫ exp(−𝛽(𝑈Ç(𝒓) + 𝑤3(𝜉′(𝒓)))𝑑?𝒓
. A41C 

As the bias is added only on 𝜉, 

𝑃3X(𝜉) = expA−𝛽𝑤3(𝜉)C ×
∫ 𝛿(𝜉Å(𝒓) − 𝜉) expA−𝛽𝑈Ç(𝒓)C 𝑑?𝒓
∫ exp(−𝛽(𝑈Ç(𝒓) + 𝑤3(𝜉′(𝒓)))𝑑?𝒓

. A42C 

According to eq. (40), we then have  

𝑃3Ç(𝜉) = 𝑃3X(𝜉) expA𝛽𝑤3(𝜉)C ×
∫ exp(−𝛽(𝑈Ç(𝒓) + 𝑤3(𝜉′(𝒓)))𝑑?𝒓

∫ expA−𝛽𝑈Ç(𝒓)C𝑑?𝒓
= 𝑃3X(𝜉) expA𝛽𝑤3(𝜉)C 〈exp[−𝛽𝑤3(𝜉)]〉, (43)

 

which further leads to 

𝐺3(𝜉) = −𝑘-𝑇𝑙𝑛𝑃3X(𝜉) − 𝑤3(𝜉) + 𝐹3, A44C 
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with 

𝐹3 = −𝑘-𝑇𝑙𝑛〈exp[−𝛽𝑤3(𝜉)]〉. A45C 

To obtain the free energy landscape 𝐺(𝜉), we need to analyze all the simulation 

windows. By solving the following two equations iteratively, the free energy 

landscape 𝐺(𝜉) can be obtained.  

𝑃3Ç(𝜉) =
∑ 𝑛3(𝜉)
?ÐÑÒÐ
3�<

∑ 𝑁3 exp R
𝐹3 − 𝑤3(𝜉)

𝑘-𝑇
S?ÐÑÒÐ

3�<

, A46C 

𝐹3 = −𝑘-𝑇𝑙𝑛 §p 𝑃3Ç(𝜉)
ÓÔÑÕÐ

exp �−
𝑤3(𝜉)
𝑘-𝑇

�© , A47C 

where 𝑁\3c\  is the number of windows, 𝑛3(𝜉) is the number of counts in 

histogram bin related to the reaction coordinate 𝜉. Only 𝐹3  and 𝑃3Ç(𝜉) are 

unknowns, and they are solved by iteration to reach self-consistency.  

3.2 Metadynamics 

 

Figure 3.1. Cartoon showing an example of the time evolution of a bias 

potential in metadynamics.  
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Metadynamics is an enhanced sampling method which can be described as 

“filling the energy well with computational sand” (Figure 3.1).46 In 

metadynamics, CVs related to the slow degrees of freedoms are selected. An 

external bias potential is added to the system with respect to these CVs, 

allowing the system escaping from energy minima, which further enhances the 

exploration in the configurational space. Below I will give an introduction of 

the theory of metadynamics.  

The biased potential 𝑉 in metadynamics is 

𝑉(𝑠, 𝑡) = p 𝑊𝑒𝑥𝑝§−p
É𝑠3(𝒒) − 𝑠3A𝒒(𝑡Å)CÊ

9

2𝜎3

[

3�<

©
ÁÚÛÁ

ÁÚ�Ü,9Ü,…

, A48C 

where 𝑊 is the Gaussian height, 𝜏 is the Gaussian deposition stride, 𝑑 is the 

number of CVs, 𝑠3(𝒒) is the 𝑖-th CV as a function of coordinate of the system 

𝒒, and 𝜎3 is the Gaussian width for the 𝑖-th CV. 

In the long-time limit, all the CV space will be explored, and the exteral bias 

potential converges to a minus free energy surface  

𝑉(𝑠, 𝑡 → ∞) = −𝐹(𝑠) + 𝐶, A49C 

where 𝐶 is a constant.  

In practical usage, there are two major problems for normal metadynamics. One 

problem is that the bias potential overfills the free energy surface (FES), and 

CV spaces with very high energy, that can be unphysical, will be sampled. The 

other problem is that it is hard to decide if the simulation is converged and when 

to stop the simulation. To tackle these problems, well-tempered metadynamics 

has been developed. In well-tempered metadynamics,47 the Gaussian height 𝑊 

is changed with simulation time 𝑡 according to: 

𝑊(𝑡) = 𝑊q exp �−
𝑉A𝑠(𝒒(𝑡Å), 𝑡Å)C

𝑘-𝛥𝑇
� , A50C 
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where 𝑊q is the initial Gaussian height. Δ𝑇 is an input parameter that has a 

dimension of temperature. 𝑘- is the Boltzmann’s constant. In the long-time 

limit, the FES of well-tempered metadynamics converges as: 

𝑉(𝑠, 𝑡 → ∞) = −
Δ𝑇

𝑇 + Δ𝑇 𝐹
(𝑠) + 𝐶. A51C 

By adaptively adjusting the Gaussian height according to eq. (50), one can 

avoid the sampling of high energy unphysical regions. Moreover, as the risk of 

overfilling is avoided, it will be easier to decide if the simulation is converged.  

Bias-exchange metadynamics (BE-MetaD) 

 

Figure 3.2 An illustration of the random exchanges in BE-MetaD.  

For normal and well-tempered metadynamics simulations, the number of CVs 

are usually limited to one or two. This is because the time taken to explore the 

CVs spaces will increase exponentially with the increase number of CVs.77 

Such limited number of CVs in normal and well-tempered metadynamics 

would limit their applications in simple events of interest. For complex events 

of interest, it is hard to select one or two CVs to include all the slow degrees of 

freedoms. To be able to use more CVs to study the complex events of interest, 
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BE-MetaD, which incorporates the ideas of metadynamics and replica-

exchange approach, was developed by Laio et al.49 In BE-MetaD, several low-

dimension metadynamics runs with bias added on different CVs are carried out 

together. At a certain time-interval, an attempt of exchanging the coordinates 

between two random replicas (Figure 3.2) are performed. The exchange 

probability is  

𝑝]X = minA1, expà𝛽á𝑉](𝒒], 𝑡) + 𝑉XA𝒒X, 𝑡C − 𝑉]A𝒒X, 𝑡C − 𝑉X(𝒒], 𝑡)âãC , A52C 

where 𝑝]X  is the exchange probability, 𝑉]A𝒒X, 𝑡C  and 𝑉X(𝒒], 𝑡)  are the 

bias potentials in replicas 𝑎  and 𝑏  that has the coordinates 𝒒X  and 𝒒] , 

respectively. Once the exchange attempt is successful, the coordinates in replica 

𝑎 will jump to replica 𝑏, as well as that of 𝑏 to 𝑎, which in turn the increase 

of the diffusion in the CV space.  

In BE-MetaD, multiple low-dimensional free energy profiles along the selected 

CV can be directly constructed. These low-dimensional free energy profiles are 

usually less informative for the whole complex process. Therefore, one needs 

to combine these CVs to build high-dimensional free energy profiles to gain an 

informative insight of the complex process. To reconstruct the high-

dimensional free energy profiles, a bin-based clustering method is used.78 In 

this method, all the configurations sampled in BE-MetaD are clustered into 

small bins defined by the CVs. For a given cluster 𝛼, the free energy 𝐹å can 

be constructed with the WHAM, 

𝐹å = −𝑘-𝑇𝑙𝑛
∑ 𝑛å33

∑ 𝑒
<

¼½£
É�ægçè

éêêêêÊ	�

, A53C 
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where 𝑛å3  is the counts for cluster 𝛼 , 𝑓�  is a constant which is obtained 

iteratively in a way similar to WHAM, 𝑉å
ëêêêê is the time average of the bias 

potential that acts on the cluster 𝛼, which is calculated according to 

𝑉å
ëêêêê =

1
𝑡ÁYÁ − 𝑡`ì

Ä 𝑑𝑡Å𝑉3(𝑠å, 𝑡Å).
Áíîí

Áïð
A54C 

In principle, in BE-MetaD, one can use all CVs to reconstruct the high-

dimensional free energy landscape. However, as some CVs may correlate with 

others or related to “fast” degrees of freedoms, it is not necessary to use all the 

CVs in the analysis. To build informative free energy profiles, one needs to 

choose the CVs related to events of interests. To help select the CVs and 

visualize the results, a graphic interface named METAGUI, was developed.79 

METAGUI makes the analysis of BE-MetaD a simple task.  

Infrequent metadynamics 

Normally, metadynamics is used to reconstruct the free energy landscapes for 

rare-events. Recently, inspired by previous hyperdynamics,80 Tiwary et al. 

developed a new method named infrequent metadynamics (InMetaD), which is 

able to recover the unbiased kinetic properties with metadynamics 

simulations.50 InMetaD expands the usage of metadynamics from 

reconstructing free energy landscapes to revealing kinetic properties. Below is 

a brief introduction to the theory of InMetaD. 

For a system related to 𝐴 → 𝐵 transition (Figure 3.3), let us assume that there 

exists a reaction coordinate 𝜆(𝑅) in which 𝜆 ≤ 𝜆∗ represents the system in a 

starting basin 𝐴, while 𝜆 > 𝜆∗ shows the system in the next basin 𝐵. The 

hypersurface, with 𝜆(𝑅) = 𝜆∗, corresponds to the transition state for the 𝐴 →

𝐵 transition. The mean transition time 𝜏 from 𝐴 to 𝐵 can be written as: 
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𝜏 =
1
𝜔𝜅

𝑍q
𝑍q∗
=

1
𝜔𝜅

∫ 𝑑𝑹𝑒𝑥𝑝(−𝛽𝑈)ôõô∗

∫ 𝑑𝑹𝑒𝑥𝑝(−𝛽𝑈)ô�ô∗

, A55C 

where 𝜔 is a normalization constant, 𝜅 is a transmission coefficient, 𝑍q and 

𝑍q∗ are the partition functions of the system in the basin A and the transition 

state region, respectively, 𝛽 = <
¼½£

, 𝑈 is the potential energy.  

 

Figure 3.3. Illustration of a system related to 𝐴 → 𝐵  transition. Cyan line 

represents basin A in the unbiased simulation, green line represents basin A in 

the InMetaD, blue line shows basin B, red dot indicates the transition state 

region.  

If no bias is added at the hypersurface at 𝜆(𝑅) = 𝜆∗, which means that 𝑍j∗ =

𝑍q∗, the mean transition time for metadynamics simulation 𝜏j is: 

𝜏j =
1

𝜔𝜅j
𝑍j
𝑍q∗

=
1

𝜔𝜅j

∫ 𝑑𝑹𝑒𝑥𝑝(−𝛽(𝑈 + 𝑉(𝑠(𝑹), 𝑡))ôõô∗

∫ 𝑑𝑹𝑒𝑥𝑝(−𝛽𝑈)ô�ô∗

, A56C 

where 𝑠  is the CVs used in metadynamics, 𝑉(𝑠(𝑅), 𝑡)  is the history-

dependent bias potential. 𝜅j is an analogue of 𝜅, with 𝜅j ≈ 𝜅. To relate the 
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metadynamics simulation time and unbiased transition time, an acceleration 

factor 𝛼 is introduced, with  

𝛼 =
𝜏
𝜏j

= 〈𝑒÷Aç(\(𝑹),Á)C〉. A57C 

We can see that in eq. (57), the precise reaction coordinate 𝜆  which 

distinguishes 𝐴 from 𝐵 is not needed. What we need is the CV 𝑠, which can 

roughly discriminate state 𝐴  and 𝐵 . Therefore, compared identifying the 

precise reaction coordinate 𝜆, it would be relatively easy to select the rough 

descriptor s. However, this does not mean that the quality of 𝑠 is unimportant. 

If the quality of 𝑠 is poor, there is a high risk of adding bias at the TS regions, 

making the unbiased kinetics that recovered from the metadynamics less 

reliable. Therefore, it is important to assess the quality of 𝑠. According to the 

fact that the times taken to escape from the stable state follow Poisson statistics, 

Tiwary et al. proposed a method to assess the reliability of unbiased kinetics 

recovered from metadynamics.81 In their method, a two-sample 

Kolmogorov−Smirnov (KS) test is used to test if the rescaled times that 

generated from InMetaD and a set of times that generated according to the 

theoretical probability density follows the same distribution. A “p-value”, 

which derived from KS test, can be used to assess if the rescaled times obtained 

from InMetaD follows a Poisson distribution. Usually, if the p-value is higher 

than the threshold value 0.05, one can say that the rescaled times follow a 

Poisson distribution, suggesting that the unbiased transition times recovered 

from InMetaD are reasonable. If the p-value is smaller than 0.05, then one needs 

to use more conservative parameters in InMetaD or even select new CVs. 
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Chapter 4. Summary of the Project Work 

4.1 Activity of antimicrobial peptides correlated with self-aggregation 

propensity 

There is an increasing interest in antimicrobial peptides (AMPs) in light of the 

increasing antibiotic resistance, as AMPs can even be active to antibiotic-

resistance bacteria. Previous studies have mainly focused on the impact of the 

intrinsic properties of individual AMP on the antibacterial activities. However, 

the intermolecular interactions between AMPs could also affect the 

antibacterial activities. For example, the monomeric amyloid β peptide is an 

AMP that can protect the brain from bacterial infection which can lose its 

activity once it self-aggregates. Such evidence suggests that interpeptide 

interactions should be considered when designing AMPs. However, how the 

intermolecular properties of AMPs affect their antibacterial activities remains 

unclear. 

In this work, I combined theoretical and experimental approaches to investigate 

the relationship between aggregation ability and antibacterial activity of AMPs. 

To this end, magainin (MGN) II peptide was chosen as a model system in our 

study. The fine-tuning of self-aggregation ability is achieved by introducing 

different numbers of guanine units attached to the MGN II peptide. We found 

that increasing peptide self-aggregation propensity will decrease its 

antibacterial activity, which is attributed to the higher energy cost of the peptide 

embedding into the bacterial membrane (Figure 4.1). This is because, for an 

AMP to embed into the membrane, it needs to overcome its interactions with 

other AMPs, which may have impact on the internalization propensity and thus 

their antibacterial activities (Figure 4.2-4.4, Table 4.1). We carried out similar 
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modifications of another AMP named cecropin A-melittin (CAM) to test if our 

hypothesis is still valid. Similar results were obtained for CAM as that for MGN 

(Table 4.2). For natural AMPs, including PSMα3 and Temporin L peptide, 

decreased/increase aggregation propensities by mutating certain residues 

resulted in increased/decreased antibacterial activities. Therefore, our 

hypothesis about the relationship between aggregation propensity and 

antibacterial activity may probably be generalizable and could be used to guide 

the design and modification of AMPs. 

 
Figure 4.1 a) The modified MGN II peptides. One cyan ball represents one 

guanine unit. b) Proposed hypothesis of the relationship between aggregation 

propensities, embedding free energy costs and antibacterial activities. 
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Figure 4.2 a-e) Aggregation free energy landscapes of MGNs (f) Comparison 

of the aggregation Gibbs free energy. 

 

Table 4.1 MIC50 of MGNs to different bacteria.  
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Figure 4.3 Confocal laser scanning microscope (CLSM) images of E. coli cells 

treated with MGNs. 

 

Figure 4.4 (a) Time evolutions of area per lipid of the membrane with/without 

the presence of MGNs aggregates. (b) Permeation Gibbs free energy of MGN-

1 and MGN-6.  
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Table 4.2 MIC50 of CAMs against Gram-negative bacteria 

 

4.2 Penetration of Pittsburgh compound-B into amyloid β fibrils 

Alzheimer’s disease (AD) is very common among aged people and represents 

a significant healthcare burden. To date, early diagnose of AD remains one of 

the most significant challenges, as there is still no cure for AD. Therefore, it is 

urgent to develop diagnostic tools and therapies for this disease. The amyloid β 

(Aβ) peptide is regarded as an hallmark for AD, suggesting that the detection 

of Aβ could be important for the diagnosis of this disease. In Aβ fibrils, the Aβ1-

42 peptide shows the highest aggregation propensity, and it is critical for the 

formation of Aβ fibrils. Therefore, Aβ1-42 is usually regarded as a target for the 

diagnosis of AD. There are various core binding sites in the Aβ1-42 fibril. These 

core binding sites have different residual compositions, which may alter the 

different dynamical picture of probes penetrating into these sites. However, 

studies of probes penetrating into these core binding sites have still not been 

reported. In this project, we systematically investigated the free energy profiles 

of PiB penetrating into core binding sites of Aβ1-42 fibril. Two core binding sites 

were identified by means of molecular docking and MD simulation (Figure 4.5). 

We next carried out umbrella sampling simulations to obtain the free energy 

profiles of PiB penetrating into these two sites (Figure 4.6-4.7). The energy 

barrier for the penetration of PiB into site-1 is high, while that for site-2 is low. 

Therefore, it is likely that small number of PiBs bind to site-1 but large amounts 

of PiBs bind to site-2 (Figure 4.8). These results suggested that, besides the 
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binding affinity, the dynamics of probes in the fibril should also be considered 

for the design of probes binding to the Aβ fibril (Figure 4.9). These findings 

may help the design of probes binding to the Aβ fibril.  

 

 

 
Figure 4.5 Binding modes of PiB binds to a) site-1 and b) site-2. 
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Figure 4.6 FES of PiB penetrating into site-1. Red circles show the local/global 

minima and transition states. 

 

 

 
Figure 4.7 FES of PiB penetrating into site-2. Red circles show the local 

minima and transition states. 
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Figure 4.8 Unbiased MD simulation snapshots show 2 PiB molecules 

penetrating into site-2. The cartoon wires indicate the Aβ1-42 peptides and the 

sticks are the PiB molecules.  

 

 
Figure 4.9 Illustration of two cases where probes can and cannot penetrate 

deep into the Aβ fibril. 
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4.3 Coupled folding and binding of p53 to MDM2 

Intrinsically disordered proteins (IDPs) are highly abundant in eukaryotic cells 

and play important roles in processes such as cell signaling and cell cycle 

regulation. Most IDPs lack well-defined three-dimension structures in their 

isolated states but are folded into stable structures upon binding to their binding 

partners. Such a binding process is referred to “coupled folding and binding”, 

which is highly relevant to the functions of IDPs. Atomic detailed insight into 

this process would help to understand the function of an IDP as well as to 

provide valuable information for the design of drugs. However, the study of the 

coupled folding and binding process is a significant challenge. In this work, we 

used a model system, p53-MDM2, as an example, and carried out extensive 

metadynamics simulations to reconstruct the free energy landscapes and build 

the kinetic networks for the coupled folding and binding process. We obtained 

reasonably well estimations of the binding free energy, unbinding rate and 

binding rate. According to the free energy landscape shown in Figure 4.10, the 

induced-fit mechanism is favored. The roles of nonnative interactions played in 

the binding/unbinding processes are revealed by analyzing the structures of 

intermediates. We here find that the nonnative interactions formed by Leu 

residues (Leu22 and Leu25) of p53 and MDM2 help stabilize the intermediates 

(Figure 4.11). Our kinetic network model (Figure 4.12) provides a temporal 

view for the binding/unbinding process. All the results show that p53 binds to 

MDM2 in a stepwise fashion (Figure 4.13).  
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Figure 4.10 Free energy landscape as a function of degree of folding 

(represented by p53 native contact) and degree of binding (represented by p53-

MDM2 coordination number). The free energy landscape is roughly divided 

into 4 parts, which are unfolded-unbound (UF-UB), folded-unbound (F-UB), 

unfolded-bound (UF-B), and folded-bound (B-F). The mechanisms of induced 

fit and conformational selection are indicated as IF and CS, respectively.  
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Figure 4.11 a) Three-dimensional free energy landscape as a function of Phe19, 

Trp23 and Leu26 coordination number. Three local minima are shown as state 

1, state 2 and state 3, respectively. Green sticks represent the configurations of 

the intermediates and yellow sticks show the configuration of the crystal 

structure. Time evolution of RMSD of the heavy atoms of p53 peptide in b) 

state 1, c) state 2 and d) state 3. The heavy atoms of MDM2 are used for 

alignment. 

 

Figure 4.12 Kinetic network for the p53-MDM2 binding and unbinding 

processes. 
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Figure 4.13 Illustration of the stepwise binding of p53 to MDM2.  

 

4.4 Binding modes of [18F]ASEM to a chimera structure of the α7 nicotinic 

acetylcholine receptor 

Nicotinic acetylcholine receptors are abundant in the central nervous system 

and play important roles in the cellular processes such as neurotransmission. 

Increasing evidence has suggested that one of the nicotinic acetylcholine 

receptors-α7 nicotinic acetylcholine receptor (α7-nAChR) is highly reverent to 

neurological disorders such as schizophrenia and Alzheimer's disease (AD). It 

has been demonstrated that there is a decrease in the expression level of α7-

nAChR in the brains of schizophrenia and AD patients. Therefore, α7-nAChR 

could be an important target for diagnosis of these diseases. In the human 

brain,α7-nAChR can be detected by using the none-invasive positron emission 

tomography (PET) imaging technique. [18F]ASEM, developed by Gao et al., is 

a PET tracer that specifically binds to α7-nAChR. It is now possible to 

quantifyα7-nAChR in the human brain by using the [18F]ASEM, which is very 
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useful for the diagnosis of α7-nAChR-related diseases. To develop PET tracers 

that specifically bind to α7-nAChR, one can adopt a structure-based design 

strategy in which the binding modes of [18F]ASEM with α7-nAChR is required. 

However, to date, such binding modes remain unclear.  

In this work, we used molecular docking, induced fit docking and 

metadynamics simulations to obtain the binding modes of [18F]ASEM with α7-

nAChR. With the converged free energy landscape (Figure 4.14), we identified 

6 binding modes and found that the conformation of Trp53 can affect the 

stabilities of these binding modes (Figure 4.15-16). Our findings may be useful 

for the development of PET tracers binding to α7-nAChR. 

 
Figure 4.14. Free energy landscape as a function of 𝜒< and 𝜒9 of Trp53. 
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Figure 4.15. Structures of state 1-3 (a-c). Green thick sticks are the ASEM 

molecules and the pink thick sticks are the Trp53 residues.  

 

 
Figure 4.16. Structures of state 4-6 (a-c). Green thick sticks are the ASEM 

molecules and the pink thick sticks are the Trp53 residues.  

 

4.5 An efficient strategy to estimate rare-event transition times in 

biomolecular systems 

The kinetic property of biomolecules serves as one of the fundamentals in 

biology. Therefore, studies of the kinetics of biomolecules can help develop an 

understanding of biomolecular functions as well as provide valuable 

information for optimizing drug candidates. In principle, MD simulation can be 

used to reveal these kinetic properties in high temporal-spatial resolution. 
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However, due to the limited computational power, modeling biological events 

that occur at the time-scale longer than μs (also called rare-events) with 

unbiased MD simulation is unachievable. Moreover, it is even challenging to 

predict the corresponding transition times for the rare-events. Tiwary et al. 

recently proposed a novel method named infrequent metadynamics to recover 

the unbiased transition times of rare-events. In this method, it is required that 

the transition state region should be unbiased during the simulations. To meet 

such a requirement, the bias deposition frequency is usually kept low. However, 

if the bias deposition frequency is low, it is likely that the system would spend 

most of the time waiting to escape from some minima. To efficiently estimate 

the unbiased transition times, we proposed a simple strategy named restartable 

infrequent metadynamics (ReInMetaD). In ReInMetaD, the bias is added at a 

high frequency at first but the frequency is slowed down at a certain restart 

point that is close to the transition state region. The restart point is chosen 

according to the standard deviations of the rescaled times with respect to the 

reaction coordinates (Figure 4.17). By taking advantage of the restart feature of 

an MD simulation engine, the corresponding restart time of the restart point can 

be selected. We applied this strategy to study the rare-events of three systems, 

including conformational changes of Nme-Ala3-Ace (Figure 4.18, Table 4.3-

4.4), unfolding of GTT (Figure 4.19, Table 4.5) and unbinding of p53 from 

MDM2 (Figure 4.20, Table 4.6). All these cases showed that ReInMetaD is 

efficient in estimating the unbiased transition times.  
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Figure 4.17 Illustration of the basic idea of ReInMetaD. The green line shows 

that the bias added at a high frequency and the red line is that the bias added at 

a low frequency. The black dot is the restart point.  

 

 

Figure 4.18 Rescaled time and its standard deviations as a function of the 

optimized CV of the Nme-Ala3-Ace system.  
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Table 4.3 Influence of the restart points on the AtoD transition times of Nme-

Ala3-Ace.  

 Parametersa: 𝜏q (ps), 𝜏n 

(ps), 𝑟d 

𝜏\_Y� 

(μs) 
p-value 

Cost 

(ns) 

ReInMetaD 

𝜏q = 2, 𝜏n = 200, 𝑟d = 1.1 27±5 0.4±0.2 808 

𝜏q = 2, 𝜏n = 200, 𝑟d = 1.3 29±8 0.2±0.2 597 

𝜏q = 2, 𝜏n = 200, 𝑟d = 1.5 27±9 0.03±0.06 330 
a𝜏q: initial pace, 𝜏n: restart pace, 𝑟d: restart point. 

 

 

 

Table 4.4 Influence of the bias deposition frequencies on the AtoD transition 

times. 

 Parametersa: 𝜏q (ps), 𝜏n 

(ps), 𝑟d 

𝜏\_Y� 

(μs) 
p-value 

Cost 

(ns) 

WTMetaD 

runsa 

𝜏q = 2 146±128 0.01±0.01 78 

𝜏q = 5 39±19 0.0±0.0 157 

ReInMetaD 
𝜏q = 2, 𝜏n = 200, 𝑟d = 1.3 29±8 0.2±0.2 597 

𝜏q = 5, 𝜏n = 200, 𝑟d = 1.3 22±5 0.5±0.2 709 

InMetaD 𝜏q = 200 13±3 0.4±0.2 2574 
a𝜏q: initial pace, 𝜏n: restart pace, 𝑟d: restart point. 
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Figure 4.19 Rescaled time and its standard deviation as a function of the 

fraction of native contacts of the GTT system.  

 

Table 4.5 Unfolding time of GTT. 

 Parametersa: 𝜏q (ps), 𝜏n 

(ps), 𝑟d 

𝜏ÇZ�Y_[3Z^ 

(μs) 
p-value 

Cost 

(ns) 

WTMetaD 

runs 
𝜏q = 5 1725±1846 0.04±0.10 227 

ReInMetaD 𝜏q = 5, 𝜏n = 50, 𝑟d = 0.6 90±48 0.3±0.2 670 

InMetaD 𝜏q = 50 156±85 0.4±0.3 1364 
a𝜏q: initial pace, 𝜏n: restart pace, 𝑟d: restart point. 
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Figure 4.20 Rescaled time and its standard deviation as a function of the 

distance between p53 and the MDM2.  

 

Table 4.6 Unbinding time of the p53 from MDM2. 

 Parametersa: 𝜏q (ps), 𝜏n 

(ps), 𝑟d 
𝜏ÇZX3Z[3Z^ (ms) p-value 

Cost 

(ns) 

WTMetaD 

runs 
𝜏q = 1 8.8×108±1.6×109 0.01±0.05 215 

ReInMeta

D 
𝜏q = 1, 𝜏n = 20, 𝑟d = 0.8 82±49 0.2±0.2 3835 

InMetaDa 

𝜏q = 20 70±86 0.3±0.3 6326 

a𝜏q: initial pace, 𝜏n: restart pace, 𝑟d: restart point.
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Chapter 5. Summary and Outlook 

5.1 Summary 

Enhanced sampling methods are very useful to study the rare-events in 

biomolecular systems which otherwise are hard to be modeled by unbiased MD 

simulation. In this thesis, thermodynamic and kinetic properties of rare-events 

are characterized by enhanced sampling methods. Two categories of enhanced 

sampling methods, namely umbrella sampling and metadynamics, are used in 

the four projects presented in this thesis. The umbrella sampling method can be 

used to reveal the free energy landscape along a user-defined reaction 

coordinate. In paper I, we used umbrella sampling to estimate the free energy 

costs of AMP aggregates embedding into a bacterial membrane. We found that 

higher self-aggregation propensities of AMPs correspond to higher embedding 

free energy costs and thus lower antibacterial activities. In paper II, we used 

umbrella sampling to obtain the free energy profiles of the PiB molecular probe 

penetrating into different core binding sites of the Aβ fibril. I found that, due to 

the differences in the energy barriers of probes penetrating into different core 

binding sites, the binding capacities of PiB at different core binding sites are 

very different. Such findings suggested that one needs to take both the binding 

affinity and binding capacity into consideration when designing probes binding 

to Aβ fibril Metadynamics-based methods can be used to obtain the 

thermodynamic and kinetic properties of biomolecular systems. In paper III, 

BE-MetaD and InMetaD were employed to study the coupled folding and 

binding of the intrinsically disordered protein p53 with MDM2. We found that 

the binding of p53 to MDM2 favors an induced-fit mechanism. By analyzing 

the structures of intermediates, we found that the Leu22 and Leu25 residues of 
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p53 have nonnative interactions with MDM2 and serve as alternative 

hydrophobic residues to bind to the MDM2 binding groove. The intermediates 

identified by kinetic studies agreed well with those by thermodynamic studies, 

showing that our results are reliable. Based on these studies, I built a three-state 

model to describe the coupled folding and binding process and obtained all the 

underlying rate constants. Our studies showed that p53 binds to MDM2 in a 

stepwise fashion. In paper IV, well-tempered metadynamics was used to study 

the binding modes of ASEM to the α7-AChBP chimera structure. We found 

that there are 6 binding modes, and that the 𝜋 − 𝜋 interactions between the 

Trp53 and ASEM have impact on the stabilities of these binding modes. These 

findings are useful for adopting the structure-based design strategy to design 

PET tracers binding to α7-AChBP. In paper V, we proposed an efficient 

strategy named ReInMetaD, for the estimation of rare-event transition times. 

By modifying the way of adding bias, the efficiency of InMetaD in estimating 

rare-event transition times could be increased without sacrificing accuracy. We 

applied ReInMetaD to study three systems with increasing complexity and 

found that this strategy is efficient in estimating the unbiased transition times.  

With the development of hardware and software, MD simulation is becoming 

more and more useful in studying biomolecular dynamics. Moreover, it is now 

possible to perform in-silico experiments to study rare-events with enhanced 

sampling methods. In this thesis numerous enhanced sampling methods have 

been employed together with unbiased MD simulation to investigate protein 

dynamics and protein-ligand interactions in atomic detail. My findings 

presented in this thesis may help understand protein functions and the design of 

new drugs.  
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5.2 Outlook 

Once CV-based enhanced sampling methods, such as umbrella sampling and 

metadynamics, are used to investigate biomolecular systems, one needs to 

select CVs. Such selections for model systems (e.g., the alanine dipeptide) are 

straightforward as the slow dynamics are easy to be identified. However, for 

complex systems, it is difficult to select CVs because they should meet the 

following two possible conflict requirements. The first requirement is that the 

CVs should be related to the slow degrees of freedoms of the events of interests. 

The second requirement is that the number of CVs should be as small as 

possible. The second requirement, however, could be in conflict with the first 

one, as it is hard to use a small number of CVs to include all the slow degrees 

of freedom in complex events. Therefore, the two requirements of CVs would 

be hard to be fulfilled at the same time. To study complex events, there are 

some complex CVs, such as SGOOP CVs,82 path CVs83 and VAC-MetaD 

derived CVs84 that can be used. Moreover, combining the replica exchange 

approach with metadynamics makes it possible to the neglect some slow 

degrees of freedom, as configuration spaces related to these slow degrees of 

freedom could be sampled by the replica exchange approach.85 Though these 

strategies are helpful, they are still far from perfect. To date, there is still no 

strategy for automated selection of CVs. Making the “right” choices of CVs is 

usually a hard task and involves trials and errors. From my point of view, the 

further development of metadynamics should be focused on the developing new 

strategies for automated selection of CVs. One promising way is to use time-

structure based independent component analysis (TICA) to identify the slow 

dynamics.86 TICA has been used in analyzing the unbiased simulation data and 

constructing Markov state models.87 Pande et al. showed that it is possible to 

use so-called TICA CVs in metadynamics to study protein conformational 
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changes.88 The requirement for performing a TICA is that the simulation data 

must be obtained a priori. Therefore, generating the simulation data for TICA 

is a critical step to design TICA CVs. However, the generation of unbiased 

simulation data costs large amounts of computational power. Therefore, it is 

not practical to perform large amounts of unbiased simulations to obtain the 

data and perform TICA to design CVs in real applications. In real applications, 

one could instead borrow the idea of using high temperature MD to reveal the 

slow degrees of freedom and perform TICA to these biased simulation data to 

design TICA CVs.89 It follows that one can run metadynamics simulations 

using these TICA CVs. Hopefully, with this strategy, it will become easier to 

select CVs. 
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