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The opening of the 21
st
 century has been marked as a generation of biological science. 

Nowadays, the understanding of the sequence and structure of biomolecules is growing 

rapidly. And researchers from multiple disciplines, chemistry, physics and computational 

science in particular, are making significant contributions to modern biology and drug 

discovery. The state-of-the-art techniques of computational chemistry and molecular 

modeling can be applied to study a wide range of chemical and biological systems of 

interest. This enables us to study structural details at the atomic level and obtain 

chemical/biological information which is not available by experimental measurements. 

This dissertation project focused on modeling the recognition mechanisms of 

biomolecules and their conjugated ligands. Multiple computational techniques, such as 

molecular dynamics simulation, entropy and free energy calculation were applied. The 

model systems included signaling domains (FHA, BRCT and WW domain), kinase (p38 
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kinase) and HIV protease. The details of the dynamics, interactions and correlations of 

domain-phosphopeptide systems were discovered. The free energy calculation, mining 

minima algorithm, was performed to study detailed conformational changes of kinase-

ligand systems and predict protein-ligand binding energies. In addition, the association 

process of protein and ligand, which requires large simulation time scales, was also 

investigated. This project studies the details of protein-peptide/ligand binding and 

provides clues for further structure-based biomolecule/drug design. 
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Chapter 1 Introduction 

1.1 Overview 

This project studies the molecular recognition in biomolecular systems, such as protein, 

kinase and peptide. To approach this goal, multiple tools of computational modeling were 

applied. The key skills of modeling biomolecules, e.g., molecular dynamics simulation 

and free energy calculation, are introduced in Chapter 1. First, I study protein dynamics, 

conformational changes and enthalpy/entropy changes before and after binding. I selected 

the FHA domain and its conjugated phosphopeptides as my model system. I investigated 

the recognition by special loop structure. The details are shown in Chapter 2. Chapter 3 

focuses on the selectivity of phosphothreonine and phosphoserine of the FHA domain. I 

show how and why the tiny difference of these two residues can be correctly 

differentiated by the FHA domain. Chapter 4 studies three well-known binding 

mechanisms, lock-and-key, induced-fit and population-shift model. I performed this 

investigation in the BRCT domain and multiple peptide systems. To further understand 

the driving forces of molecular recognition, I carried out free energy calculation with the 

mining minima algorithm in p38 kinase-drug systems. The binding free energies of 30 

ligands were accurately computed in Chapter 5. In addition to studying the free and 

bound state of biomolecules, the recognition process of protein and ligand is also 

important in binding kinetics. I chose HIV protease-ligand system as an example to 

simulate the protein-ligand association pathway in Chapter 6. The future work of 

recognition path simulations is in Chapter 7. 
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1.2 Molecular dynamics to model biomolecular systems 

Since the first molecular dynamics (MD) simulation was applied to a protein system over 

30 years ago [1], the skill of MD has been widely used to computationally model a 

variety of biomolecular systems at atomic level, including peptides, proteins, nucleotides, 

lipids and viruses [2-6]. Nowadays, the increasing computational power and spatial 

resolution of MD allow sampling large conformational changes in numerous types of 

proteins, which augments the use in combination with various experimental methods to 

provide a multi-scale study of the structure, dynamics and function of a biomolecule. 

Molecular dynamics is a method to approximate the motion of molecules in the context 

of N-body dynamics by using Newton’s law. At each step, the position of an atom can be 

determined from the previous step by solving Newton’s equation of interacting particles, 

based on the potential energy defined by molecular mechanic force fields [7-9]. Theory 

and development of MD are reply on the principles of statistical mechanics. The result of 

MD is a trajectory of the system over a certain period of time, usually in ten to hundred 

nanoseconds (ns). Various structural and dynamic properties of the system then are 

analyzed based on the trajectories, and some of them may be directly compared with 

experimental data. 
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1.2.1 Theory 

1.2.1.1 Statistical mechanics: Microstate and ensemble 

Molecular dynamics simulations generate information at the microscopic level such as 

atomic positions and velocities. Statistical mechanics can help to connect the microscopic 

information to macroscopic properties, e.g., pressure and energy, which can be directly 

observed via experimental measurements [10]. 

A microscopic state of a system can be defined by the positions and momentum of all 

particles in the system. For a system with N particles, the Hamiltonian H, is a sum of the 

kinetic energy K and the potential energy U, which are functions of the momentum pi and 

coordinate ri of each particle i, respectively as the following. 

𝒓 =  𝒓1 , 𝒓2 , … , 𝒓𝑁                                                                                                      eq. 1-1 

𝒑 = (𝒑1, 𝒑2, … , 𝒑𝑁)                                                                                                    eq. 1-2 

𝐻 𝒓, 𝒑 =  𝐾 𝒑 +  𝑈(𝒓)                                                                                           eq. 1-3 

An ensemble is a collection of all possible different microscopic states of a particular 

thermodynamic state. Several ensembles described below are common used in MD 

simulations: Canonical ensemble (NVT) is a collection of all systems whose 

thermodynamic state is characterized by a fixed number of atoms, N, a fixed volume, V, 

and a fixed temperature, T. Isobaric-isothermal ensemble (NPT) is characterized by a 

fixed number of atoms, N, a fixed pressure, P, and a fixed temperature, T. Grand 
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canonical ensemble (mVT) is characterized by a fixed chemical potential, m, a fixed 

volume, V, and a fixed temperature, T. 

Experiments usually contain a large number of atoms. The average of experimental 

observables is corresponding to the average of ensemble in statistical mechanics. In MD 

simulations, an ensemble average is the average taken over a large number of replicas of 

the system. The ensemble average A from a simulation trajectory can be written as 

< 𝐴 >𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =   𝑑𝑝𝑁𝑑𝑟𝑁𝐴(𝑝𝑁 , 𝑟𝑁)𝜌(𝑝𝑁 , 𝑟𝑁),                                                      eq. 1-4             

where A(pN, rN) is the observable of interest and it is in a function of the momentum and 

positions of the system. The probability density of the ensemble is given by 

𝜌 𝑝𝑁 , 𝑟𝑁 =  
1

𝑞
exp  −

𝐻 𝑝𝑁 ,𝑟𝑁  

𝑘𝐵𝑇
 ,                                                                                  eq. 1-5 

where H is the Hamiltonian, T is the temperature, kB is Boltzmann constant and q is the 

partition function 

𝑞 =   𝑑𝑝𝑁𝑑𝑟𝑁 exp  −
𝐻 𝑝𝑁 ,𝑟𝑁  

𝑘𝐵𝑇
 .                                                                               eq. 1-6 

This integral is extremely difficult to calculate because all possible states of the system 

should be considered. In a MD simulation, the points in the ensemble are calculated 

sequentially in time. Therefore, the calculation of ensemble average in a MD simulation 

is to determine a time average of A, which can be expressed as 

< 𝐴 >𝑡𝑖𝑚𝑒 =  lim𝜏→∞
1

𝜏
 𝐴 𝑝𝑁 𝑡 , 𝑟𝑁 𝑡  𝑑𝑡 ≈  

1

𝑀
 𝐴 𝑃𝑁 , 𝑟𝑁 𝑀

𝑡=1
𝜏

𝑡=0
,                      eq. 1-7 
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where t is the simulation time, M is the number of time steps in the simulation. 

Thus, one can calculate time averages by MD simulation to obtain the ensemble average. 

< 𝐴 >𝑒𝑛𝑠𝑒𝑚𝑏𝑙𝑒 = < 𝐴 >𝑡𝑖𝑚𝑒                                                                                        eq. 1-8 

1.2.1.2 Classical mechanics 

The MD simulation method is based on Newton’s second law. The force F exerted on 

one particle can be written as 

𝐹 = 𝑚𝑎 =  −
𝜕𝑈

𝜕𝑟
,                                                                                                        eq. 1-9 

where U is the potential energy of the system, m and a is the mass and acceleration of the 

particle, respectively.  

From the eq. 1-9, the acceleration a of each atom in the system can be calculated by  

𝑎 =  −
1

𝑚

𝜕𝑈

𝜕𝑟
 .                                                                                                             eq. 1-10 

By the definition of velocity, v, and acceleration, a, 

𝑣 =  
𝜕𝑟

𝜕𝑡
 𝑎𝑛𝑑 𝑎 =  

𝜕𝑣

𝜕𝑡
,                                                                                                eq. 1-11 

integration of the equations then yields a trajectory that describes the positions and 

velocities of the particles varying with time: 

𝑟 = 𝑣𝑡 + 𝑟0 𝑎𝑛𝑑 𝑣 = 𝑎𝑡 + 𝑣0,                                                                                 eq. 1-12 
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where r0 and v0 denotes the initial position and velocity, respectively. 

Combining the eq. 1.-10, eq. 1.-11 and eq. 1-12, the position of the particle can be 

represented as 

𝑟 = 𝑎𝑡2 +  𝑣0𝑡 +  𝑟0 =  −
𝑡2

𝑚

𝜕𝑈

𝜕𝑟
+  𝑣0𝑡 + 𝑟0.                                                           eq. 1-13 

From this equation, to calculate a MD trajectory, we only need the particle’s initial 

position, initial velocities and the acceleration derived by the gradient of the potential 

energy function. Once the positions and velocities of each atom are known, the state of 

the system can be predicted at any time in the future or the past. 

The initial conditions at time zero, t0, determine the positions and velocities at all other 

times, t. The initial positions of a protein can be obtained from experimental structures, 

such as X-ray and NMR structures. The initial velocities are usually determined from a 

random distribution with the required temperature, so there is no overall momentum, 

𝑝 =   𝑚𝑖𝑣𝑖
𝑁
𝑖=1 = 0.                                                                                                 eq. 1-14 

The velocities, vi, are often calculated by the Boltzmann or Gaussian distribution at a 

given temperature, which gives the probability that an atom i has a velocity vr in the r 

direction at a temperature T. 

𝑝 𝑣𝑖𝑟  = (
𝑚 𝑖

2𝜋𝑘𝐵𝑇
)1/2exp[−

1

2

𝑚 𝑖𝑣𝑖𝑟
2

𝑘𝐵𝑇
]                                                                          eq. 1-15 



7 

 

1.2.1.3 Integration algorithms 

The potential energy is a function of all atomic positions of the system. Because this 

function includes large degrees of freedom, there is no analytical solution to the equation; 

it should be solved numerically. There are numerous numerical algorithms developed for 

integrating the equations. All the integration algorithms assume the positions, velocities 

and accelerations can be approximated by a Taylor series expansion: 

𝑟 𝑡 + ∆𝑡 =  𝑟 𝑡 +  𝑣 𝑡 ∆𝑡 + 
1

2
𝑎 𝑡 ∆𝑡2 + ⋯                                                       eq. 1-16 

𝑣 𝑡 + ∆𝑡 =  𝑣 𝑡 +  𝑎 𝑡 ∆𝑡 + 
1

2
𝑏 𝑡 ∆𝑡2 + ⋯                                                      eq. 1-17 

𝑎 𝑡 + ∆𝑡 =  𝑎 𝑡 +  𝑏 𝑡 ∆𝑡 + 
1

2
𝑐 𝑡 ∆𝑡2 + ⋯,                                                      eq. 1-18 

where r is the position, v is the velocity (the first derivative with respect to time), a is the 

acceleration (the second derivative with respect to time), etc. 

The two well-used algorithms are listed below. 

(1) Verlet algorithm 

To derive the Verlet algorithm, we can write 

𝑟 𝑡 + ∆𝑡 = 𝑟 𝑡 +  𝑣 𝑡 ∆𝑡 +
1

2
𝑎(𝑡)∆𝑡2                                                                 eq. 1-19 

𝑟 𝑡 − ∆𝑡 = 𝑟 𝑡 −  𝑣 𝑡 ∆𝑡 +
1

2
𝑎 𝑡 ∆𝑡2.                                                                eq. 1-20 
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Summing these two equations, we can obtain 

𝑟 𝑡 + ∆𝑡 = 2𝑟 𝑡 −  𝑟(𝑡 − ∆𝑡) + 𝑎 𝑡 ∆𝑡2.                                                           eq. 1-21 

The new positions at time (t+Δt) can be calculated by the positions from time (t
_
Δt) and 

the positions and accelerations at time t.  

(2) Leap-frog algorithm 

In this algorithm, the velocities are the first calculated at time (t+1/2Δt), which are used 

later to calculate the positions, r, at time (t+Δt).  

𝑣  𝑡 +
1

2
∆𝑡 =  𝑣  𝑡 −

1

2
∆𝑡 +  𝑎(𝑡)∆𝑡                                                                    eq. 1-22 

𝑟 𝑡 + ∆𝑡 =  𝑟 𝑡 +  𝑣  𝑡 +
1

2
∆𝑡 ∆𝑡                                                                       eq. 1-23 

In this way, the velocities leap over the positions, and then the positions leap over the 

velocities.  

1.2.2 Force fields 

The potential energy function U of MD simulations can be described as a force field. The 

commonly used force fields are Amber [11-12], Charmm [13], GROMOS [14], and 

OPLS [15]. Although the force fields were originally developed by different groups, 

generally, the potential energy U can be divided into bonded and non-bonded terms, 

where the former includes the bond, angle, dihedral, and improper interactions, while the 
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latter includes the van der Waals (vdw) and electrostatic (elec) interactions. The 

equations can be expressed as 

𝑈 =  𝑈𝑏𝑜𝑛𝑑 +  𝑈𝑎𝑛𝑔𝑙𝑒 +  𝑈𝑑𝑖𝑒𝑑𝑟𝑎𝑙 +  𝑈𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟 + 𝑈𝑣𝑑𝑤 + 𝑈𝑒𝑙𝑒𝑐                           eq. 1-24 

Each term of this equation can be further represented as the following equations: 

𝑈𝑏𝑜𝑛𝑑 =  𝐾𝑏(𝑏 − 𝑏0)2,                                                                                             eq. 1-25 

where Kb is the force constant of chemical bonds, b is the bond distance and b0 is the 

equilibrium distance. 

𝑈𝑎𝑛𝑔𝑙𝑒 =  𝐾𝜃(𝜃 − 𝜃0)2,                                                                                            eq. 1-26 

where Kθ is the force constant of the angle form by three atoms, θ is the angle in radians 

and θ0 is the equilibrium angle. 

𝑈𝑑𝑖𝑒𝑑𝑟𝑎𝑙 =  𝐾𝑥[1 + cos(𝑛𝑥 − 𝛿)],                                                                          eq. 1-27 

where Kx is the force constant of the dihedral angle form by four atoms, x is the dihedral 

in radians and the integer constant n is nonnegative and indicates the periodicity. For n > 

0, δ is the phase shift angle, while for n = 0, δ acts as an equilibrium dihedral. 

𝑈𝑖𝑚𝑝𝑟𝑜𝑝𝑒𝑟 =  𝐾𝜑(𝜑 − 𝜑0)2,                                                                                     eq. 1-28 

where Kφ is the force constant of the improper angle, φ is the improper angle in radians 

and φ0 is the equilibrium improper angle. 
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𝑈𝑣𝑑𝑤 =  −𝐸𝑚𝑖𝑛 [ 
𝑅𝑖𝑗

𝑟𝑖𝑗
 

12

− 2(
𝑅𝑖𝑗

𝑟𝑖𝑗
)6],                                                                          eq. 1-29 

where rij gives the distance between the pair of atoms, and the Emin = U(Rij) is the 

minimum of the potential term. 

𝑈𝑒𝑙𝑒𝑐 =  
𝑞𝑖𝑞𝑖

4𝜋휀0𝑟𝑖𝑗
,                                                                                                         eq. 1-30 

where rij is the distance between the pair of atoms, qi and qj are the charges on the 

respective atoms and  the dielectric constant ε0 is fixed for all electrostatic interactions. 

1.2.3 System preparations of MD simulation 

From the previous sections, we know that MD simulations can provide valuable insights 

into biomolecular systems. Although it seems this method is straight forward, numerous 

steps of sample preparation should be carefully done to generate sound results before 

requiring hundreds of CPU time. A tiny flaw of initial structure or poorly defined 

coordinates may cause errors in an MD simulation. The general preparations of an MD 

simulation are summarized as the following: 

1.2.3.1 Choosing initial structures 

Molecular dynamics simulations start with an atomic-resolution structure, which could be 

obtained from X-ray or NMR studies. The structures with high resolution are always 

preferred. If there is no structure available, homology modeling may be used to construct 

a protein structure based on its similarity to other proteins with known structures [16]. 
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1.2.3.2 pKa calculation 

Once a protein structure is determined, the next step is to calculate the protonation state 

of each titratable residue. We apply pKa value to note the protonation state of a residue. 

The pKa value of each residue is sensitive to hydrogen bonding, desolvation effect and 

Coulombic interactions in its local environment; therefore, it is different from the pKa of 

standard amino acid. Multiples programs are available for predicting and assigning 

protonation states of protein residues, such as MCCE, PROPKA and UHBD [17-19]. 

1.2.3.3 Adding water and ions 

Currently, there are two types of water model widely used in MD simulations: explicit 

water molecules and implicit solvent model. In MD simulations, classical water 

molecules are directly placed around a protein as a water cluster, called explicit solvent. 

Various explicit solvent models have been proposed, such as TIPS, TIP3P, TIP4P and 

TIP5P [20-22]. They can be classified by the number of points used to define the model, 

for example, whether the structure is rigid or flexible, and whether the model includes 

polarization effects or not. Although the calculations with explicit solvent are time-

consuming, the detailed interactions between protein and water molecules can be 

accurately addressed in MD trajectories. 

An alternative to the explicit water models is an implicit solvent model, also known as a 

continuum model. Implicit solvation is a method to represent solvent as a continuous 

medium instead of individual water molecules. Various methods can be applied to 
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approximate the averaged behavior of highly dynamic solvent molecules. The two 

methods, Poisson-Boltzmann surface area (PBSA) and Generalized Born surface area 

(GBSA), are the latest implicit models that people use in MD simulations. The Poisson-

Boltzmann (PB) describes the electrostatic environment of a solute in solvent containing 

ions [23-24]. The equation can be written as 

∇   ∙  𝜖 𝑟  ∇   Ψ 𝑟   =  −4𝜋𝜌𝑓 𝑟  − 4𝜋  𝑐𝑖
∞𝑧𝑖𝑞𝜆(𝑟 )exp[−

𝑧𝑖𝑞Ψ(r  )

𝑘𝐵𝑇
]𝑖 ,                        eq. 1-31 

where 𝜖(𝑟 ) is the position-dependent dielectric, Ψ(𝑟 ) is the electrostatic potential, 𝜌𝑓(𝑟 ) 

is the charge density of the solute, 𝑐𝑖
∞  is the concentration of the ion i at a distance of 

infinity from the solute, zi is the valence of the ion, q is the charge of a proton, kB is the 

Boltzmann constant, T is the temperature, and 𝜆(𝑟 ) is a factor for the position-dependent 

accessibility of position r to the ions in solution. Although this equation has solid 

theoretical basis, it is computationally expensive in calculation without approximations. 

The Generalized Born (GB) model is an approximation of the linearized PB equation. It 

is based on modeling the solute as a set of spheres whose internal dielectric constant 

differs from the external solvent. The model has the following form: 

𝐺 =  
1

8𝜋
(

1

𝜖0
−

1

𝜖
)  

𝑞𝑖𝑞𝑗

𝑓𝐺𝐵

𝑁
𝑖 ,𝑗 ,                                                                                           eq. 1-32 

where 𝑓𝐺𝐵 =   𝑟𝑖𝑗
2 + 𝑎𝑖𝑗

2 𝑒−𝐷  , 𝐷 =  (
𝑟𝑖𝑗

2𝑎𝑖𝑗
)2 and 𝑎𝑖𝑗 =   𝑎𝑖𝑎𝑗  , 

where 𝜖0 is the permittivity of free space, 𝜖 is the dielectric constant of the solvent, qi is 

the electrostatic charge on particle i, rij is the distance between particles i and j, and aij is 
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the effective Born radius. Accurate estimation of the effective Born radius is critical for 

the GB model [25-26]. 

Apart from water, the buffer solution contains different types of ions in most biological 

systems. We can add ions, such as Na
+
 and Cl

-
, in a system to provide a similar condition 

as experiments. The added ions should neutralize the net charge of the biomolecule, so 

the total charge of the simulation system is zero. 

1.2.3.4 Minimization 

Before MD simulations start, energy minimization is applied to the system to remove 

steric clashes or close contacts within the atoms. Because most of the coordinates, 

obtained using X-ray diffraction or NMR, have small deviations, minimization is 

required to resolve the flaws that may “blow up” the energy function. The restraints on a 

part of protein atoms are designed to gradually bring the system to the target condition. 

The hydrogen atoms of the system are usually minimized first by restraining the all atoms 

except hydrogen. The next is to minimize the sidechain and whole biomolecule. The 

entire system including protein and water molecules is minimized finally. Several 

minimum search algorithms are commonly used to bring the energy to local energy 

minima, such as steepest descent, conjugate gradient and Newton-Raphson method [27-

29]. 
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1.2.3.5 Equilibrium 

After multi-stepped minimizations, the system should be equalized by gradually 

increasing temperature. The temperature is usually simulated from 50 K, 100 K, 150 K, 

200 K, 250 K to 300 K. The Andersén thermostat, Langevin thermostat and Nosé-Hoover 

thermostat can help to control the temperature [30]. The ensembles, e.g., NPT, NVT or 

mVT, used in an MD simulation should be chosen according to the nature of the 

biomolecular system.  

1.2.3.6 Molecular dynamics production run and advanced MD techniques 

Multiple packages can help to perform MD simulations, such as Amber, NAMD, 

Charmm and GROMOS [12,14,31-32]. Because MD simulations often require hundreds 

of CPUs, local clusters and supercomputers are used to be in charge of them. 

As mentioned above, the time-scale of MD sampling is usually around ten to hundred ns. 

However, this mismatches the real time-scale of experiments. Short MD simulations may 

not be able to simulate enough protein conformations to make a reasonable comparison 

with experimental results. The method to enhance sampling is necessary here. One 

example of enhanced-sampling algorithm is accelerated MD (aMD) [33]. The basic idea 

of aMD is to improve the conformational space sampling by reducing energy barriers 

separating different states of a system. The method modifies the potential energy 

landscape by raising energy wells that are below a certain threshold level, while leaving 

those above this level unaffected. As a result, barriers separating adjacent energy basins 
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are reduced, allowing the system to sample conformational space that cannot be easily 

accessed in a classical MD simulation. When potential energy of the system falls below a 

threshold energy E, a boost potential energy ∆𝑉(𝒓) will be added to make the modified 

potential energy 𝑉∗ 𝒓  as a sum of the original potential energy 𝑉(𝒓)  and a boost 

potential energy. 

𝑉∗ 𝒓 =  𝑉 𝒓 + ∆𝑉(𝒓),                                                                                          eq. 1-33 

where ∆𝑉 𝑟 =   
0                             𝑖𝑓 𝑉(𝑟) ≥ 𝐸
(𝐸−𝑉(𝒓))2

𝛼+𝐸−𝑉(𝒓)
               𝑖𝑓 𝑉 𝑟 < 𝐸

  , 

where α is the acceleration factor, which determines the shape of the modified potential. 

1.2.4 Post-MD analysis 

Molecular dynamics trajectories can provide dynamic movements of a protein. However, 

if we want to acquire quantitative properties, such as flexibility, entropy and energy of 

the system, further analyses are necessary to help collecting the detailed information. 

Several methods are listed below. 

1.2.4.1 Root-mean-square deviation 

Root-mean-square deviation (RMSD) is a measure of the average distance between the 

atom positions at specific time and the equivalent position of superimposed proteins, 

which represents the differences between predicted values and reference values. Since 
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sidechains of protein are flexible, the calculations are usually only include backbone 

atoms. The definition of RMSD can be shown as the following: 

𝑅𝑀𝑆𝐷 𝒗, 𝒘 =   
1

𝑛
 [ 𝑣𝑖𝑥 − 𝑤𝑖𝑥  

2 +  𝑣𝑖𝑦 − 𝑤𝑖𝑦  
2

+ (𝑣𝑖𝑧 − 𝑤𝑖𝑧 )2]𝑛
𝑖=1 ,              eq. 1-34 

where v and w are two sets of n atoms. 

1.2.4.2 Root-mean-square fluctuation 

Root-mean-square fluctuation (RMSF) is a measure of the average distance between the 

position of particle i and one reference position over the time zone T. 

𝑅𝑀𝑆𝐹 =   
1

𝑇
 (𝑥𝑖 𝑡𝑗  − 𝑥𝑖 )2𝑇

𝑡𝑗=1
,                                                                            eq. 1-35 

where xi is the particle position at time tj and 𝑥𝑖  is the reference position of particle i.  

The difference between RMSD and RMSF is, RMSD is the average taken over the 

particles given the specific time, while RMSF is the average taken over the time given a 

value of each particle i.  

1.2.4.3 Configurational entropy calculation 

Configurational entropy includes both conformational and vibrational terms, which can 

reflect the number of energy wells and the average width of the occupied wells, 

respectively [34]. Instead of using Cartesian coordinates, the total entropy can be 

decomposed into individual terms based on the bond-angle-torsion (BAT) coordinate, 
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including backbone (phi, psi and omega) and sidechain [35]. The Gibbs entropy formula 

is used to calculate torsional entropy: 

𝑆𝑐𝑜𝑛𝑓 (𝑖) =  −𝑅  𝑃𝑖 ln(𝑃𝑖),                                                                                       eq. 1-36 

where Pi is the probability distribution of each torsional angle i and R is the gas constant.  

1.2.4.4 Correlations between subsites of a protein 

There are multiple ways to calculate the significant correlated motions of allosteric sites 

of a protein. One example is to estimate the correlations statistically by calculating 

residue-by-residue configurational entropies in thermodynamic ensembles [36]. This 

method can provide a tool to compare conformational ensembles from different starting 

points to show which residues have differences in their dihedral distributions due to 

changes in structural dynamics. The total torsional entropy is given by 

𝑆𝑐𝑜𝑛𝑓 =    𝑝 𝜙 ln 𝑝 𝜙 d𝜙
2𝜋

0

𝑛

𝑖

−     𝑝 𝜙1, 𝜙2 
2𝜋

0

2𝜋

0

𝑛

𝑗≠𝑖

𝑛

𝑖

ln
𝑝 𝜙1, 𝜙2 

𝑝 𝜙1 𝑝 𝜙2 
𝑑𝜙1𝑑𝜙2 

                 + ⋯− ⋯,                                                                                                   eq. 1-37 

where 𝑝(𝜙) is the probability function of torsional angle i and j of residues and n is the 

number of torsions. The second-order term shows a sum of the mutual information of 

each pair of torsional angles, which provides a measurement how one degree of freedom 

gained by another. The pattern of mutual information between residues can be used to 
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identify couplings between allosteric sites and identify residues that might be important 

in mediating these couplings. 

1.2.4.5 MM-PBSA and MM-GBSA energy calculations 

The molecular mechanics PBSA (MM-PBSA) and its GB variant (MM-GBSA) are one 

example of an end point approach to calculate binding energies [37-39]. These methods, 

based on MD trajectories, compute binding energies using enthalpy/entropy 

decomposition approach with implicit solvation model, PB or GB. The binding 

interaction energy ΔEbind, associated with the binding of a protein and ligand to form 

protein-ligand complex, can be calculated as the following: 

∆𝐸𝑏𝑖𝑛𝑑 = < 𝐸𝑐𝑜𝑚𝑝𝑙𝑒𝑥 > −< 𝐸𝑝𝑟𝑜𝑡𝑒𝑖𝑛 > −< 𝐸𝑙𝑖𝑔𝑎𝑛𝑑 >,                                         eq. 1-38 

where the bracket <E> denotes the average energy computed from a given MD trajectory. 

The change of interaction energy of each molecule can be further decomposed as 

∆𝐸𝑡𝑜𝑡𝑎𝑙 =  ∆𝐸𝑣 + ∆𝐸𝑣𝑑𝑤 + ∆𝐸𝐶𝑜𝑢𝑙 + ∆𝑊𝑃𝐵 ∆𝑊𝐺𝐵 + ∆𝑊𝑛𝑝 ,                                 eq. 1-39 

representing the changes in valance  energy (Ev) (bond, angle, dihedral and improper 

energy), van der Waal interaction energy (Evdw), Coulombic interactions energy (ECoul) 

and the polar contribution of solvation free energy (WPB/WGB) and the nonpolar tern with 

cavity/surface area energy (Wnp). We note that the solvation free energy here includes 

water enthalpy and entropy. 
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Although MM-PBSA and MM-GBSA serve as robust methods of energy calculation in 

drug design and biomolecular analyses, the studies also revealed some weaknesses of this 

method [40-41]. Source errors include the prediction of solute entropies, the estimation of 

solvation free energies and parameter selection. Moreover, contributions of water 

molecules to the binding free energy are not accurate by applying implicit solvation 

models. Despite several limitations, this method is still with great potential to 

quantitatively compute binding energy in various molecular systems at low 

computational cost. 

1.2.5 Applications 

Since the first MD simulation of a simplified biological folding process was published in 

1975 and the simulation to study protein motion in role of biological function was 

published in 1976 [42-43], MD has been widely applied in many fields of biomolecular 

studies. For example, MD simulations were successfully predicting the molecular basis of 

the common protein mutation N370S of Gaucher Disease, the drug resistance of HIV 

protease, the diverse peptide binding modes of signaling domains and the mechanisms of 

viral assembly of tobacco mosaic virus [44-47]. 

Due to the increase of computational power, today MD simulation is available to 

compute biomolecular systems with large size or very long simulation time up to 

microseconds (μs) / milliseconds (ms). Long continuous simulations can be performed on 

the Anton machine, which is a massively parallel supercomputer designed and built by D. 

E. Shaw Research [48]. It is a special-purpose machine for MD simulations of proteins 
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and biological macromolecules. Several studies of structural dynamics and protein 

folding by performing MD simulations on the Anton up to 1 ms have been published [49-

50]. 

1.3 Free energy calculations 

1.3.1 The concepts 

The free energy provides a measurement of the stability of a system at thermal 

equilibrium and the lower free energy represents the higher stability [51]. The free energy 

can be calculated from microscopic states of the system. The Helmholtz free energy F, 

which is applied in the constant volume condition, is given by 

𝐹 =  −𝑘𝐵𝑇 ln 𝑄,                                                                                                       eq. 1-40 

where kB is Boltzmann’s constant and T is absolute temperature. If the condition of the 

system, such as pressure and momentum, denoted as x, and its energy function is E(x), 

then the partition function Q can be written by the configurational integral: 

𝑄 =  𝑁  𝑑𝐱 exp[−𝛽𝐸(𝐱)],                                                                                      eq. 1-41 

where 𝛽 = (𝑘𝐵𝑇)−1 and the constant N is inserted to render Q unitless.  

1.3.1.1 Energy and entropy 

The average energy of the system is 
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< 𝐸 > =  
𝑁  𝑑𝐱 𝐸 𝐱 exp [−𝛽𝐸 (𝐱)]

𝑄
=   𝑑𝑥 𝐸(𝐱)𝜌(𝐱),                                                   eq. 1-42 

where 𝜌(𝐱) is the equilibrium probability density in x, 

𝜌 𝐱 =  
𝑁 exp [−𝛽𝐸 𝐱 ]

𝑄
=  

exp [−𝛽𝐸 𝐱 ]

 𝑑𝐱 exp [−𝛽𝐸 (𝐱)]
.                                                                  eq. 1-43 

The entropy is 

𝑆 =  − 
𝜕𝐹

𝜕𝑇
 
𝑣
 

    =  𝑘𝐵 ln 𝑄 +
𝑘𝐵𝑇

𝑄
 
𝜕𝑄

𝜕𝑇
 
𝑣
 

    =  𝑘𝐵 ln 𝑄 +
𝑁

𝑇𝑄
 𝑑𝑥 𝐸 𝑥 exp −𝛽𝐸 𝑥   

    =  
−𝐹+<𝐸>

𝑇
.                                                                                                             eq. 1-44 

1.3.1.2 Entropy of single and multiple energy wells 

Entropy is a measurement of uncertainty, which is an energy function with multiple 

energy wells. There are two types of source of uncertainty: one is the motions within 

single energy well, and the other is the transitions between the different energy wells. We 

can use these two sources to represent configurational entropy. 

When a one-dimensional system with coordinate x and the energy has single minima 

located at x = x0, the energy can be estimated by harmonic approximation 
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𝐸 𝑥 =  𝐸0 +
𝑘

2
(𝑥 − 𝑥0)2,                                                                                        eq. 1-45 

where k is the curvature of the energy function at x = x0. The partition function and free 

energy can be expressed as 

𝑄 = 𝑁(
2𝜋

𝛽𝑘
)1/2 exp[−𝛽𝐸0].                                                                                       eq. 1-46 

𝐹 =  𝐸0 − 𝑘𝐵𝑇 ln[𝑁(
2𝜋

𝛽𝑘
)1/2].                                                                                   eq. 1-47 

The average energy and entropy are 

< 𝐸 > =  𝐸0 +
1

2
𝑘𝐵𝑇  and                                                                                        eq. 1-48 

𝑆 =  𝑘𝐵 ln(
2𝜋

𝛽𝑘
)1/2 +

𝑘𝐵

2
+ 𝑘𝐵 ln 𝑁.                                                                            eq. 1-49 

When the energy function E(x) has multiple energy wells, the partition function can be 

given as 

𝑄 =   𝑄𝑖𝑖 𝑎𝑛𝑑 𝑄𝑖 =  𝑁  𝑑𝑥 exp[−𝛽𝐸𝑖 𝐱 ]
 

𝑖
,                                                         eq. 1-50 

where the integration is restricted to the energy well i. 

The average energy of the system with multiple energy wells is a weight average of the 

energy associated with each well, noted as  

< 𝐸 > =   𝑝𝑖 < 𝐸 >𝑖𝑖  .                                                                                          eq. 1-51 
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However, in addition to the weight average of entropy Si of the individual energy wells, 

the entropy includes the second term to show the distribution of the system across the 

energy wells i. 

𝑆 =   𝑝𝑖𝑆𝑖𝑖 − 𝑘𝐵  𝑝𝑖 ln 𝑝𝑖𝑖 ,                                                                                    eq. 1-52 

where 𝑝𝑖 = 𝑄𝑖/𝑄. These two terms of configurational entropy are usually referred as 

vibrational and conformational entropy, respectively. 

1.3.1.3 Molecular association in biomolecular reactions 

Molecular recognition of a protein-ligand system can be viewed as the formation of a 

complex RL by a receptor R and a ligand molecule L in equilibrium [52]. The equation 

can be expressed as  

𝑅 + 𝐿 ⇌ 𝑅𝐿 .                                                                                                            eq. 1-53 

The standard binding free energy associated with this chemical reaction is 

∆𝐺𝑏
0 =  −𝑘𝐵𝑇 ln 𝐾𝑏 ,                                                                                                 eq. 1-54 

where Kb is the dimensionless binding constant 

𝐾𝑏 =  [
 𝑅𝐿 /𝐶0

  𝑅 /𝐶0 ( [𝐿]/𝐶0)
]𝑒𝑞 ,                                                                                          eq. 1-55 

where [RL], [R] and [L] indicate complex, receptor and ligand concentration, C
0
 is the 

standard state concentration and eq denotes all conditions are in equilibrium.  



24 

 

When the changes of pressure and volume can be neglected, the binding constant Kb can 

be given by a statistical expression 

𝐾𝑏 =  
𝐶0

8𝜋2

𝑍𝑅𝐿 𝑍𝑁

𝑍𝑅𝑍𝐿
,                                                                                                        eq. 1-56 

where ZRL, ZR, ZL and ZN are configurational partition function of the complex, receptor, 

ligand and solvent bath composed of N molecules, which can be further denoted as 

𝑍𝑋 =   exp −𝛽𝑈(𝑥) 𝑑𝑥,                                                                                         eq. 1-57 

where the subscript x can be RL, R, L and N, and U is the potential energy of solvent and 

molecule system. 

1.3.2 Mining minima algorithm 

The mining minima (M2) algorithm is one example of end point method. Unlike MM-

PBSA or MM-GBSA, which evaluate the binding energy based on sampled 

conformations from MD simulations, the M2 method estimates binding free energy by 

calculating configurational integrals of a set of conformations in low energy states. The 

advantage of this method is to increase rates of conformational transitions, which allows 

sampling of more conformations and performing free energy calculations on the stable 

minima of the system. The central idea of the M2 algorithm is to compute binding free 

energy in an implicit solvent model by calculating each configuration integral in eq. 1-56. 

The standard binding free energy of a non-covalent complex can be written as 

∆𝐺0 =  𝜇𝑅𝐿
0 − 𝜇𝑅

0 − 𝜇𝐿
0,                                                                                             eq. 1-58 
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where 𝜇𝑥
0 is the standard chemical potential of molecule x = RL, R and L, which can be 

expressed in terms of the configurational integral Zx 

𝜇𝑥
0 =  −𝑅𝑇(

8𝜋2

𝜍𝑥𝐶0 𝑍𝑥),                                                                                                eq. 1-59 

where R is the gas constant and 𝜍𝑥  is the symmetry number. The factor 𝜍𝑥  and C
0
 is 

related to the rotational and translational degree of freedom of the molecule. The 

algorithm of the M2 method can be divided into several parts shown in the following [53]. 

1.3.2.1 Conformational search 

The Tork algorithm is used to search stable conformations of molecules, including 

protein, ligand and complex [54]. One minimized conformation should be provided as an 

initial search structure. Natural motions of the molecules can be identified by computing 

normal modes using BAT coordinates. Then, the molecules are distorted along each 

torsional angle of the modes to generate new conformations with low energy. These 

iterations will keep processing until the free energy of the system is converged to the 

criteria, for example, the change of free energy is less than 10
-4

 kcal/mol. The 

conformations generated by Tork are compared based on the dihedral angles. The repeat 

conformations will be deleted for further calculations. 

1.3.2.2 Configurational integrals  

The mining minima method computes the binding free energy via numerical estimation 

of configurational integrals. To accelerate this calculation, an implicit solvent model is 
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applied. In a molecular system with solvent, the configuration integrals Z can be 

approximated by a sum of the contributions from low energy conformations with local 

integral zi. 

𝑍 =   𝑧𝑖𝑖   

𝑧𝑖 =   𝑑𝒓 exp  [−
U 𝐫 +W(𝐫)

RT
]

 

𝑖
,                                                                                   eq. 1-60 

where U(r) and W(r) are the vacuum potential energy and the solvation energy along the 

coordinates r, respectively. In BAT coordinates, the configurational integral of an energy 

well can be written as 

𝑧𝑖 =  𝑏𝑖
2  𝑑𝑏  𝑑𝜃 𝑑𝜙    𝑏𝑖

2 sin 𝜃𝑖 exp[
𝐸(𝑏  ,𝜃   ,𝜙    )

𝑅𝑇
]

𝑁𝑎𝑡𝑜𝑚
𝑖=3

 

𝑖
,                                               eq. 1-61 

where 𝐸 = 𝑈 + 𝑊 and 𝑏𝑖 , 𝜃𝑖  𝑎𝑛𝑑 𝜙𝑖  are bond length, angle and dihedral angle of atom i, 

respectively. In the standard harmonic approximation, the energy E is related to the 

second derivative matrix of E. Through diagonalizing this matrix and calculating each 

eigenvector, the configurational integral can be further modified and approximated 

numerically. This is the harmonic approximation/mode-scanning method. 

1.3.2.3 Average energy and configurational entropy 

The binding free energy Δ𝐺0  can be separated into the change of average energy 

Δ 𝐸 = Δ 𝑈 + 𝑊  and configurational entropy 𝑆𝑐𝑜𝑛𝑓𝑖𝑔  

Δ𝐺0 =  Δ𝐻0 − 𝑇Δ𝑆0 =  Δ 𝐸 − 𝑇Δ𝑆𝑐𝑜𝑛𝑓𝑖𝑔
0                                                             eq. 1-62 
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 𝐸 =  
  𝑑𝑟  𝐸 𝒓 exp [−𝐸(𝒓)/𝑅𝑇]

 
𝑖𝑖

 𝑧𝑖𝑖
                                                                                   eq. 1-63 

−𝑇𝑆𝑐𝑜𝑛𝑓𝑖𝑔
0 = 𝑅𝑇  𝑑𝒓 𝑝 𝒓 ln 𝑝(𝒓)                                                                          eq. 1-64 

where E can be approximated by the harmonic approximation above and p(r) is the 

probability density. 

1.3.3 Applications of M2 method in protein-ligand systems 

The mining minima algorithm serves as a method which can perform aggressive 

conformational searches and more accurate calculations of binding free energy. Broad 

applications include the study of molecular association, such as host-guest systems 

[53,55-56]. The applications of large system to study protein-ligand binding affinities are 

also reported [57]. The algorithm of modeling protein-small molecule binding by the M2 

method was developed by the veraChem company, which is called VM2 [57]. 

The VM2 program follows the idea of the M2 method that performs a series of iteration 

loops of the Tork search and configurational integral calculations. The flow chart of the 

VM2 procedure is shown in Figure 1-1. However, in order to make the original M2 codes 

suitable for protein-ligand modeling, VM2 program treats part of protein rigid, called real 

set, and part of protein flexible, called live set. The rigid set of the molecule acts as a 

framework that can hold the structure. The acceleration of VM2 calculation can be 

reached by neglecting the rigid part during conformational search or free energy 

calculations. Users can define the flexible set, which usually is a key binding region 
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around a ligand. The conformations of this area can be easily changed to adopt different 

ligands. 

The energy model of VM2 program comprises an empirical force field and an implicit 

solvent model. Users can choose Charmm united-atom, Amber united-atom and Amber 

all-atom force field to model the potential energy of a protein. The VeraChem’s enhanced 

version of the Dreiding force field and Gaff force field are available in the VM2 to model 

ligands’ potential energy [58-59]. The GB solvation model is applied during the 

conformational search procedure; however, the free energy calculations of each energy 

minima is computed based on PB model to increase the accuracy of solvation energy. 

1.4 Protein-ligand association 

Non-covalent molecular recognition plays a crucial role in biology, chemistry and 

pharmaceutics. Exploring binding pathways and the transient intermediate states during 

binding will help elucidate mechanisms that include binding, allostery, induced fit, gated 

control associations, and the free energetics of binding, which will later guide molecular 

designs. Kinetic properties can also modulate protein function and drug activity [60-62]. 

For example, we can know how protein allostery may be achieved during ligand binding, 

why and when induced fit happens and how the gated effects control associations. 

Exploring binding kinetics also has practical applications, for example, assisting the 

design of molecules with preferred kinetic properties in drug activity or delivery. Due to 

limitations of computer power, computational chemists typically can only study the free 

and bound states of a biomolecular system, and neglect the binding processes. As a result, 



29 

 

studying binding pathways remains a daunting task, although recent advances in 

experimental techniques have provided more powerful tools to measure kon and koff.  

During ligand-protein associations, slower than ns time-scales limit atomistic exploration 

by computational work. Obtaining long continuous trajectories provides reasonable 

binding pathways to study binding kinetics and the mechanisms. 

Ligand–protein complex formation can be viewed as a multi-step process. The initial step 

is a collision between two molecules in a solution. In the absence of strong electrostatic 

steering forces, this step is driven mainly by translational diffusion, and a crowded 

environment slows down the small-molecule diffusion process by two- to four-fold in our 

simulations. The second step involves several intermediates; before the third step, the 

final formation of the bound complex. The relatively fast encounter processes determined 

by the diffusion steps can be efficiently investigated by the coarse-grained model with 

Brownian dynamics simulations [63]. Atomistic modeling is necessary to study the rate-

determined steps, which are the final step and parts of the second step as well. 

 



30 

 

References 

1. McCammon JA, Gelin BR, Karplus M (1977) Dynamics of folded proteins. Nature 

267: 585-590. 

2. Amrhein S, Oelmeier SA, Dismer F, Hubbuch J (2014) Molecular dynamics 

simulations approach for the characterization of peptides with respect to 

hydrophobicity. J Phys Chem B 118: 1707-1714. 

3. Zhang J, Zhang Y (2014) Molecular dynamics studies on the NMR and X-ray 

structures of rabbit prion proteins. J Theor Biol 342: 70-82. 

4. Nguyen THT, Liu Z, Moore PB (2013) Molecular dynamics simulations of homo-

oligomeric bundles embedded within a lipid bilayer. Biophys J 105: 1569-1580. 

5. Tumbi KM, Nandekar PP, Shaikh N, Kesharwani SS, Sangamwar AT (2014) 

Molecular dynamics simulation studies for DNA sequence recognition by reactive 

metabolites of anticancer compounds. J Mol Recognit 27: 138-150. 

6. de Almeida H, Bastos IMD, Ribeiro BM, Maigret B, Santana JM (2013) New binding 

site conformations of the dengue virus NS3 protease accessed by molecular 

dynamics simulation. PLoS ONE 8: e72402. 

7. Alder BJ, Wainwright TE (1959) Studies in molecular dynamics .1. General method. J 

Chem Phys 31: 459-466. 

8. Frenkel D, Smit B (2002) Understanding molecular simulation from algorithms to 

applications. Academic Press, California. 

9. Rahman A (1964) Correlations in motion of atoms in liquid argon. Phys Rev A 136: 

A405. 



31 

 

10. Wang Y, Noel J, Ding F, Novoa EM, Ramachandran S, et al. (2012) Computational 

modeling of biological systems: Springer. 

11. Hornak V, Abel R, Okur A, Strockbine B, Roitberg A, et al. (2006) Comparison of 

multiple amber force fields and development of improved protein backbone 

parameters. Proteins: Struct, Funct, Bioinf 65: 712-725. 

12. Case DA, Cheatham TE, Darden T, Gohlke H, Luo R, et al. (2005) The Amber 

biomolecular simulation programs. J Comput Chem 26: 1668-1688. 

13. Vanommeslaeghe K, Hatcher E, Acharya C, Kundu S, Zhong S, et al. (2010) 

CHARMM general force field: A force field for drug-like molecules compatible with 

the CHARMM all-Atom additive biological force fields. J Comput Chem 31: 671-

690. 

14. Scott WRP, Hunenberger PH, Tironi IG, Mark AE, Billeter SR, et al. (1999) The 

GROMOS biomolecular simulation program package. J Phys Chem A 103: 3596-

3607. 

15. Jorgensen WL, Maxwell DS, TiradoRives J (1996) Development and testing of the 

OPLS all-atom force field on conformational energetics and properties of organic 

liquids. J Am Chem Soc 118: 11225-11236. 

16. Marti-Renom MA, Stuart AC, Fiser A, Sanchez R, Melo F, et al. (2000) Comparative 

protein structure modeling of genes and genomes. Annu Rev Biophys Biomol Struct 

29: 291-325. 

17. Song Y, Mao J, Gunner MR (2009) MCCE2: Improving protein pK(a) calculations 

with extensive side chain rotamer sampling. J Comput Chem 30: 2231-2247. 



32 

 

18. Bas DC, Rogers DM, Jensen JH (2008) Very fast prediction and rationalization of 

pK(a) values for protein-ligand complexes. Proteins: Struct, Funct, Bioinf 73: 765-

783. 

19. Davis ME, Madura JD, Luty BA, McCammon JA (1991) Electrostatics and diffusion 

of molecules in solutions - simulations with the university-of-houston-brownian 

dynamics program. Comput Phys Commun 62: 187-197. 

20. Jorgensen WL (1981) Quantum and statistical mechanical studies of liquids .10. 

transferable intermolecular potential functions for water, alcohols, and ethers - 

application to liquid water. J Am Chem Soc 103: 335-340. 

21. Jorgensen WL, Chandrasekhar J, Madura JD, Impey RW, Klein ML (1983) 

Comparison of simple potential functions for simulating liquid water. J Chem Phys 

79: 926-935. 

22. Mahoney MW, Jorgensen WL (2000) A five-site model for liquid water and the 

reproduction of the density anomaly by rigid, nonpolarizable potential functions. J 

Chem Phys 112: 8910-8922. 

23. Shestakov AI, Milovich JL, Noy A (2002) Solution of the nonlinear Poisson-

Boltzmann equation using pseudo-transient continuation and the finite element 

method. J Colloid Interface Sci 247: 62-79. 

24. Lu BZ, Zhang DQ, McCammon JA (2005) Computation of electrostatic forces 

between solvated molecules determined by the Poisson-Boltzmann equation using a 

boundary element method. J Chem Phys 122: 1297-1304. 



33 

 

25. Tsui V, Case DA (2000) Theory and applications of the generalized Born solvation 

model in macromolecular Simulations. Biopolymers 56: 275-291. 

26. Onufriev A, Case DA, Bashford D (2002) Effective Born radii in the generalized 

Born approximation: The importance of being perfect. J Comput Chem 23: 1297-

1304. 

27. Curry HB (1944) The method of steepest descent for non-linear minimization 

problems. Quarterly of Applied Mathematics 2: 258-261. 

28. Stich I, Car R, Parrinello M, Baroni S (1989) Conjugate-gradient minimization of the 

energy functional - A new method for electronic-structure calculation. Physical 

Review B 39: 4997-5004. 

29. Jensen F (1999) Introduction to computational chemistry: John Wiley and Sons Ltd. 

30. Andersen HC (1980) Molecular dynamics simulations at constant pressure and-or 

temperature. J Chem Phys 72: 2384-2393. 

31. Phillips JC, Braun R, Wang W, Gumbart J, Tajkhorshid E, et al. (2005) Scalable 

molecular dynamics with NAMD. J Comput Chem 26: 1781-1802. 

32. Brooks BR, Bruccoleri RE, Olafson BD, States DJ, Swaminathan S, et al. (1983) 

CHARMM - A program for macromolecular energy, minimization, and dynamics 

calculations. J Comput Chem 4: 187-217. 

33. Hamelberg D, Mongan J, McCammon JA (2004) Accelerated molecular dynamics: A 

promising and efficient simulation method for biomolecules. J Chem Phys 120: 

11919-11929. 



34 

 

34. Ai R, Fatmi MQ, Chang C-eA (2010) T-Analyst: A program for efficient analysis of 

protein conformational changes by torsion angles. J Comput-Aided Mol Des 24: 819-

827. 

35. Pitzer KS (1946) Energy levels and thermodynamic functions for molecules with 

internal rotation .2. unsymmetrical tops attached to a a rigid frame. J Chem Phys 14: 

239-243. 

36. McClendon CL, Friedland G, Mobley DL, Amirkhani H, Jacobson MP (2009) 

Quantifying correlations between allosteric Sites in thermodynamic ensembles. J 

Chem Theory Comput 5: 2486-2502. 

37. Srinivasan J, Cheatham TE, Cieplak P, Kollman PA, Case DA (1998) Continuum 

solvent studies of the stability of DNA, RNA, and phosphoramidate - DNA helices. J 

Am Chem Soc 120: 9401-9409. 

38. Massova I, Kollman PA (2000) Combined molecular mechanical and continuum 

solvent approach (MM-PBSA/GBSA) to predict ligand binding. Perspect Drug 

Discov 18: 113-135. 

39. Hou T, Wang J, Li Y, Wang W (2011) Assessing the performance of the MM/PBSA 

and MM/GBSA methods. 1. The accuracy of binding free energy calculations based 

on molecular dynamics simulations. J Chem Inf Model 51: 14. 

40. Huo SH, Wang JM, Cieplak P, Kollman PA, Kuntz ID (2002) Molecular dynamics 

and free energy analyses of cathepsin D-inhibitor interactions: Insight into structure-

based ligand design. J Med Chem 45: 1412-1419. 



35 

 

41. Homeyer N, Gohlke H (2012) Free energy calculations by the molecular mechanics 

Poisson-Boltzmann surface area method. Molecular Informatics 31: 114-122. 

42. Levitt M, Warshel A (1975) Computer simulation protein folding. Nature 253: 694-

698. 

43. Warshel A (1976) Bicycle-pedal for 1st step in vision process. Nature 260: 679-683. 

44. Offman MN, Krol M, Silman I, Sussman JL, Futerman AH (2010) Molecular basis of 

reduced glucosylceramidase activity in the most common gaucher disease mutant, 

N370S. J Biol Chem 285: 42105-42114. 

45. Wittayanarakul K, Aruksakunwong O, Sompornpisut P, Sanghiran-Lee V, Parasuk V, 

et al. (2005) Structure, dynamics and solvation of HIV-1 protease/saquinavir 

complex in aqueous solution and their contributions to drug resistance: Molecular 

dynamic simulations. J Chem Inf Model 45: 300-308. 

46. Hou T, Chen K, McLaughlin WA, Lu B, Wang W (2006) Computational analysis and 

prediction of the binding motif and protein interacting partners of the Abl SH3 

domain. PLoS Comput Biol 2: 46-55. 

47. Freddolino PL, Arkhipov AS, Larson SB, McPherson A, Schulten K (2006) 

Molecular dynamics simulations of the complete satellite tobacco mosaic virus. 

Structure 14: 437-449. 

48. Shaw DE, Deneroff MM, Dror RO, Kuskin JS, Larson RH, et al. (2008) Anton, a 

special-purpose machine for molecular dynamics simulation. Communications of the 

Acm 51: 91-97. 



36 

 

49. Lindorff-Larsen K, Piana S, Dror RO, Shaw DE (2011) How fast-folding proteins 

fold. Science 334: 517-520. 

50. Shaw DE, Maragakis P, Lindorff-Larsen K, Piana S, Dror RO, et al. (2010) Atomic-

level characterization of the structural dynamics of proteins. Science 330: 341-346. 

51. Zhou H-X, Gilson MK (2009) Theory of free energy and entropy in noncovalent 

binding. Chem Rev 109: 4092-4107. 

52. Gallicchio E, Levy RM (2011) Recent theoretical and computational advances for 

modeling protein-ligand binding affinities. Adv Protein Chem Struct Biol 85: 27-80. 

53. Chang CE, Gilson MK (2004) Free energy, entropy, and induced fit in host-guest 

recognition: Calculations with the second-generation mining minima algorithm. J 

Am Chem Soc 126: 13156-13164. 

54. Chang CE, Gilson MK (2003) Tork: Conformational analysis method for molecules 

and complexes. J Comput Chem 24: 1987-1998. 

55. Rekharsky MV, Mori T, Yang C, Ko YH, Selvapalam N, et al. (2007) A synthetic 

host-guest system achieves avidin-biotin affinity by overcoming enthalpy-entropy 

compensation. Proc Natl Acad Sci U S A 104: 20737-20742. 

56. Moghaddam S, Inoue Y, Gilson MK (2009) Host-guest complexes with protein-

ligand-like affinities: Computational analysis and design. J Am Chem Soc 131: 

4012-4021. 

57. Chen W, Gilson MK, Webb SP, Potter MJ (2010) Modeling protein-ligand binding 

by mining minima. J Chem Theory Comput 6: 3540-3557. 



37 

 

58. Mayo SL, Olafson BD, Goddard WA (1990) Dreiding - A generic force-field for 

molecular simulations. J Phys Chem 94: 8897-8909. 

59. Ozpinar GA, Peukert W, Clark T (2010) An improved generalized AMBER force 

field (GAFF) for urea. J Mol Model 16: 1427-1440. 

60. Janin J (1997) The kinetics of protein-protein recognition. Proteins: Struct, Funct, 

Bioinf 28: 153-161. 

61. Schreiber G, Haran G, Zhou HX (2009) Fundamental aspects of protein-protein 

association kinetics. Chem Rev 109: 839-860. 

62. Zhou H-X (2010) Rate theories for biologists. Q Rev Biophys 43: 219-293. 

63. Kang M, Roberts C, Cheng Y, Chang C-eA (2011) Gating and intermolecular 

interactions in ligand-protein association: Coarse-grained modeling of HIV-1 

protease. J Chem Theory Comput 7: 3438-3446. 

 



38 

 

Figure 

 

Figure 1-1: Flow chart of VM2 procedure. 
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Chapter 2 Achieving Peptide Binding Specificity and Promiscuity by Loops: Case of 

the Forkhead-Associated Domain 

2.1 Introduction 

Signal transduction and DNA repair in the cellular communication pathway require 

specific molecular recognition to engage upstream and downstream regulation [1-5]. The 

binding mechanism is usually mediated by modular domains, which are precise and 

proficient in selecting particular motifs among a broad range of associates [6-9]. For 

example, one class of signaling domains, including Src homology 2 (SH2), breast cancer 

1 (BRCA1) C-terminus (BRCT), forkhead-associated (FHA) and WW domain, can 

recognize phosphoproteins for functional specificity [10-14]. In contrast to the binding 

selectivity of phosphorylated sequences, signaling domains can interact with various 

partners with similar affinity, called binding promiscuity [15-19]. This observation raises 

an interesting question of how the signaling domains show both specificity and 

promiscuity during the recognition process. In this study, we chose the FHA domain as a 

model system to address this question. Although the FHA domain is an absolute 

phosphothreonine (pThr) binding module, it can efficiently bind to diverse peptide 

sequences [20-23]. 

In a short time, the past 10 years, almost 100 FHA structures from different protein 

families have been deposited in the protein data bank (PDB) from both NMR and X-ray 

studies. All FHA domains share similar structural characteristics. The domain spans 

approximately 100 amino acid residues to fold into a twisted β sandwich of two large β 
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sheets; each sheet contains five and six β strands (Figure 2-1). Some FHA domains have 

α helical insertions between the loops connected to the secondary β strands. Past 

experiments indicated that the six loops, opposite to the joining of the N and C terminus, 

directly involve peptide binding [23-25]. We numbered the 11 well-defined β strands and 

6 loops from β1 to β11 and L1 to L6, respectively (Figure 2-2). The fluctuations in the 

loop region are the primary difference between different FHA domains. Although FHA 

domains adopt a similar topology fold, the spectrum of sequences is widespread. 

Sequence alignment revealed only five mostly conserved residues located in the binding 

loops or at the end of the β strand (Figure 2-1(a) and 2-3). These five conserved residues 

are typically considered a support for phosphopeptide recognition [21]. 

Despite sharing low sequence identity, FHA domains perform their function by grasping 

specific pThr substrates. Previous studies showed that the phosphate group of peptides 

interacts with the conserved and non-conserved residues around loops 2, 3 and 4 via 

hydrogen bonds, salt-bridges or both to form charge attractions [23,26]. The binding 

discrimination between pThr and phosphoserine (pSer) can be attributed to the methyl 

group of pThr. This non-polar sidechain acts as a key that can nicely fit in the small 

cavity created by the conserved His, and the local contacts are stabilized by favorable van 

der Waals interactions between pThr and loops 3 and 4 [27-28]. Loops are typically 

flexible, but FHA domains show specificity for pThr via different loop orientations. 

Unlike other domains such as the BRCT and WW domains, whose binding regions 

usually involve a secondary structure such as α-helix or β-sheet, FHA domains are unique 

in that the domain–peptide interactions occur only around the loop surface [23,28-29]. 
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Although loops are typically considered a highly flexible region of a protein, work by 

Ding et al. indicated that the KI-FHA domain from kinase-associated protein phosphates 

(KAPPs) was natively rigid on the binding subsite. According to 
15

N NMR relaxation of 

nanosecond-scale motions, the fluctuations of the loop region were reduced, whereas the 

KI-FHA domain conferred peptide binding. The residues involving peptide recognition 

were also less movable in both free and bound states [24,30-31]. 

To date, diverse FHA domains have been widely reported. The first structure of the 

Rad53-FHA1 domain in complex with the target peptide Pad9 was solved by Durocher et 

al. [21]. Both library screening and X-ray structure analysis revealed the Rad53-FHA1 

domain with strong selectivity toward Asp in the +3 position (the third position after 

pThr residue) because of the critical role of Arg83 in the loop 3 [21,23-24,26,32]. Later, 

the reported NMR structures suggested that in addition to Asp+3 binding mode, the 

Rad53-FHA1 domain binds to the pTXXI motif of the Mdt1 protein and pTXXT 

sequence of Rad53 protein, with X indicating any amino acid [33-34]. In contrast to the 

Rad53-FHA1 domain recognizing a single phosphorylated peptide, the Dun1-FHA 

domain interacts with Rad53-SCD1 peptide, which contains two pThr resides [34]. 

Moreover, the known structure of the Ki67-FHA domain complex with a 44-residue 

fragment of hNIFK is another example illustrating the promiscuity of FHA domains. The 

FHA domain of Ki67 antigen protein binds only to the extended sequence and fails to 

interact tightly with short phosphopeptides [35]. The above features suggest that FHA 

domains are highly plastic in respective ligands. 
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Although experimental studies have provided information about protein flexibility and 

rigidity, we still need to learn the correlation between dynamic movement and binding 

specificity or promiscuity. To address this question, computational works offer a 

powerful tool for deep insights [36-41]. For example, Huggins et al. studied 

phosphopeptide binding of the Polo-Box domain through molecular dynamics (MD) 

simulations, energy calculations and fluid solvation theory. The authors concluded that a 

phosphoresidue could generate major interactions with domain and water molecules to 

stabilize the charge of the phosphate group at the domain–peptide interface [39]. 

Basdevant et al. studied thermodynamic properties of protein–peptide interactions in the 

PDZ domain systems. The binding of the PDZ domain and peptide was mainly driven by 

favorable non-polar attractions. The entropic and dynamic aspects also play an important 

role in recognition [38].  

Our goal in this study was to understand how signaling domains achieve peptide binding 

specificity and promiscuity via the structure of loops. We performed all-atom MD 

simulations with multiple FHA modules to capture domain motions and map the detailed 

conformational changes before and after peptide binding, including the system of Rad53-

FHA1, Dun1-FHA and Ki67-FHA domains. To obtain the best knowledge of loop 

dynamics in the binding site, we carefully inspected the fundamental residues in loop–

loop interaction networks. In addition, we examined the entropic contributions 

quantitatively to suggest the driving force of binding. Our work provides insights into 

how the intrinsic dynamic properties of a domain act as a transducer in response to 

promiscuous peptide recognition. 
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2.2 Methods 

2.2.1 Molecular systems 

We selected the free FHA domain from three different protein families, Rad53, Dun1 and 

Ki67, to study domain motions in a non-bound state. The initial coordinates were taken 

from the PDB codes 1G3G, 2JQJ and 1R21 [34,42-43]. The Rad53-FHA1 domain binds 

to diverse peptide sequences. The protein–ligand complexes with the substrate binding 

peptide of Rad9 protein were obtained from the PDB codes 1G6G and 1K3Q, solved by 

X-ray and NMR, respectively [21,26]. Another two bound Rad53-FHA1 structures, 

obtained from the PDB codes 2A0T and 2JQI, were in complex with the peptide Mdt1 

and Rad53 protein, respectively [33-34]. The structure of the Dun1-FHA domain 

complex was acquired from the PDB code 2JQL, which corresponded with the di-

phosphorylated peptide from the Rad53-SCD1 domain to activate Dun1 [34]. We also 

studied the Ki67-FHA domain complex. The initial structure with the optimal 44-residue 

fragment of phosphorylated hNIFK was explored by the coordinates from the PDB code 

2AFF [43]. The details of the substrate peptide sequence from different proteins are in 

Table 2-1. 

2.2.2 Molecular dynamics simulations 

To study the protein dynamics in free and bound states, we performed MD simulations 

for non-bound FHA domains and FHA–phosphopeptide complexes using the Amber10 

and NAMD2.6 simulation package [44-45]. The standard simulation procedures with 
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Amber force field 99sb (ff99sb) were used for all processes [46-47]. Because 

phosphorylated amino acids were not included in the original ff99sb parameters, the pThr 

and pSer force field reported by Homeyer et al. were applied [48]. We performed 50-ns 

MD simulations for FHA systems including three free FHA domains and six domain–

phosphopeptide complexes. We assigned the protonation states of the FHA domain by 

using the MCCE program [49-50]. All structures were solvated in a rectangular box of 12 

Å TIP3P water by the tleap program in the Amber10 package; each system had about 

40000 atoms [51]. Counter-ions of Na
+
 were placed on the basis of the Columbic 

potential to keep the whole system neutral. We also used Particle Mesh Ewald (PME) to 

consider the long-range electrostatic interactions [52]. After preparing 10,000 and 20,000 

steps for water and system energy minimization, respectively, we gradually heated all 

systems from 250K for 20 ps, 275K for 20 ps and 300K for 200 ps. The resulting 

trajectories were collected every 1 ps with the time step 2 fs in an NPT ensemble. We 

applied the Langevin thermostat with a damping constant 2 ps
-1

 to maintain the 

temperature of 300K, and the hybrid Nose-Hoover Langevin piston method was used to 

control the pressure at 1 atm. The SHAKE procedure was used to constrain hydrogen 

atoms during MD simulations [53]. For post-MD analysis, we considered only 2- to 50-ns 

MD trajectories to ensure that all structures were in full equilibrium. The VMD program 

was used for visualization and graphical notation [54]. The MutInf script was used to 

capture correlated motions [55]. We also computed configurational entropy S for each 

dihedral angle by use of the T-Analyst program, with the Gibbs entropy formula as 

follows: 
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𝑆 =  −𝑅  𝑝 𝑥 ln 𝑝(𝑥) 𝑑𝑥,                                                                                       eq. 2-1 

where p(x) is the probability distribution of dihedral x, and R is the gas constant [56]. We 

considered only the internal dihedral degree of freedom of each dihedral, and the 

coupling between dihedrals was ignored. The change in configurational entropy between 

the free and bound state can be presented as follows: 

TΔSX = TΔSX, bound state – TΔSX, free state,                                                                       eq. 2-2 

where X denotes each dihedral angle, such as phi, psi, omega and sidechain. 

2.3 Results 

We aimed to deeply understand how modular domains can exhibit various molecular 

recognitions with similar folding and how a slight change in loop structure leads to the 

binding of numerous partners. To study the domain motions of analogous architectures, 

we performed MD simulations on the FHA domain from different protein families, 

Rad53, Dun1 and Ki67. We chose these systems because both free protein and complex 

structures were available and they bound to novel motifs that had rarely been observed in 

other signaling domains. We used MD simulations with FHA complexes, free proteins, 

and proteins and peptides from complexes to investigate the dynamics of protein–peptide 

systems in the free and bound state. 
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2.3.1 Investigation of force field and MD simulation results 

Although MD simulation has been a common way to study protein dynamics, the choice 

of force field is always a key issue in initiating a correct simulation. The ff03 and ff99sb 

parameters are widely used in the Amber package [57-58]. However, as compared with 

the experimental structures, ff03 parameters cannot be used to create a correct model of 

the peptide C-terminus. The ensemble of the peptide backbone at the C-terminus tends to 

overstabilize the helical structure during simulations. We also observed that the important 

salt bridge between sidechain atoms of Arg83 and Asp+3 of the phosphopeptide was 

missing (Figure S2-1). These results disagree with crystal and NMR structures. In 

contrast, use of ff99sb allows for reproducing experimental structures and key 

interactions between the protein and phosphopeptide. Therefore, we used the ff99sb 

Amber parameters for all-atom MD simulations. 

To confirm that simulations could reach a steady state, we checked the root mean square 

deviation (RMSD) shown in Figure S2-2 and considered the trajectories from only 2 to 

50 ns for post-investigation. Moreover, we performed MD simulations on multiple initial 

structures from the same NMR ensemble. The domain motions remained consistent 

between different initial coordinates, and the important interactions between the peptide 

and domain held, although the peptide N- and C-termini were flexible. Hence, the MD 

simulations were independent of the initial structure selected from the NMR ensemble. In 

addition, in comparing two MD trajectories of the Rad53-FHA1 domain solved by X-ray 

and NMR, both showed similar motions during the simulation runs; therefore, we 
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concluded that both structures obtained by X-ray and NMR study could offer a 

reasonable initial coordinate for MD simulation. 

2.3.2 Loop interaction networks of the FHA domain 

Although not all loops of the FHA domain interact with the peptide directly, the 

interactions formed between the six FHA loops could be in charge of peptide binding. 

We observed that the residues around the loop region formed an extensive network 

through hydrogen bonds, salt bridges or van der Waals attractions. From MD trajectories, 

we could identify loop interaction networks from different FHA domain families (Figure 

2). The key residues related to loop correlations around the binding area are in Table S2-1. 

The structural topology of different FHA domains is similar, but they show diverse loop 

interaction networks, which also affect the binding affinity of peptides. 

In general, loops 3 and 4 are major pThr differentiated loops; loops 2, 5, and 6 are 

cooperative loops, stabilizing the whole system and balancing the remaining peptide 

sequence. For the Rad53-FHA1 domain, the binding loops 3 and 4 interact directly with 

pThr. These two loops also interact with loops 2, 5 and 6 to form a symmetric structure. 

Thus, the FHA domains feature a well-defined loop region relative to other signaling-

related modules. Moreover, the loop interactions of the Dun1-FHA domain are similar to 

those of Rad53-FHA1; the only exception is loop 1. Like Rad53-FHA1, the Dun1-FHA 

domain uses two loop interactions (loops 3 and 4) via conserved residues Ser, Ser+1 and 

Asn-1 for pThr residue recognition. 
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Compared to Rad53-FHA1 and Dun1-FHA, the Ki67-FHA domain shows different 

interactions on the binding surface. We did not observe loop–loop interactions between 

loops 1 and 6, 3 and 6, and 4 and 6; instead, we found interactions between loops 2 and 3, 

3 and 4, and 4 and 5 (Figure 2-2). Although the key residues in the primary pThr binding 

site are similar to that for Rad53-FHA1 and Dun1-FHA, the Ki67-FHA domain enlarges 

the distance of two large β sheets to assist the binding of the β strand from the long 

peptide. The largest difference between Ki67-FHA and the other FHA domains is that the 

Ki67-FHA domain has a short sequence in loop 6, which helps weaken the contacts 

between loop 6 and other binding loops. These alterations effectively take away the 

interactions of two large β groups and reveal the unique open-palm conformation. We 

successfully observed how FHA domains demonstrate alternative molecular recognitions 

by reassembling the loop relationship adjusted by sequence modifications. 

2.3.3 The role of conserved residues of the FHA domain 

Although FHA domains have low sequence similarity (see Text S2-1 for details), they 

feature five highly conserved residues: Gly at the end of β3, Arg in the beginning of loop 

2, Ser and His of loop 3, and Asn of loop 4 (Figure 2-1, highlighted in yellow). Arg, Ser 

and Asn bind directly to phosphopeptides; Gly and His interact with other residues of the 

FHA domain to stabilize the entire structure. Although the role of conserved residues has 

been discussed by observing direct interactions from crystal structures [21], here we 

studied the dynamics of conserved residues and attempted to discover how the conserved 
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residues recruit peptides and display specificity in FHA recognition. The key interactions 

of each conserved residue are in Figure 2-3. 

The conserved Gly plays an important role in loop 2 architecture. In aligning different 

FHA domains, the structure, shape and length of loop 2 is highly conserved as compared 

with other loops, such as loop 6. Moreover, Gly is located at the end of β3, which 

becomes a conjunction to aid communication between loops 2 and 3 (Figure 2-3(a) and 

(b)). The conserved His serves as a linkage between two pThr residue recognized loops, 

loops 3 and 4 (Figure 2-3(c)). The dynamic motions show that nitrogen atoms of His can 

form interactions with residues in both loops 3 and 4, which augments the loop 

communication. The conserved His is also directly related to pThr discrimination [28]. 

The conserved Arg and Asn include a charged sidechain. These sidechain atoms can form 

stable polar interactions with backbone atoms of a phosphopeptide (Figure 2-3(d) and (f)). 

Because Arg and Asn can directly interact with the peptide mainchain, fluctuating 

peptide sequences would not weaken binding affinity significantly. In addition, pThr is 

recognized by the conserved Ser (Figure 2-3(e)). As well as the FHA domain, other 

phospho binding domains such as the WW domain and BRCT repeats bind to 

phosphoresidues via one key Ser because the phosphate group can generate stable charge 

interactions with the hydroxide group of Ser [28,59-60]. Therefore, the Ser sidechain can 

create proper attractions to connect phosphoresidues. Other details of the five conserved 

residues are in Text S2-2. 
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2.3.4 Flexibility and rigidity of the FHA domain 

Figure 2-4 shows the dynamic ensemble of the FHA domain during 50-ns MD 

simulations. Although loops in most proteins are flexible, the FHA loops form a well-

organized network and correlations via sidechain interactions to keep loops moderately 

rigid. This rigidity can help recruit peptide partners by reducing the entropy loss during 

the formation of a complex. To best understand FHA domain motions in the free state, 

we used T-Analyst to quantitatively calculate the changes in dihedral entropy of two free 

domains: the apo domain directly obtained from the PDB and the domain from the 

complex structure [56]. In general, the domain from the complex was slightly less 

flexible than the free domain, which suggests that the complex domain may not be fully 

relaxed (see green and yellow line in Figure 2-5). (The total entropy of the phi angle of 

the domain from the complex and free domain is 3.0 and 3.6 kcal/mol, respectively.) 

Then, we further studied domain motions before and after peptide binding. Figure 2-5 

shows that the dynamics of the domain backbone do not change substantially after 

peptide binding. As well, the computed configurational entropy shows that the FHA 

domains are pre-organized in the free state (Table S2-2). The superposition of the free 

and bound domain is in Figure 2-4 (A3/B3/C3) and implies that the overall 

conformations of the FHA domain do not change substantially between the free and 

bound state. The entropy changes also confirm the results from correlation study (see 

next section), which indicates that the backbone hold structure and the sidechain play a 

role in loop correlations and peptide recognition. 
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On checking the entropy of the phi and psi torsion angle in the free FHA domain and 

complex, for Rad53-FHA1, the entropy did not change considerably in loops 1, 2 and 6 

after peptide binding, but the pThr binding loops 3 and 4 showed significant entropy loss; 

especially, the pThr contact residues are more rigid in the bound than free state (see green 

and blue line in red boxes in Figure 2-5(a)). The conserved and key peptide-recognized 

residues of the Ki67-FHA domain are in general similar to those of Rad53-FHA1; 

however, loops 1 and 6 showed significant entropy loss because the peptide extensive 

surface bound to these two loops (Figure 2-5(c)). Although binding helped to keep the 

interaction surface rigid, loop 3 is more flexible in the bound Dun1-FHA domain (see the 

red circle in Figure 2-4(B2), compared to the red circles of Figure 2-4(A2) and 4(C2)); 

even the pThr contact residues, Ser74 and Thr75, do not show apparent entropy loss 

(Figure 2-5(b)). (The phi entropy loss of Ser74 and Thr75 is 0.14 and 0.10 kcal/mol, 

respectively.) Therefore, the flexible loop 3 destabilizes the recognition pocket of the 

primary pThr, and the Dun1-FHA domain needs the second phosphoresidue from the 

peptide to stabilize the entire complex. 

2.3.5 Correlated loop movements of the FHA domain in the free and bound state 

The correlated movements of subsites in a protein could show how the protein subunits 

relate to each other. Although MD simulations show that the binding loops can form an 

interaction network with links to each other, they do not show how the loops work 

together. For example, some residues do not form any chemical bonds, but they can move 

mutually. To identify the correlated movements of loops, we used the program MutInf to 
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quantify the correlated movements between loops [55]. We can compare the correlation 

maps of Rad53-FHA1, Dun1-FHA and Ki67-FHA domains in both free and bound states 

(Figures 2-6 and S2-3) to understand the changes in correlated movements before and 

after peptide binding. Overall, the movements of the six loops in all FHA domains were 

correlated before and after peptide binding. Although the magnitude of correlated 

movement fluctuates, these cooperative loop movements help define the recognition site 

and maintain a particular structure for binding. 

Unveiling the cooperative loop movements can help explain the diverse binding modes in 

different FHA systems. By checking correlation maps, we can understand whether one 

residue has more roles in the loop cooperation or peptide binding. The Rad53-FHA1 

domain has well-correlated loop movements. Although loops 1, 5 and 6 do not directly 

contact the peptide, the co-movements of these three loops help stabilize the whole 

domain structure and create a potential surface for peptide access. The pThr binding 

residues Ser85 and Thr106 and conserved residue His88 show very weak correlations in 

movement (see the column of Ser85, Thr106 and His88 in Figure 2-6(a)). Therefore, 

these three residues play a role in pThr recognition instead of loop communication. The 

Ki67-FHA domain reveals similar correlated movements as Rad53-FHA1. The only 

difference is in loop 6. Movements of Asp92 of the loop 6 are not correlated with that of 

other loops (the column for loop 6 is white in Figure 2-6(c)), which is attributed to the β 

strand of the peptide in the Ki67 complex inserted between loops 1 and 6. However, the 

Dun1-FHA domain shows different correlations from those of Rad53-FHA1 and Ki67-

FHA. The movements of the primary pThr recognition residues, Ser74, Thr75, His88 and 
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Arg102, are correlated with that of other residues of the domain in the bound state 

(Figure S2-3(b)) instead of co-moving with pThr, which weakens the binding affinity of 

the primary phospho binding site in Dun1-FHA. 

2.3.6 Peptide recognition 

The FHA domain is a pThr binding module. The phosphate group of pThr can generate 

proper charge attractions and van der Waals interactions with the residues around the 

binding loops 2, 3 and 4. As compared with the primary pThr binding mode, the 

selectivity of pThr+3 is controversial, although the FHA pThr+3 rule of ligand 

recognition has been discussed [21,32]. For the Rad53-FHA1 complex, the +3 pocket 

could access Asp, Ile or Thr through charge attractions, hydrophobic contact or both. The 

clear preference for Asp is due to the attractions between Asp+3 and Arg83 of loop 3 

(Figure 2-7(a) and S2-4(A)). However, in the Dun1-FHA system, Ser at pThr+3 position 

failed to generate strong interactions with Asp; the Ki67-FHA domain does not show 

strong selectivity for pThr+3 either. In the RNF8-FHA system, non-polar residues Ile, 

Met and Leu located at Ser-1, Ser-2 and Ser-3 could form a hydrophobic pocket to 

include a non-polar substrate [61]. This observation explains why RNF8-FHA domains 

prefer a Tyr or Phe residue at pThr+3. Although the pThr+3 rule has been considered a 

useful way to search for potential biological partners, there is no apparent selectivity for 

this position because the binding is affected by an extensive recognition surface. Also, 

the implicit interactions between Ser-2 and pThr+3 are not enough to determine the 

binding mode. 
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Dun1-FHA domains possess di-pThr specificity, which raises the question of why Dun1-

FHA is activated by two phosphoresidues. Our simulations show that the primary pThr 

binding site lacks stability to interact with the phosphate group perfectly. The dihedrals of 

the pThr sidechain rotate easily in the cavity of loops 3 and 4 because the huge sidechain 

of Arg102 locates between loops 3 and 4, which enlarges the distance between these two 

loops (Figure 2-4(B2), 2-7(b) and S2-4(B)). Thus, the binding pocket formed by loops 3 

and 4 failed to provide a proper space for the methyl group of pThr. Another interaction 

between the second pThr and loop 2 helps to strengthen the binding. Two Args of loop 2 

can form charge attractions to clip the phosphate group of the second pThr (Figure 2-

7(b)). Accordingly, double phosphorylation is required for Dun1 activation. In addition, 

the dynamics of the Ki67-FHA domain from our simulations are in good agreement with 

experimental data. Other details of peptide recognition are in Text S2-3. 

2.4 Discussion 

2.4.1 Conserved pThr specificity in the FHA domain 

Biological events typically require strict regulation via protein phosphorylation strategies. 

Phosphodomains can initiate signal transduction by forming multiprotein complexes. The 

common phosphoresidue binding domains include FHA, BRCT, WW, 14-3-3, and SH2 

[29,62-63]. The phosphate group is traditionally thought to generate robust charge 

attractions to anchor the specific binding surface effectively. In general, a few variant 

residues are near the phospho binding site in most signaling domains. For the BRCT 

domain, for example, residues in the pSer binding site include Ser/Thr-Gly in the β1/α1 
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loop and Thr-X-Lys motif at the N-terminus of α2, which are conserved in all pockets in 

different BRCT families, such as BRCA1, MDC1, PTIP and BARD1 [64-66]. This 

situation may erroneously suggest that the sequences in the phospho binding region 

diverge less. However, structural-based sequence alignment has revealed that FHA 

domains show only ~25% conserved residues in the phospho recognition site as 

compared with other signaling domains (e.g., ~100% and ~60% conserved residues in the 

phospho binding area of the BRCT and WW domains, respectively [23, 64, 72]). Unlike 

most phospho binding modules, in addition to key electrostatic attractions of 

phosphoresidue recognition, FHA domains uniquely recruit the methyl group of pThr by 

van der Waals interactions, which provides a structural explanation for the pSer 

inactivation in the FHA domain. 

2.4.2 The power of loops controlling recognition 

Binding by loop structure is a common method of modular domain recognition. As early 

publications illustrated, a phospho-related domain such as SH2 and a non-phospho 

binding module, PDZ, carry out specific protein–protein interactions mediated by 

forming deep loop binding pockets to harbor an exclusive motif [67-68]. Although the 

sequences vary around the loop region, the binding still can be engaged via charge and 

hydrophobic interactions. For the SH2 domain, loops control the accessibility of binding 

pockets; they can be plugged or opened for peptide recognition via a conformational 

switch by the EF and BG loop in various SH2 domains [69]. Moreover, the structures 

revealed that the PDZ domain specifically recognizes the peptide C-terminus. The 



56 

 

terminal carboxylate group of a short segment binds to an extended groove between the 

second α helix (αB) and the second β strand (βB), containing the Gly-Leu-Gly-Phe 

sequence. This linkage loop defines a small cavity to confer a peptide sidechain [68]. In 

addition to the SH2 and PDZ domains, FHA domains show a unique loop working 

system. The peptide binding regions of FHA domains involve only loops, whereas both 

SH2 and PDZ domains bind to their partners through a single loop combined with at least 

one β strand or α helix. Our computational studies and post-analysis indicated that the 

molecular recognition of the FHA domain is principally through arrangements of six 

loops for grabbing a specific phosphate group and other coordinated residues around 

pThr. The different interactions and correlated movements of binding loops provide 

plasticity, which allows the region of a protein more flexible. This may result in 

promiscuous binding of the FHA domains. The finding also explains why FHA domains 

from different protein families can perform a selective and unique function by adjusting 

loop interactions. 

In general, FHA domains bind to the protein sequences containing at least one pThr; 

however, each FHA member has a dissimilar preference for other residues surrounding 

the pThr. FHA domains can identify various sequences by using the analogous structural 

fold. This situation could be attributed to backbone atoms holding the overall homology, 

whereas sidechains define the binding surface toward a specific target. The steady 

interactions between 11 β strands are principally organized by a mainchain; thus, less 

mobility has been observed on the secondary β sheets. In contrast, the significant 

dynamics of the sidechain serves to accommodate the loop interface, so the optimal 
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binding affinity can be maintained. As well, the sidechains at the FHA binding interface 

are more flexible than for other signaling domains such as the BRCT and WW domains, 

although the rigidity of the recognition site has been conventionally viewed as a common 

feature of the modular domain. Our data from entropy analysis provides additional 

insights into the comparison between the FHA and BRCT domain regarding the stability 

and flexibility of the binding site. Study of four BRCA1-BRCT complexes suggested 

small perturbations in both the conserved pSer-binding pocket and essential hydrophobic 

groove of the Phe clamp [40]. This entropic penalty constrains the motion of a flexible 

molecule, and the pre-aligned conformation might result in restricted peptide diversity, 

which explains why library screening could be easier for searching for potential binding 

targets of BRCT-containing protein. For other module domains such as SH2 and PDZ, as 

mentioned above, only one to three loops involve binding. Despite the plasticity of the 

binding loop, well-organized secondary structures, α helix and β strand, still limit 

possible recognition modes. Therefore, loop flexibility and networks increase the 

promiscuity of the FHA domain. 

2.4.3 Comparison of FHA peptide binding mode with other signaling domains 

Protein recognition is a key element in regulating biological functions. Small domains of 

robust proteins are often responsible for these interactions. Typically, the signaling 

domain binds to its conjugated peptide in a two-pronged mode. For example, pTyr inserts 

into a positive charge pocket of the SH2 domain as the first binding subsite, and a 

hydrophobic residue at the C-terminus of peptide binds to a smaller groove as the second 
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binding spot with a few additional interactions. Most SH2 domains exhibit specificity for 

hydrophobic affinity at pTyr+3, and some have residue preference for pTyr+2 and 

pTry+4 [14,67]. The tandem BRCT repeats also adopt a similar binding mode; pSer is a 

charged anchor point, and one more hydrophobic residue at the +3 position is the other 

crucial plug [70-71]. Therefore, to fit two holes, the conformation of four amino acids 

from phosphoresidue to the +3 position becomes key for the substrate search. The domain 

scaffolds, which recognize a proline-rich peptide, are another common binding mode. 

WW domains can bind to a pThr-Pro– or pSer-Pro–containing motif [72-73]. The proline 

at C-terminal after the phosphoresidue could nicely fit a domain clamp and further 

restricts peptide conformations. SH3 domains use a similar structural strategy to interact 

with various proline-rich sequences, which can bend in a particular shape to dock into the 

binding groove [72,74].  

However, even if broad phosphopeptides have been tested by peptide screening, the 

binding mode of the FHA domain remains controversial. We lack knowledge of a clear 

relationship between structural features and the target molecule. Except for the conserved 

pThr specificity, no conserved second pronged mode exists equally in all FHA complexes 

because FHA domains include multiple loop subunits, and the assembly of loops 

increases recognition diversity. Therefore, FHA-domain–peptide interactions involve 

more residues and complicated peptide conformations. Although the strategy of the loop-

adopting binding mode creates promiscuity, it does not lose the precision of the specific 

pThr recognition to regulate biochemical events in signaling networks. 
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2.5 Conclusions 

This work investigated how one domain can feature both binding specificity and 

promiscuity via loop structures. To address this question, we used the FHA domain as a 

model to study the loop interactions, correlated loop movements, conserved residues and 

flexibility/rigidity of domain binding loops. Our study suggests that the interactions and 

correlated movements between the six loops of the FHA domain play a pivotal role in 

defining the shape of the binding site. Despite variations in loop sequence and 

conformation of the FHA domain, a binding cavity could be open or closed for peptide 

recognition by switching the interactions and correlated movements of loop 

conformations. Although the various loop networks increase binding promiscuity, the 

specific recognition of the pThr is still held within different FHA families. The five 

conserved residues play key roles in domain structure or peptide recognition, The 

conserved Gly and His mediate the interactions of loops 2 and 3 and 3 and 4, respectively, 

whereas the conserved Ser, Arg and Asn interact with the phosphopeptide directly. 

Although loops in most protein systems are considered flexible, the FHA loops are 

moderately rigid. The rigidity of loops 3 and 4 help with the specific pThr recognition. 

The above features also explain the diverse binding modes of peptide recognition. For 

example, the Dun1-FHA domain requires a di-phosphopeptide for activation because of a 

flexible loop 3. The Ki67-FHA domain binds only to longer phosphopeptides because of 

correlated movement changes between loops 1 and 6. Our work provides insights into 

how molecular recognition can be achieved by loop arrangements to further help engineer 

potential peptide inhibitors. 
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Table legends 

Table 2-1: Phosphopeptide sequences of FHA domain–peptide complexes. Sequences 

forming a secondary structure, α helix and β sheet, are in red and blue, respectively. 

Yellow highlights the primary phosphothreonine binding residue. †and * represent 

peptides from library screening and biological study, respectively. 
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Figure legends 

Figure 2-1: Sequence and structure alignment of the forkhead-associated (FHA) 

domain. (a) Sequence alignment of the FHA domain from different proteins. The β 

strands and loops are in red and black letters, respectively. The five conserved residues 

are highlighted in yellow. The detailed locations of the five conserved residues are in 

Figure 2-3. (b) Structure alignment of Rad53-FHA (gray), Dun1-FHA (blue) and Ki67-

FHA (orange) domains. 

Figure 2-2: Topology of the FHA structure. The fold of the FHA domain includes 11 β 

sheets linked by loops. The loops that connect different β sheets are in purple and cyan 

lines. The sidechains of loops form a well-organized network by hydrogen bonds or van 

der Waal interactions to stabilize the domain. The red, blue and green dashed lines 

indicate loop interactions between labeled loops in Rad53-FHA1, Dun1-FHA and Ki67-

FHA domains, respectively.   

Figure 2-3: The detailed interactions of the five conserved residues. FHA domains 

contain five conserved residues, Gly (a) and (b), His (c), Arg (d), Ser (e) and Asn (f). 

Each conserved residue is shown in red letters. Blue and pink represent loops and 

peptides, respectively. The sidechain atoms are shown in bond representation. Red, blue 

and green dash lines indicate H-bond, salt-bridge and van der Waals interactions, 

respectively. This structure is taken from a molecular dynamics (MD) snapshot of the 

Rad53-FHA1 complex. 
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Figure 2-4: Superposition of MD snapshots. The trajectories from MD simulations 

show the flexibility of Rad53-FHA1 (A), Dun1-FHA (B) and Ki67-FHA (C) domains. 

We simulated the free domain (1) and complex (2) and superimposed the free and bound 

domain (3) to show the structural changes after the peptide bound.  Pink, purple and blue 

represent free domain, bound domain and peptide, respectively. The pThr-binding loop 3 

of the FHA domain is  circled. 

Figure 2-5: Entropy of the phi dihedral angle. The entropy calculations of the phi 

angle of the Ras53-FHA1, Dun1-FHA and Ki67-FHA domains are in (a), (b) and (c). 

Green, yellow, blue and purple represent free domain, domain from the complex, 

complex and free peptide, respectively. Red squares indicate six loops of each FHA 

domain. The region on the left and right of the black line indicate the domain and peptide 

region, respectively. 

Figure 2-6: Correlation map of free FHA domain. The three FHA domains, Rad53-

FHA1, Dun1-FHA and Ki67-FHA, are shown in (a), (b) and (c), respectively. We 

extracted the residues of 6 loops. The columns separated by red lines represent 6 loops of 

each FHA domain. For example, loops 1 to 6 is shown from the left to right column (see 

blue letters). Red letters are the conserved residues. The darker color means the two 

residues have stronger correlated movements (Black indicates strong correlations and 

white weak correlations.). 

Figure 2-7: Cartoon of FHA–phosphopeptide binding mode. We summarize the key 

domain–peptide interactions of Rad53-FHA1 (a), Dun1-FHA (b) and Ki67-FHA (c) 
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complexes. Black and gray shows loops in the front and at the back. Red and blue circle 

represents conserved residues and residues from the phosphopeptide, respectively. The 

brown circle shows the residue in front of the conserved residue Asn. The purple circle 

shows one Arg residue at loop 2. Red dash lines indicate possible interactions. 
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Table 

Domain Protein PDB ID Method Phosphopeptide Kd(μM) ref. 

FHA1 Rad53 1G6G X-ray LEV(pT)EADATFAK† 0.53 21 

FHA1 Rad53 1K3Q NMR SLEV(pT)EADATFVQ† 0.3 26 

FHA1 Rad53 2A0T NMR NDPD(pT)LEIYS* 15 33 

FHA1 Rad53 2JQI NMR NI(pT)QPTQQST* 10 34 

FHA Dun1 2JQL NMR NI(pT)QP(pT)QQST* 0.3-1.2 34 

FHA Ki67 2AFF NMR 
KTVD(pS)QGP(pT)PVC(pT)PTFLE

RRKSQVAELNDDDKDDEIVFKQ

PISC* 

0.077 42 

 

Table 2-1: Phosphopeptide sequences of FHA domain–peptide complexes. 
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Figures 

 

 

Figure 2-1: Sequence and structure alignment of the forkhead-associated (FHA) domain. 
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Figure 2-2: Topology of the FHA structure. 
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Figure 2-3: The detailed interactions of the five conserved residues. 

 



78 

 

 

Figure 2-4: Superposition of MD snapshots. 
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Figure 2-5: Entropy of the phi dihedral angle. 
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Figure 2-6: Correlation map of free FHA domain. 
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Figure 2-7: Cartoon of FHA–phosphopeptide binding mode. 
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Supporting information 

Text S2-1 

In consideration of the entire domain sequence, the FHA domain has only ~4.7% 

conserved residues, however, the BRCT domain has ~30%, the WW domain has ~40%, 

and the PDZ domain has ~15% conserved residues. The details of sequence alignment of 

each domain are shown in the following reference. 

FHA domain: Figure 4 of reference 23, DOI:10.1126/scisignal.151re12 

BRCT domain: Figure 2 of reference 64, DOI: 10.1016/j.tibs.2004.09.010 

WW domain: Figure 1 of reference 72, DOI: 10.1016/S0014-5793(01)03290-2 

PDZ domain: Figure 2 of reference 67, DOI: 10.1016/S0092-8674(00)81307-0 
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Text S2-2 

The conserved Gly 

Gly plays an important role for loop 2 architecture. Align different FHA domains, 

structure, shape and length of loop 2 are highly conserved compared to other loops such 

as loop 6. The nitrogen atom of Gly backbone forms salt-bridge with the oxygen atom of 

Gly+7 backbone. Also, the Gly backbone oxygen forms salt-bridge and van der Waals 

interactions with Gly+8 hydrogen and Gly+9 nitrogen atom. Because the interaction 

network is formed through atoms of backbone, the fluctuation of sidechain does not 

distort the loop 2 architecture. This structural motif also assists the stability of conserved 

Arg residue near Gly. Moreover, since the position of Gly is located at the end of β3, it 

becomes a conjunction to help the communication between loop 2 and 3. The weak van 

der Waals interactions between Gly and conserved His to hold the structure have also 

been observed. It is reasonable that Gly has smaller sidechain, otherwise, it may block the 

space between loop 2 and 3.  

The conserved His 

The conserved His is a linkage between two pThr recognized loops, loop 3 and 4. His is 

located at the beginning of β5, which helps to define the shape of binding site. Because of 

the shape and rich nitrogen atoms of His sidechain, the two stable salt-bridges are formed 

between His and conserved Ser or His and Asn+1 mainchain. The weak van der Waals 

attractions between His and conserved Asn have also been observed. Therefore, the 
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importance of His sidechain is underlined through augmenting the communication of 

loop 3 and 4. Based on FHA sequence alignment, Asn+1 is usually the residue with 

smaller sidechain to reduce the block effect of communication between loop 3 and 4.  

The conserved Arg 

The conserved Arg residue has huge and charge sidechain, which forms stable salt-bridge 

with conserved Ser-1, pThr, pThr-1 and pThr-2 backbone atoms. Also, we observed the 

charge attractions between Arg sidechain and phosphate group of pThr. These contacts 

enlarge the interactions between domain and peptide and also explain why the 

mutagenesis of Arg to Ala reduces the binding affinity considerably. Moreover, the Arg 

residue forms solid interactions with conserved Ser to hold loop-loop correlations. The 

interaction networks between conserved residues, Gly, His, Arg and Ser are mainly 

through the contacts between backbone atoms, which define the loop shape around the 

peptide binding site. In Dun1-FHA complex, Arg has weaker interactions with standard 

pThr (pThr8); however, it forms stronger attractions with the other phosphoresidue, 

pThr5. Because Dun1-FHA domains need dual phosphate group to activate, the 

conserved Arg helps the second pThr recognition. In the case of Ki67-FHA complex, 

although Arg does not directly contact with the N-terminus phosphoresidue, pSer230, it 

forms good linkage with pSer-1 and pSer+1, which indicates that the conserved Arg 

shows a key role for peptide N-terminal recognition. 
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The conserved Ser 

In addition to the linkage with conserved Arg and His, the conserved Ser forms salt-

bridges with the conserved Asn, Asn-1 and Asn-2 through oxygen atom of Ser sidechain 

and loop 4 backbone. This connection is highlighted because the interactions between 

loop 3 and 4 define a  small cavity to embrace the methyl group of pThr, which also 

responses to the selectivity of pThr from pSer. By far, it has been observed that the polar 

sidechain of Ser directly contacts with phosphate group. These stronger charge-charge 

attractions are the major interactions with phosphoresidue.  

The conserved Asn 

Unlike most conserved residues, which connect to each other and play a key role in 

structural issue, conserved Asn shows more feature in peptide recognition. The nitrogen 

and oxygen atom of Asn polar sidechain form stable interactions with peptide residue 

from pThr+1 to pThr+4. Because the conserved Asn directly interacts with peptide 

backbone, it allows FHA domains bind to peptide sequences with different sidechains. In 

other words, even the residues at peptide C-terminus fluctuate, it does not damage the 

binding affinity seriously. Taken together, the conserved Arg and Asn govern the 

recognition of peptide N- and C-terminus, respectively. 
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Text S2-3 

Standard pThr recognition 

The standard pThr recognition is mainly contributed by conserved Ser, Ser+1 and Asn-1. 

The hydroxyl group of Ser sidechain could generate strong charge attractions with 

phosphate group of pThr. Then, Ser+1 residue forms interactions with pThr by salt-bridge 

of backbone NH or H-bonds of sidechain. Although the interactions between pThr and 

loop 4 are usually weaker than the attractions between pThr and loop 3, Asn-1 of loop 4 

still makes contacts with pThr by charged interactions of sidechain (Figure 6(a)). Because 

the residue at Asn-1 position is not conserved among different FHA domains, the binding 

affinity between pThr and loop 4 relies on the sidechain of Asn-1. Therefore, the polar or 

charged residue at Ans-1 position may help pThr anchor. 

The pThr+3 specificity 

From library screening, Rad53-FHA1 domains display a preference toward Asp due to 

the attractions between Asp+3 and Arg83 of loop 3. Our simulations show that the 

pThr+3 residue can bind to conserved Asn and Ser-2, therefore, Ser-1 to Ser-3 of loop 3 

play a key role on pThr+3 selectivity. In the complex of Rad53-FHA1 and 

phosphopeptide from Rad9, FHA domains prefer Ile residue to fit into +3 pocket through 

hydrophobic interactions with Gly135 and Val136 of loop 6 and Arg83 of loop 3. The 

non-polar residue, Leu+2 and Tyr+4, also make hydrophobic contacts with domain to 

strengthen binding. Moreover, Rad53-FHA1 also interacts with the peptide sequence 
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from Rad53 itself. In this system, our results indicate that Thr+3 is surrounded by the 

residues of loop 3, 4 and 6. Hydroxyl group of Thr+3 sidechain directly contact with 

conserved Asn, Gly135 and Val136 backbone via charge attractions. The non-polar 

methyl group of Thr+3 play a role to fit into accessible space created by loop 3, 4 and 6 

by van der Waals interactions, which is similar as Ile+3 of Rad9 peptide.  

The Ki67-FHA second phosphoresidue recognition 

Ki67-FHA domain does not show any preference to short peptide. The peptide extensive 

surface helps binding. Ile261, Val262 and Phe263 on the β-strand of hMIFK peptide 

interact with Thr9, Phe20, Ile33, Ile37, Arg38, Ile39 and Phe95 of FHA domain. These 

results are also in good agreement with experimental observation (Figure 6(c) and S5(C)). 

Except Val262 binds to Arg38 by forming salt-bridge, other sidechain atoms burry 

between β1 and β4 interact with each other through hydrophobic interactions. Because 

lacking direct interactions between loop 1 and 2 of free domain, β1, β2, β3, β4 and β11 

form a hydrophobic pocket to recruit β-strand of extensive peptide in bound state. 

Although there is the second phosphoresidue, pSer230, near loop 2 of Ki67-FHA 

complex, the second phosphate group rotates away from the binding surface occasionally. 

This observation provides a reasonable explanation that the tight binding affinity is 

mostly contributed from extensive β-strand, not the pSer230. 
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 Rad53-FHA1 Dun1-FHA Ki67-FHA 

loop 2 & loop 3 
R70, N71, I81, L84, S85, 

N86 

G59, R60, S69, D71, 

S74, T75 
R31, V44, S45 

loop 3 & loop 4 R83, S85, T106, N107 
D72, I73, S74, R102, 

N103 

S45, H48, F63, 

S64, S65, P68 

loop 4 & loop 5 N102, D103, S120, N129 D99, S101, K115 N62, D77 

loop 3 & loop 6 
S82, R83, G133, V134, 

D139 

E70, D72, K129, S130, 

C131 
none 

loop 4 & loop 6 N107, V134 G104, G128 none 

loop 1 & loop 6 T39, T40, Q42, I140, Q142 none none 

loop 1 & loop 3 none K44, Q46, S69, E70 none 

 

Table S2-1: List of significant residues related to loop-loop interactions from different 

FHA domain families. Rad53-FHA1 and Dun1-FHA domain form well-organized loop 

interactions in both bound and free state; however, Ki67-FHA exhibit open-palm 

conformation because of lacking the interactions between two large β stands, therefore, 

the interactions between loop 3 and 6, loop 4 and 6, loop 1 and 6, and loop 1 and 3 

disappear. 

 



89 

 

 

domain PDB ID TΔSphi TΔSpsi TΔSomega TΔStotal_backbone TΔSsidechain TΔStotal 

Rad53-FAH1 1G6G -3.33 -4.49 -3.46 -11.28 -7.22 -18.51 

Rad53-FAH1 1K3Q -3.13 -4.90 -3.08 -11.12 -13.08 -24.20 

Rad53-FAH1 2A0T -3.62 -3.65 -1.85 -9.13 -6.17 -15.90 

Rad53-FAH1 2JQI -6.74 -6.84 -3.95 -17.54 -18.28 -35.82 

Dun1-FHA 2JQL -5.13 -9.23 -1.68 -16.05 -10.89 -26.94 

Ki67-FHA 2AFF -6.63 -6.79 -2.89 -16.31 -20.75 -37.07 

 

Table S2-2: The entropic changes before and after phosphopeptide binding, TΔSX = 

TΔSX, bound state – TΔSX, free state. 
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Figure S2-1: The comparison between Amber 03 and 99sb force field. Purple and pink 

indicate the simulation of FHA domain by applying ff99sb and ff03 force field; blue and 

orange indicate the simulation of phosphopeptide from ff99sb and ff03 force field, 
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respectively. (a) The snapshots are taken during 50 ns MD simulations. The thick blue 

and orange represents the peptide coordinate at 0 ns (after minimization and equilibrium). 

We observed that the peptide C-terminus tends to form a helical structure in ff03 

simulation. (b) The snapshot at 0 ns (after minimization and equilibrium). The key 

residues, Arg83, Asp+3 and Thr+5 are shown in bond form. (c) and (d) shows the 

conformation simulated by ff99sb and ff03, respectively. Salt-bridge and H-bond are 

colored in blue and red, respectively. 
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Figure S2-2: The root-mean-square-deviation (RMSD) plot. Blue, red, green and orange 

represents Rad53-FHA1 (PDB: 1G6G), Rad53-FHA1 (PDB: 1K3Q), Dun1-FHA (PDB: 

2JQL) and Ki67-FHA (PDB: 2AFF), respectively. 
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Figure S3: Correlation map of Rad53-FHA1 (a), Dun1-FHA (b) and Ki67-FHA (c) 

bound domain. We extracted only loop region here. The columns separated by the red 

line represent six loops of each FHA domain. Red letters are conserved residues. 
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Figure S2-4: The key domain-phosphopeptide interactions of Rad53-FHA1 (A), Dun1-

FHA (B) and ki67-FHA (C) complex. We showed the overall structure in (1) and detail 

interactions in (2). Blue and pink indicates FHA domain and peptide, respectively. The 

dash lines show the atom interactions. 



95 

 

Chapter 3 Mechanism of PhosphoThreonine/Serine Recognition and Specificity for 

Modular Domains from All-atom Molecular Dynamics 

3.1 Introduction 

Protein phosphorylation is widely exploited in DNA damage repair, signal transduction, 

cell growth and cell cycle regulation; the cascades of downstream signals can be 

triggered by grabbing a certain phosphoprotein [1-6]. Elucidating the characteristics of 

phosphopeptide recognition is fundamental to study cellular functions [7]. The 

phosphoproteins are usually classified into two families, phosphotyrosine (pTyr)-

containing and phosphoserine (pSer)/phosphothreonine (pThr)-containing sequences 

which are phosphorylated and dephosphorylated by different categories of kinases (e.g., 

pThr/pSer kinase and pThr kinase) and phosphatases [8]. Recent studies discovered a few 

modular domains that particularly recognize pThr/pSer- or pThr-containing sequences, 

such as the breast-cancer-associated protein BRCA1 C-terminal (BRCT) repeats, WW 

domain and forkhead-associated (FHA) domain [9]. Among them, the FHA domain 

differentiates pThr-containing peptides from pSer-containing peptides, although the 

difference is only one methyl group [10-15]. Because Ser/Thr kinase phosphorylates both 

residues, the FHA domain can efficiently reduce potential interaction sites by specifically 

binding to pThr-containing regions. Although experimental structures and recent studies 

have shown important interactions involve in the binding of the methyl group of pThr 

[14,16], the detailed mechanisms of the phosphoresidue recognition of different domains 
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and how the FHA domain can reserve non-polar interactions for a small non-polar methyl 

group are not fully understood.  

The FHA domain is associated with proteins of diverse functions in different organisms. 

For example, the Rad53-FHA1 domain interacts with phosphorylated Rad9 in response to 

DNA damage, and the Dun1-FHA domain interacts with SCD1 of Rad53, which leads to 

activation of Dun1in response to DNA damage response [17]. Instead of binding to a 

single pThr, the formation of the Dun1-FHA:SCD1 complex requires two 

phosphoresidues, which suggests a potential mechanism whereby sequential signaling 

events could be triggered through the recognition of multiple phosphoresidue-binding 

sites. Similar to Dun1-FHA, Ki67-FHA domain also recognizes dual phosphorylated 

residues at the same time [18], and the sequence identities of Dun1-FHA and the Ki67-

FHA to Rad53-FHA1 are both 34%. 

The structure of the FHA domain is mostly organized into a twisted β sandwich of 11 

well-defined β sheets, five in the front and six at the back (Figure 3-1(a)) [12,14,16,19-

23]. The domain contains ~120 to 140 residues, but only five to ten residues are 

conserved.  Six loops connected to the secondary β strands constructing the pThr binding 

site are the main difference between distinct FHA domains.  Experimental structures 

show that the synthetic peptides bind to the loops between β3-β4, β4-β5, β6-β7 and β10-

β11, and the conserved pThr binding site locates between loops β4-β5 and β6-β7 (Figure 

3-1(a)) [12,14]. 
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BRCT repeats in BRCA1 are considered to be related to breast cancer [24-27]. The 

structure of the tandem BRCA1-BRCT repeats bind to phosphorylated protein that 

contains pSer or pThr, although binding to pSer is preferred [28]. Several structural 

studies have revealed a conserved structure for the repeats, mainly composed of α helixes, 

β sheets and loops that link secondary structures. The phosphoresidue-recognized site is 

located between β1 and α2 (Figure 3-1(b)) [29-31]. 

The WW domain in Pin1 is essential for mitotic progression [32]. The domain has only 

about 40 residues and is one of the smallest pThr/pSer binding domains [3]. It 

specifically binds to pThr-Pro- or pSer-Pro-containing motifs with slightly higher affinity 

for pThr-Pro-containing peptides [33].  For example, in the Pin1-WW domain, the 

aromatic rings of Tyr23 and Trp34 define a steric clamp to confer a Pro adjacent to 

pSer/pThr [34]. The WW domain folds into three anti-parallel β stands and Arg21 and 

Ser22 residues in the loops between β1 and β2 are the phosphate group recognition sites 

(Figure 3-1(c)) [3-4,34]. 

Because FHA domains are pThr specific modular domains, this chapter focused on how 

FHA domains display selective for pThr/pSer residues and comparison with BRCT and 

WW domains. We study the dynamic and conformational changes of the free domain and 

the complexes of Rad53-FHA1:Rad9, Dun1-FHA:SCD1, Ki67-FHA:hNIFK, BRCA1-

BRCT:BRCH1 and Pin1-WW:CTD systems. We also computed the interaction energy 

between pThr/pSer and the domains to disclose the driving force of pThr/pSer binding. 

We propose a model for pThr specificity and potential applications. 
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3.2 Methods 

3.2.1 Molecular systems 

We selected three FHA domains in different families, BRCT repeats and the WW domain. 

One of the FHA domains is the human Chk2 homolog in yeast, Rad53-FHA1, involved in 

checkpoint signaling in Saccharomyces. Serevisiae. The target protein of Rad53, Rad9, is 

phosphorylated in response to DNA damage and interacts with the C-terminal FHA1 

domain of Rad53. Two initial structures are from crystallographic coordinates (Protein 

Data Bank (PDB) code 1G6G) [12] and NMR structure (PDB code 1K3Q) [16]. Both 

Rad53-FHA1 domains share the same protein sequence. Another FHA domain is from 

the Dun1 checkpoint kinase. The Dun1-FHA domain interacts with phosphorylated 

SCD1 of Rad53, which leads to activation of Dun1. The Dun1-FHA and SCD1complex 

of the domain-peptide structure is acquired from the PDB code 2JQL [35].
 
The other 

system of the FHA domain near the N-terminus of human Ki67 antigen protein that 

interacts with human nucleolar protein hNIFK was studied a few years ago. The 

structural complex of Ki67-FHA and a 44-residues fragment in phosphorylated hNIFK is 

explored by the coordinates of the  PDB code 2AFF [18]. We chose to study the 

pThr/pSer binding modular domain (PDB code 1T2V) of the complex of the BRCT 

domain in the BRCA1 C-terminus and its target binding partner, BRCH1 [29]. Another 

phosphodomain, the WW domain from the Pin1 N-terminus, interacts with the 

heptaphophorylated peptide in the CTD domain (PDB code 1F8A) [34]. Although the 

peptide contains two pSer residues, only one binds to the domain. All peptide sequences 
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are in Table 3-1. To study the recognition for phosphoresidue and how FHA domains 

differentiate the pThr/pSer residue, we manually mutated pThr to pSer or pSer to pThr in 

phosphopeptides. The mutated sites are shown in Table 3-1. 

3.2.2 Molecular dynamics simulation 

We performed molecular dynamics (MD) simulations using the Amber10 and NAMD2.6 

simulation packages with the ff99sb amber force field [36-38]. Because phosphoresidues 

are not defined in the ff99sb force field, we used the pThr and pSer force field developed 

by Homeyer et al. [39]. All simulations of wild-type sequences were initialed from six 

experimental complexes. In this work, we studied six un-mutated complexes and eight 

mutated structures. The protonation states were checked by the MCCE program [40]. All 

complexes were solvated in a rectangular box of 12 Å TIP3P water with the tleap 

program in Amber10 [41]. The placement of counter-ions of Na
+
 was based on the 

Columbic potential to keep the whole system neutral. Particle Mesh Ewald was used to 

consider the long-range electrostatic interactions [42]. Following 10,000 and 20,000 steps 

of minimization of the water and system, respectively, the systems were gradually heated 

for each complex from 250K for 20-ps, 275K for 20-ps and 300K for 200-ps. To initial 

the mutated structures, after equilibrium from 300K, we manually added or deleted the 

methyl group and changed the residue name accordingly, then used the Amber program 

to build the prmtop files for mutants. A quick 100-step minimization was applied to the 

mutants, then we preformed 20-ps equilibrium at 300K. All MD simulations for each 

wild-type and mutated complex was performed in 1 ns by five different random number 
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seeds to generate different initial velocity. The resulting trajectories were collected every 

1 ps and the time step was 2 fs. The NPT ensemble was applied, and periodic boundary 

conditions were used throughout the MD simulations. A temperature of 300K was 

maintained with use of a Langevin thermostat, with a damping constant of 2 ps
-1

, and the 

hybrid Nose-Hoover Langevin piston method was used to control the pressure at 1 atm. 

The SHAKE procedure was used to constrain hydrogen atoms during MD simulations 

[43]. 

3.2.3 Binding energy calculation by MM-PBSA methods and entropy calculation 

To quantify the stability of the phosphopeptide binding to the domain, we performed end-

point energy calculations, also known as MM-PBSA/MM-GBSA calculations [44-50]. A 

simple thermodynamic cycle and single-trajectory post-processing allows for efficiently 

computing the various contributions to the domain-peptide binding. We used the 

structural ensemble obtained from the final 1 ns of each random number seed to 

demonstrate the post-energy calculations. The binding interaction energy, ∆Ebind, 

associated with the binding of a domain to its cognate peptide to form a protein-peptide 

complex is calculated as follows: 

∆Ebind = <Ecomplex > – < E domain > - < Ephosphopeptide >                                                   eq. 3-1 

The bracket <E> denotes the average energy computed from a given MD trajectory. The 

changes in average energy on molecular interactions can be decomposed as follows: 

∆Ebind = ∆Ev + ∆Evdw + ∆ECoul + ∆WPB / ∆WGB + ∆Wnp,                                           eq. 3-2 
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representing the changes in valance (v) energy  (bond, angle, dihedral, and improper 

dihedral energies), van der Waal (vdw) interactions, Coulombic (Coul) interactions, and 

solvation free energy ∆WPB/∆WGB and ∆Wnp. We note that the binding energy computed 

here includes the solvation free energy which considers water entropy, and the valance 

energies cancel out in eq. 3-2 due to the single trajectory approach. The solvation free 

energy can be further decomposed into the polar term, ∆WPB/∆WGB, and non-polar cavity 

term, ∆Wnp term [44,51]. Here, we demonstrate two methods, Poisson-Boltzmann (PB) 

and Generalized-Born (GB), to estimate the polar solvation term [45-46]. PB was 

calculated by solving the PB equation in the PBSA model of Amber11. The dielectric 

constants of the interior and exterior protein were set to 1 and 80 respectively. GB (igb=1) 

was used in the sander program of Amber11 package. The non-polar solvation term was 

calculated by the solvent-accessible surface area (SASA) model. All energy involved a 

40 Å cutoff value for non-bonded interactions. 

The configuration entropy S consisted of phi, psi, omega and sidechain dihedrals, which 

include both conformational (number of energy wells) and vibrational entropy (width of 

an energy well) [47-48,52]. We computed each dihedral angle entropy using the Gibbs 

entropy formula: 

𝑆 =  −𝑅  𝑝 𝑥 ln 𝑝 𝑥 𝑑𝑥,                                                                                        eq. 3-3 

where p(x) is the probability distribution of dihedral x, and R is the gas constant. T-

analyst was used to compute the Gibbs entropy [53]. We considered only the internal 

dihedral degree of freedom of each dihedral, and the coupling between dihedrals was 
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ignored. The change in configuration entropy during the mutation can be presented as 

follows: 

TΔSX = TΔSX, mutated – TΔSX, wild-type,                                                                          eq. 3-4 

where X denotes each dihedral angle, such as phi, psi, omega and sidechain. 

3.3 Results and discussion 

Ser and Thr have very similar sidechains, so the Ser/Thr protein kinases phosphorylate 

the OH group of either residue without discriminating between them. Similarly, most 

pSer/pThr binding modules, such as BRCT and WW domains, can specifically bind to 

short pSer/pThr-containing motifs equally well. Not unsurprisingly, one more methyl 

group of Thr has few effects on the overall binding and molecular recognition. However, 

uniquely, most FHA domains recognize only pThr residues in target proteins, and 

substitution of pSer for pThr in model peptides severely weakens binding. The pThr 

specific recognition may function as a filter to further select the protein partner. 

One of our aims was to investigate how FHA domains can distinguish the tiny difference 

between Ser and Thr in their binding partner. The work helps gain deeper understanding 

in molecular recognition and provides valuable insight into strategies of protein 

engineering. Although we have simulated the entire FHA, WW and BRCT systems, we 

do not attempt to draw conclusions on properties of the whole system. Instead, we focus 

on the phosphoresidue binding region, in particular pThr or pSer. Multiple 1 ns MD 

simulations were performed for each system with different initial velocity so that the 
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simulations evolve independently of each other to reduce potential bias caused by the 

initial conformation. Because the short phosphopeptides are highly flexible, carrying out 

short simulations allows the peptide to stay in similar local energy well during different 

runs [54-55]. The root mean square deviation (RMSD) of selected systems is shown in 

Figure S3-1 of the supporting information. 

To obtain an estimate of the differences in interaction energies of the domain with its 

pSer- or pThr-containing peptides, we post-processed our MD trajectories and computed 

the domain-peptide interaction energies, including the potential energy and solvation 

energy. The method is usually called the MM-PBSA method. We computed 

intermolecular interactions between the whole domain and the entire peptide, termed the 

“global binding energy calculation”. In our global energy calculations, the solvation 

energy term includes a PB term, WPB, for electrostatic solvation free energy, and a 

cavity/surface area term, Wnp, for nonpolar solvation free energy. Because we are 

particularly interested in studying the local region that contributes significantly to pThr or 

pSer recognition, we also selected residues within 5 to 7 Å of the phosphate group (Table 

S3-3 in supporting information) to calculate interaction energies between the residues 

chosen. We called the calculations between these selected residues “local interaction 

energy calculation”. Because the calculations involved only residues near the binding 

sites, the solvation energies computed by the PB or GB model are similar. As a result, we 

used the GB model in our local energy calculation to speed up the calculation. 
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3.3.1 Revealing the specificity of the main pThr-binding site in FHA domains 

In the FHA domain family, the loops that link two β-sheets appear to play a pivotal role 

in constructing the binding pocket for pThr-containing peptides. Despite the variability of 

primitive sequences in the loop area in different FHA-containing proteins such as Rad53-

FHA1, Dun1-FHA and Ki67-FHA, analysis of FHA domain conformations suggests a 

conserved structure in the main pThr-binding site formed by two loops between β3-β4 

and β6-β7 (see Figure 3-2(A1)). 

We substituted pThr with pSer in silico, and the global binding energy calculations show 

that pSer-containing peptides have 3-6 kcal/mol higher binding energies than the pThr-

containing peptide. Notably, the binding energy calculations are for potential (MM) and 

solvation (PB/SA) energy only, and the entropic changes upon binding are not included 

here. Of interest is knowing which energy term contributes more to weaken the FHA 

domain-peptide interaction. Because the only difference between pThr and pSer is one 

non-polar methyl group, the pSer-containing peptide may reasonably result in less 

favorable van der Waals attraction. However, the trend is not clear, which suggests that 

replacing pThr by pSer may affect interactions between pThr/pSer and the domain, and 

the stability of the entire peptide binding to the protein. For example, pSer-containing 

peptides have weaker van der Waals interactions between Rad53-FHA1 and Ki67-FHA 

(Table 3-2), but the interaction is in the opposite direction for Dun1-FHA. Moreover, the 

Ki67-FHA:pSer-peptide complex shows slightly more favorable electrostatic attraction (-

0.98 kcal/mol) as compared with the Ki67-FHA1:pThr-peptide complex. However, the 
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Rad53-FHA1:pSer-peptide and Dun1-FHA1:pSer-peptide complexes have weaker 

electrostatic interactions. Of note, the polar contributions from the solvation model (PB 

term) are mostly compensated with the Coulombic term. Therefore, although all 

FHA:pSer-peptide complexes can form more stable Coulombic interactions, they also 

result in less stable solvation energy (PB term). In summary, in considering all energy 

terms, pThr-containing peptides are still highly favored, and our results are in good 

agreement with other experiments [12,16]. 

We also performed local interaction energy calculations and focused on the interactions 

between pSer/pThr and residues around the phosphoresidue to reveal how FHA can 

discriminate between them. Although the only difference between the Thr and Ser 

residue is one methyl group, which is usually considered not significant, our study 

indicates that the methyl group directly interacts with residues of loops β4-β5 and β6-β7 

of the FHA domain (see Figure 3-2(A2) and (A3)). Again, the trend agrees with the 

global binding energy calculations, and the local interaction energy is less favorable 

when pThr is replaced by pSer. The local interaction energy calculations show that van 

der Waals interactions are weakened considerably by the lack of a single methyl group of 

pSer; the loss of the van der Waals attraction can be weakened by ~3 kcal/mol (Table 3-

3). The interaction between the methyl group of pThr and the nearby residues are 

unlikely to be 3 kcal/mol, but instead, the computed energy reveals the crucial role of the 

methyl group to stabilize the complex conformation locally. Interestingly, although the 

phosphate group of pSer still retains hydrogen bonding between the nearby residues of 

FHA, the electrostatic attractions are still weakened. This again supports that solely 
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forming H-bonds between the phosphate group of the phosphoresidue is not enough for 

phosphopeptide and FHA domain binding, and lacking the methyl group destabilizes the 

complex. As illustrated in Figure 3-1(A2) and (A3) and Figure S3-2 in supporting 

information, fewer contacts can be formed when pSer is present in the peptide. 

Of note, although experimental structures demonstrate a pocket to accept the pThr methyl 

group, the static conformation cannot ascertain that pSer fails to form equally good 

interactions with the nearby residues, because the protein is dynamic and may fill the 

space by slightly changing the protein conformations. Nevertheless, our MD simulations 

show that the cavity is highly suited to pThr, and small changes in this particular residue 

can diminish the domain-peptide interactions. 

Because pSer shows less perfect geometry complementary to the binding cavity of the 

FHA domain, we also studied whether the local flexibility is changed because of the lack 

of the methyl group. The rotameric states of each sidechain of phosphopeptides, as well 

as their configuration entropy, were calculated. Most sidechain dihedrals stay in the same 

rotametic states for both pSer/pThr residues, but the second pThr sidechain dihedral angle 

(see Figure 3-3(A)) differs. Figure 3-3(B1) and (B2) shows the distribution of the 

sidechain dihedral angle of pThr and pSer in Rad53-FHA1 peptide. The dihedral of pSer 

deviates from pThr with an angle shift from 115 to 162 degrees, and also has wider 

distribution, so the dihedral is more flexible. Clearly, the methyl group of pThr allows the 

phosphoresidue to fill the entire pocket of the binding site, and no room is available for 

spacious vibration of the pThr sidechain. In contrast, the space released by the absence of 
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pSer cannot be adequately filled by protein sidechains, which creates room for the 

dihedral of pSer to be more flexible. Although sidechains of the dual loops are mobile, 

the conserved His, located at the N-terminus of β5, uses the imidazole ring and polar 

interactions to form stable interactions with residues of loops β4-β5 and β6-β7. For 

example, Figure 3-4 (C) shows that His can interact with the conserved Ser85 of loop β4-

β5 and Ile104 and Gly108 of loop β6-β7 in Rad53-FHA1. During our MD simulations, 

the sidechains moved between the two loops, which strengthens the interactions between 

residues around His (e.g., Ser85 and Thr106) and generates a proper space exclusively for 

the methyl group. The same movement and enhanced interactions for forming a cavity 

are observed in multiple 50 ns simulations (data not shown). Therefore, our simulations 

explain how FHA makes use of the conserved His to stabilize the dual loop and form a 

structural room to dock the methyl group and discriminate pThr/pSer. 

To quantify the flexibility of dihedral rotation and vibration of pSer/pThr, we performed 

Gibb entropy calculations. As illustrated in Table 3-4, the sidechain dihedral entropy 

increased ~0.7-1.5 kcal/mol after mutation and the configuration entropy of the entire 

pSer residue increased nearly 2 kcal/mol as compared with pThr. Among all the dihedral 

angles, the entropy increase is mostly contributed by sidechain dihedrals. Notably, the 

local entropy increase when pThr is substituted by pSer is only a local effect, and the 

entropy loss of the whole system with phosphopeptide binding was not computed and 

compared in this work. The local interaction energy and local entropy calculations offer 

quantitative comparison for pSer- and pThr-containing peptide binding, and we do not 
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suggest that the binding energy loss may be fully compensated by the local entropy gain 

in this study. 

3.3.2 The second phosphoresidue-binding site of Dun1-FHA and Ki67-FHA 

Some FHA domains also show the second phosphoresidue-binding site, and knowing 

whether the second site can discriminate pThr and pSer is of interest. We therefore 

studied two diphosphoresidue-recognized FHA domains, Dun1-FHA and Ki67-FHA. 

Both domains have one pThr binding to the main pThr-binding site, but they also have 

one more phosphoresidue, pSer or pThr, in the peptide sequences. One main difference 

between the main pThr and the second phosphoresidue-binding site is that the main pThr-

binding site consists of two loops that form a well-defined pocket, whereas the second 

binding site is located in areas with a single loop. To understand whether the difference 

contributes to residue specificity, we mutated the phosphoresidue available in the 

experiment, pThr of Dun1-FHA and pSer of Ki67-FHA to pSer and pThr, respectively. 

Overall, the global binding energy calculations show that for the second phosphoresidue-

binding site, the mutations worsen binding affinities (see Table 3-2), but the changes are 

smaller than the values for the main pThr-binding site. However, the local interaction 

energy calculations do not show the same trend, and the mutation of Dun1-FHA is 

preferable. Therefore, the calculations do not directly support that the domain strongly 

prefers either pThr or pSer in the second phosphoresidue-binding site. The local 

interaction energy calculations suggest that pSer can have good interactions with the 

domain, which are contributed mainly from the electrostatic attractions, and by losing the 
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methyl group, the van der Waal interactions are weakened, but not significantly. As 

illustrated in Figure 3-2(B2) and (B3), the second phosphoresidue-binding site in Dun1-

FHA uses two Arg residues, Arg62 and Arg64, to recognize pThr or pSer and form 

multiple H-bonds with the phosphate group. Therefore, the electrostatic attractions are 

the major driving forces in pThr/pSer binding is not surprising [56]. In addition, both Arg 

residues are located in one single loop, which is a flexible region of FHA domains, so the 

protein is freely adjustable to adopt both pThr and pSer. Although the methyl group of 

pThr forms non-polar attractions with the alkane branch of Arg62 shown in Figure 3-

2(B2), the binding site does not hold a small pocket when pThr is substituted by pSer 

(Figure 3-2(B3)), because the space is filled by the nearby FHA domain sidechains. 

The second phosphoresidue-binding site is located in a single loop, β3-β4, and without 

spatial constraint, the second site allows the FHA domain to rearrange sidechains to 

optimize both pThr and pSer binding. We therefore examined changes in local flexibility 

when a different phosphoresidue stays in this binding site, and we focused on dihedral 

angles of the phosphate group of pThr and pSer. Both residues do not expressly reveal 

dynamic motions in either complex, but the most populated angles modeled from our MD 

simulations shift more than 20° (Figure 3-3(C1) and (C2)). Although the dihedral angle 

has only one rotameric states in both cases, pThr has smaller vibration range and the 

configuration entropy is 0.5-1.0 kcal/mol smaller than pSer, presumably due to a bulkier 

methyl group. The entropy changes between pThr and pSer is less pronounced in the 

second phosphoresidue-binding site than in the main one. Moreover, the motions of 
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backbone dihedrals remain the same, which indicates the negligible influence of the 

mutation. 

In conclusion, the main pThr-binding site has a unique feature to recognize pThr, and a 

special pocket built by linking two loops with the conserved His is reserved for the 

methyl group of pThr, which plays a crucial role in distinguishing between pThr and pSer. 

However, the second phosphoresidue binding site is positioned in a single loop near the 

N-terminus, which uses two Arg residues to recognize a phosphate group but lacks a well 

structured binding cavity to identify only pThr or pSer. Our simulations show that the 

protein sidechain of the binding site changes when pThr or pSer binds to the domain. 

Therefore, a single loop used to provide a phosphoresidue-binding site cannot 

discriminate pThr/pSer but can bind to both residues. Other domains, such as the WW 

domain, also use a similar strategy, as discussed in the next section. Of note, although not 

within the scope of this paper, the promiscuous domain has preferences for selected 

sequences, and the peptide sequences also play an important role in the phosphopeptide-

binding site. 

3.3.3 BRCT repeats and WW domain recognize both pThr and pSer 

The BRCT and WW domains are distinct pSer/pThr binding domains. Not all BRCT and 

WW domains function as phosphopeptide binding modules, but both have a subset that 

binds to phosphopeptides. Both domains can bind to particular sequences that contain 

pSer or pThr, but in general, tandem BRCT domains bind stronger to pSer than pThr and 

WW domains have a preference for pThr preceding a Pro [28,33]. Note that pSer or pThr 
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must be followed by Pro, for pSer/pThr-Pro sequences for binding to WW domains. In 

contrast to FHA domains, which bind exclusively to pThr-containing peptides, BRCT 

and WW domains do not recognize solely pThr- or pSer-containing peptides. Although 

proteins that treat Ser and Thr as similar residues may be common, knowing how both 

domains have a specific or non-specific pThr/pSer recognition is of interest. 

Both global binding energy and local interaction energy calculations suggest that the 

tandem BRCT domains prefer the pSer- than pThr-containing sequence, although the 

preference is not strong. The local interaction energies shown in Table 3-3 suggest that 

pSer can form a more favorable electrostatic attraction, ~0.5 kcal/mol more negative than 

that contributed by pThr binding, but the difference is relatively small. In addition, our 

simulations show that most of the time, the methyl group of pThr does not directly 

interact with the domain, as demonstrated by a representative complex conformation in 

Figure 3-2(C2). As a result, we see a negligible difference in van der Waal interactions in 

the local interaction energy calculations (see Table 3-3), and the electrostatic attractions 

are the main driving forces to recruit phosphopeptides binding to tandem BRCT domains 

(Table S3-2 in supporting information). The phospho recognition is through forming 

interactions with Lys1702 in an α helix and Ser1655 and Gly1656 near the loop, where 

no small cavity is reserved for the methyl group of pThr. Although the methyl group is 

not directly involved in binding, the local arrangement of the phosphate group is changed, 

but the overall flexibility of the phosphate group remains similar (Figure 3-2(C)). 



112 

 

Although the WW domains are able to recognize both pSer- and pThr-containing 

peptides, global binding energy calculations suggest that the domain favors pThr because 

of the more preferable van der Waals attractions. The trend is in agreement with 

experimental results [33]. However, the local interaction energy calculations show that 

the favorable van der Waals attractions are mostly compensated by weaker electrostatic 

interactions. As shown in Figure 3-2(D2) and (D3), two conserved aromatic residues of 

the domain, Tyr and Trp, create a cavity, but no sidechains of phosphopeptides could 

nicely fit into the cavity during our simulations. Interestingly, the conserved Pro residue 

adjacent to the phosphoresidue is clamped by Tyr and Trp, which stays in the cavity and 

further restricts nearby phosphopeptide conformations. The confined region formed by 

rings of Tyr, Trp and Pro is conserved regardless of the presence of pSer or pThr (see 

Figure 3-2(D2) and (D3)), which also explains the crucial roles of Pro.  Because of the 

bulky ring conformations, an empty space is observed during the course of the 

simulations. The empty space can be partially filled by the methyl group of pThr, thus 

resulting in more favorable van der Waals interactions and a less flexible sidechain while 

pThr is binding. However, the Pro residue but not the methyl group of pThr primarily 

occupies the cavity in phosphopeptide recognition. Therefore, the domains do not show 

significant discrimination between pSer and pThr. 

3.3.4 Comparisons between FHA domains and tandem BRCT repeats and WW domain 

FHA domains use the conserved His to bridge two loops, β4-β5 and β6-β7, to construct 

the main pThr binding, which have a phosphate group binding site and preserve a small 
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pocket nicely fit by the methyl group of pThr (see Figure 3-4(C)). Without the methyl 

group, neither pSer binding nor rearranging sidechains of FHA near the methyl binding 

site can effectively fill the pocket, which results in unsuccessful binding. The second 

binding site of FHA domains makes use of a single loop to recognize pThr/pSer, and 

WW and BRCT domains combine a single loop and a nearby α helix (BRCT domains) or 

β sheet (WW domains) to bind to pThr/pSer. The structures of these phosphoresidue 

binding sites allow the protein sidechains to be adjustable to both pThr and pSer residues. 

Notably, although loops are usually considered flexible regions of a protein, the dual 

loops in the main pThr-binding site of FHA domains show an interaction network 

between the loops to form a pre-organized binding cavity for pThr (data not shown). 

Besides the unique features of using dual loops specifically for pThr binding, all other 

phosphoresidue binding sites share common characteristics that include a binding site 

comprised of positive-charged residues to form Coulombic attractions with the phosphate 

group and geometry complementary in the binding surface. 

Of note, the binding affinities of phosphopeptide binding to these domains are in general 

weak, in the micromolar range (see Table 3-1); therefore, weakened attractions by a few 

kcal/mol can completely diminish the phosphopeptides binding. Therefore, although 

substitution of pThr by pSer mainly reduces van der Waals attractions in the main pThr 

binding site of FHA domains, the pSer-containing peptide cannot form the domain-

peptide complex. Different from other phosphopeptide binding sites, sidechain 

rearrangements cannot bring other attraction forces to compensate for the loss of the van 

der Waals interactions because of the rigid structure formed by His and the dual loops. In 
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addition to energy calculations, our local entropy calculations suggest that binding pThr 

to the main pThr-binding site of FHA can reduce the mobility significantly, which 

indicates stronger attraction and more geometry confinement. However, the entropy 

changes between pThr and pSer binding to other domains show smaller differences, 

which suggests that the system retains a similar dynamic behavior that may help balance 

energy loss by gaining other attractions. 

3.3.5 Biological implication 

Modular domains are common regulators in important biological processes. This work 

studied three important domains for DNA damage responses, FHA, BRCT and WW 

domains, all with a phosphopeptide binding site to relay the damage signal and trigger 

further repair. The specific peptide can be recognized by three different proteins: a 

protein kinase to phosphorylate Ser/Thr, a modular domain that binds to the 

phosphopeptide for a downstream process, and a phosphatase to dephosphorylate the 

phosphoresidue. Kinases involved in the DNA damage response, ATM and ATR, can 

phosphorylate both Ser and Thr of a substrate. Similar to kinases, phosphatases work for 

both pThr and pSer [57], and most phosphodomains can also bind to both pThr- and 

pSer-containing peptides. FHA domains have evolved a simple but remarkable 

mechanism to specifically recognize pThr to further select particular partners after kinase 

phosphorylation. For example,  a binding partner of FHA domains,  the SCD protein 

family, contains rich Thr-glutamine (TQ) and Ser-glutamine (SQ) repeat motifs [58]. 

Although the kinase phosphorylates both Thr and Ser, Rad53-FHA1 can bind only to 
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regions that have pThr. How binding to the particular pThr region triggers further 

responses is unclear, but the pThr-only recognition may play a role in regulation. The 

mechanism contributing to pThr binding brings insights into how modular domains 

differentiate pThr and pSer or recognize both residues. The information aids in the design 

and discovery of phosphopeptides to access the cellular function of the domain-

containing proteins. The rigid dual loops centered on the conserved His in the main pThr 

binding site of FHA domains may be applied to protein engineering that may need to 

recognize small functional groups. 

3.4 Conclusions 

In this study, we performed dynamic-guided process for FHA, BRCT and WW domain-

peptide structures. The components of detailed interaction energies were calculated by 

the MM-PBSA/MM-GBSA method. The main pThr-binding cavity is identical in four 

different FHA complexes. Our results reveal FHA domain uses the conserved His residue 

to define a dual loop structure which strongly favors for pThr because of the geometry of 

methyl group embedded in deep binding pocket nicely. The dynamics simulations, 

energy and entropy calculations indicate that the phosphoresidue binding site of FHA is 

highly suited to pThr, and small changes of pThr to pSer can diminish the domain-

peptide interactions due to the pre-organized binding cavity. On the other hand, BRCT 

repeats and WW domain utilize the combination a single loop with α-helix or β-sheet 

which allows effective sidechain rearrangement to accept both pSer and pThr. The results 
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highlight broader implications in the recognition pathway of kinase/phosphotase and also 

help to engineer proteins and design peptide inhibitors. 
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Table legends 

Table 3-1: Peptide sequences of domain-phosphopeptide complexes. Sequences 

forming secondary structures, α helix and β sheet, are in green and purple, respectively. 

Red and blue indicate the first and second mutation site. 

Table 3-2: Global MM-PBSA energy calculations. ΔΔUCoul and ΔΔUvdw are the 

electrostatic and van der Waals interactions, respectively, between the wild-type and 

mutants; ΔΔWPB and ΔΔWnp are the polar and non-polar contributions from the solvation 

energy. ΔΔEele represents the sum of ΔΔUCoul and ΔΔWPB. ∆∆ indicates the changes 

between two calculations of the mutated and non-mutated state. For example, ∆∆UVDW = 

∆UVDW,pSer-∆UVDW,pThr, where ∆UVDW is the interaction energy between the 

phosphopeptide and the domain. 

Table 3-3: Local MM-PBSA energy calculations. We selected residues within 5 to 7 Å 

around pThr/pSer residues. The residues selected are in the additional file Table S3. The 

notations are the same in Table 3-2. 

Table 3-4: Configuration entropy changes. We showed the configuration entropy 

changes (kcal/mol) for phi, psi, omega and sidechain dihedrals of phosphoresidue in the 

wild-type and mutants. 
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Figure legends 

Figure 3-1: Overall architecture of signaling domains. (a) Snapshot of Rad53-FHA1 

molecular dynamics (MD) simulations. Pink and blue represent front and back loop/β-

strand respectively. (b) Snapshot of an MD simulation for BRCT repeats in BRCA1. (c) 

WW domain in Pin1 protein. 

Figure 3-2: The pThr binding site of signaling domains. Detailed illustration of pThr 

binding in Rad53-FHA1 main binding site (A), Dun1-FHA second binding site (B), 

BRCT repeats (C) and WW domain (D). The binding areas are circled in red (see (1) on 

the left side). Residues surrounding pThr and pSer residues are in (2) and (3), 

respectively. Atom pairs that have charge interactions with phosphoresidues are shown 

with a blue dashed line. Figures are a snapshot of our MD simulations. 

Figure 3-3: Distribution of a dihedral angle of the phosphoresidue. (i) Plots of the 

dihedral angle with five seeds are shown in frame index 1-100, 101-200, 201-300, 301-

400 and 401-500, respectively and (ii) corresponding population distributions.  Column 

(A) shows the dihedral angle of pThr (1) or pSer (2) used for plotting. (B), (C), (D) and 

(E) indicate the binding area in the main binding site of FHA, the second binding site of 

FHA, the pThr/pSer binding site of BRCT repeats and the WW domain, respectively. 

Figure 3-4: Detailed illustration of conserved His interactions in Rad53-FHA1. (A) 

Overall FHA structure. Conserved His is in red; other residues around His that contribute 

to form a pThr binding pocket are in orange. The phosphopeptide and pThr are in cyan. 
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(B) Cartoon representation of two loops held by His and the nearby residues. Red dashed 

lines indicate interactions between residues. (C) MD simulation snapshots with time. 

Atom pairs with electrostatic attractions are labeled with blue dashed lines. 
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Tables 

domain Protein PDB ID Method Phosphopeptide Kd(μM) Ref. 

FHA1 Rad53 1G6G X-ray LEV(pT)EADATFAK 0.53 (12) 

FHA1 Rad53 1K3Q NMR SLEV(pT)EADATFVQ 0.3 (16) 

FHA Dun1 2JQL NMR NI(pT)QP(pT)QQST 0.3-1.2 (35) 

FHA Ki67 2AFF NMR KTVD(pS)QGP(pT)PVC(pT)PTFLE

RRKSQVAELNDDDKDDEIVFKQP

ISC 

0.077 (18) 

BRCT BRCA1 1T2V X-ray AAYDI(pS)QVFPFA 0.4 (29) 

WW Pin1 1F8A X-ray Y(pS)PT(pS)PS 34 (34) 

 

Table 3-1: Peptide sequences of domain-phosphopeptide complexes. 
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domain 
mutated 

site 
mutation ΔΔUVDW ΔΔUCoul ΔΔWPB ΔΔEele ΔΔEtot-np ΔΔWnp ΔΔEtot 

Rad53-FHA1 1 pT→pS 2.50 -34.34 37.83 3.49 5.99 0.75 6.74 

Rad53-FHA1 1 pT→pS 0.44 -13.74 16.08 2.33 2.77 0.72 3.49 

Dun1-FHA 1 pT→pS -2.63 -13.70 18.84 5.15 2.52 2.34 4.86 

Ki67-FHA 1 pT→pS 4.30 -8.77 7.79 -0.98 3.32 -0.84 2.48 

Dun1-FHA 2 pT→pS -2.54 -59.30 63.39 4.09 1.55 1.95 3.50 

Ki67-FHA 2 pS→pT 0.94 19.77 -20.15 -0.38 0.55 0.36 0.91 

BRCT 1 pS→pT -3.33 28.77 -23.67 5.10 1.77 0.84 2.61 

WW 1 pS→pT -1.03 -39.75 36.78 -2.96 -3.99 -0.01 -4.00 

 

Table 3-2: Global MM-PBSA energy calculations. 
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domain 
mutated 

site 
mutation ΔΔUVDW ΔΔUCoul ΔΔWGB ΔΔEele ΔΔEtot-np ΔΔWnp ΔΔEtot 

Rad53-FHA1 1 pT→pS 3.12 -8.36 5.71 -2.65 0.46 0.03 0.49 

Rad53-FHA1 1 pT→pS 0.23 -9.64 10.93 1.29 1.52 -0.12 1.40 

Dun1-FHA 1 pT→pS 2.30 3.00 -0.71 2.29 4.59 0.06 4.66 

Ki67-FHA 1 pT→pS 3.22 2.25 -1.67 0.58 3.80 0.14 3.94 

Dun1-FHA 2 pT→pS 0.49 -1.30 -0.26 -1.57 -1.07 0.00 -1.07 

Ki67-FHA 2 pS→pT 0.70 3.33 -2.02 1.30 2.01 0.09 2.10 

BRCT 1 pS→pT 0.06 7.17 -6.75 0.41 0.47 0.08 0.56 

WW 1 pS→pT -1.85 1.67 0.10 1.78 -0.07 0.05 -0.02 

 

Table 3-3: Local MM-PBSA energy calculations. 
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domain 
mutated 

site 
mutation TΔSphi TΔSpsi TΔSomega TΔSsidechain TΔStotal 

Rad53-FHA1 1 pT→pS 0.18 0.29 0.03 1.39 1.91 

Rad53-FHA1 1 pT→pS 0.37 0.37 0.14 1.26 2.16 

Dun1-FHA 1 pT→pS -0.25 -0.08 0.00 0.72 0.45 

Ki67-FHA 1 pT→pS 0.25 0.32 0.14 1.50 2.23 

Dun1-FHA 2 pT→pS 0.10 -0.01 0.00 1.03 1.12 

Ki67-FHA 2 pS→pT -0.04 -0.06 0.01 -0.47 -0.57 

BRCT 1 pS→pT -0.08 0.01 0.00 0.35 0.28 

WW 1 pS→pT -0.15 -0.01 -0.12 -0.71 -1.01 

 

Table 3-4: Configuration entropy changes. 
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Figures 

 

 

 

Figure 3-1: Overall architecture of signaling domains. 
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Figure 3-2: The pThr binding site of signaling domains. 
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Figure 3-3: The pThr binding site of signaling domains. 
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Figure 3-4: Detailed illustration of conserved His interactions in Rad53-FHA1. 
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Supporting information 

No seed ΔUVDW ΔUCoul ΔWPB ΔEele ΔEtot-np ΔWnp ΔEtot 

1 1 -35.36 -416.07 413.48 -2.59 -37.94 25.87 -12.07 

 2 -35.46 -451.82 444.94 -6.88 -42.34 26.75 -15.59 

 3 -34.21 -473.44 471.93 -1.51 -35.72 27.45 -8.27 

 4 -32.28 -463.21 457.37 -5.84 -38.12 24.80 -13.32 

 5 -31.70 -418.69 415.19 -3.49 -35.19 24.21 -10.98 

 Avg -33.80±5.1 -444.65±36.0 440.58±34.7 -4.06±10.5 -37.86±8.8 25.82±2.1 -12.05±9.5 

2 1 -32.20 -385.17 403.95 18.78 -13.42 25.96 12.54 

 2 -34.29 -424.26 446.37 22.11 -12.18 27.97 15.79 

 3 -33.81 -366.87 385.02 18.15 -15.66 26.55 10.89 

 4 -32.78 -381.60 409.25 27.64 -5.14 27.41 22.27 

 5 -32.99 -421.85 443.39 21.54 -11.45 27.40 15.95 

 Avg -33.21±4.3 -395.95±42.5 417.60±40.8 21.64±9.6 -11.57±8.8 27.06±1.7 15.49±9.3 

3 1 -32.07 -583.67 597.75 14.09 -17.98 22.56 4.58 

 2 -29.29 -649.92 660.40 10.49 -18.80 21.82 3.01 

 3 -26.83 -717.66 722.65 4.99 -21.84 23.57 1.73 

 4 -32.65 -619.92 641.77 21.84 -10.81 23.52 12.71 

 5 -29.84 -615.44 631.18 15.74 -14.10 23.24 9.14 

 Avg -30.14±6.3 -637.32±60.6 650.75±55.4 13.43±13.6 -16.71±11.6 22.94±2.1 6.23±12.3 

4 1 -128.26 -1175.64 1190.01 14.37 -113.89 76.25 -37.63 

 2 -122.86 -1187.87 1195.24 7.38 -115.48 77.00 -38.49 

 3 -130.70 -1189.37 1206.24 16.87 -113.83 76.40 -37.44 

 4 -126.47 -1201.62 1204.86 3.24 -123.23 76.95 -46.28 

 5 -124.78 -1205.51 1212.30 6.79 -117.99 75.78 -42.20 

 Avg -126.61±7.6 -1192.00±51.6 1201.73±49.5 9.73±17.7 -116.88±16.6 76.48±2.4 -40.41±17.0 

5 1 -39.22 -96.74 121.80 25.07 -14.15 30.25 16.10 

 2 -38.56 -57.59 81.52 23.92 -14.64 31.04 16.40 

 3 -37.69 -104.55 140.11 35.56 -2.14 30.93 28.79 

 4 -39.38 -72.71 106.52 33.81 -5.57 31.24 25.68 

 5 -38.74 -88.97 124.74 35.77 -2.97 31.01 28.04 

 Avg -38.72±4.4 -84.11±32.3 114.94±31.9 30.83±12.2 -7.89±11.2 30.90±1.5 23.00±11.8 

6 1 -31.21 -615.18 602.06 -13.12 -44.33 19.47 -24.85 

 2 -31.02 -579.70 564.03 -15.67 -46.69 19.95 -26.74 

 3 -29.18 -621.11 605.87 -15.24 -44.41 18.87 -25.54 

 4 -31.24 -611.17 595.68 -15.49 -46.73 19.09 -27.64 

 5 -30.80 -596.14 582.72 -13.42 -44.22 18.79 -25.43 

 Avg -30.69±4.8 -604.66±29.4 590.07±28.1 -14.59±8.5 -45.28±7.1 19.24±1.1 -26.04±7.4 
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7 1 -33.89 -502.37 507.49 5.13 -28.76 28.70 -0.06 

 2 -27.00 -503.92 494.06 -9.86 -36.86 23.57 -13.30 

 3 -30.74 -435.35 441.42 6.06 -24.68 26.07 1.39 

 4 -34.80 -439.41 445.01 5.60 -29.20 28.83 -0.36 

 5 -30.06 -513.89 504.10 -9.80 -39.86 25.66 -14.19 

 Avg -31.30±6.3 -478.99±47.0 478.42±41.4 -0.57±13.0 -31.87±10.7 26.57±3.0 -5.31±11.8 

8 1 -32.13 -347.14 379.05 31.91 -0.23 26.91 26.69 

 2 -33.99 -441.80 459.08 17.28 -16.71 28.25 11.54 

 3 -32.62 -415.84 440.43 24.59 -8.04 27.92 19.88 

 4 -33.36 -414.03 436.73 22.70 -10.67 28.51 17.84 

 5 -31.76 -429.66 453.08 23.42 -8.34 27.29 18.95 

 Avg -32.77±5.0 -409.69±55.7 433.67±50.3 23.98±10.6 -8.79±10.1 27.77±1.7 18.98±10.1 

9 1 -30.28 -677.72 698.46 20.74 -9.54 24.13 14.60 

 2 -28.17 -663.89 681.59 17.70 -10.46 24.69 14.23 

 3 -38.33 -655.79 680.31 24.52 -13.81 27.53 13.72 

 4 -28.39 -634.57 648.39 13.82 -14.56 23.44 8.87 

 5 -38.66 -623.13 639.23 16.09 -22.57 26.63 4.06 

 Avg -32.76±8.0 -651.02±36.0 669.59±35.9 18.58±12.6 -14.19±11.5 25.28±2.3 11.10±11.6 

10 1 -119.40 -1181.88 1193.27 11.39 -108.00 74.38 -33.62 

 2 -120.73 -1235.41 1246.02 10.61 -110.11 75.84 -34.27 

 3 -121.16 -1156.96 1166.28 9.32 -111.84 74.29 -37.55 

 4 -123.83 -1212.77 1221.64 8.87 -114.96 76.95 -38.01 

 5 -126.46 -1216.84 1220.37 3.53 -122.93 76.74 -46.19 

 Avg -122.32±7.1 -1200.77±61.4 1209.52±58.8 8.74±16.0 -113.57±16.2 75.64±2.6 -37.93±16.5 

11 1 -38.47 -32.77 62.87 30.10 -8.37 32.65 24.29 

 2 -39.44 -66.33 103.30 36.97 -2.48 30.31 27.83 

 3 -42.64 -29.51 56.95 27.44 -15.20 30.90 15.70 

 4 -43.22 -98.60 140.40 41.80 -1.42 32.33 30.91 

 5 -46.49 -49.49 92.82 43.34 -3.15 32.48 29.33 

 Avg -42.05±5.3 -55.34±38.1 91.27±42.7 35.93±11.8 -6.12±10.9 31.74±1.5 25.61±11.3 

12 1 -32.57 -619.58 606.44 -13.14 -45.72 19.54 -26.17 

 2 -32.38 -612.40 592.96 -19.44 -51.83 19.20 -32.63 

 3 -32.01 -705.68 687.98 -17.70 -49.71 19.70 -30.02 

 4 -31.75 -658.08 640.31 -17.77 -49.52 18.80 -30.72 

 5 -29.88 -626.29 606.59 -19.70 -49.58 18.92 -30.66 

 Avg -31.72±5.2 -644.41±59.6 626.86±58.4 -17.55±11.2 -49.27±9.6 19.23±1.1 -30.04±9.9 

13 1 -38.99 -717.35 736.55 19.20 -19.78 27.51 7.73 

 2 -35.05 -663.17 689.86 26.69 -8.36 25.38 17.02 

 3 -25.91 -683.02 693.81 10.79 -15.12 21.78 6.66 

 4 -30.32 -712.37 723.49 11.12 -19.20 24.58 5.38 
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 5 -33.11 -707.20 727.00 19.79 -13.31 25.22 11.90 

 Avg -32.67±7.3 -696.62±48.9 714.14±42.5 17.52±15.5 -15.16±13.7 24.89±3.1 9.74±14.4 

14 1 -125.42 -1233.21 1242.42 9.21 -116.21 76.46 -39.75 

 2 -130.62 -1120.26 1131.75 11.49 -119.13 79.62 -39.51 

 3 -119.02 -1147.45 1159.00 11.54 -107.48 74.94 -32.54 

 4 -129.12 -1255.76 1265.38 9.62 -119.50 80.32 -39.18 

 5 -124.19 -1104.48 1109.34 4.86 -119.33 72.83 -46.50 

 Avg -125.67±8.3 -1172.23±86.2 1181.58±85.3 9.34±15.5 -116.33±14.4 76.83±3.9 -39.50±14.9 

 

Table S3-1: MM-PBSA energy calculations for each seed. The average energies are in 

red. The notations are the same as those in Table 3-2.  

1: Rad53-FHA1 (1g6g) 

2: Rad53-FHA1 (1k3q) 

3: Dun1-FHA (2jql) 

4: Ki67-FHA (2aff) 

5: BRCT (1t2v) 

6: WW (1f8a) 

7: Rad53-FHA1 (1g6g): first pT→pS 

8: Rad53-FHA1 (1k3q): first pT→pS 

9: Dun1-FHA (2jql): first pT→pS 

10: Ki67-FHA (2aff): first pT→pS 

11: BRCT (1t2v): pS→pT 

12: WW (1f8a): pS→pT 

13: Dun1-FHA(2jql): second pT→pS 

14: Ki67-FHA(2aff): second pS→pT 
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domain ΔUVDW ΔUCoul ΔWPB ΔEele ΔEtot-np ΔWnp ΔEtot 

Rad53-FHA1 

first pT 
-19.41±4.0 -728.15±21.5 610.39±14.0 -117.76±10.5 -137.17±8.8 -4.09±0.2 -141.26±8.9 

Rad53-FHA1 

first pT 
-17.36±3.6 -458.72±27.2 392.53±19.8 -66.19±10.5 -83.55±9.2 -3.00±0.2 -86.55±3.6 

Dun1-FHA 

first pT 
-15.77±4.8 -265.88±21.7 197.81±14.8 -68.08±9.6 -83.85±8.1 -2.60±0.3 -86.45±8.3 

Dun1-FHA 

second pT 
-9.26±3.7 -215.82±18.6 180.43±12.3 -35.39±9.3 -44.64±9.7 -1.50±0.3 -46.14±9.9 

Ki67-FHA 

first pT 
-15.27±3.0 -230.06±10.6 174.89±7.1 -55.17±6.2 -70.44±5.1 -2.67±0.1 -73.11±5.1 

Ki67-FHA 

second pS 
-85.12±1.1 -137.09±10.3 129.11±8.2 -7.93±2.9 -13.05±3.2 -0.74±0.1 -13.79±3.3 

BRCT 

pS 
-7.93±3.0 -313.36±16.9 251.33±13.9 -62.04±7.1 -69.96±5.9 -2.02±0.2 -71.99±6.0 

WW 

pS 
-21.90±4.1 -537.42±17.8 442.31±13.9 -95.11±9.1 -117.01±7.1 -3.26±0.1 -120.27±7.1 

Rad53-FHA1 

first pS 
-16.29±4.6 -736.52±30.7 616.10±19.6 -120.42±13.4 -136.71±11.0 -4.05±0.2 -140.76±9.5 

Rad53-FHA1 

first pS 
-17.12±4.2 -468.37±29.5 403.47±20.1 -64.90±12.8 -82.02±12.0 -3.12±0.3 -85.14±12.2 

Dun1-FHA 

first pS 
-13.47±5.8 -262.87±16.5 197.09±9.9 -65.79±10.1 -79.25±7.9 -2.53±0.3 -81.78±8.0 

Ki67-FHA 

first pS 
-12.05±3.2 -227.80±11.1 173.21±7.7 -54.59±6.1 -66.64±4.8 -2.52±0.1 -69.16±4.8 

BRCT 

pT 
-7.86±3.0 -306.19±21.0 244.57±16.8 -61.62±7.0 -69.49±5.9 -1.93±0.1 -71.42±6.0 

WW 

pT 
-23.75±4.5 -535.75±19.8 442.42±16.7 -93.33±10.2 -117.08±8.5 -3.21±0.2 -120.29±8.6 

Dun1-FHA 

second pS 
-8.76±4.6 -217.13±33.7 180.17±22.6 -36.96±13.0 -45.72±14.7 -1.50±0.4 -47.22±15.1 

Ki67-FHA 

second pT 
-4.41±1.6 -13.76±11.3 127.13±8.3 -6.62±3.8 -11.04±4.2 -0.64±0.2 -11.68±4.3 

 

Table S3-2: Local interaction energy calculations (MM-GBSA) for wild-type and 

mutated MD trajectory. The notations are the same as those in Table 3-2.
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domain PDB ID select residues 

Rad53-FHA1 

first pT→pS 

1G6G R70, S82, R83, L84, S85, N86, K87, H88, S105, T106, N107  

E3, V4, pT5, E6, A7, D8 

Rad53-FHA1 

first pT→pS 

1K3Q R70, I81, S82, R83, L84, S85, N86, S105, T106, N107 

E167, V168, pT169, E170, A171 

Dun1-FHA 

first pT→pS 

2JQL R62, D74, I75, S76, T77, F78, R104 

Q6, P7, pT8, Q9, Q10 

Dun1-FHA 

second pT→pS 

2JQL R62, S63, R64 

N3, I4, pT5, Q6, P7 

Ki67-FHA 

first pT→pS 

2AFF R31, V43, V44, S45, S65, T66, N67 

G232, P233, pT234, P235, V236 

Ki67-FHA 

second pS→pT 

2AFF R31, G32 

D229, pS230, Q231 

BRCT 

pS→pT 

1T2V V1654, S1655, G1656, L1657, N1678, L1679, T1700, L1701, 

K1702 

P5, I6, pS7, Q8, V9 

WW 

pS→pT 

 

1F8A R18, M19, S20, R21, S22, S23, G24, R25, V26, T27, S36, E37, 

W38 

P172, T173, pS174, P175, S176 

 

Table S3-3: List of residues selected around phosphoresidue. Blue and red indicate the 

residues from protein and peptide, respectively. 
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(a) 

 

(b) 

 

 

Figure S3-1: RMSD plot of Rad53-FHA1. Each color presents each seed. Wild-type and 

mutated simulation are shown as (a) and (b), respectively. 
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Figure S3-2: Detailed illustration of pThr/pSer peptide binding to FHA. (A) the main 

binding site of Rad53-FHA1, (B) the second binding site of Dun1-FHA, (C)  the main 

binding site of Ki67-FHA and (D) the second binding site of Ki67-FHA. The binding 

areas are circled in the left column (1). The notations are the same in Figure 2.  
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Chapter 4 Mechanistic Insights into Phosphopeptide–BRCT Domain Association: 

Preorganization, Flexibility and Phosphate Recognition 

4.1 Introduction 

Promiscuous proteins are biological receptors that can successfully interact with a 

number of different partners at the same binding interface [1-5]. Several modular 

domains, such as FHA, WW, SH3 and PDZ, can interact with more than one peptide 

sequence [6-11]. Understanding these protein–peptide interactions is of great interest in a 

wide variety of applications such as molecular detection, inhibitor discovery and 

searching for binding partners. Promiscuous recognition at the molecular level usually 

involves large conformational changes and numerous bond rotations [12-13]. However, 

the underlying mechanism that drives diverse ligands to dock into the same binding site 

of a protein is not fully understood. One vital modular domain system – the breast-

cancer–associated protein 1 (BRCA1) C-terminal (BRCT) repeats – shows strong binding 

affinity with different types of phosphoserine (pSer) peptides [14]. 

The BRCA1-BRCT repeats are associated with essential tumor suppressor functions, 

including DNA repair, cell-cycle checkpoint and transcription regulation [15-18]. 

Previous studies have shown that missense mutations in the BRCT domain increase the 

susceptibility to ovarian and breast cancer [19-20]. A single domain in the BRCT fold is 

packed with four parallel β sheets with a pair of α helices (α1 and α3) flanked on each 

side and one helix on the opposite face (Figure 4-1) [21]. The overall structure of the 

dual-repeats BRCT domain of different proteins is conserved; a cluster of hydrophobic 



144 

 

residues locates at the interface between the two repeats [14]. Both structure and 

simulation studies indicated that the mutations along the dimer and binding interface 

could abolish the BRCT functions. Unlike the BRCT domain, the linker connecting the 

two repeats is more diverse, with poorly defined crystal structures, which suggests 

flexibility of the linker region [22]. 

Several BRCT–peptide complex co-crystal structures are available, and the bound 

peptides BRCH1, CtIP and ACC1 were obtained by library screening (Table 4-1) [23-27]. 

All the co-crystal structures are similar and show the phosphopeptide bound in a groove 

that involves both N- and C-terminal repeats (Figure 4-1(a)). The binding pocket recruits 

peptides with the conserved motif pSer-X-X-Phe, where X denotes any residue [28-29]. 

The pSer-binding site is composed of the residues, including a Ser-Gly motif in the β1-α1 

connecting loop and a Thr-X-Lys motif at the N-terminus of α2 in the same repeat. The 

phenylalanine is recognized by a highly hydrophobic cavity located at the interface 

between the N- and C-terminal domains; thus, both repeats are necessary for the BRCA1-

BRCT–peptide binding [14,26]. However, except for the model sequence pSer-X-X-Phe, 

sequences of phosphopeptide are diverse. Both polar and non-polar residues can generate 

effective affinity for recognition [30-31]. In additional to analyzing crystal structures, 

solution NMR has been used to characterize the movement between BRCA1-BRCT and 

the corresponding phosphopeptide of BACH1, despite no structure output in NMR 

dynamic studies [32-33]. 
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Conformational changes play an important role in molecular recognition. The analysis of 

protein-ligand interactions have been typically divided into three representative 

postulates: lock and key, induced-fit and population-shift/conformational-selection model 

[34-35]. The basic mechanism of lock and key model has been introduced for a while 

[36]. In this postulate, only correctly pre-organized substrates are capable to fit into the 

active site of the lock, which indicates that the conformational would not change during 

binding (Figure 4-2(a)) [37-39]. Since not all cases can be adequately explained by the 

rigid lock model, another assumption, induced-fit theory, has been proposed and showed 

that biomolecules are rather flexible structures in which the conformation can be 

reshaped and distorted to form optimal interactions with partners (Figure 4-2(b)) [34-

35,37]. In recent years, experiments support another mechanism, termed population shift 

or conformational selection model. In this model, a large number of conformations has 

pre-existed in native state; after binding fluctuations perturb the structure, and the 

properties of population switch (Figure 4-2(c)) [35,40]. Here, we examined these models 

by analyzing conformational transitions in several BRCT domain-peptide systems using 

molecular dynamics (MD) simulations. 

The MD method has been widely used to study binding mechanisms in different domain-

peptide systems such as PDZ, SH2, SH3 and FHA [41-46]. The energy calculations with 

MD trajectories provide insight into the driving force of phosphopeptide binding 

[42,44,47-49]. Moreover, mutation studies with MD simulations have explained how 

mutating a single residue can diminish phosphopeptide binding [44-45]. For example, 

Gough et al. studied several BRCT mutants by MD simulation [20]. Here, we address 
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questions of promiscuous recognition in the binding of various phosphopeptides and 

tandem BRCT repeats. We performed MD simulations and carried out detailed analysis 

of the dihedral space to study protein fluctuations with free and bound BRCT repeats, 

conformational changes of the domain and peptide with phosphopeptide binding, and 

interaction energy between promiscuous phosphopeptides and BRCT. Because the 

charged phosphate group might play an important role in the early stage of molecular 

recognition, we also used Brownian dynamics (BD) simulations with coarse-grained (CG) 

models to study the encounter processes with phospho- and non-phosphopeptides. 

4.2 Methods 

4.2.1 Molecular systems 

In this work, we selected one apo and four holo forms of the tandem BRCA1-BRCT 

repeats to study binding promiscuity. The initial coordinates for all systems were taken 

from known crystal structures in the Protein Data Bank (PDB) database. We explored the 

structure of the apo domain, PDB 1JNX (resolution 2.50Å) and one complex with a 

screening phosphopeptide, PDB 1T2V (resolution 3.30Å) [21,26]. We studied the other 

three holo structures in complex with phosphopeptides from BRCH1, CtIP and ACC1 

proteins with PDB IDs 1T29 (resolution 2.30Å), 1Y98 (resolution 2.50Å) and 3COJ 

(resolution 3.21Å), respectively [24-25,27]. The substrate peptide sequences are in Table 

4-1. Moreover, we performed an MD simulation for one more free BRCT domain by 

manually removing the phosphopeptide from the 1T2V complex, and we expected the 

simulation results to be similar to those initiated from the free domain, PDB 1JNX. 
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Similarly, we performed multiple MD simulations for four free phosphopeptides by 

directly taking their 3D coordinates from the co-crystal structures with the BRCT repeats. 

4.2.2 MD simulation protocol 

We performed MD simulations on two apo domains, four complexes and four free 

phosphopeptides to study the dynamic nature of a given system. The standard simulation 

packages, Amber10 and NAMD2.6, with the Amber 99SB force field, were used [50-53]. 

Because the parameters of the phosphoresidues are not defined in typical Amber force 

field, we used the pSer force field reported by Homeyer et al [54]. All systems were 

sampled separately with the following procedure. First, we checked the protonation state 

by using the MCCE program [55-56]. After a quick energy minimization for 100 steps, 

the systems were solvated in a rectangular box of 12 Å explicit TIP3P water model by the 

tleap program in the Amber10 package [57]. Each system contains about 50,000 atoms. 

Placement of the counter ions of Na
+
 was based on the Coulombic potential to keep the 

whole system neutral, and Particle Mesh Ewald was used to consider long-range 

electrostatic interactions [58]. Before equilibration, we ran energy minimization of 

10,000 and 20,000 steps for the waters and the system, respectively, then the systems 

were gradually heated from 250K for 20 ps, 275K for 20 ps and 300K for 200 ps. We 

collected the resulting trajectories every 1 ps with time step 2 fs in isothermic-isobaric 

(NPT) ensemble. The Langevin thermostat with a damping constant of 2 ps
-1

 was 

employed to maintain a temperature of 300K, and the hybrid Nose-Hoover Langevin 

piston method was used to control the pressure at 1 atm. We also used the SHAKE 
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procedure to constrain hydrogen atoms during MD simulations [59]. Finally, all 

production runs were performed for 50 ns (got 5000 snapshots, time period: 0.01 ns) at 

300K. To ensure that all simulations reached stable energy fluctuations, we considered 

only trajectories in 2-50 ns for post-analysis. Root mean square deviation (RMSD) and 

root mean square fluctuation (RMSF) were measured by use of the VMD program and 

Bio3D package, respectively [60-61]. 

4.2.3 Interaction energy calculations 

To quantify thermodynamic information of domain–peptide interactions, we used the 

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

processing method to compute ligand-protein inter-molecular energy without strain 

entropy based on MD structure ensemble [12,62-68]. Since it does not consider entropic 

changes in ligand binding, we also applied the T-Analyst program using Gibbs formula to 

compute configurational entropy as described in next section. The total energy (Etot) can 

be decomposed into two terms: potential energy (U) and solvation energy (W). The 

potential energy can be further divided into valance (bond, angle and dihedral) (Uv), van 

der Waals (Uvdw) and Coulombic (UCoul) energy; also, the solvation term includes the 

polar contribution evaluated by Poisson-Boltzmann equation (WPB) and the non-polar 

term with cavity/surface area energy (Wnp). The change in interaction energy was 

calculated as follows: 

ΔEtot = ΔUv + ΔUvdw + ΔUCoul + ΔWPB + ΔWnp.                                                        eq. 4-1 
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The binding energy computed here includes the solvation free energy, which considers 

water entropy. Calculation of the WPB and Wnp terms was based on PBSA and the 

solvent-accessible surface area (SASA) model, respectively, in the sander program of 

Amber 11 [67]. We used 40 Å as a cutoff for non-bonded interactions in all energy 

calculations. The dielectric constants of the interior and exterior protein were set to 1 and 

80, respectively. 

The interaction energy (∆Ebind) associated with the binding of a domain and its 

conjugated phosphopeptide in forming a complex is represented as follows: 

ΔEbind = <Ecomplex> - <Ebound_domain> - <Ebound_peptide>.                                                 eq. 4-2 

The bracket <E> denotes the average energy computed from a given MD trajectory. Note 

that the valance energies are cancelled out in eq. 4-2 because of the single trajectory 

approach. Because the inter-molecular charged attractions and polar solvation energy 

usually compensate for each other, we summed the UCoul and WPB terms as net 

electrostatic interaction (Epolar). The total contribution of non-polar energy (Enp) can be 

also considered as the combination of Uvdw and Wnp. Thus, the binding energy can be 

represented as follows: 

ΔEbind = ΔEploar + ΔEnp.                                                                                               eq. 4-3 

4.2.4 Entropy calculation 

We considered the configurational entropy S from each dihedral angle, which includes 

both conformational and vibrational parts, reflecting the number of energy wells and the 
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average width of the occupied wells, respectively [69-71]. Calculation of the 

configurational entropy was based on the bond-angle-torsion (BAT) coordinate, and the 

total entropy could be decomposed into an individual dihedral term, including backbone 

(phi, psi and omega) and sidechain. The following Gibbs entropy formula was used to 

calculate torsional entropy: 

𝑆 =  −𝑅  𝑝 𝑥 ln 𝑝(𝑥) 𝑑𝑥,                                                                                        eq. 4-4 

where p(x) is the probability distribution of each dihedral angle x and R the gas constant. 

We demonstrated all entropy calculations by use of T-Analyst [72]. Only the internal 

dihedral degree of freedom for each rotatable bond was considered, and the coupling 

between dihedrals was ignored. The change in configuration entropy between peptide-

bound and -free states can be presented as follows: 

TΔSX = TSX, bound_state – TSX, free_state,                                                                           eq. 4-5 

where X denotes each dihedral angle, such as phi, psi, omega and sidechain. 

To ensure p(x) converges during 50 ns MD, we compared the trajectories between 2-47 

ns, 2-48 ns and 2-50 ns to make sure that the computed dihedral entropy is converged. 

4.2.5 Principal component analysis 

Principal component analysis (PCA) involves computing a linear transformation to map 

data from a high dimension to a lower order space [73-74]. PCA allows for statistical 

representation of a set of random variables. Two steps are usually involved in the 
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calculation: stepping up a covariance matrix of projected positions and diagonalizing this 

matrix. The covariance matrix of a given dataset can be written as follows: 

𝐶𝑖𝑗 =    𝑥𝑖 −  𝑥𝑖  − (𝑥𝑗 −  𝑥𝑗  ) ,                                                                              eq. 4-6 

where xi and xj denote each atom position, and bracket <x> is the mean value of the MD 

ensemble. The diagonalization of the sample covariance matrix can be efficiently 

estimated on an orthogonal basis by finding its eigenvalues (λ) and corresponding 

eigenvectors (A) as follows: 

A
T
CA = λ.                                                                                                                   eq. 4-7 

The first PCA mode, PCA1, is the projected subset of the first deviation position. This 

number has high variance and represents the greatest possible number of motions. We 

used the Bio3D package for all PCA calculations, including first, second and third modes, 

based on the coordinate of Cα carbon atoms [61]. The final results were visualized and 

plotted by use of the VMD program [60]. 

4.2.6 Identify different conformations 

To identify conformational changes of a molecule, we analyzed the rotamer states of each 

dihedral angle from the MD trajectories. The analysis with T-Analyst involved 5,000 

frames from each 50-ns MD simulation [72].  The degree of each dihedral (x), including 

phi, psi, omega and sidechain, was computed, and the population of each dihedral was 

generated by use of Matlab with a histogram of 72 bins. We then manually defined the 
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range of each energy well (rotamer state) of a dihedral based on the computed population 

(details are in Text S4-1). Different conformations can be clearly described with the 

defined energy wells. For example, one molecule has two dihedrals, A and B. The 

dihedral A has two dihedral populations, A1 and A2. The dihedral B has three 

populations, B1, B2 and B3. Conformation #1 was considered dihedral A and B of one 

MD snapshot staying in the A1-B1 energy well. Other snapshots with similar structure 

staying in the A1-B1 energy well were clustered with conformation #1. Otherwise, they 

were new conformations. Because the omega angles stay in the single energy well and 

the other two backbone angles, phi and psi, are usually in one or two energy wells, we 

focused on changes in sidechains. 

4.2.7 Coarse-grained model 

For studying the early-stage phosphopeptide–domain association, we used CG models to 

represent the BRCT domain and peptides 1 and 2 (Figure 3). In our CG model, a single 

interaction center was placed on the Cα to represent each residue and connected by 

virtual bonds, angles, and dihedral angles [75-77]. Formal integer charges were assigned 

to the charged residues, including pSer. The detailed procedure was described previously 

[78]. The domain was held rigid and the peptide was fully flexible. Non-bonded 

intramolecular interactions within the peptide consisted of a pseudo-Morse bond to model 

the van der Waals interactions with a 15-Å cutoff.  interaction was Uelec=qiqj/ εrij, where 

εrij is the distance between beads i and j. To avoid unrealistic Coulombic interactions, a 

distance-dependent dielectric constant (εij=4rij) was used. Non-bonded intermolecular 
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interactions were represented by the Lenard-Jones type potential, Uvdw=0.5[((ri+rj)/rij)
8
-

1.5((ri+rj)/rij)
6
], where ri and rj are the effective radii of beads i and j, respectively [79] . 

The effective radii were taken from van der Waals radii calculated previously [80]. 

Manual assignment of the effective radii of residues in the peptide and binding site of 

BRCT was based on the crystal structures (Table S4-1). The radius of pSer of the 

peptides was set to be the same as that of Ser, but pSer had -2 formal charge assigned in 

the Cα. Reference structures for BRCT were taken from a snapshot at 5 ns for peptide 1 

and at 2 ns for peptide 2 in the atomistic simulation. 

4.2.8 Brownian dynamics approach 

The Brownian dynamics (BD) simulations with CG models can provide appropriate 

timescales to study diffusive association of the domain and peptides [81-82]. The 

modified UHBD software package was used in the simulations [83-84]. The time step 

was 50 fs, with maximum simulation time 40 μs. The trajectory was saved every 1 ns. 

The system is a sphere with a radius of 160 Å. The BRCT domain was located at the 

center of the sphere. Each simulation was initiated with a single peptide on the surface of 

the bounding sphere, with a different initial position or different random number of seeds. 

BD simulation was then performed until association criteria for the second step was 

satisfied (see below). To keep the concentration of the peptide constant, a periodic 

boundary condition-like conversion was used: i.e. if the peptide escaped the bounding 

sphere, it was placed diagonally opposite, with an additional pull of 2% total distance 

towards the center of the sphere to ensure that the peptide stayed inside the sphere. To 
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analyze the effect of phosphorylation step by step, the whole diffusive association 

process was divided into 3 steps. The first step involved the peptide approaching the 

domain by diffusion to make an encounter complex. As a simple expedient, a rectangular 

box of 84 x 48 x 52 Å
3
 was defined around the domain, and once the peptide entered the 

box, it was considered as reaching the first step. In the second step, the peptide moved 

inside the binding pocket. We checked three distances based on the relative position of 

the peptide in the complex to determine whether the peptide was inside the binding 

pocket: the distance between pSer and Gly1656, Phe+3 residue and Arg1699, and Phe+3 

residue and Asn1774 being within 9, 11, and 10 Å, respectively, for peptide 1, and 9, 10, 

and 25 Å for peptide 2. In addition, for peptide 1, Phe+3 needed to be closer to Arg1699 

than pSer to ensure that the peptide was in the correct direction in the pocket. In the third 

step, the complex reached the final stable conformation, but it was not included in the BD 

studies because the CG model cannot capture atomistic details, such as forming hydrogen 

bonds between the phosphate group and BRCT residues. The final step to reach the final 

bound states needed to be modeled by using atomistic force fields, which we discuss here. 

During BD simulations, we considered that the system was successfully associated when 

the criteria for the first and second steps were fulfilled. 

4.3 Results and discussion 

To further understand molecular recognition and help provide strategies for designing 

binding partners, we investigated how promiscuous peptides bind to the same target 

groove of tandem BRCT domains. We selected the BRCA1-BRCT domain in complex 
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with four different phosphopeptides. Peptides 1 and 2 contained a large number of 

hydrophobic and charged residues, respectively, and peptides 3 and 4 contained a 

combination of polar and non-polar residues (Table 4-1). Notably, despite sequence 

variety, all peptides showed similar binding affinity, with Kd value ranging from 0.4 to 

5.2 µM. 

4.3.1 Overall dynamics of the free BRCT domain 

Protein dynamics can provide information for understanding protein function and ligand 

recognition; however, directly probing the dynamic behavior experimentally is 

challenging. Thus, MD simulation is an effective tool to assess protein motion. Before 

proceeding with more detailed analysis, we checked the root mean square deviation 

(RMSD) (Figure S4-1) to confirm that all simulations achieved equilibrium. The RMSD 

showed that backbone atoms moved within approximately 0.5 to 1.0 Å. Then, we focused 

on several key contacts between the BRCT repeats and their conjugated phosphopeptides. 

In general, the interactions between the domain and individual peptides from our MD 

simulations agreed with the experimental results. The MD trajectories for the four 

complexes showed each peptide positioned in a groove that extended across both BRCT 

repeats. pSer located in a shallow pocket of the N-terminal BRCT domain, whereas 

Phe+3 located in a hydrophobic cavity at the interface between two dimer subsets. Tight 

interactions between the BRCT domain and peptide primarily involved residues from 

pSer to Phe+3. The residues of the extended peptide N- and C-terminus were less close to 

the BRCT domain for complexes 1 and 4. However, in addition to mainly two-knob 
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binding, several residues such as Thr1658, Glu1660, Lys1690 and Val1740 at the N 

terminus of complexes 2 and 3 have direct contacts in recognition through both polar (H-

bonds) and hydrophobic (short distance between methyl groups) interactions. The 

interactions corresponding to each peptide are simplified in Figure S4-2, which indicates 

that the binding modes are rather diverse in independent complexes. 

As mentioned previously, the BRCT repeats display a unique packing of a tandem 

structure, with two subunits linked by a flexible loop. Thus, any correlated motion 

between the subunits could associate with phosphopeptide recruitment, which governs 

the BRCT functions. We therefore used PCA to analyze MD trajectories and determine 

whether the movements were related in the inter-BRCT repeats. The first PCA showed 

the two subunits of the dimer moving in and out (closed and open) together and 

demonstrated a “grabbing”-like movement through moderate correlations (see arrows in 

Figure 4-1(b)). Notably, the marginal helices, α1 and α2’, and the loops near the binding 

site, β1-α1, β2-β3 and α1’-β1’, showed in-and-out movement, but the inter-folding region, 

β1, β2, β3 and β4, showed less movement. These internal dynamics could help sandwich 

phosphopeptides in a surface cleft between two individual subunits opposite the linker. 

4.3.2 Changes in protein dynamics with peptide binding 

To probe the structural changes with peptide binding, we analyzed RMSF of Cα carbon 

and configurational entropy of dihedral degrees of freedom to illustrate differences with 

and without the phosphopeptide. Figure 4 shows that, except for the inter-BRCT linker 

region and the external loop β2’-β3’ and β3’-α2’, the backbone of BRCT is in general 
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rigid. The bound and free states did not differ in structure. We further compared the 

RMSF and entropy plot. The large RMSF of β1’, α1’, β2’ and α3’ of BRCT suggests that 

these regions of complex 1 are more flexible in the bound state; however, the entropy plot 

of the phi angles did not show the same results. The same discrepancy was found in β2, 

α2, α1’, β4’ and α3’ of complex 3. Detailed analysis showed that the backbone of these 

regions was not more mobile than that of other regions. However, the structural shift of 

small loop regions nearby resulted in larger changes of RMSF for these α-helix or β-

sheets in Cartesian space, which may not accurately reflect changes in internal motion. 

Therefore, the computed torsion entropy can more efficiently capture the changes in a 

protein’s internal movement induced by peptide binding. 

To investigate how the same domain can successfully recruit different partners, we 

focused on the residues of BRCT that directly contact the peptides. Table S4-2 gives 

changes in single-residue entropy between the peptide-bound and -free states for residues 

around the binding site. The range of total entropy change of dihedrals (TΔS) with 

peptide binding was -5.5~+3.2 kcal/mol. The entropic changes were mainly from change 

in sidechains, and the backbone was relatively immobile, with small entropy changes, -

2.0 to +0.4 kcal/mol after peptide binding. The minor changes in backbone entropy infer 

that the BRCT repeats are inflexible in the recognition interface in the free state. This 

preorganized protein structure can help peptide binding because of the small entropic cost 

during the formation of the complex. 
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Although, in some cases, binding restricts the molecule’s movement and reduces 

configurational entropy, we noticed that the protein from complex 1 was more flexible in 

the bound than in the free state (entropic gain 3.26 kcal/mol in Table S4-2); forming the 

complex with the non-polar peptide 1 provided a hydrophobic environment that allowed 

for adopting different binding conformations. The increase in binding conformations 

gained entropy and hence drove the complex 1 toward the bound state. The favorable 

entropy is in part from increasing the flexibility of non-polar residues in the binding site 

(e.g., Thr1700, Leu1839, Leu1701 and Met1775) (Table S4-2). The similar observations 

of entropy changes were also discussed in existing publications [12,85-87]. However, 

complexes 2, 3 and 4 showed reduced BRCT flexibility (entropic loss of protein 3.98, 

5.58 and 1.56 kcal/mol, respectively). Although the bound complexes had smaller space 

for protein fluctuation and therefore were more rigid than the free complexes, new 

sidechain conformations were still able to emerge in the bound state (discussed in the 

next paragraph), so the capacity for accepting new conformations plays an important role 

in promiscuous protein binding. 

4.3.3 Changes in dihedral rotation with phosphopeptide binding 

Changes in protein dynamics can result from significant changes in protein 

conformations or from altering the local vibration of many dihedral rotations. Here, we 

examined the rotamer states of residues in the binding site of BRCT and four 

phosphopeptides. As expected, for the BRCT domain, the rotamer states of the backbone 

dihedral angle mostly stayed in a single energy well and remained the same with or 
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without peptide binding. However, the sidechain dihedrals were more flexible and 

usually had more than one rotamer state. Table S4-3 shows the dihedral distribution of 

sidechains in the apo domain and bound complexes. Although, commonly, ligand binding 

decreases the number of available rotamer states (Figure 4-5(A2)), the rotamer states of 

BRCT and the peptides can be increased or decreased or remain unchanged after peptide 

binding in the bound state (Figure 4-5(A1), (B1) and Table S4-4). Upon binding to BRCT, 

residues Tyr-3, Ile-1, Val+2 and Phe+3 of peptide 1 showed new rotamer states, which 

suggests that the peptide can efficiently rearrange itself to fit into the binding interface of 

BRCT. New rotamer states of several non-polar residues of peptide 1 were induced by 

binding a hydrophobic binding groove, which resulted in increased configuration entropy 

(~1.7 kcal/mol shown in Table S4-5), as mentioned previously. This new dihedral angle 

distribution is a case that fits in the induced-fit model (Figure 4-2(b)). For peptides 2, 3 

and 4, despite new rotamer states and different conformations being found in the bound 

complexes, most dihedral angles were less mobile and had fewer rotamer states, which 

utilizes the “conformational selection” or “population-shift” mechanism (Figure 4-2(c), 

Figure 4-5(B2), (B3) and (B4)). Therefore, highly charged (peptide 2) and mixed 

(peptides 3 and 4) sidechains are more flexible in a water environment, but the movement 

is restrained when the peptides bind to the hydrophobic groove of BRCT. Despite the 

decreased flexibility of BRCT and the peptides, both parties can adopt different 

conformations for peptide binding through moderate sidechain arrangement. Moreover, 

population of some sidechains of peptides and BRCT does not change during binding and 

the sidechains pre-organize as a lock and a key illustrated in Figure 4-2(a). 
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The combination of different rotamer states produces different protein conformations. 

Because the backbone is in general rigid and pre-organized, we focused on sidechain 

movement during MD simulations. Figure 6 shows the many new conformations 

generated every 1 ns in the bound state with MD simulations. We expected that the MD 

runs would sample more new conformations at the beginning of the simulations, and 

finding new conformations thereafter would take longer. Surprisingly, for short peptides 

with only 12-21 rotatable bonds, a similar number of new conformations occurred during 

50-ns MD simulations, which suggests that significantly longer MD runs are necessary to 

thoroughly sample conformations. Because pSer and Phe+3 are key residues for 

recognition and show H-bond and geometric complementation when forming a complex, 

we investigated whether the two residues were locked into the conformation shown in the 

crystal structures. pSer and Phe+3 have a total of 5 rotatable sidechain dihedrals, and new 

conformations from the two residues still appeared at the end of a 50-ns MD simulation 

(Figure S4-3). The multiple rotameric states from the key residues during the simulations 

suggest that both the termini and compact core regions retain remarkable mobility in the 

complexes. 

To further study how frequently and how many new conformations are generated with 

the free and bound peptides, we removed the same conformations in both the free and 

bound peptides (Figure 4-7 and Table S4-6). Because a conformation is defined by the 

combination of all rotatable dihedrals (see Methods section for details) and a change of 

rotamer state in any dihedral results in a new conformation, almost all conformations 

sampled with the bound peptides were considered new (Figure 4-7). For example, for 
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peptide 1 bound to the domain, we sampled 310 different conformations, and 309 were 

new. Because new conformations generated in the bound state can differ greatly from 

those in the free form, predicting the bound peptide conformations can be challenging, 

especially for peptides with mainly non-polar residues. More aggressive conformational 

search tools are needed in addition to classical MD simulation to predict new 

conformations. 

4.3.4 Binding energy studied by MM/PBSA 

The analysis of interaction energy offers an insight into the mechanism of binding, so we 

analyzed each energy component by MM/PBSA-type calculation to study the driving 

forces behind the formation of complexes. Table 4-2 shows the decomposition of 

interaction energy into electrostatic and non-polar contributions with inter-molecular and 

solvent attraction; the changes in configuration entropy with binding are not included in 

the table. Because the configurational entropy changes are not considered in this 

MM/PBSA-type calculations, the computed energy results (ΔΔEtot) may not be 

comparable with experimental data (ΔΔGexp). However, the MM-PBSA-type analysis still 

provides useful information of decomposed energy. Notably, although all complexes, 

particularly 2 and 3, show strong Coulombic attraction, the intermolecular attraction is 

largely compensated by the solvation free energy (WPB). 

Of note, the absolute values of the non-polar solvation term (Wnp) are highly positive, 

which results in the unfavorable interaction energy (Etot). This standard error has been 

previously detected in several protein–ligand systems [42]. However, the relative 
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interaction energy can still reconstruct the correct experimental ranking of binding energy. 

In addition, a comparison of polar (Epolar) and non-polar (Enp) contributions revealed that 

the entire binding adaption is driven by the preference of hydrophobic interactions. In 

contrast to the electrostatic effects, the domination of van der Waals contributions reveals 

that the BRCT repeats mostly interact with non-polar peptides by their typical 

hydrophobic groove. This finding is not surprising: this thermodynamic basis of 

favorable non-polar and unfavorable electrostatic contributions was observed in similar 

MM/PBSA studies of PDZ and SH3 domains [41-42]. 

4.3.5 Coarse-grained Brownian dynamics simulation of the phosphorylation effect on 

diffusional association 

Introducing charge interactions between BRCT and the phosphopeptide stabilizes the 

bound complex. We wondered whether the charged phosphate group accelerates the 

diffusional association of the peptide. We therefore carried out BD simulations using a 

CG model to study the effect of phosphorylation on the binding kinetics for two peptides 

from the phosphate group with and without the negative charge (Table 4-3 and Figure 4-3 

for the CG models and setup). Our simulations modeled the first two steps of the binding 

process. The first step is defined as free diffusion from a surface of a sphere, 160-Å away 

from the domain until the peptide diffuses near BRCT, and this step may be influenced 

by long-range electrostatic attractions. The second step models the details of how the 

peptide enters the binding site, including lateral diffusion along the domain surface. The 

second step can be affected by electrostatic interactions, but geometric complementation 
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captured by short-range van der Waals interactions may have an important role in this 

step. 

The BRCT domain carries a -5 unit of formal charge. Adding the phosphate group 

increased the net charge of the peptide by -2. By increasing the negative charge of 

peptide 1 from -1 to -3 by adding the phosphate group, BRCT and the phosphorylated 

peptide 1 needed ~14% more time to meet each other. In contrast, phosphorylated peptide 

2 without the formal charge showed no difference in first encounter time with and 

without the phosphate group (Table 4-3). However, it diffused faster than peptide 1. 

Despite no significant acceleration in the first diffusion step when the peptide has a +2 

net charge, carrying negative charges enhanced the electrostatic repulsion and slowed the 

diffusion process. Unexpectedly, although the phosphate group is essential to form the 

BRCT–phosphopeptide complex, adding the phosphate group slowed the second step of 

association. Both peptides took 2 to 3 times longer to find the binding pocket and orient 

themselves to the final bound state with phosphate group. The positive-charged residues 

in the linker region temporarily kept the phosphopeptides locally (Figure 4-8), and 

sometimes the peptides stayed there longer than 15 μs (Figure S4-6).  As a result, the 

total traffic time along the BRCT surface was increased, thus resulting in a longer 

BRCT–peptide association process. Moreover, nearly 25% and 17% of phosphopeptides 

1 and 2, respectively, could not successfully form a final bound complex within a 40-μs 

BD simulation. 
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Of note, proteins containing the BRCT domain may have considerably different charge 

distribution on the protein surface. Therefore, the slowdown in the overall BRCT–peptide 

association by adding the phosphate group could be an artifact of considering only the 

domain part. However, the results suggest that solely increasing the net charge of a 

molecular system may not always benefit binding kinetics, and the charge patches on a 

protein surface may temporarily trap the binding partner. The local effects may be 

insignificant for protein–protein binding, because their surface contact is typically large 

and the binding relies highly on protein surface complementation. However, small 

molecules such as peptides or chemical compounds may spend a considerably long time 

in a highly charged region; thus slowing down the association process. As a result, 

systems with fast binding kinetics may need to use electrostatic steering to accelerate 

ligand diffusion and avoid a small molecule being electrically trapped by regions other 

than the targeted binding site. 

Although the phosphate group is not able to accelerate phosphopeptide association, the 

charge interactions can efficiently orient the phosphopeptide to form and stabilize the 

bound BRCT–phosphopeptide complex. During our BD simulations, once the 

phosphopeptides found the binding site and formed the final bound complex with BRCT, 

the phosphopeptides stayed in the binding pocket, with small fluctuation, and did not 

leave BRCT. However, non-phosphorylated peptides fluctuated largely and frequently 

left BRCT, even after the defined final bound complex was formed (Figures 4-9, S4-5 

and S4-6). Therefore, charge interactions may have an important role in BRCT–

phosphoresidue recognition. In biological systems, accurate phosphorylated protein–
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BRCT recognition plays a crucial role in DNA-damage checkpoints, although the 

association may not be optimized by kinetics. Notably, BD simulations provide a 

valuable tool for studying the overall interactions and processes of a biomolecular system. 

Even though our CG model missed atomistic details, including hydrogen bonds between 

pSer and residues of BRCT, we could observe the roles of pSer in stabilizing and 

anchoring the peptide into the binding pocket of the domain. 

4.4 Conclusions 

In this study, we applied molecular dynamics and Brownian dynamics simulations to our 

model systems, BRCT domain-phosphopeptide complexes, to investigate conformational 

changes and phosphate recognition during peptide binding. The analysis of dihedral angle 

examined protein fluctuation and conformational switches. First, from our simulations, 

the MD results show preorganization of the backbone of BRCT and moderate 

arrangements of sidechain to create optimal binding environment. Second, three models 

for explaining molecular recognition were all observed in our simulations. We observed a 

part of dihedral angle population does not have significant changes during ligand binding, 

which is related to the lock and key model. In more hydrophobic environment that 

binding enables non-polar sidechains to have more degrees of freedom to rotate, the 

recognition of BRCT domain and phosphopeptide tends to proceed by the induced-fit 

model. However, the population-shift model is commonly found in polar interactions due 

to charge-charge interactions that have preferred direction. Third, the binding region of 

both protein and peptide are able to show more rigid and flexible while interacting with 
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polar and non-polar partners, respectively. Finally, BD simulations with the CG model 

provide good evidence that the charged phosphate group may not always benefit for 

binding kinetics, but it  help correctly anchor phosphopeptides a to the binding pocket 

during the binding processes. 
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Table legends 

Table 4-1: Peptide sequences from domain–phosphopeptide complexes. The major 

binding residues, pSer and Phe+3, are in bold. The residues with non-polar sidechains are 

underlined. 

Table 4-2: Domain-phosphopeptide interaction energy (kcal/mol) by MM/PBSA 

calculation. ΔUVDW and ΔUCoul are the van der Waals and electrostatic interactions, 

respectively; ΔWPB and ΔWnp are the polar and non-polar contributions from the 

solvation energy. ΔEpolar represents the sum of ΔUCoul and ΔWPB; and ΔEnp represents the 

sum of ΔUVDW and ΔWnp. The total interaction energy, ΔEtot, is the sum of ΔEpolar and 

ΔEnp. ΔΔEtot and ΔΔGexp are the energy compared with that from complex 1. 

Table 4-3: The mean times (μs) for each step in the association of the peptide and 

the BRCA1-BRCT domain. * is net charge from the peptide. In addition, BRCT has a 

net charge -5. The maximum simulation time was 40 μs, and 200 Brownian dynamics 

runs were used for each system.. 
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Figure legends 

Figure 4-1: BRCA1-BRACT structure and PCA analysis. (a) One molecular dynamics 

(MD) snapshot of the structure of the BRCA1-BRCT domain. The alpha-helix, beta-sheet 

and linker are in purple, yellow and blue, respectively. (b) Principle component analysis 

(PCA) of 50-ns MD simulation. The gray arrows indicate local direction and magnitude 

of movement, and black arrows represent overall movement direction. 

Figure 4-2: Three models to represent conformational changes before and after 

peptide binding. We considered the specific dihedral angle during 50-ns MD simulations 

and plotted it as histogram distribution. Sampled data are from pSer-2
nd

-sidechain angle 

in peptide 3 (a), Arg-1
st
-sidechain angle in peptide 3 (b), and Arg-3

rd
-sidechain angle in 

peptide 2 (c). 

Figure 4-3: Coarse-grained representations and criteria of step 1 and 2 in peptide–

domain association. (A) BRCT domain, (B) peptide 1 and (C) peptide 2. The acidic, 

basic, polar and non-polar residues are in red, blue, green and white, respectively. The 

sizes shown do not reflect the actual sizes. (D) For the step 1, the encounter box is a 

rectangular box 84 x 48 x 52 Å
3
 around the BRCT domain. The BRCT domain and 

peptide are in cyan and orange, respectively.  The five residues used to determine the 

distances for step 2 are represented by spheres: pSer and Phe+3 in the peptide are red and 

white, respectively, and Gly1656, Arg1699, and Asn1774 in the domain are yellow, blue, 

and green, respectively. 
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Figure 4-4: RMSF and entropy calculations. (a) Root mean square fluctuation (RMSF) 

of Cα atoms. (b) Entropic distributions of backbone phi torsion angles from the free 

domain and four complexes in 50-ns MD simulations. 

Figure 4-5: Dihedral angle distribution of four phosphopeptides. (A1) and (A2) 

represent the dihedral angle distribution during 50-ns MD simulation. The four peptide 

sequences with all rotatable bonds are plotted in (B1) to (B4). Red and blue indicate that 

the conformations become more flexible and rigid, respectively, in the bound state.  

Figure 4-6: The number of new conformations in the bound state sampled every 1 ns 

by MD simulation. (A1) The sidechain conformations of peptides 1, 2, 3 and 4. (A2) 

The sidechain conformations of the domain from complexes 1, 2, 3 and 4. (B1) and (B2) 

are the percentages of new conformations accumulated during simulation of peptides and 

domain, respectively. For the domain, we considered only the residues around the 

binding site.  

Figure 4-7: The number of new conformations obtained from the free and bound 

peptide during 50-ns MD simulation. The conformations were counted every 1 ns. 

Figure 4-8: The distribution of charged residues in the BRCT domain and density of 

peptides 1 and 2. The red dots represent the trajectories of the phosphopeptides 1 (A1) 

and 2 (A2), and blue dots represent trajectories of their respective non-phosphorylated 

counterparts 1 (B1) and 2 (B2). The peptides were saved every 10 ns before entering the 

binding site. Each system involved 200 runs. The black circles represent the highly 
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positive-charged region where phosphopeptides tend to wander longer than in any other 

areas. The acidic, basic, polar and non-polar residues are in red, blue, green and white, 

respectively.   

Figure 4-9: Brownian dynamics simulations of RMSD of the bound peptides 1 and 2 

in the binding pocket. (A) and (B) indicate peptide 1 and 2, respectively. The 

phosphopeptide is in black and non-phosphopeptide in red. 
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Tables 

No.  PDB ID  Protein  Kd (μM)  Sequence  reference 

1  1T2V  Screening  0.4  AAYDIpSQVFPFA  (26) 

2  1T29  BACH1  0.9  ISRSTpSPTFNKQ  (24) 

3  1Y98  CtIP  3.7  PTRVSpSPVFGA  (27) 

4  3COJ  ACC1  5.2  PQpSPTFPEAG  (25) 

5  1JNX  BRCA1  Free domain  (21) 

 

Table 4-1: Peptide sequences from domain–phosphopeptide complexes. 
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No. ΔUVDW ΔUCoul ΔWPB ΔWnp ΔEpolar ΔEnp ΔEtot ΔΔEtot ΔG exp ΔΔGexp 

1 -49.91 -71.42 116.81 36.18 45.39 -13.74 31.66 0.00 -8.84 0.00 

2 -62.34 -333.37 384.80 40.24 51.43 -22.09 29.32 -2.34 -8.35 0.49 

3 -47.86 -177.95 224.74 33.31 46.79 -14.55 32.24 0.58 -7.50 1.34 

4 -55.42 -4.26 56.11 36.01 51.85 -19.41 32.45 0.79 -7.30 1.54 

 

Table 4-2: Domain-phosphopeptide interaction energy (kcal/mol) by MM/PBSA 

calculation. 
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Peptide Phosphorylation Net charge* First step Second step Steps 1 and 2 Success rate 

1 
pSer -3 8.3 14.6 22.6 75% 

Ser -1 7.3 6.2 13.5 100% 

2 
pSer 0 5.8 11.8 17.6 83% 

Ser 2 5.8 4.5 10.3 98% 

 

Table 4-3: The mean times (μs) for each step in the association of the peptide and the 

BRCA1-BRCT domain. 
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Figures 

 

 

Figure 4-1: BRCA1-BRACT structure and PCA analysis. 
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Figure 4-2: Three models to represent conformational changes before and after peptide 

binding. 
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Figure 4-3: Coarse-grained representations and criteria of step 1 and 2 in peptide–

domain association. 
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Figure 4-4: RMSF and entropy calculations. 
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Figure 4-5: Dihedral angle distribution of four phosphopeptides. 
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Figure 4-6: The number of new conformations in the bound state sampled every 1 ns by 

MD simulation. 
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Figure 4-7: The number of new conformations obtained from the free and bound peptide 

during 50-ns MD simulation. 
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Figure 4-8: The distribution of charged residues in the BRCT domain and density of 

peptides 1 and 2 
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Figure 4-9: Brownian dynamics simulations of RMSD of the bound peptides 1 and 2 in 

the binding pocket. 
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Supporting information 

Text S4-1 

To study conformational changes during peptide binding, we analyze each dihedral angle 

for domain and peptide in both free and bound state. To ensure the MD runs have 

approached to equilibrium, we only considered 2-50 ns MD (use 960 snapshots). First, T-

Analyst program was applied to get each dihedral angle, including phi, psi, omega and 

sidechain. Here, we used Arg-3
rd

-sidechain angle from peptide 2 (angle shown as red 

arrow) in unbound state as an example to explain how to analyze conformational changes 

through dihedral angle space. 

 

Then, we can plot the dihedral changes with simulation time and angle distribution 

histogram. 
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Based on dihedral angle population, we can manually define the dihedral angle energy 

wells: conformation #1 is in a range of -250~-120deg, conformation #2 is in a range of -

120~10 deg, and conformation #3 is in a range of 40~120 deg. 
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Peptide 1 

 1 2 3 4 5 6 7 8 9 10 11 12 

Residue Ala Ala Tyr Asn Ile pSer Gln Val Phe Pro Phe Ala 

Radius  6 6 6.6 5.6 6.2 4.8 4 2.5 5 3.3 5 3 

Residues nearest to  and within 8 Å of the peptide 1 

 1655 1656 1659 1677 1678 1679 1698 1699 1700 1701 

Residue Ser Gly Pro Thr Asn Leu Glu Arg Thr Leu 

Radius 2.9 3 5.6 5.6 5.7 6.2 5.9 3.9 2.9 3.9 

 1702 1774 1775 1776       

Residue Lys Asn Met Pro       

Radius 3.9 4 3 3.9       

 

Peptide 2 

 1 2 3 4 5 6 7 8 9 10 11 12 

Residue Ile Ser Arg Ser Thr pSer Pro Thr Phe Asn Lys Gln 

Radius 4 3 6 2.4 3.4 4.6 3.3 3.4 5 4.4 5.8 5.9 

Residues nearest to  and within 8 Å of the peptide 2 

 1655 1656 1657 1658 1659 1690 1691 1692 1697 1698 

Residue Ser Gly Leu Thr Pro Lys Thr Asp Cys Glu 

Radius 3.5 2.4 4 4 5 3 3 3 3 4 

 1699 1700 1701 1740 1741 1774     

Residue Arg Thr Leu Val Val Asn     

Radius 4 3 3 3 3 3     

 

Table S4-1: The modified effective radii (Å) of residues in the CG model. 
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Complex 1 Complex 2 Complex 3 Complex 4 

Total MC SC Total MC SC Total MC SC Total MC SC 

Ser1655 0.13 -0.33 0.46 -0.05 -0.10 0.06 -0.26 -0.03 -0.23 -0.60 -0.14 -0.47 

Asn1678 0.03 -0.26 0.29 0.54 0.22 0.32 0.05 -0.29 0.34 -0.06 0.00 -0.06 

Thr1700 0.47 0.26 0.22 0.10 0.05 0.06 -0.35 -0.28 -0.06 -0.23 -0.09 -0.14 

Lys1702 -0.72 -0.04 -0.68 -0.01 0.19 -0.20 -0.73 -0.08 -0.65 -0.62 0.05 -0.67 

Arg1699 0.16 0.00 0.15 -0.82 -0.04 -0.78 -2.14 -0.49 -1.65 -1.31 -0.60 -0.71 

Phe1704 -0.33 0.07 -0.40 -0.24 0.00 -0.24 -0.55 -0.10 -0.45 0.67 0.13 0.54 

Val1741 -0.28 -0.44 0.16 -0.64 -0.42 -0.22 -0.99 -0.62 -0.36 -0.33 -0.21 -0.13 

Arg1835 1.27 0.06 1.22 -0.72 0.00 -0.73 1.09 0.40 0.69 -0.65 0.00 -0.65 

Leu1839 0.36 0.19 0.17 -0.37 -0.03 -0.34 -0.74 -0.07 -0.67 -0.11 0.02 -0.13 

Leu1657 -0.17 0.03 -0.20 -0.96 -0.32 -0.64 -0.48 -0.04 -0.44 0.17 -0.01 0.19 

Thr1658 -0.36 -0.19 -0.17 -0.43 -0.26 -0.17 -0.14 -0.05 -0.08 -0.29 -0.14 -0.15 

Phe1662 -0.08 -0.08 -0.01 -0.36 -0.16 -0.20 -0.08 0.18 -0.26 -0.21 -0.14 -0.06 

Glu1698 0.52 0.23 0.29 -0.72 -0.21 -0.51 -0.87 -0.35 -0.52 0.04 -0.28 0.32 

Leu1701 0.60 0.09 0.51 0.17 0.06 0.12 -0.07 -0.04 -0.03 0.45 0.23 0.21 

Asn1774 1.26 0.59 0.68 0.39 -0.23 0.61 0.46 -0.09 0.55 0.98 0.29 0.69 

Met1775 0.40 0.23 0.17 0.12 -0.02 0.14 0.21 -0.09 0.30 0.53 0.26 0.27 

Total 3.26 0.41 2.85 -3.98 -1.26 -2.72 -5.58 -2.04 -3.53 -1.56 -0.62 -0.93 

 

Table S4-2: List of entropy changes (TΔS) (kcal/mol) upon peptide binding from 

specific residues around binding site. The residues relating to pSer and Phe+3 binding are 

colored in red and blue, respectively. MC and SC indicate backbone and sidechain 

contribution, respectively. 
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 Free domain Complex 1 Complex 2 Complex 3 Complex 4 

Ser1665 2 1 1 2 1 

Asn1678 
1 1* 1. 1. 1. 

2 2 2 1 2 

Thr1700 1 1. 1 1 1*. 

Lys1702 

1 1 1 1 1 

1 1 1 1 1 

2 1 2 1 2 

1 1 1 1 1 

Arg1699 

3 2 1 1 2 

1 1 1 1 1. 

3 2. 1 1 2 

1 1 1 1 1*. 

Phe1704 
1 1 1 1 1 

2 1 1 1 2 

Val1741 2 1. 1.. 1. 2 

Arg1835 

1. 2 2 2 1 

2 2 1 3 2 

2 2 2 2 2 

1. 1. 1 2 1. 

Leu1839 
1 2 1 1 1. 

2 2 1 1 2. 

Leu1657 
2 1 1 1 2 

2 2 1 1.. 1 

Thr1658 1 1 1 1 1 

Phe1662 
1. 1. 1 1 1 

2 2 2 2 2 

Glu1698 

2 1.. 2 1 3 

1. 2 1 1 1. 

2 2 2 2 2 

Leu1701 
1 1 1 1 1 

1. 1.. 1 1 1.. 

Asn1774 
2 3 3 2. 3 

2 2 2 3 2. 

Met1775 

3 2 2 3 2 

1. 2 1 1. 2.. 

2 3 2 2 3 

# of angle do 

not change 
 16 18 17 17 
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Table S4-3: Number of dihedral angle distribution of each sidechain rotatable bond in 

BRCT domain. The sign, “ * “ and “ . ” indicate angle shift and small peak, respectively. 

The gray label indicates the angle distributions do not change after peptide binding. The 

residues relating to pSer and Phe+3 binding are colored in red and blue, respectively. 
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peptide 1 
phi psi sidechain 

bound free bound free bound free 

Ala-4 2 2 1 1  

Tyr-3 
2  ↑ 1 1. 1. 2.  ↑ 1. 

  1. 1. 

Asp-2 
1. 1. 1 1*. 1 1 

  2 2 

Ile-1 
1 1 1 1 2 2* 

    3  ↑ 1.. 

pSer 

1 1 1 1*. 3 3 

  
1 1 

3 3 

Gln+1 

1 1 1  ↓ 2 3 3 

  
3 3 

3 3 

Val+2 2  ↑ 1. 1 1 2 2. 

Phe+3 
1 1 1 1 2  ↑ 1 

  2 2 

Pro+4 1 1 1 1  

Phe+5 
1 1 2 2 3 3 

  2 2 

 

peptide 2 
phi psi sidechain 

bound free bound free bound free 

Ser-4 1  ↓ 2 1 1. 
1..  

↓ 
3 

Arg-3 

1  ↓ 2 1 1.* 1  ↓ 3 

  

1..  

↓ 
2. 

2. 3 

1  ↓ 2 

Ser-2 2 ↑ 1 1 1 3 3 

Thr-1 
1 1 1 1* 2 2 

   

pSer 

1 1 1 1 2 2. 

  
1 1 

3 3 

Pro+1 1 1 1 1.  
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Thr+2 1 1 1  ↓ 2 2. 2 

Phe+3 
1  ↓ 2 2  ↑ 1 2  ↓ 3 

  1  ↓ 2 

Asn+4 
2 2*. 1  ↓ 3 1 1 

    2 2 

Lys+5 

1 1 2 2 2. 3 

  

2. 2 

2  ↓ 3 

3 3 

 

peptide 3 
phi psi sidechain 

bound free bound free bound free 

Thr-4 1  ↓ 3 1. 2 1.  ↓ 3 

Arg-3 

1  ↓ 2 1 1* 3  ↑ 2 

  

2 2* 

3 3 

2 2 

Val-2 2 2 1 1 1  ↓ 3 

Ser-1 1 1 1 1* 2 2 

pSer 

1 1 1 1 1  ↓ 2 

  
1 1 

2. 3 

Pro+1 1 1 1 1  

Val+2 1 1 1 2 2. 2 

Phe+3 1 1 1  ↓ 2* 1  ↓ 3 

   1  ↓ 2 

Gly+4 2 2 2 2  

 

peptide 4 
phi psi sidechain 

bound free bound free bound free 

Gln-1 

3  ↓ 4 2  ↑ 1 3. 3 

  
3  ↑ 2 

3 3 

pSer 

1 1* 1  ↓ 2* 1  ↓ 2 

  
1 1 

2  ↓ 3 

Pro+1 1  ↓ 2 1  ↓ 2  

Thr+2 1  ↓ 2 1  ↓ 2 3 3 

Phe+3 1 1* 1 1 1  ↓ 3 
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  1 1* 

Pro+4 1 1 1 1  

Glu+5 

1 1* 1  ↓ 2 3 3 

  
2 2 

2 2 

Ala+6 2 2 2 2  

 

Table S4-4: Number of dihedral angle distribution of each sidechain rotatable bond in 

four different peptides. The sign, “ * “ and “ . ” indicate angle shift and small peak, 

respectively. The gray label indicates the angle distributions do not change after peptide 

binding. 
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 ΔSphi ΔSpsi ΔSomega ΔSbackbone ΔSsidechain ΔStot 

Peptide 1 0.222 -0.411 0.380 0.191 1.541 1.732 

Peptide 2 -1.726 -1.624 -0.492 -3.842 -4.649 -8.491 

Peptide 3 -1.413 -0.321 -0.305 -2.039 -3.531 -5.570 

Peptide 4 -1.168 -1.385 -0.161 -2.714 -3.044 -5.758 

 

Table S4-5: The entropy changes (TΔS) (kcal/mol) between free and bound peptide. We 

decompose the entropy contributions from each dihedral angle, phi, psi, omega and 

sidechain. 
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 domain 1 domain 2 domain 3 domain 4 

number of new conformations in free domain 581 

number of new conformations in bound domain 476 407 561 505 

number of new conformations in bound domain 

which have not been sampled in free state 
476 407 561 505 

     

 peptide 1 peptide 2 peptide 3 peptide 4 

number of new conformations in free peptide 462 872 638 811 

number of new conformations in bound peptide 310 373 117 178 

number of new conformations in bound peptide 

which have not been sampled in free state 
309 369 114 175 

 

Table S4-6: The number of new conformations of free and bound domain and peptide. 
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 Ubond Uangle Udihed UVDW UCoul WPB Wnp Epolar Enp Etot 

Free 

domain 
651.8 1757.8 2213.5 -1656.1 -14131.2 -3017.4 691.8 -17148.6 -964.3 -13489.7 

Complex 1 687.6 1850.2 2335.9 -1757.9 -14874.5 -3531.3 748.9 -18405.8 -1009.1 -14541.0 

Complex 2 688.9 1860.6 2333.6 -1759.9 -15180.6 -3092.9 742.6 -18273.5 -1017.2 -14407.7 

Complex 3 682.1 1846.4 2321.6 -1753.9 -14840.9 -3293.6 734.2 -18134.4 -1019.7 -14304.0 

Complex 4 680.4 1841.9 2321.2 -1731.0 -14773.9 -3427.6 734.1 -18201.5 -996.9 -14355.0 

Bound -

domain 1 
650.4 1759.0 2219.3 -1664.9 -14082.8 -3005.2 698.2 -17088.0 -966.6 -13425.9 

Bound - 

domain 2 
649.8 1758.1 2207.2 -1664.2 -14106.3 -3017.1 695.3 -17123.3 -968.9 -13477.2 

Bound - 

domain 3 
649.4 1755.6 2219.6 -1675.3 -14102.1 -3038.7 693.7 -17140.8 -981.6 -13497.7 

Bound - 

domain 4 
651.5 1759.5 2216.5 -1649.4 -14140.7 -2960.0 694.9 -17100.7 -954.4 -13427.6 

Bound -

peptide 1 
37.2 91.2 116.7 -43.2 -720.2 -643.0 14.5 -1363.2 -28.7 -1146.8 

Bound -

peptide 2 
39.1 102.5 126.3 -33.3 -741.0 -460.6 7.1 -1201.6 -26.2 -959.8 

Bound -

peptide 3 
32.7 90.8 101.9 -30.7 -560.8 -479.6 7.2 -1040.4 -23.6 -838.5 

Bound -

peptide 4 
28.8 82.3 104.7 -26.2 -629.0 -523.6 3.1 -1152.7 -23.1 -959.8 

 

Table S4-7: MM-PBSA energy calculations (kcal/mol). The notations are the same as 

Table 2. 
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Figure S4-1: RMSD plot of the BRCT free domain and four complexes. 
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Figure S4-2: The peptide interaction mode of four complexes. 
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Figure S4-3: The number of new conformations are sampled during 50 ns MD 

simulations. This only includes pSer and Phe+3 sidechain. 
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Figure S4-4: RMSF for the peptides in the binding pocket of the BRCT domain. Solid 

lines are RMSF from the atomistic MD. Acidic, basic, polar and non-polar residues are 

displayed in red, blue, green and white, respectively.  pSer and the central neighboring 

residues showed the lowest fluctuations, indicating its roll in stabilizing and anchoring of 

the peptide to the binding pocket. 
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Figure S4-5: Fluctuations of the peptide 2 in the binding site from BD simulation of the 

complex. The three distances used in the criteria for step 2 were monitored: the distances 

pSer-Gly1656, Phe+3 residue-Arg1699, and Phe+3 residue-Asn1774 (see Materials and 

Methods).  Phosphopeptides (black line) showed less fluctuations and, therefore, more 

stable complex than non-phosphorylated ones (red line). 
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Figure S4-6: The distance between the pSer/Ser of the peptide 2 and Gly1656 of the 

domain over the time from 5 BD simulations: the phosphopeptide 2 (A) and its 

nonphosphorylated form (B). The phosphopeptides tend to wander around the backside of 

the domain near the linker (around 35Å from the Gly1656) if that was the first contact 

during the association process. 
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Chapter 5 Insights from Free Energy Calculations: Protein Conformational 

Equilibrium, Driving Forces and Ligand Binding Modes 

5.1 Introduction 

Molecular recognition (i.e., the binding of specific molecules by noncovalent interactions) 

is fundamentally important in chemistry. Recognition of chemical drugs and proteins is 

also important in medicine, and proteins frequently exist in multiple states in their 

equilibrium basin when a chemical drug associates to its protein target. Although 

experiments provide three-dimensional structures, they are limited to one static 

conformation. In addition, the mechanisms about ligand-protein recognition and 

dynamical equilibrium can only be addressed by further theoretical studies. This study 

uses a computational technique to calculate free energy for an attractive kinase system to 

study ligand-protein binding and protein conformational changes. Protein kinases 

regulate diverse cellular functions and play a key role in coordinating signal transduction 

cascades [1]. All known protein kinases share the same tertiary structure, with an N-

terminal lobe (N–lobe) and a C-terminal lobe (C–lobe). These two lobes and parts of the 

activation and glycine-rich loop form a binding site for ATP and kinase inhibitors (Figure 

5-1(a)) [2]. Nearly every eukaryotic protein kinase domain has a conserved Asp-Phe-Gly 

(DFG) motif. Flipping the DFG motif connects catalytically active and inactive kinases 

(Figure 5-1(b)), but the mechanism of the flip is not precisely detailed. The Asp from the 

DFG motif is crucial in catalysis and contacts with the phosphates of ATP, but the 

function of the conserved Phe and Gly not entirely clear. The movement of the DFG 
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motif from the in to the out conformation opens up a hydrophobic pocket between the N–

lobe and C–lobe. However, the movement and population of different states in the free 

kinases are not fully understood. In addition, what drives different classes of inhibitors 

binding to different DFG conformations is of great interest. Discovering kinase inhibitors 

targeting a particular kinase has been an important goal in structure-based drug design [3]. 

A protein kinase of interest as a drug target is p38α mitogen-activated protein kinase 

(MAPK), a serine-threonine kinase. The p38 MAPKs play a crucial role in regulating the 

production of proinflammatory cytokines. The enzymes have 4 isoforms and are drug 

targets for treating various inflammatory diseases such as rheumatoid arthritis, asthma or 

cardiovascular disease [4]. Several compounds can inhibit p38α MAPK in the nanomolar 

range, and rich structure data have revealed a range of various inhibitor binding modes 

with different DFG motif conformations [5]. Existing NMR studies also used p38α as a 

model to study the DFG-in and DFG-out equilibrium. 

To speed the discovery of new drugs, we need methods to accurately compute 

thermodynamic differences between different states of a molecular system. 

Computational methods can help shed light on these issues.  Molecular dynamics and 

Monte Carlo methods with explicit waters are alternative methods to study protein 

dynamics [6-10]. These methods are also used to study free energy pathways, such as free 

energy perturbation (FEP) and thermodynamic integration (TI), to compute the absolute 

or relative work of binding ligands to a protein [11-18]. However, such approaches tend 

to be too computationally demanding for routine use in drug-design projects and may be 
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impractical to study molecular systems with considerable conformational changes. At the 

other end of the spectrum are the simplest and most efficient docking methods, which 

search for the single most stable ligand-binding mode in a protein pocket and estimate 

binding affinity with a scoring function [19-22]. These fast methods can rapidly screen 

large compound databases but typically oversimplify binding. “End-point” free energy 

methods, such as molecular mechanics Poisson-Boltzmann/surface area (MM-PBSA) and 

linear interaction energy (LIE) [23-29], are middle-of-the-road, relatively fast methods as 

compared with FEP or TI, but are more accurate and provide greater physical details than 

molecular docking methods. 

In this study, we used the M2 algorithm to characterize the DFG motif equilibrium of free 

p38a, and changes in ligand and protein conformations with protein-inhibitor binding. In 

addition, we aimed to reveal energetic and entropic components that are important in 

ligand binding and compute the overall binding free energies by analyzing the association 

of various p38a inhibitors. M2 is an endpoint method that one can use to approximate the 

overall free energy of a molecular system by identifying a manageable set of 

conformations (local energy minima) and summing the computed configuration integral 

of each energy minimum [30-31]. The binding free energies computed with M2 have 

shown encouraging agreement with experimental data in chemical host-guest systems 

[32-33]. Here, we computed the conformational free energy of apo p38a and binding free 

energy of various type I and II p38a inhibitors using an optimal version of M2 for 

protein-ligand affinity calculation [34]. The 30 inhibitors included a few sets of analogs 

with unavailable cocrystal structures (see Figure S5-1). The results accurately estimate 
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the absolute binding free energy and capture many details about the physics that may be 

useful for understanding molecular recognition and designing inhibitors to enhance 

binding or specificity. Of note, our calculations also revealed the DFG-in and DFG-out 

conformations of free p38a, forces that stabilize different states, and the role of the 

conserved DFG glycine. 

5.2 Methods 

5.2.1 Calculations with Mining Minima 

As previously described [33-34], the second-generation mining minima method, M2, 

computes the standard free energy of a molecular system such as a protein–ligand 

complex (PL), a free protein (P) or a free ligand (L). The standard binding free energy 

can be calculated as follows: 

∆𝐺0 =  𝐺𝑃𝐿
0 − 𝐺𝑃

0 − 𝐺𝐿
0.                                                                                              eq. 5-1 

The standard free energy of each molecule (GX
o
) is calculated by a sum of contributions 

from N local wells i: 

𝐺𝑋
0 =  −𝑅𝑇 ln( exp[−

𝐺𝑖
0

𝑅𝑇
]

𝑁

𝑖=1

) 

𝐺𝑖
0 =  −𝑅𝑇 ln(

8𝜋2

𝐶0
𝑧𝑖) 

𝑧𝑖 =   𝑑𝑟 exp[−
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𝑖
,                                                                                                 eq. 5-2 
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where o

iG and 
iz are the standard free energy and the local configuration integral from 

distinct energy wells. Other details are in Text S5-1. 

M2 is thus an “end-point” method, because we only consider the free and final bound 

states of a molecular system without including the intermediate states during binding 

processes in eq. 5-1. In brief, M2 includes 2 parts: an aggressive conformational search 

for distinct low energy wells and an enhanced harmonic approximation for computing the 

configuration integral zi of each well i. Both parts involve the Hessian matrix with respect 

to bond-angle-torsion coordinates, and our harmonic approximation accounts for 

anharmonicity of eigenvectors of the Hessian matrix with eigenvalues < 2 kcal/mol/Å or 

2 kcal/mol/rad. The correlation between different degrees of freedom (e.g., multiple 

dihedrals may rotate in concert or move with ligand translation/rotation) is captured in 

the Hessian matrix. The free energy, GX°, of a molecule or complex, X=P, L, or PL, is 

estimated by summing the local configuration integral zi from distinct energy wells 

(conformations), as shown in eq. 5-2. The probability of well i can be approximated on 

the basis of zi, and thus the mean potential energy <U> or solvation energy <W> can be 

obtained. The configurational entropy at standard concentration can be computed as -

TSconfig° = G° - <U+W>. Note that the configurational entropy includes both a 

“conformational” part, which reflects the number of energy wells (conformations), and a 

“vibrational” part, which reflects the average width of the energy wells. 
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The VM2 package is used for the calculation, and we performed 2 iterations  for each 

ligand and 4 to 29 iterations for the free p38α and the complexes until the accumulated 

free energy converged (see Table S5-1 and Figure S5-2 for details) [32,34]. Typical 

ligand-protein complex may need 12 to 14 hours to finish one iteration using four cores 

of Intel Xeon 2.4 GHz CPU. Any duplicated conformations were removed before 

computing the final free energy. To reduce the computational cost, the program allows a 

user-defined region of the protein to be held rigid with flexibility of only a pre-defined 

binding-site region. All ligands are also flexible and can freely translate and rotate within 

the binding site without restraint. The rigid and flexible parts of p38α are the same for all 

systems, so we chose residues within 7 Å for all ligands and atoms on the activation and 

glycine-rich loop as the flexible set (903 atoms included). The rigid set contained the 

residues within 5 Å of the flexible set (1,666 atoms included) (Figure 5-1(a) and Table 

S5-2), and the structure was the same in each calculation for the complexes and the free 

protein. Other atoms not included in these two sets were not considered during the M2 

calculations. 

5.2.2 Structure preparation and parameters 

The initial structure of our p38α template was drawn from the crystal structure with PDB 

code 1a9u because it is a wild-type p38α in human without missing residues [35]. The 

template shows a DFG–in conformation and a co-crystal structure with a ligand 

SB203580. A couple of DFG–out protein conformations were also provided as an initial 

structure, and the coordinates of the activation loop were taken from complex structures 
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with a DFG–out protein conformation (PDB 1w82, 1w83 and 1wbv) to replace that in the 

template [36]. After substituting the activation loop with a DFG-out conformation, a 

quick 100–step energy minimization was carried out with the flexible region of p38α by 

using the Amber10 package [37]. The VM2 package was then used for further setup and 

free energy calculations. The initial structures of the ligands were obtained by their co-

crystal structures with p38α or were constructed by use of Macromodel if crystal 

structures were not available. The Amber 99SB force field was used for proteins. The 

general amber force field (GAFF) for ligands was used for all systems. Final free energy 

considers the Poisson-Boltzmann/surface area (PB/SA) model, as described previously 

[34,38]. Other information for computation setup is detailed in SI Text2. All figure 

images were prepared by use of VMD [39]. 

5.3 Results and discussion 

5.3.1 Sampling of DFG–in and DFG–out conformations in free p38α protein 

The M2 calculations revealed that the DFG–in and DFG–out conformations have similar 

computed free energy in apo p38α MAPK. The conformational free energies suggest that 

two DFG positions have equal population, which is in good agreement with the dynamic 

equilibrium model suggested by NMR [5]. The calculations include both energetic and 

entropic components. We focused on the residues around the ligand binding site, glycine-

rich loop and activation loop to speed the calculations (see Table S5-2 for details). 

Although the DFG–in conformations show ~3.7 kcal/mol stronger attraction energies 

than the DFG–out conformations, the attraction energy is compensated by less favorable 
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configuration entropy, yielding the same conformational free energies. Of note, the 

number of distinct conformations was similar in both states, so vibrational entropy plays 

a key role in governing the fluctuation of the free protein. The activation loop stayed in 

one major DFG–in conformation, except for small fluctuations between residues – 172 to 

174  (Figure 5-2(A1)), where coordinates are missing in human p38α X-ray structures 

[40-41]. The glycine-rich loop shows moderate flexibility in both DFG–in and –out 

conformations, which is consistent with the structure alignment results with multiple 

ligand-p38α co-crystal structures. Interestingly, our calculations revealed several 

remarkably different DFG–out conformations, but DFG–in conformations were more 

similar (Figure 5-2(A1) and (A2)). Because Thr180 is unphosphorylated in crystal 

structures in both DFG states, Thr180 is kept unphosphorylated in our calculations and 

possible changes in protein fluctuation induced by phospho-Thr is not discuss in this 

study. Additional conformational searches showed that the Thr180 positions of the most 

stable DFG–in and DFG–out conformations are the same as those in the crystal structures. 

Because our DFG–out loop conformations are diverse and no existing experimental 

structures can be used for comparison, we computed the phi and psi angles of Asp168 

and compared the angles with ligand–p38α co-crystal structures to ensure that our DFG–

out conformations satisfied the consensus definition of the DFG–out structures (Figure 

S5-4). 

Although both DFG–in and DFG–out conformations are equally stable, the major 

attraction forces that stabilize them differ (Table 5-1). The DFG–in states show stronger 

van der Waal attractions, and the DFG–out states have more favorable charge attractions. 
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These two terms balanced well, so <U+W> has a similar value in both states. However, 

the two major attractions may not compensate perfectly during the conformational 

change processes, which results in energy barriers between the two states. This situation 

may explain why the NMR spectra showed a slow exchange between the DFG–in and 

DFG–out conformations [5]. With the DFG–in conformation, the Phe169 is buried by a 

hydrophobic pocket, which forms stronger nonpolar attractions than with the DFG–out 

conformation. The nonpolar “spine” residues Leu86, Leu75, Phe169 and His148 also 

form a rigid and hydrophobic stack (Figure S5-5) [42]. Polar residues in the activation 

loops, such as Arg173, Thr175, Asp176 and Asp177, expose the side-chains to the 

solvent (Figure 5-2(B1)). However, the polar residue important to catalysis, Lys53, forms 

a salt bridge with Glu71 instead of exposing itself to the solvent, which also creates a pre-

organized pocket for ligand binding. Similar to the DFG–in conformations, Lys53 and 

Glu71 also form a stable salt bridge in the DFG–out conformations we found. However, 

the residues in the activation loop are attracted to each other rather than the side-chains 

being exposed to the solvent (Figure 5-2(B2)). Therefore, compared with the DFG–in 

conformations, the DFG–out conformations yield stronger Columbic attractions. 

Because of the structural changes of the activation loop, a 180° flip of Phe169 breaks the 

assembled nonploar “spine” residues. Nevertheless, Phe169 interacts with a nearby 

nonpolar residue Leu171, and Leu171 further recruits Tyr35 of the glycine rich loop to 

form another nonpolar cluster to stabilize both activation and glycine-rich loops (Figure 

5-2(B2)). The two nonpolar clusters may play a crucial role in stabilizing the DFG–out 

states. In addition, the flipped DFG–out motif forms a stable H-bond between Asp168 
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and Gly170, but the H-bond cannot be seen in all DFG–in conformations (Figure 5-3). 

Notably, the same pair of H-bonds was found in the ligand and DFG–out co-crystal 

structures but not in the ligand-bound DFG–in p38α. The lack of side-chain in glycine 

avoids potential side-chain interactions with other residues, allowing efficient 

bipositional switch and formation of H-bond with Asp168 to stabilize the DFG motif. 

Our findings contrast with those of PKA and other serine/threonine kinases that form a 

Asp168–Gly170 H-bond in known active DFG–in structures [42]. However, the Asp168–

Gly170 H-bond in p38α further supports the importance of the conserved Gly170, which 

may provide local stability for the DFG motif in DFG–in or DFG–out conformations in 

various kinases. 

5.3.2 Binding free energy calculations 

The computed binding free energies, ∆Gcal, agree well with experimental binding 

affinities, ∆Gexp, for various types of inhibitors binding to p38α with different 

conformations of the DFG motif (Table 5-2 and Figure 5-4). The agreement validates the 

energy model used in this study and demonstrates that our search algorithm found all 

important conformations in the free and bound states of each ligand–p38α system. Here 

we report absolute binding affinities, not their related values. Binding modes similar to 

crystal structures can also be found in our calculations. In addition to a single ligand 

binding mode available with experiments, our calculations provide details concerning all 

possible stable ligand binding modes in the protein binding site, ligand and protein 
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conformational changes in their free and bound states, as well as driving forces including 

energetic and entropic components (see examples in Text S5-3). 

Because our free energy calculations suggest that both DFG states are equally stable and 

experiments showed slow equilibrium (kHz) versus faster association rate constants 

(>10
4
/Ms), we propose that p38α inhibitors commonly bind to a pre-organized DFG–in or 

DFG–out conformation [5]. This assumption is further supported by existing SPR 

measurements showing the kinetics of binding largely unaffected by the bound kinase 

conformation [43]. We do not discuss a binding process in which a DFG–in ligand first 

associates with p38α with a DFG–out conformation and then induces a flip of the DFG 

motif or vice versa. To more appropriately reveal the driving forces for ligand binding to 

a pre-organized DFG motif, we separated the two DFG forms (Table 5-2). For possible 

induced DFG flipping during the binding processes, we computed the energy changes 

(Table S5-5) but do not discuss the driving forces in these cases. Determining whether 

any term is significantly different to distinguish DFG–in and DFG–out inhibitors is of 

interest. Because the configuration entropy is larger in DFG–out than DFG–in 

conformations in apo p38α, if binding an inhibitor brings both complexes to similar 

flexibility, more notable entropy loss might be expected in DFG–out binders. However, 

our calculations revealed no general trend of configuration entropy loss for DFG–in 

versus DFG–out inhibitors, which was also shown from experimental thermodynamic 

data [5]. For both types of inhibitors, in general, tight binders show larger entropy loss, 

which is compensated by stronger attraction forces (Table 5-2). Of note, the values of our 

entropy changes cannot be directly compared with experimental data because this term 
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reports conformational and vibrational entropy of molecules but no solvent entropy. The 

M2 calculations generated more distinct conformations of most free DFG–out ligands 

within 1.8 kcal/mol (3RT) of the most stable free conformer, which may due to the larger 

DFG–out ligands selected (Table S5-4). Although dropping ligand conformers in the 

bound state plays a role in the entropy loss, the main contribution is from dihedral 

vibration. Interestingly, ligands with similar size and the same number of rotatable bonds 

can generate quite different numbers of stable low conformations in their free forms. For 

example, both quinolinone 3 and quinazolinone 2 ligands have 3 rotatable bonds and 

similar size but 17 and 57 low energy conformations, respectively (Table S5-5 and Figure 

S5-1). In addition, inhibitors show considerably different conformations in their free and 

bound states. Therefore, assuming that the most stable conformation in the inhibitor’s 

free form is also the most stable in the bound state may produce errors in modeling. 

In general, nonpolar interactions with the protein are stronger with DFG–out than DFG–

in ligands because the DFG–out inhibitors can contact with residues such as Leu74, 

Leu75, Ile84, Leu86, Leu104, and Leu167 in the hydrophobic cluster and the compounds 

are usually larger. Although in a hydrophobic environment, the side-chains of nonpolar 

residues may form multiple alternative contacts with neighboring nonpolar residues and 

provide a fluid-like interface [44], the side-chains in the hydrophobic cluster show only a 

few dominant conformers in the low energy structures (Figure S5-7). The side-chain 

conformations remain in their major rotameric states in the complex conformations, with 

few induced side-chain conformations in the hydrophobic cluster. Therefore, one could 

select the most populated side-chain conformations when performing in silico compound 
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screening with molecular docking. The DFG–in inhibitors demonstrate more favorable 

Columbic attractions; although this term is mostly compensated by the desolvation 

penalty, the DFG–in ligands still show stronger polar interactions than DFG–out ligands 

in most cases. The Asp168 in the DFG motif plays a role in interacting with the DFG–in 

inhibitors, but such interactions are completely diminished in the DFG–out ligand–

protein complexes. 

5.3.3 SB203580 binding to both DFG–in and –out conformations 

Although most inhibitors bind to DFG–in or DFG–out conformations and the ligand–

p38α interactions lock the DFG–in/DFG–out interconversion, a special inhibitor, 

SB203580, can bind to both conformations. Our binding free energy calculations 

illustrated that the SB203580 compound binds equally well to both DFG–in and DFG–

out states with standard free energy of -10.17 and -10.43 kcal/mol, respectively. NMR 

revealed an equal population of both binding positions [5]. The computed ∆G that 

considers SB203580 binding to both DFG conformations is ~ -10.32 kcal/mol, which also 

agrees well with experimental measurements, -10.11 kcal/mol [35]. In addition, the 

calculations reveal that the positions of SB203580 in the binding pocket do not hinder the 

in/out exchange of the DFG motif (Figure 5-5(a)). Our calculations easily revealed the 

space organization that allows the inter-conversion of the DFG motif, which is less clear 

in the crystal structure (Figure 5-5(c)). Of note, the SB203580 and DFG–out co-crystal 

structure (PDB 3gcp) has an A172C mutated residue [45].  The position of Cys172 in the 

crystal structure differs from that of other structures with wild-type Ala172, and the 



225 

 

subsequent loop structure is missing. Our calculations involved the wild–type and full-

length activation loop, and the sampled conformations showed the same loop 

arrangement as for other DFG–out co-crystal structures with tight binders, such as 

compounds pyrazolourea 1 (PDB 3hv7) and urea 16 (PDB 1w82) (Figure 5(c)) [36,46]. 

Despite the motions of the DFG motif, SB203580 stays in the same position in the 

binding pocket (Figure 5-5). By analyzing the ligand binding modes, inhibitors that can 

target both conformations of the DFG motif may have potential to enhance the binding 

affinities. The pyridine and fluorophenyl rings contact nicely with p38α, and the solvent-

exposed methylsulfinylphenyl group is the only functional group that significantly adjusts 

with different DFG conformations (Figure 5-5(b)). Similar to other DFG–out ligands, 

Asp168 moves toward the solvent and breaks the charge interactions with the ligand, and 

Phe169, together with Tyr35, generates nice nonpolar attractions with the ligand. These 

findings are reflected in Table 2, and SB203580 shows more negative van der Waal 

attractions for binding to the DFG–out than DFG–in conformation, although the ligand 

does not extensively contact with the hydrophobic cluster. In addition, Tyr35 and Leu171 

form nice non–polar contacts in free DFG–out conformations that occlude the binding 

site. Therefore, significant rearrangements in Leu171 and the glycine-rich loop open the 

gate for SB203580 binding. This binding pose reveals the cross-talk between the DFG 

motif and glycine-rich loop, and the ligand can play a role in mediating the interplay of 

the 2 loops [45]. In contrast, with free DFG–in conformations, the 2 loops are open for 

the ligand, and the easy access binding site may contribute to a fast binding of SB203580. 
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5.3.4 Binding affinities prediction for analogues 

Ligand discovery processes involve synthesis of many analogues based on a lead 

compound for assessing structure–activity relationships. A series of analogs provide 

details of molecular interactions to guide lead optimization, but most analogs do not have 

co-crystal structures with the protein. This study computed binding free energies of a few 

series of analogs with unavailable experimental structures. All analogs studied here are 

also very similar to their template compounds (e.g., quinazolinone 2, CHEBI:139669, 

Pyridine 1, pyrazolourea 1, CHEBI:679695 and their analogs [Figure S5-1]). Because 

those analogs are merely different from a functional group, the predicted binding modes 

are similar to each other, which is expected. For example, the unique naphthyl moiety of 

the pyrazolourea 1 compound locates in the hydrophobic cluster, and the nitrogen and 

oxygen atoms of the urea group show electrostatic attractions with Glu71 and Asp168. 

Similarly, the benzene ring of the analog stays in the hydrophobic cluster, and the charge 

interactions between the urea group and p38α also hold (Figure 5-6(b)). However, 

because the functional groups are not identical, the protein side-chains and ligand adjust 

with each other to optimize their interactions. Of note, as compared with the free p38α 

with DFG–out conformations, the loop of Ile84 and Phe169 rotate further to create a 

space for ligand binding. The positions of Phe169 in the complex conformations found 

with M2 are varied and differ from those shown in crystal structures, which suggests the 

high flexibility of the activation loop during ligand binding. 
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The calculations can successfully distinguish small differences in the analogs and reflect 

them in the free energy calculations (pyrazolourea analogs in Table S5-1, for example). 

Interestingly, the entropic term may play a crucial role in successfully ranking the 

computed binding affinities, such as in pyrazolourea 1 analogs. The worst binder in this 

series, pyrazolourea 1-(e), retains attractive interaction energies as compared with other 

analogs. However, the significantly unfavorable entropy loss results in an extremely 

weak binding free energy, which agrees with experiments [46]. Interestingly, the large 

entropic penalty cannot be easily observed from the ligand binding modes (Figure 5-6(c)), 

which suggests that detailed free energy calculations are necessary for accurate binding 

prediction. In addition, the individual energetic terms offer more information about the 

driving forces to further improve binding. For example, replacing the thiomethyl group 

(S-CH3) group by bromine in the CHEBI:139669 analog reduces both polar and nonpolar 

attractions. Because the data in Table 5-2 include changes in intra- and inter-molecular 

interactions, sometimes binding to different ligands can yield different side-chain 

rearrangements that noticeably change the intra-molecular interactions. For instance, 

quinazolinone 2 and its analog can both form nice interactions with Thr106, Met109 and 

Gly110, and the difluorophenyl/chlorophenyl ring is oriented into a hydrophobic 

environment. Nevertheless, the small difference in the difluorophenyl and chlorophenyl 

ring reorganizes the protein side-chain nearby. As a result, Asp168 moves closer to the 

difluorophenyl ring and forms an H-bond with Lys53, which is not seen in both the free 

p38α conformations and the complex with the chlorophenyl ring analog (Figure S5-8). 

The charge interactions yield considerably more stable polar attractions in the complex 
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form in the quinazolinone 2 complex. Without considering the energy changes from p38α, 

the changes in inter-molecular interactions are similar in both ligands. 

5.3.5 General comments on the method 

Overall, the accuracy of the present calculations is promising and suggests that the 

methodology will be more broadly useful for interpreting experimental studies of protein 

conformations and ligand-protein binding. However, the rigorous calculations are 

inevitably highly system dependent for the set-up. Although our free energy calculation 

has standard preparation steps as shown in Method, it needs careful assessments and 

manual modification to prepare the initial conformations. For example, to speed up the 

calculations, only a pre-defined binding-site region is flexible; thus we need to be sure 

that the rigid part has minimal changes in its free and bound states. In addition, the 

computed Hessian matrix is very memory demanding and we used computers with 4GB 

RAM; thus, the flexible region is set to be fewer than 1330 atoms. Proper selection of 

flexible residues is very important because the conformational flexibility can significantly 

affect the accuracy of computing configuration entropy.  In this study, we analyzed more 

than 100 crystal structures of this system to select the flexible region and our template 

structures. For other systems with only handful experimental structures, other simulation 

tools, such as molecular dynamics simulations, may be performed for selecting the 

flexible parts. To more efficiently and thoroughly sample low energy conformations for 

the ligand-protein complexes, we did not solely rely on crystal structures. We selected 

multiple apo p38α conformations found by our conformational free energy calculations 
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for the protein and docked inhibitors in the binding site to generate several initial 

complex conformations. 

Water molecules may play an important role in ligand binding. All inhibitors chosen in 

this study do not have bridging waters when forming a ligand-protein complex. However, 

for systems with key bridging waters, a hybrid implicit-explicit model should be used. 

This study used the GAFF force field for ligands, and the force field parameters can 

reproduce the experimental structures of p38α inhibitors in general. However, for a few 

ligands with unique functional groups, we manually set the equilibrium values of bond 

angles to be the same as those measured in crystal structures, as detailed in Text S5-2. 

For uncommon ligands without any experimental reference structure, it may be necessary 

to test different force field, such as the OPLS or CHARMM force fields. 

5.4 Conclusions 

Using p38α as a model system, we computed conformational and binding free energies of 

the free protein of p38α and various p38α inhibitors using the M2 algorithm. Because of 

the large-scale motions and flexibility of the loop regions, obtaining structures of free 

kinases is challenging experimentally. Our computational work successfully sampled 

multiple conformations of both DFG–in and DFG–out states of free wild-type human 

p38α and revealed the conformational fluctuations of the activation loop, glycine-rich 

loop and DFG motif. The free energy calculations showed that both DFG–in and –out 

states are equally populated in free p38α, which agrees with NMR results. In addition, we 

suggest potential interactions and the role of the conserved Phe169 and Gly170 in 
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stabilizing both states. The calculations also indicated that the vibrational entropy, not 

just number of distinct conformations, plays an important role in the conformational 

ensemble. Further use of the M2 method may identify intermediate states during the DFG 

flipping and provide a more complete picture of pathways and free energy barriers for 

switching kinase activation and inactivation. 

Our results also demonstrate the high predictive power of binding affinities for analogs 

that lack experimental structures. As in prior theoretical studies for other systems, the net 

free energy changes are balances of notably larger energy and entropy contributions [32-

33,44]. In addition to providing overall binding free energies, the calculations illustrate 

key differences in energetic and configurational entropic terms when a protein and 

inhibitor are in their free and bound states, which help in structure-based inhibitor design. 

Finally, the computational work can further elucidate experimental observations. For 

example, examination of the bound complex of the inhibitor SB203580 revealed how 

ligand binding does not affect flipping the DFG motif. 



231 

 

References 

1. Taylor SS, Kornev AP (2011) Protein kinases: Evolution of dynamic regulatory 

proteins. Trends Biochem Sci 36: 65-77. 

2. Huse M, Kuriyan J (2002) The conformational plasticity of protein kinases. Cell 109: 

275-282. 

3. Klebl B, Muller G, Hamacher M, Mannhold R, Kubinyi H, et al. (2011) Protein 

kinases as drug targets: Wiley. 

4. White A, Pargellis CA, Studts JM, Werneburg BG, Farmer BT, II (2007) Molecular 

basis of MAPK-activated protein kinase 2 : p38 assembly. Proc Natl Acad Sci U S A 

104: 6353-6358. 

5. Vogtherr M, Saxena K, Hoelder S, Grimme S, Betz M, et al. (2006) NMR 

characterization of kinase p38 dynamics in free and ligand-bound forms. Angew 

Chem, Int Ed 45: 993-997. 

6. Karplus M, McCammon JA (2002) Molecular dynamics simulations of biomolecules. 

Nat Struct Biol 9: 788-788. 

7. Frembgen-Kesner T, Elcock AH (2006) Computational sampling of a cryptic drug 

binding site in a protein receptor: Explicit solvent molecular dynamics and inhibitor 

docking to p38 MAP kinase. J Mol Biol 359: 202-214. 

8. Shan Y, Seeliger MA, Eastwood MP, Frank F, Xu H, et al. (2009) A conserved 

protonation-dependent switch controls drug binding in the Abl kinase. Proc Natl 

Acad Sci U S A 106: 139-144. 



232 

 

9. Filomia F, De Rienzo F, Menziani MC (2010) Insights into MAPK p38 alpha DFG flip 

mechanism by accelerated molecular dynamics. Bioorg Med Chem 18: 6805-6812. 

10. Fatmi MQ, Chang C-eA (2010) The role of oligomerization and cooperative 

regulation in protein function: The case of tryptophan synthase. PLoS Comput Biol 6: 

e1000994. 

11. Deng Y, Roux B (2009) Computations of standard binding free energies with 

molecular dynamics simulations. J Phys Chem B 113: 2234-2246. 

12. Christ CD, Mark AE, van Gunsteren WF (2010) Feature article basic ingredients of 

free energy calculations: A review. J Comput Chem 31: 1569-1582. 

13. Zuckerman D (2010) Statistical physics of biomolecules: An introduction. CRC Press. 

14. Gilson MK, Zhou H-X (2007) Calculation of protein-ligand binding affinities. Annu 

Rev Biophys Biomol Struct 36: 21-42. 

15. Mobley DL, Graves AP, Chodera JD, McReynolds AC, Shoichet BK, et al. (2007) 

Predicting absolute ligand binding free energies to a simple model site. J Mol Biol 

371: 1118-1134. 

16. Chodera JD, Mobley DL, Shirts MR, Dixon RW, Branson K, et al. (2011) Alchemical 

free energy methods for drug discovery: Progress and challenges. Curr Opin Struct 

Biol 21: 150-160. 

17. Guo Z, Brooks CL, Kong X (1998) Efficient and flexible algorithm for free energy 

calculations using the lambda-dynamics approach. J Phys Chem B 102: 2032-2036. 

18. Pohorille A, Jarzynski C, Chipot C (2010) Good practices in free-energy calculations. 

J Phys Chem B 114: 10235-10253. 



233 

 

19. Wong CF (2008) Flexible ligand-flexible protein docking in protein kinase systems. 

244-251 p. 

20. Kufareva I, Abagyan R (2008) Type-II kinase inhibitor docking, screening, and 

profiling using modified structures of active kinase states. J Med Chem 51: 7921-

7932. 

21. Andricopulo AD, Salum LB, Abraham DJ (2009) Structure-based drug design 

strategies in medicinal chemistry. Curr Top Med Chem 9: 771-790. 

22. Clark M, Meshkat S, Talbot GT, Carnevali P, Wisernan JS (2009) Fragment-based 

computation of binding free energies by systematic sampling. J Chem Inf Model 49: 

1901-1913. 

23. Swanson JMJ, Henchman RH, McCammon JA (2004) Revisiting free energy 

calculations: A theoretical connection to MM/PBSA and direct calculation of the 

association free energy. Biophys J 86: 67-74. 

24. Gallicchio E, Lapelosa M, Levy RM (2010) Binding energy distribution analysis 

method (BEDAM) for estimation of protein ligand binding affinities. J Chem Theory 

Comput 6: 2961-2977. 

25. Aqvist J, Medina C, Samuelsson JE (1994) New method for predicting binding-

affinity in computer-aided drug design. Protein Eng 7: 385-391. 

26. Genheden S, Ryde U (2011) Comparison of the efficiency of the LIE and MM/GBSA 

methods to calculate ligand-binding energies. J Chem Theory Comput 7: 3768-3778. 



234 

 

27. Lyne PD, Lamb ML, Saeh JC (2006) Accurate prediction of the relative potencies of 

members of a series of kinase inhibitors using molecular docking and MM-GBSA 

scoring. J Med Chem 49: 4805-4808. 

28. Joshi M, Ebalunode JO, Briggs JM (2009) Computational insights into the interaction 

of the anthrax lethal factor with the N-terminal region of its substrates. Proteins: 

Struct, Funct, Bioinf 75: 323-335. 

29. Kollman PA, Massova I, Reyes C, Kuhn B, Huo SH, et al. (2000) Calculating 

structures and free energies of complex molecules: Combining molecular mechanics 

and continuum models. Acc Chem Res 33: 889-897. 

30. Chang CE, Gilson MK (2003) Tork: Conformational analysis method for molecules 

and complexes. J Comput Chem 24: 1987-1998. 

31. Chang CE, Potter MJ, Gilson MK (2003) Calculation of molecular configuration 

integrals. J Phys Chem B 107: 1048-1055. 

32. Chang CE, Gilson MK (2004) Free energy, entropy, and induced fit in host-guest 

recognition: Calculations with the second-generation mining minima algorithm. 

Journal of the American Chemical Society 126: 13156-13164. 

33. Chen W, Chang CE, Gilson MK (2004) Calculation of cyclodextrin binding affinities: 

Energy, entropy, and implications for drug design. Biophysical Journal 87: 3035-

3049. 

34. Chen W, Gilson MK, Webb SP, Potter MJ (2010) Modeling Protein-Ligand Binding 

by Mining Minima. Journal of Chemical Theory and Computation 6: 3540-3557. 



235 

 

35. Wang ZL, Canagarajah BJ, Boehm JC, Kassisa S, Cobb MH, et al. (1998) Structural 

basis of inhibitor selectivity in MAP kinases. Structure Fold Des 6: 1117-1128. 

36. Gill AL, Frederickson M, Cleasby A, Woodhead SJ, Carr MG, et al. (2005) 

Identification of novel p38 alpha MAP kinase inhibitors using fragment-based lead 

generation. J Med Chem 48: 414-426. 

37. Case DA, Cheatham TE, Darden T, Gohlke H, Luo R, et al. (2005) The Amber 

biomolecular simulation programs. J Comput Chem 26: 1668-1688. 

38. Cai Q, Hsieh M-J, Wang J, Luo R (2010) Performance of nonlinear finite-difference 

Poisson-Boltzmann solvers. J Chem Theory Comput 6: 203-211. 

39. Humphrey W, Dalke A, Schulten K (1996) VMD: Visual molecular dynamics. J Mol 

Graph Model 14: 33-38. 

40. Wilson KP, Fitzgibbon MJ, Caron PN, Griffith JP, Chen WY, et al. (1996) Crystal 

structure of p38 mitogen-activated protein kinase. J Biol Chem 271: 27696-27700. 

41. Patel SB, Cameron PM, Frantz-Wattley B, O'Neill E, Becker JW, et al. (2004) Lattice 

stabilization and enhanced diffraction in human p38 alpha crystals by protein 

engineering. Biochimica Et Biophysica Acta-Proteins and Proteomics 1696: 67-73. 

42. Kornev AP, Haste NM, Taylor SS, Ten Eyck LF (2006) Surface comparison of active 

and inactive protein kinases identifies a conserved activation mechanism. Proc Natl 

Acad Sci U S A 103: 17783-17788. 

43. Angell RM, Angell TD, Bamborough P, Bamford MJ, Chung C-w, et al. (2008) 

Biphenyl amide p38 kinase inhibitors 4: DFG-in and DFG-out binding modes. 

Bioorg Med Chem Lett 18: 4433-4437. 



236 

 

44. Chang C-eA, McLaughlin WA, Baron R, Wang W, McCammon JA (2008) Entropic 

contributions and the influence of the hydrophobic environment in promiscuous 

protein-protein association. Proc Natl Acad Sci U S A 105: 7456-7461. 

45. Simard JR, Getlik M, Gruetter C, Pawar V, Wulfert S, et al. (2009) Development of a 

fluorescent-tagged kinase assay system for the detection and characterization of 

allosteric kinase inhibitors. J Am Chem Soc 131: 13286-13296. 

46. Klueter S, Gruetter C, Naqvi T, Rabiller M, Simard JR, et al. (2010) Displacement 

Assay for the Detection of Stabilizers of Inactive Kinase Conformations. Journal of 

Medicinal Chemistry 53: 357-367. 

 

 



237 

Table legends 

Table 5-1: The computed free energy, average potential and solvation free energy 

(kcal/mol) of free p38α. The decomposed free energy, Gcal, from our calculations 

includes average potential energy <U+W>, configurational entropy -TS, bonded terms 

<Uval>, Lennard-Jones energy <UVDW>, nonpolar solvation free energy <WNP>, 

coulombic energy <UCoul>, and Possion-Boltzmann solvation free energy <WPB>. <Enp> 

represents the sum of <UVDW> and <WNP>; <Eploar> represents the sum <UCoul> and 

<WPB>. 

Table 5-2: The binding free energy, average binding potential energy and solvation 

free energy (kcal/mol) of p38α inhibitors. The notations are as in Table 5-1. The 

binding free energy was computed by ΔGcal=Gcomplex-Gfree protein combine -Gfree ligand. Each 

decomposed energy is obtained by ΔEDFG-in=EDFG-in complex-EDFG-in free protein-EDFG-in free ligand 

and ΔEDFG-out=EDFG-out complex-EDFG-out free protein-EDFG-out free ligand. The binding free energy 

from experimental results are shown as ΔGexp. The PDB labeled as XXX_ang is the 

analog from XXX. *The ligand, pyrazolourea 1-(c), is also called CHEBI:266984. 
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Figure legends 

Figure 5-1: The overall view of p38α structure. (a) Two inhibitors, SB218655 (red) 

and urea 16 (blue), bind to p38α. The flexible and rigid set is in yellow and green, 

respectively. (b) The activation loop can adopt both DFG–in (red, PDB 1a9u) and DFG–

out (blue, PDB 1w82) states for ligand binding.  

Figure 5-2: The sampled conformations of free DFG–in and DFG–out p38α. (A1) 

and (A2) are the overview of DFG–in and DFG–out conformations, respectively, and the 

crystal structure is in blue (Figure 1 for PDB codes). The sampled conformation with 

lowest free energy is in red, and pink represents conformations with energies within 

10RT above the global energy minimum. (B1) Phe169 (bond form) is buried in the 

hydrophobic cluster in a DFG–in complex and the activation loop is exposed to the 

solvent (colored thin line). The red and light blue tubes represent DFG–in and DFG–out 

conformations, respectively. (B2) Side-chain arrangements in the DFG–out state. Key 

interactions between important atom pairs are in a pink dashed line. The light red and 

blue tubes represent DFG–in and DFG–out conformations, respectively. 

Figure 5-3: The positions and motions of key residues in DFG–out p38α. (a) 

Nonpolar spine residues are enlarged orange spheres; nonpolar clusters, Tyr35 and 

Leu171, are yellow spheres and the Asp168–Gly170 H-bond pair are blue spheres. Low 

energy conformations within 10RT of global energy minimum from computed DFG–in 

(b) and DFG–out (c) free p38α. Note that no H-bonds formed in the DFG–in state shown 
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in (b), and dashed lines in (c) indicate the H-bond between Asp168 and Gly170. Tubes 

and bonds in purple represent structures taken from PBD 1a9u (b) and 1w82 (c).  

Figure 5-4: Calculated vs experimental binding free energies (kcal/mol) for p38α 

inhibitors. 

Figure 5-5: Complex conformations of SB203580 and p38α with both DFG–in and 

DFG–out conformations. (a) Sampled ligand binding modes (colored bond), DFG–in 

(red) and DFG–out (blue) conformations, which illustrate space for interconverting the 

activation loop. (b) Low energy conformations within 10RT of global energy minimum 

from the calculations, showing the fluctuation of Phe169 in the DFG–out state and the 

highly flexible methylfinylphenyl group. Sampled DFG–in and DFG–out conformations 

are red and blue, respectively, and structures from PDB IDs 1a9u and 3gcp are orange 

and black, respectively. (c) The sampled activation loop and Phe169 in both DFG–in and 

DFG–out conformations are in cyan; crystal structures with PDB IDs, 3hv7, 1w82, 3gcp 

and 1a9u are in purple, yellow, black and orange, respectively. Note that the structure in 

complex with SB203580 from PDB 3gcp is the Cys172 mutant (black arrow) and shows 

different conformation (black) from our samples and other experimental structures.  

Figure 5-6: The binding modes of pyrazolourea 1 and its analogs. (a) Stable charge 

interactions Glu71 and Asp168 (red) and the ligand (cyan). (b) Global energy minimum 

found in the complex. The template pyrazolourea 1 is shown as a colored bond. Gray, 

purple, yellow, orange and green represent the pyrazolourea 1 analog (a), (b), (c), (d) and 

(e), respectively. The charge interactions between Glu71, Asp168 and the inhibitors are 
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represented as dashed lines. (c) Low energy conformations within 10RT of global energy 

minimum of bound inhibitors. Each analog shows flexibility in different function groups; 

however, changes of configurational entropy with binding cannot be easily predicted 

from looking at the ligand binding modes. 
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Tables 

DFG PDB  Gcal <U+W> -TS <UVal> <UVDW> <WNP> <Enp> <UCoul> <WPB> <Epolar> 

in 1a9u -1349.40 -2712.99 1363.60 364.54 -358.22 45.55 -312.67 -2126.98 -1445.39 -3572.37 

out 1w82 -1349.38 -2709.30 1359.91 380.43 -343.49 47.21 -296.28 -2244.37 -1356.58 -3600.95 

combined -1349.80 -2711.16 1361.36 372.40 -350.93 46.37 -304.56 -2185.06 -1401.45 -3586.51 

 

Table 5-1: The computed free energy, average potential and solvation free energy 

(kcal/mol) of free p38α. 
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Ligand name DFG PDB ΔGexp ΔGcal Δ(U+W) -TΔS ΔUVal ΔUVDW ΔWNP ΔEnp ΔUCoul ΔWPB ΔEpolar 

quinolinone 3 in 1ove -12.6 -14.00 -34.25 20.25 11.44 -51.46 -5.46 -56.92 -56.31 65.76 9.44 

quinazolinone 2-(a) in 1m7q_ang -12.23  -14.28 -37.06 22.78 9.79 -44.40 -5.34 -49.74 -49.34 50.44 1.10 

quinazolinone 2 in 1m7q -11.86 -14.29 -37.95 23.67 12.02 -38.09 -5.27 -43.36 -93.30 84.90 -8.39 

pyridol-pyrimidine 

4 
in 1ouy -11.56  -11.98 -30.66 18.68 5.90 -50.08 -5.12 -55.20 -25.16 42.00 16.84 

SB218655 in 1bmk -10.50  -9.79 -32.46 22.68 7.71 -35.20 -4.26 -39.47 -76.10 73.61 -2.49 

SB203580 in 1a9u -10.11  -10.17 -31.23 21.06 10.72 -33.85 -4.35 -38.20 7.34 -12.88 -5.53 

SB216995 in 1bl6 -9.39  -9.21 -28.60 19.39 -2.26 -36.34 -4.02 -40.36 -37.12 49.35 12.23 

CHEBI:139669 in 1di9 -7.32  -6.25 -18.89 12.65 -4.06 -37.65 -4.15 -41.80 -9.43 34.61 25.18 

CHEBI:139669-(a) in 1di9_ang -7.18  -6.06 -16.38 10.32 -6.78 -35.59 -3.57 -39.15 12.33 15.44 27.77 

indole  2 in 1w84 -6.16  -5.35 -24.66 19.30 3.39 -30.59 -3.59 -34.18 -26.91 31.26 4.35 

pyridine 5 in 1wbw -6.02  -6.12 -22.57 16.45 -2.21 -36.25 -3.75 -40.00 -18.21 36.07 17.86 

pyridine 1-(a) in 1w7h_ang -5.47  -5.97 -20.30 14.34 0.46 -33.05 -3.43 -36.47 -20.98 34.91 13.93 

pyridine 1 in 1w7h -3.99  -3.67 -16.23 12.57 5.22 -32.33 -3.18 -35.50 -35.69 47.95 12.26 

BIRB-796 out 1kv2 -10.70  -10.57 -36.67 26.08 5.50 -61.09 -6.84 -67.93 -13.80 37.76 23.96 

SB203580 out 3gcp -10.11  -10.43 -27.83 17.38 -0.26 -45.66 -5.16 -50.82 -19.19 40.66 21.47 

pyridine 9 out 1w83 -9.70  -11.00 -34.03 23.02 1.68 -50.21 -4.83 -55.05 15.53 2.01 17.54 

pyrazolourea 1 out 3hv7 -9.35  -10.27 -35.71 25.42 9.35 -48.90 -5.34 -54.24 -41.26 48.65 7.39 

urea 16 out 1w82 -9.27  -8.71 -27.98 19.25 2.84 -47.95 -5.06 -53.01 20.82 -0.42 20.40 

CHEBI:679695-(a) out 3hv4_ang -9.17  -9.18 -34.26 25.07 15.75 -56.71 -6.13 -62.84 -8.93 19.96 11.03 

CHEBI:679695 out 3hv4 -8.99  -8.40 -32.75 24.34 10.58 -57.95 -6.21 -64.16 -0.79 19.82 19.04 

indole 24 out 1wbt -8.94  -9.36 -30.11 20.74 1.39 -59.55 -5.72 -65.26 9.57 22.40 31.97 

pyridine 10 out 1wbn -8.92  -7.02 -32.74 25.71 17.35 -47.83 -5.45 -53.28 -5.36 6.76 1.40 

indole 23 out 1wbs -8.57  -8.59 -26.45 17.84 -1.68 -52.69 -4.36 -57.04 26.17 4.32 30.49 

pyrazolourea 1-(a) out 3hv7_ang -8.52  -9.38 -31.99 22.60 9.74 -47.31 -5.16 -52.46 3.81 5.13 8.94 

pyrazolourea 1-(b) out 3hv7_ang -8.13  -9.15 -28.71 19.55 5.99 -48.19 -5.24 -53.44 12.35 4.60 16.95 

pyrazolourea 1-

(c)* 
out 3hv6 -7.79  -7.27 -30.44 23.16 8.03 -60.91 -6.67 -67.59 -31.89 59.21 27.32 

diaryl urea 1 out 1kv1 -7.22  -8.23 -25.47 17.22 6.62 -41.74 -4.29 -46.03 -6.78 18.94 12.16 

pyrazolourea 1-(d) out 3hv7_ang -6.60  -6.57 -20.94 14.34 15.98 -44.74 -4.57 -49.31 -17.81 28.41 10.61 

indole 22 out 1wbv -5.24  -5.36 -21.58 16.20 -3.77 -44.92 -3.46 -48.38 18.02 10.76 28.78 

pyrazolourea 1-(e) out 3hv7_ang nb   -1.53 -28.39 26.84 8.17 -42.82 -5.58 -48.40 -7.51 17.56 10.05 

Table 5-2: The binding free energy, average binding potential energy and solvation free 

energy (kcal/mol) of p38α inhibitors. 
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Figures 

 

 

Figure 5-1: The overall view of p38α structure. 
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Figure 5-2: The sampled conformations of free DFG–in and DFG–out p38α. 
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Figure 5-3: The positions and motions of key residues in DFG–out p38α. 
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Figure 5-4: Calculated vs experimental binding free energies (kcal/mol) for p38α 

inhibitors. 
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Figure 5-5: Complex conformations of SB203580 and p38α with both DFG–in and 

DFG–out conformations. 
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Figure 5-6: The binding modes of pyrazolourea 1 and its analogs. 
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Supporting information 

Text S5-1: Details of M2 method to compute average energy  

The M2 algorithm computes standard binding fee energy as eq 1 and 2. The probability 

of well i is: 
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Text S5-2: Details information about computation setup  

To prepare the initial coordinates for calculating the free energy of the complex, we 

selected the lowest free p38α DFG–in and DFG–out conformations found by M2. Note 

that we did not directly use the coordinates from the co-crystals as our initial 

conformations. Ligands were docked into the selected p38α conformations, their co-

crystal structures were superimposed on the template (PDB 1a9u) or on parts of the loops 

of the template, or the functional groups of an analog were modified in the binding site. 

No crystal waters were included in our calculations, because no bridge waters were 

observed from the co-crystal structures. The constructed complex conformations were 

then energy minimized. Multiple complex conformations were prepared to start the free 

energy calculations to avoid possible bias. The Amber 99SB force field and general 

amber force field (GAFF) was used for proteins and ligands in all systems, respectively. 

However, for part of ligand, we modified the equilibrium positions of some bond angles 

(Figure S3). Solvation was modeled with a generalized Born model (GB) during the 

calculations, and the free energy of each energy minimum was further modified by 

considering the Poisson-Boltzmann/surface area (PB/SA) model. 
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Text S5-3: Examples of multiple binding modes  

Our calculations revealed considerable flexibility and different ligand binding modes for 

the inhibitors pyridol-pyrimidine 4, SB216995, pyridine 9, CHEBI:679695 and 

CHEBI:266984 (Figure S6). Although p38α becomes more rigid in the complex form and 

the bound state showed a lower number of ligand conformations, multiple complex 

conformations were still available (Figure S6(A1) and (B1); Tables S3 and S4). 

Interestingly, some key or bulky residues, such as Met109 and Phe169, can adopt various 

poses for binding, and many of the conformations we found are new (Figure S6(A2) and 

(B2)), which suggests that our results complement crystal structures. 

 



252 

 

ligand name DFG PDB 
number of 

iteration 
method 

quinolinone 3 in 1ove 6 
1ove align 1a9u on Thr106-

Ala111 

quinazolinone 2-(a) in 1m7q_ang 10 modify 1m7q lead ligand 

quinazolinone 2 in 1m7q 4 1m7q align 1a9u whole protein 

pyridol-pyrimidine 4 in 1ouy 10 1ouy align 1a9u whole protein 

SB218655 in 1bmk 10 modify SB216995 ligand 

SB203580 in 1a9u 10 1a9u crystal structure 

SB216995 in 1bl6 8 1bl6 align 1a9u whole protein 

CHEBI:139669 in 1di9 6 1di9 align 1a9u whole protein 

CHEBI:139669-(a) in 1di9_ang 8 modify 1di9 lead ligand 

indole  2 in 1w84 4 1w84 align 1a9u whole protein 

pyridine 5 in 1wbw 6 1wbw align 1a9u whole protein 

pyridine 1-(a) in 1w7h_ang 14 modify 1w7h lead ligand 

pyridine 1 in 1w7h 7 1w7h align 1a9u whole protein 

BIRB-796 out 1kv2 12 1kv2 align 1a9u whole protein 

SB203580 out 3gcp 8 3gcp align 1a9u whole protein 

pyridine 9 out 1w83 4 1w83 align 1a9u whole protein 

pyrazolourea 1 out 3hv7 29 
3hv7 align our sampled apo 

DFG-out live set 

urea 16 out 1w82 6 modify pyrazolourea 1-(b) ligand 

CHEBI:679695-(a) out 3hv4_ang 10 modify 3hv4 lead ligand 

CHEBI:679695 out 3hv4 18 3hv4 align 1a9u whole protein 

indole 24 out 1wbt 4 1wbt align 1a9u whole protein 

pyridine 10 out 1wbn 24 1wbn align 1a9u whole protein 

indole 23 out 1wbs 7 1wbs align 1a9u whole protein 

pyrazolourea 1-(a) out 3hv7_ang 6 modify pyrazolourea 1-(b) ligand 

pyrazolourea 1-(b) out 3hv7_ang 14 modify 3hv7 lead ligand 

pyrazolourea 1-(c) out 3hv6 14 
3hv6 align our sampled apo 

DFG-out live set 

diaryl urea 1 out 1kv1 4 1kv1 align 1a9u whole protein 

pyrazolourea 1-(d) out 3hv7_ang 18 modify 3hv6 lead ligand 

indole 22 out 1wbv 4 1wbw align 1a9u live set 

pyrazolourea 1-(e) out 3hv7_ang 12 modify pyrazolourea 1-(b) ligand 

 

Table S5-1: Details of procedures in preparing an initial structure for M2 calculations 

and the numbers of iterations used to compute the overall free energy. A calculation is 

considered converged when the free energy difference between last two iterations is 

within RT.  
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 VM2 calculation 

Flexible set 

Pro29-Ala40 

Val50- Lys53 

Arg67 

Arg70-Glu71 

Leu74-Leu75 

Met78 

Val83-Leu87 

Leu104-Asp112 

Ile141 

Ile146-Arg149 

Ser154-Ala157 

Ile166-Met179 

Rigid set 

Tyr24 

Leu27-Phe42  

Leu49-Ser56 

Lys66-Arg67  

Tyr69-Phe90  

Tyr103-Asn115  

Ile141-His142  

Asp145-Val158  

Leu164-Arg186  

Tyr200  

Gln202 

 

Table S5-2: List of residue in the flexible and rigid set during M2 calculations. 
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ligand name DFG PDB ΔGexp ΔGcal Δ(U+W) -TΔS ΔUVal ΔUVDW ΔWNP ΔEnp ΔUCoul ΔWPB ΔEpolar 

quinolinone 3 in 1ove -12.61a -14.00 -37.95 23.94 -4.45 -66.18 -7.12 -73.31 61.08 -23.06 38.02 

quinazolinone 2-(a) in 1m7q_ang -12.23 b -14.28 -40.76 26.47 -6.09 -59.13 -7.00 -66.13 68.05 -38.37 29.68 

quinazolinone 2 in 1m7q -11.86 b -14.29 -41.65 27.35 -3.87 -52.82 -6.93 -59.75 24.10 -3.91 20.18 

pyridol-pyrimidine 4 in 1ouy -11.56 a  -11.98 -34.36 22.36 -9.98 -64.81 -6.78 -71.58 92.24 -46.81 45.42 

SB218655 in 1bmk -10.50 c  -9.79 -36.16 26.36 -8.18 -49.93 -5.92 -55.85 41.29 -15.20 26.08 

SB203580 in 1a9u -10.11 c  -10.17 -34.92 24.74 -5.17 -48.58 -6.01 -54.59 124.73 -101.69 23.04 

SB216995 in 1bl6 -9.39 c  -9.21 -32.30 23.08 -18.15 -51.06 -5.68 -56.74 80.27 -39.46 40.81 

CHEBI:139669 in 1di9 -7.32 d  -6.25 -22.59 16.33 -19.94 -52.38 -5.81 -58.19 107.96 -54.21 53.76 

CHEBI:139669-(a) in 1di9_ang -7.18 d  -6.06 -20.07 14.00 -22.66 -50.31 -5.23 -55.54 129.72 -73.38 56.35 

indole  2 in 1w84 -6.16 e  -5.35 -28.35 22.99 -12.50 -45.32 -5.26 -50.57 90.48 -57.55 32.93 

pyridine 5 in 1wbw -6.02 e  -6.12 -26.26 20.13 -18.10 -50.98 -5.41 -56.39 99.18 -52.74 46.44 

pyridine 1-(a) in 1w7h_ang -5.47 e  -5.97 -24.00 18.02 -15.43 -47.77 -5.09 -52.86 96.41 -53.90 42.50 

pyridine 1 in 1w7h -3.99 e  -3.67 -19.93 16.25 -10.67 -47.05 -4.84 -51.89 81.70 -40.86 40.84 

BIRB-796 out 1kv2 -10.70 f  -10.57 -32.98 22.40 21.39 -46.36 -5.18 -51.54 -131.19 126.57 -4.61 

SB203580 out 3gcp -10.11 g  -10.43 -24.13 13.70 15.62 -30.93 -3.50 -34.44 -136.58 129.47 -7.11 

pyridine 9 out 1w83 -9.70 e  -11.00 -30.34 19.33 17.57 -35.49 -3.17 -38.66 -101.86 90.83 -11.03 

pyrazolourea 1 out 3hv7 -9.35 h  -10.27 -32.01 21.74 25.23 -34.17 -3.68 -37.85 -158.65 137.47 -21.18 

urea 16 out 1w82 -9.27 e  -8.71 -24.28 15.57 18.73 -33.22 -3.40 -36.62 -96.57 88.39 -8.18 

CHEBI:679695-(a) out 3hv4_ang -9.17 h  -9.18 -30.57 21.39 31.64 -41.98 -4.47 -46.45 -126.32 108.77 -17.54 

CHEBI:679695 out 3hv4 -8.99 h  -8.40 -29.06 20.66 26.47 -43.23 -4.55 -47.78 -118.18 108.64 -9.54 

indole 24 out 1wbt -8.94 e  -9.36 -26.42 17.06 17.28 -44.82 -4.05 -48.88 -107.82 111.21 3.39 

pyridine 10 out 1wbn -8.92 e  -7.02 -29.05 22.03 33.23 -33.10 -3.79 -36.89 -122.75 95.57 -27.18 

indole 23 out 1wbs -8.57 e  -8.59 -22.75 14.16 14.20 -37.96 -2.69 -40.65 -91.22 93.13 1.91 

pyrazolourea 1-(a) out 3hv7_ang -8.52 h  -9.38 -28.30 18.92 25.63 -32.58 -3.50 -36.08 -113.58 93.95 -19.63 

pyrazolourea 1-(b) out 3hv7_ang -8.13 h  -9.15 -25.01 15.86 21.88 -33.47 -3.58 -37.05 -105.04 93.41 -11.63 

pyrazolourea 1-(c)* out 3hv6 -7.79 h  -7.27 -26.75 19.48 23.92 -46.19 -5.01 -51.20 -149.28 148.02 -1.25 

diaryl urea 1 out 1kv1 -7.22 f  -8.23 -21.77 13.54 22.51 -27.02 -2.63 -29.64 -124.17 107.75 -16.42 

pyrazolourea 1-(d) out 3hv7_ang -6.60 h  -6.57 -17.24 10.66 31.87 -30.01 -2.91 -32.92 -135.20 117.23 -17.97 

indole 22 out 1wbv -5.24 e  -5.36 -17.89 12.52 12.11 -30.19 -1.80 -31.99 -99.37 99.57 0.20 

pyrazolourea 1-(e) out 3hv7_ang nb h  -1.53 -24.69 23.16 24.06 -28.10 -3.91 -32.01 -124.90 106.37 -18.53 
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Table S5-3: The binding energy (kcal/mol) of different p38α inhibitors. The notations are 

the same as Table 5-1. We computed binding free energy (Gcal) by ΔGcal=Gcomplex-Gfree 

protein-Gfree ligand. Each decomposed energy is obtained by ΔEDFG-in=EDFG-in complex-EDFG-out 

free protein-EDFG-in free ligand and ΔEDFG-out=EDFG-out complex-EDFG-in free protein-EDFG-out free ligand. The 

binding free energy from experimental results are shown as ΔGexp. The PDB labeled as 

XXX_ang is the analog from XXX. *The ligand, pyrazolourea 1-(c), is also called 

CHEBI:266984. 
a, b, c, d, e, f, g, h

 represent references [1-8] in Supporting information, 

respectively. 
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ligand name DFG PDB 
range of FE 

(kcal/mol) 

search 

conf. 

conf. 

in 

3RT 

conf. 

in 

5RT 

conf. 

in 

10RT 

free ptotein 
in 1a9u -1348.63~-1328.63 564 12 22 123 

out 1w82 -1348.48~-1328.52 540 9 22 46 

quinolinone 3 in 1ove -1280.04~-1260.07 512 37 76 167 

quinazolinone 2-(a) in 1m7q_ang -1284.38~-1264.42 418 17 39 99 

quinazolinone 2 in 1m7q -1299.68~-1279.79 415 28 50 128 

pyridol-pyrimidine 4 in 1ouy -1273.98~-1253.99 455 23 49 153 

SB218655 in 1bmk -1557.48~-1537.58 393 3 16 81 

SB203580 in 1a9u -1343.20~-1323.20 437 14 39 117 

SB216995 in 1bl6 -1310.67~1290.97 469 20 47 173 

CHEBI:139669 in 1di9 -1460.57~-1440.68 508 21 43 150 

CHEBI:139669-(a) in 1di9_ang -1461.34~-1441.74 263 6 19 85 

indole  2 in 1w84 -1320.43~-1300.45 431 6 16 109 

pyridine 5 in 1wbw -1353.42~-1333.42 456 6 26 105 

pyridine 1-(a) in 1w7h_ang -1387.57~-1367.62 475 30 67 159 

pyridine 1 in 1w7h -1371.95~-1354.10 548 37 69 162 

BIRB-796 out 1kv2 -1209.48~-1189.50 524 33 59 159 

SB203580 out 3gcp -1243.37~-1323.38 637 14 31 192 

pyridine 9 out 1w83 -1266.84~-1246.86 463 12 32 106 

pyrazolourea 1 out 3hv7 -1344.79~-1325.03 283 17 32 105 

urea 16 out 1w82 -1390.83~-1370.86 429 29 63 116 

CHEBI:679695-(a) out 3hv4_ang -1377.63~-1357.69 449 3 13 66 

CHEBI:679695 out 3hv4 -1393.08~-1373.09 420 16 37 133 

indole 24 out 1wbt -1285.94~-1265.98 485 4 34 124 

pyridine 10 out 1wbn -1331.89~-1312.10 266 5 20 66 

indole 23 out 1wbs -1278.46~-1258.54 401 16 50 141 

pyrazolourea 1-(a) out 3hv7_ang -1320.66~-1300.67 402 18 41 115 

pyrazolourea 1-(b) out 3hv7_ang -1331.15~-1311.24 563 12 24 108 

pyrazolourea 1-(c) out 3hv6 -1233.97~-1214.01 412 23 45 101 

diaryl urea 1 out 1kv1 -1362.54~-1342.58 582 8 23 109 

pyrazolourea 1-(d) out 3hv7_ang -1360.87~-1340387 532 11 26 111 

indole 22 out 1wbv -1282.84~-1262.93 409 6 14 76 

pyrazolourea 1-(e) out 3hv7_ang -1326.84~-1306.95 358 25 45 121 

 

Table S5-4: Ranges of calculated free energy of free protein and complex and the 

number of distinct conformations within 3RT, 5RT and 10RT, respectively. RT is 

approximated 0.6 kcal/mol. 
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Free ligand name DFG PDB 
range of FE 

(kcal/mol) 

search 

conf. 

conf. 

in 

3RT 

conf. 

in 

5RT 

conf. 

in 

10RT 

quinolinone 3 in 1ove 82.49~92.49 119 17 32 78 

quinazolinone 2-(a) in 1m7q_ang 79.94~88.85 134 42 43 73 

quinazolinone 2 in 1m7q 64.44~73.20 180 57 63 142 

pyridol-pyrimidine 4 in 1ouy 88.05~90.98 111 96 111 111 

SB218655 in 1bmk -197.06~-192.91 95 60 80 95 

SB203580 in 1a9u 17.50~18.77 51 50 51 51 

SB216995 in 1bl6 48.61~51.27 48 32 48 48 

CHEBI:139669 in 1di9 -104.92~-97.122 77 13 31 60 

CHEBI:139669-(a) in 1di9_ang -105.99~-98.53 44 4 10 36 

indole  2 in 1w84 34.91~36.12 13 13 13 13 

pyridine 5 in 1wbw 2.73~8.96 51 31 44 50 

pyridine 1-(a) in 1w7h_ang -32.16~-27.60 48 27 47 48 

pyridine 1 in 1w7h -21.40~-17.33 26 12 15 26 

BIRB-796 out 1kv2 151.26~160.95 492 180 299 415 

SB203580 out 3gcp 17.50~18.77 51 50 51 51 

pyridine 9 out 1w83 94.67~103.83 458 100 187 395 

pyrazolourea 1 out 3hv7 15.40~25.36 162 51 91 150 

urea 16 out 1w82 -32.33~-29.03 151 110 150 151 

CHEBI:679695-(a) out 3hv4_ang -17.62~-7.67 397 126 210 337 

CHEBI:679695 out 3hv4 -34.53~-24.83 371 62 171 309 

indole 24 out 1wbt 71.14~83.47 494 111 200 430 

pyridine 10 out 1wbn 25.37~34.75 228 22 63 179 

indole 23 out 1wbs 80.31~90.19 539 78 210 459 

pyrazolourea 1-(a) out 3hv7_ang 38.50~46.95 150 49 69 113 

pyrazolourea 1-(b) out 3hv7_ang 28.31~35.43 168 65 82 140 

pyrazolourea 1-(c) out 3hv6 122.80~132.78 447 40 112 287 

diaryl urea 1 out 1kv1 -4.14~2.17 92 39 57 91 

pyrazolourea 1-(d) out 3hv7_ang -3.95~2.13 73 33 47 72 

indole 22 out 1wbv 74.35~81.15 182 53 91 169 

pyrazolourea 1-(e) out 3hv7_ang 24.72~34.34 232 115 165 179 

 

Table S5-5: Ranges of calculated free energy of free ligand and the number of distinct 

conformations within 3RT, 5RT and 10RT, respectively. RT is approximated 0.6 

kcal/mol. 
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Figure S5-1: Scaffold of p38α inhibitors used in this study. 
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Figure S5-2: Convergence plots for cumulated free energy of selected ligands. 
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Figure S5-3: Example of modification of bond angle for diaryl urea 1 ligand. Since the 

GAFF force field only assigns equal bond angles that assum functional groups from each 

sites are symmetic (degrees shown in gray), angles from crystal structures were assigned 

as equilibrium positions (red dash line and numbers in black). 
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Figure S5-4: The phi and psi dihedral angle of Asp168. Our sampled conformations of 

apo DFG-out protein and the crystal structures of p38 complex were compared and 

plotted in this figure. The conformation with lowest energy has shown as red circle. 

Black circles represent conformations within 10 RT. Open triangles show the crystal 

structure taken from PDB 1w83, 3hv7, 1wbt, 1wbs, 3hv6, 1kv1, 1wbv and 3gcp. 
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Figure S5-5: The positions and motions of hydrophobic spine assembly and Lys53–

Glu71 salt bridge in DFG–in p38α. (a) Nonpolar spine residues are enlarged orange 

spheres, and Lys53 and Glu71 are blue spheres. (b) Low energy conformations within 

10RT of global energy minimum from computed DFG–in free p38α ensemble are shown 

as a bond. The red dashed lines indicate the Lys53–Glu71 salt bridge. 

 



264 

 

Figure S5-6: The flexibility of p38α and inhibitors in bound state. (A1) and (B1) indicate 

the sampled conformations with 10RT of DFG-in and DFG-out complexes, respectively. 

Two flexible residues, Met109 and Phe169, are labeled in blue. Inhibitor SB216995 and 

pyridine 9 are color in cyan, which bind respectively to DFG-in and DFG-out p38α. (A2) 

and (B2) show multiple conformations of the ligands and key residues found during 

search. 
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Figure S5-7: The stability of the hydrophobic cluster. (A1) A compound (green) stays in 

stable hydrophobic environment, composed of multiple nopolar residues (orange). (B1) 

and (B2) show key nonpolar residues in bound states taken from complex conformations 

with ligand BIRD-796 and pyridine 9, respectively. 
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Figure S5-8: Ligand binding modes of a template and analog in the p38α binding pocket. 

Ligand quinazolinone 2 and the residues interacting with the ligand are shown as colored 

bond in both (A) and (B). The sidechain conformations and analog quinazolinone 2-(a) is 

shown in thick line in (A). The protein residues sampled from free protein are shown as 

thick line in (B). 
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Chapter 6 Switches of Hydrogen Bonds during Ligand–Protein Association 

Processes Determine Binding Kinetics 

6.1 Introduction 

Drug-like compounds are mostly designed to include a number of polar atoms to enhance 

binding, and the polar functional groups also help ligand solubility [1-2] Traditionally, 

the design of hydrogen bonds (H-bonds) is driven by the idea of binders with better 

binding affinity and specificity to a target protein. Recently, an emerging paradigm 

considers both the thermodynamics and kinetics of drug actions in drug discovery [3-6]. 

For example, studies evaluating the binding kinetics of various inhibitors of human 

immunodeficiency virus type 1 protease (HIVp) found a strong relationship between the 

kinetic properties and inhibition of viral replication in cell culture [7]. If two ligands bind 

equally well to a target, the two rate constants kon and koff are typically associated (i.e., 

what binds faster leaves faster and vice versa). The formation and switching of H-bonds 

in transient states of ligand–protein associations play crucial roles in determining the 

binding kinetics [8]. Although H-bond networks have been studied in many biomolecular 

systems [2,9-10], this important interaction during ligand–protein binding is little 

understood. 

Studying binding pathways remains a daunting task, although recent advances in 

experimental techniques have provided more powerful tools to measure kon and koff. 

During ligand–protein associations, slower-than-nanosecond (ns) time scales limit 

atomistic exploration in computational work. Moreover, a binding site such as in HIVp 
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allows for accessing a ligand from various directions, and multiple equally preferred 

binding pathways may exist, so computational sampling is challenging. Although the 

ligand–receptor association can be complicated, the process could be simplified into three 

steps: 1) the free diffusion and collision of two unbound molecules, 2) the rearrangement 

of the solvent and solutes and formation of many metastable intermediates during the 

association and 3) the completion of binding in a stable bound complex [11]. The 

relatively fast encounter processes determined by the diffusion steps can be efficiently 

investigated by coarse-grained Brownian dynamics (CGBD) simulations [12]. Atomistic 

modeling is necessary to study the rate-determined steps, parts of the second step and the 

third step. 

To study factors governing ligand–protein binding pathways and their binding kinetics, 

we investigated the changes in H-bonds during ligand recognition processes. We studied 

HIVp, one of the major targets in AIDS treatment because of its essential function in viral 

replication [13]. Moreover, HIVp is a good model system for applying the fundamental 

knowledge to other protein systems for structure-based ligand design. From experimental 

studies, the structure of HIVp with a C2 axis of symmetry involves two glycine-rich β-

hairpins called flaps, which can behave as a gate to control ligand binding [14-15]. The 

flaps are believed to be partially closed (semi-open form) most of the time in the free 

state; however, all flaps show fully closed conformation in the ligand-bound state (Figure 

6-1(a)) [16]. HIVp has two major types of neutral inhibitors: cyclic urea inhibitors, with 

rapid association rates (e.g., ~10
9
 1/Ms for xk263), and peptidomimic drugs as slow 

HIVp binders (e.g., ~10
6
 1/Ms for ritonavir) (Figure 6-2). Both inhibitors bind tightly, 
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with binding affinities ~ -11 kcal/mol [17-18]. The binding kinetics can be critical 

differentiators and predictors of drug efficacy and safety. For example, the HIVp 

inhibitor darunavir, which is a very slow binder and has a long residence time (> 10 days), 

is an extremely potent inhibitor of viral replication, with high barriers to resistance [7]. In 

addition to thermodynamic equilibrium constants, kinetic properties can modulate drug 

activity, which may be considered in ligand optimization [4,19-21], so thoroughly 

understanding rules that govern binding kinetics may assist in design of inhibitors. 

The HIVp free protein and ligand-bound complex have been studied extensively by 

numerous simulation methods [22-27]. Because the flap region of HIVp is known to be 

highly flexible, several simulations have focused on the conformational changes of the 

two flaps in free HIVp [28-32]. Although semi-open conformations are the dominant 

form in unbound HIVp, the flaps can still present open and closed forms during MD 

simulations with both implicit and explicit solvent models [16,33].  However, in all 

ligand-bound states, the flaps are pulled down toward the active site to form a closed 

conformation [34-35]. One remarkable difference between the free and bound form is the 

orientation of flaps (called “handedness”). In all semi-open conformations, the flaps 

prefer to return to the semi-open handedness of the free protease, whereas the flaps of 

closed conformations show closed handedness in the bound state (Figure 6-1(b)) [34]. 

Notably, during the ligand association process, the conversion from a semi-open to a 

closed conformation is also accompanied by changes in flap handedness [16]. A solvation 

effect is commonly observed in the protein structure, whereby water molecules influence 

free protein dynamics and mediate ligand–protein binding [35-42]. For example, 
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molecular dynamics (MD) simulations suggest that the enzyme activity of HIVp can be 

affected by the two water molecules at the loop of the active site [40]. The water 

molecule Wat301 can bridge the binding between HIVp and ritonavir by four stable H-

bonds. The calculated binding free energy increases significantly if these H-bonds are 

missing [38]. 

Despite the inability to model ligand–HIVp association pathways with unbiased atomistic 

MD simulations, several studies have used a CG model to study diffusion steps in 

molecular binding and biased atomistic simulations to explore the ligand unbinding 

process [12,43-45]. For example, the steered MD simulations involved an external 

pulling force to accelerate the dissociation process, which suggests the crucial role of the 

strength of the H-bond network between the inhibitor and HIVp [46]. CGBD simulations 

showed that the ligand–protein interactions can alter the flap dynamics from slow to fast 

gating [12]. The interactions induced the flaps to open more frequently, although not 

sizably; the ligand xk263 may bind to HIVp without fully opened flaps [12]. However, 

the CG model inevitably misses atomistic details important to binding. Therefore, with 

knowledge obtained from the BD simulations, multiple all-atom MD simulations can be 

used for a full picture of an inhibitor bound to HIVp. In this work, by studying the 

association of HIVp and two inhibitors, xk263 and ritonavir, we focused on the exchange 

and transition of H-bonds that contributes fast or slow binding kinetics. 
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6.2 Methods 

6.2.1 Molecular systems 

To sample ligand-free conformation, we selected one free HIVp from the protein data 

bank (PDB) code 1HHP, with resolution 2.70 Å [15]. The structure of HIVp in complex 

with cyclic urea compound, xk263, was taken from PDB code 1HVR (resolution 1.80 Å) 

[47]. The initial coordinate of ritonavir complex was obtained from PDB code 1HXW 

(resolution 1.80 Å) [48]. 

6.2.2 Coarse-grained model 

Here, we used CG models first developed by Tozzini and McCammon to represent HIVp 

[43,49]. The model was further accelerated for simulations, where we fixed 108 beads 

distant from the highly mobile flaps of HIVp [12]. In this CG model, a single interaction 

center, placed on the Cα position, was used to represent each amino acid [50-52]. For the 

5 charged amino acids, appropriate formal charges were assigned. The detailed procedure 

for the coarse graining from a collection of PDB files and the all-atom representations to 

the one-bead representation were previously described [29]. The two ligands, xk263 and 

ritonavir, were represented by 5 and 6 beads, respectively. The ligands were manually 

parameterized with interaction centers on the various functional groups in each structure 

(Figure S6-1). The net charge of each ligand was zero, but partial charges were applied to 

each bead (Table S6-1). The parameters of the two ligands are shown in Text S6-1 and 

S6-2. 
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The coarse-grained potential energy function is defined as: 

𝑈 =  𝑈𝑏𝑜𝑛𝑑 + 𝑈𝑎𝑛𝑔𝑙𝑒 + 𝑈𝑑𝑖𝑒𝑙 + 𝑈𝑒𝑙𝑒𝑐 + 𝑈𝑣𝑑𝑤
𝑖𝑛𝑡𝑟𝑎 + 𝑈𝑣𝑑𝑤

𝑖𝑛𝑡𝑒𝑟                                         eq. 6-1 

When one of a pair of beads was fixed, the force between the pair was applied only on 

the flexible bead to avoid a possible collision. Although no detailed solvent model was 

used, a distance-dependent dielectric constant (ε=4rij) was used for compensation to 

avoid unrealistic Coulombic interactions. 

6.2.3 Brownian dynamics and clustering CGBD trajectories 

The BD simulations with the CG model can efficiently sample the association process of 

protein–ligand binding. We used modified in-house UHBD codes [12,53]. The typical 

simulation length for each run was set at 30 μs because more than 99.5% of runs showed 

binding within this time. However, we also performed a few test runs that allowed the 

CGBD to run longer than 100 μs. The time step was 50 fs for all runs and the trajectory 

was saved every 1 ns. The viscosity of water η was set to 1 cp, which corresponds to a 

water temperature of 293 K. The total system is spherical, with a radius of 160 Å, which 

is defined by the center of mass of the HIVp. The criterion for initiating a CGBD run was 

previously described [12]. This 160 Å–radius sphere represents the volume necessary to 

obtain a single ligand concentration of 100 μM, which corresponds to experimental 

concentrations used for comparison. We started CGBD simulations with the initial 

structure of the HIVp at the center of the sphere, and the ligand was randomly placed on 

the surface 160 Å away from the centered protein with different positions and 
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orientations. A CGBD run was terminated when 1) the ligand diffused within 11 Å of the 

binding site, and 2) the HIVp conformation was in closed form. The first and second 

criteria were defined by the distance between the ligand and D25 and the distance 

between the tips of each flap, respectively. We collected about 300 CGBD trajectories, 

and considered the last 300 ns before successful binding for clustering (Figure S6-1C). 

More than 26 representative complex conformations from the clusters were selected for 

molecular docking. Instead of remapping the CG model to atomistic details, we selected 

similar protein conformations from our atomistic MD for free HIVp (see next paragraph) 

to represent selected HIVp conformations from CGBD simulations. For each HIVp 

conformation, we used AutoDock 1.5.4 to perform multiple molecular docking, placing 

the ligand into a docking box centered on the CG ligand to construct initial all-atom 

conformations (see examples in Figure S6-2) [54]. 

6.2.4 Computational details for MD simulations 

To study the protein dynamics in the free and final bound states, we performed MD 

simulations on free HIVp (PDB code 1HHP) and two bound proteins (PDB code 1HVR 

and 1HXW) [15,47-48]. To model detailed ligand binding processes, 8 and 16 different 

initial conformations for the xk263 and ritonavir complexes, respectively, were used for 

starting MD simulations with different random number seeds. We performed 79 total 

production runs with more than 2000 ns simulation times in total with both implicit and 

explicit solvent models. 
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6.2.4.1 Choosing initial conformations for MD simulations 

After analyzing CGBD trajectories, we clustered the HIVp conformations and the ligand 

orientations to choose 26 snapshots for preparing all-atom MD simulations. We sampled 

free HIVp and selected the structures from MD snapshots that were similar to the 

conformations generated by CGBD simulation to perform docking. Notably, our MD 

simulations for the free HIVp sampled multiple flap conformations, including fully open 

structures, as reported by existing publications. From analyzed CGBD trajectories (Figure 

S6-1), we docked the two ligands, xk263 and ritonavir, near the binding surface of HIVp 

as an MD initial structure. Then, we performed MD simulations with both implicit and 

explicit solvent models to simulate binding intermediates and produce the final complex 

in a second and third step (Figure 6-3). 

6.2.4.2 Implicit-solvent MD simulations 

We used the standard simulation package, Amber10, with Amber force field 99SB for 

protein [55-57]. The force-field parameters for ligands were assigned by using the 

antechamber tool with the general Amber force field (GAFF) [58-60]. Before the MD 

started, we carefully minimized and equilibrated the system to gradually relax the 

molecule. The hydrogen atoms, sidechain and the whole HIVp were minimized for 500, 

5000 and 5000 steps, respectively. We then equilibrated the system for 10 ps at the 

temperatures 50, 100, 150, 200, 250 and 300 K. We used the sander program to run 

classical MD simulations and applied the modified generalize Born (GB) model 

developed by Onufriev A. et al. to simulate water effect (set igb=2 in the sander program) 
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[61]. Within this model, the effective Born radii are re-scaled to account for the 

interstitial spaces between atom spheres. Finally, we analyzed trajectories saved every 10 

ps from the MD simulations with implicit solvent. 

6.2.4.3 Explicit-solvent accelerated MD (aMD) simulations 

For the samples of explicit water, after a rectangular box of 12 Å TIP3P water model was 

solvated by the tleap program in the Amber 10 package, we placed the counterions of Na
+
 

or Cl
-
 based on the Coulombic potential to keep the whole system neutral [55]. Another 

minimization of water and the whole system was performed for 1000 and 5000 steps, 

respectively. We turned on particle mesh Ewald to consider long-range electrostatic 

interactions [62]. Then, the system was heated gradually by equilibrium temperature from 

50, 100, 150, 200, 250 to 300 K. For each temperature, we performed 10-ps traditional 

MD simulations for system preparation. The resulting trajectories were collected every 1 

ps with a time step of 2 fs in the isothermic-isobaric (NPT) ensemble. The Langevin 

thermostat with a damping constant of 2 ps
-1

 was applied to maintain a temperature of 

300K, and the SHAKE algorithm to constrain hydrogen atoms was used during MD 

simulations [63]. For the production runs, the NAMD program was used to turn on an 

accelerated function in explicit-solvent MD to speed up the simulations [64]. The aMD 

method modifies the potential energy landscape by raising energy wells which are below 

a certain threshold level, without effect for those above the level. Therefore, barriers 

separating adjacent energy basins are reduced, which allows the system to sample more 

conformations that cannot be easily accessed in a classical MD simulation [65-66]. 
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Finally, we analyzed trajectories saved every 100 ps from accelerated explicit-solvent 

MD simulations. 

6.2.5 Post-MD analysis and interaction energy calculations 

The root-mean-square deviation (RMSD) and molecular mechanics (MM) energy of 

electrostatic and van der Waals term were calculated by use of the VMD program [67]. 

The H-bonds were analyzed by use of the PyPAT program. An H-bond was defined when 

the distance between a donor (D) and an acceptor (A) was < 3.5 Å and the angle H-D•••A 

was < 60°. 

To quantify the thermodynamics information for the ligand-HIVp interactions, we used 

the Molecular Mechanics/Poisson-Boltzmann Surface Area (MM-PBSA)-type post 

processing method to compute ligand–protein inter-molecular energy without strain 

entropy based on the MD structure ensemble [68-75]. The total energy (Etot) can be 

decomposed into two terms: potential energy (U) and solvation free energy (W). The 

potential energy can be further divided into valance (bond, angle and dihedral) (Uv), van 

der Waals (Uvdw) and Coulombic (UCoul) energy; also, the solvation term includes the 

polar contribution evaluated by the Poisson-Boltzmann equation (WPB) and the non-polar 

term by cavity/surface area energy (Wnp). The change in interaction energy was 

calculated as ΔEtot = ΔUv + ΔUvdw + ΔUCoul + ΔWPB + ΔWnp. 
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6.3 Results and discussion 

6.3.1 Overview of multi-scale simulations to study the ligand-protein binding process 

The formation of ligand-protein complexes is long and involves multiple steps. In this 

study, we combined CGBD and MD simulations to investigate ligand binding pathways. 

The BD simulations with a CG model sampled the diffusional steps of association, with a 

ligand beginning to travel in a sphere 160 Å away from HIVp. Our CGBD simulations 

showed that a ligand could come from many different directions when approaching HIVp, 

with six temporary stops on the HIVp surface where the ligands tended to stay longer 

(Figure 6-4). Notably, one of the preferred temporary stops, site #2, shown in our CGBD 

simulations was suggested by previous experiments as a possible ligand binding pocket 

for drug design [76]. Although the CG model cannot reveal all details, the simulations 

provide an overall idea of the binding pathway and guide further atomistic studies. 

After analyzing CGBD trajectories to cluster the HIVp conformations and the ligand 

positions or orientation, we selected 26 snapshots to prepare unbiased all-atom MD 

simulations. Representative conformations chosen from the CGBD simulations for 

further atomistic MD studies avoided biases that may be introduced by manually placing 

a ligand on a HIVp surface to initiate an MD simulation. For the initial MD coordinate of 

the protein, instead of directly applying conformation from the CGBD simulations, we 

sampled free HIVp conformations by MD simulation using an initial conformation from a 

crystal structure (PDB code 1HHP).  We then selected the HIVp conformations from MD 

snapshots that were similar to those from the CGBD simulations to further dock the 
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ligands. After docking, we started MD simulations of HIVp-ligand systems with different 

random number seeds or different ligand orientations. The MD trajectories show that the 

ligands were trapped in the similar locations suggested by the CGBD simulations (Figure 

6-4), which validate that the CG model can successfully model the diffusion step. 

Because our MD simulations were much shorter than the CGBD simulations (30-100 µs), 

in several MD runs, the ligands stayed in one of the spots shown in Figure 6-4 until the 

end of the MD simulation. 

In MD simulations, commonly, a ligand is temporarily trapped in a local energy 

minimum. In our MD work, the ligand stayed near the binding site in more than 70 

production runs without moving forward. As a result, we continued only the runs 

showing movement of the ligands for a further 4~310 ns simulation. Of note, in MD 

simulations, sometimes the ligands approached the binding cavity of HIVp but did not 

enter the binding site successfully. When binding was unsuccessful, we removed these 

trajectories from the analysis. In implicit-solvent MD simulations, both xk263 and 

ritonavir could successfully move into the active site and form the key contacts with 

HIVp as shown in the bound complex reported by crystal structures [47] or the bound 

conformations sampled by our MD simulations started by crystal structure. The 

simulation lengths of xk263 and ritonavir to reach the binding site were about 1 and 5-6 

ns, respectively. The RMSD of the ligand and flaps decreased and finally reached a 

plateau (Figure 6-5(i) and 6-6(i)). However, in MD simulations in explicit solvent, only 

xk263 could successfully reach the final bound state, but ritonavir stayed in local energy 

minima. Experimental measurements showed that the association rate constant of 
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ritonavir was a thousand times slower than that of xk263. As a result, not unsurprisingly, 

successful binding of ritonavir to HIVp may involve a time scale of hundreds of 

microseconds. Our simulations showed that the rate-limiting step was the final 

arrangement of the bridge water to optimize interactions between HIVp and ritonavir. 

Without constructing the four H-bonds -- two between the bridge water and ritonavir and 

two between the water and HIVp -- the bound complex was unstable and ritonavir kept 

fluctuating even in the binding site. 

To explore the formation of the final ligand-HIVp bound complex more thoroughly and 

efficiently, we selected a few ligand-bound conformations from our implicit-solvent MD 

sampling, solvated by water molecules, and ran MD simulations in the explicit-solvent 

model. To speed up the simulation, we turned on the accelerated function of MD 

simulations; however, one key H-bond between I50 and the bridge water was still 

missing (Figure 6-7). Future inspection of water molecules mediating interactions 

between HIVp and a ligand may bring more insights into the binding processes. 

The dynamics of the flaps are of great interest in understanding ligand recognition to 

HIVp.  Experimental and computational studies have shown that the flaps adopt a semi-

open conformation in all ligand-free states, whereas in the ligand-bound complex, the 

flaps move toward the active site to form a fully closed conformation [34-35,77]. 

Moreover, the arrangement of the flaps (handedness) features two distinct conformations: 

semi-open and closed [78]. We hypothesized that during ligand binding, HIVp may 

experience transitions from a semi-open to a more wide-open conformation and finish 
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with a closed conformation. Previous MD studies suggested that the flaps pre-exist in 

both semi-open and closed handedness in the free HIVp, with greater proportion of semi-

open handedness [16,78-79]. Our MD simulations for free HIVp also showed similar 

movements in the flap motions suggested by previous studies. Starting the simulations 

from fully closed forms, HIVp opened up the flaps and switched to semi-open 

conformations when a ligand was not present; we observed both handedness 

arrangements in our MD runs (Figure S6-3). Because we found that the flaps can show 

both semi-open and closed conformation, we focused on investigating H-bond switches 

when a ligand approaches HIVp with a closed-handedness flap conformation. 

6.3.2 H-bonds switch for xk263 when binding to HIVp 

In the most rapid binding process modeled by our implicit-solvent MD simulations, the 

cyclic urea drug xk263 could successfully enter the binding site within 1 ns. After brief 

arrangements, the ligand and protein formed transient complex conformations within 0.7 

to 0.9 ns (Figure 6-5(i)). The H-bond between the O1 atom of the ligand and the OD1 and 

OD2 atoms of aspartic acid 25, D25OD1/OD2, found in the final bound states, already 

appeared in the transient stages. Fluctuations in the tip distance and RMSD of the protein 

flaps revealed considerable conformational rearrangements of protein within 0.9 to 1.3 ns. 

The flexible flaps of HIVp serve as an open gate during most ligand binding processes. 

However, our MD simulations did not illustrate any flap opening when xk263 was 

entering. Because opening the gate is likely to slow the association processes, minimizing 

large-scale protein conformational changes may contribute to fast ligand binding 
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processes. Figure 6-5(ii) showed the formation and breakage of an inter-molecular H-

bond during the ligand binding process. Initially, xk263 was clamped between G51 and 

T179 by forming two H-bonds (O-G51N and O1-T179OG1) (Figure 6-5A). The 

electrostatic attractions drove xk263 to associate with HIVp and assisted further 

conformational arrangements in the binding cavity created by flaps and catalytic triads. 

The aromatic side-chain of xk263 then began to search for optimal van der Waals 

interactions with hydrophobic residues such as I50, P178 and V181 in the binding cavity 

(Figure 5B). After the final conformational adjustment (Figure 6-5C), the bound complex 

formed, and H-bonds of xk263 gradually switched to D25 and D124 (Figure 6-5D). In 

addition, the inter-flap H-bonds switched from I50N-I149O to I50O-G150N, which 

indicates the rearrangement of the flap tips. The interaction energy between HIVp and 

xk263 was coherent with the transition of the H-bond formations (Figure 6-5(iii)). 

Because the intermolecular H-bonds are directional, they guided the orientation of xk263. 

The directionality helped flanking bulky rings of the ligand to form van der Waals 

attractions with HIVp, thus resulting in a downhill plot for both polar and non-polar inter-

molecular attractions. We can describe the association process for xk263 as a single-step 

transition attributed to a straightforward transition with H-bond donors or acceptors of 

HIVp, which contributes to the fast binding kinetics of xk263. 

To ensure that the H-bond switches of xk263 were not a special case in only one MD run, 

we performed multiple implicit-solvent MD simulations with different initial ligand 

positions. Although the simulation lengths could take longer than 1 ns, several binding 

paths were obtained. A single-step H-bond transition, as in Figure 6-5(ii), could be re-
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observed in Figure S6-4(a), whereby H-bonds of O1 and O2 in the ligand switched from 

G126O to D124OD1/OD2. In most cases, although xk263 could successfully move to the 

binding pocket within a few nanoseconds, final adjustments took a longer time to 

approach the most stable bound state shown in the crystal structure. Nevertheless, we 

found H-bond switches during xk263 binding to HIVp in all our simulations, but motion 

and conformational fluctuation might differ between simulations. Figure 6-8 shows that 

H-bonds switched back and forth, which indicates that the complex may be in certain 

local equilibrium but did not reach to energy minima. For example, O2 of the ligand 

formed an H-bond with D124OD1 initially, switched to D25OD1, then interacted with 

D124OD1 again. A similar observation is shown in Figure S6-4(b). 

Accelerated explicit-solvent MD simulations were performed to demonstrate that the H-

bond switches were not an artifact of the GB model. As for MD performed with the 

implicit model, with explicit-solvent MD simulations, xk263 shifted H-bonds during the 

binding process and formed interactions with I59N and D25OD1/OD2 (Figure 6-9D). 

Approaching the pocket was not significantly slowed by explicit waters, and the ligand 

moved into the binding site within 15 ns. The binding process here was similar to the 

observation found with implicit-solvent MD simulations, in which xk263 was initially 

clamped by the H-bonds of the two residues G48 and R107 (Figure 6-9A) to drive xk263 

staying with HIVp. Guided by the H-bonds, the ring conformations of xk263 were re-

organized to optimize interactions with non-polar residues of HIVp (Figure 6-9B). 

However, the rings of xk263 did not reach the final bound state suggested by X-ray 

structures in another ~141-ns simulation in the binding site. 
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6.3.3 H-bonds switch for ritonavir when binding to HIVp 

In contrast to xk263, ritonavir displayed multi-step transitions and stepwise entering 

patterns because of the formation and breakage of more complex H-bond pairs during the 

process of binding to HIVp. Because of the positions of H-bond donors or acceptors in 

ritonavir, multiple different pairs of intermolecular H-bonds formed during binding, 

which resulted in several stable local energy minima. Once a set of H-bonds broke, 

ritonavir moved closer to the binding site, and another new set of H-bonds formed 

immediately to lead the ligand into another local energy minima. Figure 6-6(i) shows that 

the ligand position sharply dropped a few times in the binding pathway. The two major 

H-bond switches occurred at 1.5 and 3.5 ns (Figure 6-6(ii)). For example, the N atom of 

D128N interacted with the O atom of ritonavir in the beginning, D128N-O, and the H-

bond pair switched to D128N-O2 in the transient state and finally to D128N-O4 in the 

bound complex (see Figure 6-2 for atom labels). 

In addition to H-bond switches, HIVp flaps showed significant conformational changes. 

In our MD simulations, ritonavir first showed contacts with HIVp with closed flaps 

(Figure 6-6A). In the implicit-solvent MD simulations (Figure 6-6), ritonavir kept 

wandering around the entrance of the binding site to explore proper conformations for 

ligand association. In this binding pathway, ritonavir induced more pronounced changes 

of flap conformations as compared with xk263, which enlarged the cavity for the drug to 

access the binding site more easily. The first stable transient intermediate appeared at 

1.52 ns, with ritonavir clamped by two H-bonds between the drug and G147 and D128 
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(Figure 6-6B). Forming the two H-bonds could efficiently interrupt the hydrophobic 

interactions between two flaps. Thus, the first flap opening was observed from 1.4 to 1.5 

ns. While ritonavir was already inside the binding pocket with a closed flap conformation 

(Figure 6-6C), the drug induced another major conformational transition of flaps between 

3.2 to 4.5 ns. To accomplish a stable bound complex, the flaps needed to reopen to allow 

a sizable conformational rearrangement of ritonavir (Figure 6-6D). With the multiple-step 

transitions, including multiple H-bond switches and flap opening, the entering process for 

ritonavir was lengthened to longer than 5 to 6 ns in this most rapid sample among our 

atomistic MD simulations. Notably, ritonavir needed one bridge water molecule to 

stabilize the bound complex, and the implicit-solvent model did not capture this water 

explicitly. Therefore, even with the ligand already located in the final bound position, the 

polar solvation and intermolecular Columbic interactions were not as favorable as for 

xk263 (Figure 6-6(iii)). The energy calculations suggested the importance of an explicit 

water model for this system. 

In addition to the binding path shown in Figure 6-6, ritonavir consistently showed 

stepwise H-bond transitions in different binding pathways in multiple MD runs. However, 

most of our MD runs did not achieve the final bound complex shown in crystal structures, 

and the drug stayed in a few local stable conformations during the MD simulations. For 

example, two transitions occurred at about 1.5 and 3.5 ns (Figure 6-10) and ritonavir 

remained in a similar position after the second transition for longer than 20 ns. Figure S6-

5 shows the various intermediate states and H-bond fluctuation. The complicated 
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conformational transitions and H-bond formation or breakage contributed to the slow 

binding kinetics of ritonavir. 

We performed MD simulations in explicit solvent to illustrate H-bond switches while 

ritonavir was approaching HIVp, with different pairs of H-bonds, such as N1-G147O, O-

G147N, O2-G147O and O1-G147N to O1-G150O and O2-I149N (Figure 6-11) for a 

200-ns simulation. However, unlike simulations performed with the implicit-solvent 

model, the explicit solvent model revealed no highly stable H-bonds between ritonavir 

and HIVp anchoring the drug and bringing it into the binding pocket, as shown in Figure 

6A. The H-bond donors/acceptors also formed H-bonds with waters that competed with 

forming drug–HIVp intermolecular H-bonds, thus resulting in significantly more 

complex temporary H-bond networks. Different from xk263, for which the H-bond 

donors or acceptors locate in the central cycle urea ring, ritonavir had more and equally 

distributed H-bond donors or acceptors. Therefore, the complex H-bond networks, 

together with forming multiple H-bonds with the bridge water molecule, slowed 

processes for ritonavir to explore preferable routes for reaching the pocket of HIVp. More 

flexible ritonavir also needs to sample and rearrange more degrees of freedom to achieve 

the final stable bound states, which slows down the binding process as well. 

6.3.4 Switches between intermolecular and intramolecular H-bonds 

In addition to having intermolecular H-bonds, a ligand may also have intramolecular H-

bonds in charge of its folded or extended conformations (Figure 6-12). Xk263 has three 

H-bond donors or acceptors located in the central ring, for only one intramolecular H-
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bond between the O1 and O2 atoms during the binding process. The extended 

conformation of xk263 is the dominant form, which gives the polar atoms more chances 

to be exposed to solvent and interact with HIVp. In contrast, ritonavir has more H-bond 

donors or acceptors that distribute evenly throughout the molecule. At least six different 

intramolecular H-bond pairs appeared in ritonavir during the association, and these strong 

H-bonds also created folded and stable conformations. Ritonavir gradually changed the 

conformation to the extended form when reaching the final bound state to maximize both 

polar and non-polar attractions. During the slow conformational transitions, H-bonds 

switched between intramolecular and intermolecular pairs, and the entire process 

involved many local energy minima. Intramolecular H-bonds may govern ligand 

conformations, thus leading to a more or less pre-organized ligand conformation. 

Because altering conformations during binding can delay the association processes, a pre-

organized ligand can reduce the penalty of conformational free energy and promote 

binding kinetics. 

6.4 Conclusions 

In this work, we illustrate the importance of the position and distribution of H-bond 

donors or acceptors of a drug in binding kinetics. While van der Waals interactions may 

be the major attraction forces to stabilize the final bound complex, the directional H-

bonds play crucial roles in guiding the ligand orientation during the binding process. The 

work began with use of CGBD simulations, a lower-resolution but computing-resource-

efficient technique, to suggest possible binding pathways, which then guided further 
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studies with higher-resolution atomistic MD simulations with an implicit GB model and 

accelerated MD simulations with the explicit-solvent model. The binding site of HIVp 

can be approached by a stepwise switch of inter- and intramolecular H-bonds, and the 

switches can be more complicated in highly flexible ligands. Therefore, the binding 

kinetics can be optimized by proper design of locations of H-bond donors or acceptors in 

ligands. During binding processes, temporarily formed intermolecular H-bonds provide 

the directionality for a ligand to approach its protein target. The transient H-bonds locally 

anchor a ligand’s position, which helps with the conformational rearrangement of non-

polar functional groups in both the ligand and receptor. Although both ligands required 

further rearrangements in the binding site to reach the final bound state, ritonavir needed 

significantly longer simulation times to reach the binding pocket of HIVp in MD 

simulations, which suggests that the process contributes to remarkably different binding 

kinetics. In addition, we discuss protein conformational changes such as flap motions. 

We hope this study provides insights of ligand binding mechanism and further help 

design preferred-binding thermodynamics and kinetics. 
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Figure legends 

Figure 6-1: Structure of HIVp. (a) Red, green and blue indicate open, semi-open and 

closed flap conformation, respectively. (b) Two “handedness” forms of flaps: semi-open 

and closed. Residues 43-59 and 142-158 are in orange and pink, respectively. 

Figure 6-2: Energy sketch of association of xk263 and ritonavir with HIVp. Xk263 

has a one-step and smooth transition during the association, as detailed in Figure 5. 

Ritonavir shows more complicated multi-step transitions, as illustrated in Figure 6-6. H-

bond donors or acceptors are labeled (e.g., O, O1 and O2 in xk263). 

Figure 6-3: A schematic representation of the simulation procedure. 

Figure 6-4: The six temporary stops on the HIVp surface during ligand association 

in coarse-grained Brownian dynamics (CGBD) sampling. The red and blue dots are 

the trajectories of the ligand within 40 Å saved every 1 ns from ~300 runs. 

Figure 6-5: MD simulation with implicit-solvent model for xk263-HIVp association. 

(i) The root mean square distance (RMSD) compared to the final bound state and tip 

distance. (ii) H-bond pairs between the ligand and HIVp. (iii) Polar and non-polar 

interactions during the binding process. A, B, C and D represent the MD snapshots from 

0, 0.46, 0.88 and 3.97 ns, respectively. H-bond representations (e.g., O-G51N), indicate 

that an H-bond formed between the O atom of xk263 and the N atom of glycine 51 of 

HIVp. 

Figure 6-6: MD simulation with implicit-solvent model for ritonavir-HIVp 

association. See legends for Figure 6-5 for (i), (ii) and (iii). A, B, C, D and E represent 

the MD snapshot for 0, 1.51, 4.04, 5.46 and 9.50 ns, respectively.  
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Figure 6-7: Snapshot of ritonavir association from explicit-solvent MD simulation of 

300 ns. Red dashed lines indicate H-bond formed between ligand/I149 and a water 

molecule. One missing H-bond between I50 and water is shown as a blue dashed line.  

Figure 6-8: H-bond pair transition for HIVp and xk263 during implicit-solvent MD 

simulation. 

Figure 6-9: H-bond pair transition for HIVp and xk263 during explicit-solvent MD 

simulation. A, B, C and D represent the MD snapshot. 

Figure 6-10: H-bond pair transition for HIVp and ritonavir during implicit-solvent 

MD simulation. 

Figure 6-11: H-bond pair transition for HIVp and ritonavir during explicit-solvent 

MD simulation. A, B, C and D represent the MD snapshot. 

Figure 6-12: Intramolecular H-bonds in ritonavir. Folded and extended forms result in 

intramolecular H-bonds in MD simulations. H-bonds are labeled as a red dashed line. D-

H: donor, A: acceptor, and R: atoms in ritonavir. 
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Figures 

 

 

Figure 6-1: Structure of HIVp. 
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Figure 6-2: Energy sketch of association of xk263 and ritonavir with HIVp. 
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Figure 6-3: A schematic representation of the simulation procedure. 
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Figure 6-4: The six temporary stops on the HIVp surface during ligand association in 

coarse-grained Brownian dynamics (CGBD) sampling. 
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Figure 6-5: MD simulation with implicit-solvent model for xk263-HIVp association. 
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Figure 6-6: MD simulation with implicit-solvent model for ritonavir-HIVp association. 
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Figure 6-7: Snapshot of ritonavir association from explicit-solvent MD simulation of 300 

ns. 
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Figure 6-8: H-bond pair transition for HIVp and xk263 during implicit-solvent MD 

simulation. 
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Figure 6-9: H-bond pair transition for HIVp and xk263 during explicit-solvent MD 

simulation. 
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Figure 6-10: H-bond pair transition for HIVp and ritonavir during implicit-solvent MD 

simulation. 
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Figure 6-11: H-bond pair transition for HIVp and ritonavir during explicit-solvent MD 

simulation. 
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Figure 6-12: Intramolecular H-bonds in ritonavir. 
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Supporting information 

The parameters are based on conformations of the most stable free and bound ligand 

structures. Brief atomistic MD simulations were carried out in order to approximate the 

size and flexibility of a ligand. The simulations were carried out using the in-house and 

highly modified UHBD program, and the codes and parameters are freely available upon 

request. 

The bonded interactions consist of bond, angle, and dihedral interactions: 

𝑈𝑏𝑜𝑛𝑑 =   𝑘𝑏(𝑏 − 𝑏0)2                                                                                           eq. S6-1 

𝑈𝑑𝑖𝑒 =   𝑘𝜙(𝜙 − 𝜙0)2                                                                                           eq.S6-2 

The non-bonded interactions are intra- and intermolecular van der Waals and Coulombic 

interaction: 

𝑈𝑣𝑑𝑤
𝑖𝑛𝑡𝑒𝑟 = 0.5 [ 

𝑟𝑖+𝑟𝑗

𝑟𝑖𝑗
 

8

− 1.5(
𝑟𝑖+𝑟𝑗

𝑟𝑖𝑗
)6]                                                                       eq.S6-3 

𝑈𝑒𝑙𝑒𝑐 =  
𝑞𝑖𝑞𝑗

휀𝑟𝑖𝑗
                                                                                                              eq. S6-4 
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Text S6-1: The topology file of xk63 in CGBD simulation. 

 

     Bead       Mass        Charge     Size r  
________________________________________________________________________________________________________________________________________________________________________________________________________________________ 

    1           12.01100    0.10614   3.00000    

    2           12.01100   -0.00471   3.00000    

    3           12.01100   -0.00471   3.00000    

    4           12.01100    0.10614   3.00000    

5           12.01100   -0.20286   3.00000    

 

   Bond    Force const. kb   Equ. Distance b0     
________________________________________________________________________________________________________________________________________________________________________________________________________________________            

    1     2         70.000           5.30000        

    1     3         70.000           8.40000         

    1     4         70.000         12.25000         

    2     3         70.000           7.24000        

    2     4         70.000           8.10000        

    3     4         70.000           6.23000        

    1     5         70.000           6.14000         

    2     5         70.000           3.68000         

    3     5         70.000           3.69000         

4     5         70.000           6.26000         

 

          Dihedral         Force const. kϕ                             Equ. Position ϕ0    
________________________________________________________________________________________________________________________________________________________________________________________________________________________ 

    4     3     2     1              5.000                                       -3.110000             
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Text S6-2: The topology file of ritonavir in CGBD simulation. 

 

     Bead       Mass        Charge      Size r 
________________________________________________________________________________________________________________________________________________________________________________________________________________________                

    1            12.01100   -0.05000    3.00000    

    2            12.01100    0.18000    3.00000    

    3            12.01100   -0.06000    3.00000    

    4            12.01100    0.01000    3.00000    

    5            12.01100    0.01000    3.00000    

6            12.01100   -0.09000    3.00000    

 

   Bond    Force const . kb      Equ. Distance b0          
________________________________________________________________________________________________________________________________________________________________________________________________________________________ 

    1     2         70.000           5.94000                 

    1     3         70.000         10.06000                  

    1     4         70.000           6.22000                  

    1     5         70.000           7.47000                  

    1     6         70.000         13.04000                  

    2     3         70.000           5.04000                  

    2     4         70.000           3.87000                  

    2     5         70.000           5.13000                  

    2     6         70.000           9.47000                  

    3     4         70.000           7.48000                  

    3     5         70.000           4.59000                  

    3     6         70.000           5.87000                  

    4     5         70.000           8.21000                  

    4     6         70.000         12.74000                  

5     6         70.000           5.61000                  

 

          Dihedral         Force const kϕ     Equ. Position ϕ0     
________________________________________________________________________________________________________________________________________________________________________________________________________________________             

    1     2     3     6           5.000               -1.130000                 

    4     2     3     5           5.000               -2.180000                 
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bead 1 2 3 4 5 6 
       

xk263 

 

0.106 -0.005 -0.005 0.106 -0.203  

ritonavir 

 

-0.05 0.18 -0.06 0.01 0.01 -0.09 

 

Table S6-1: The partial charges of each bead in coarse-grained model of the ligands. We 

computed the partial charges for all atom ligand using the Verachem charge and then 

summed the atoms that belong to the same bead to assign the charge of a bead. Charge unit is 

Coulomb. 

 



318 

 

To obtain proper statistics for the initial encounter process, we ran a few thousands of 

CGBD simulations. We then analyzed and clustered the trajectories based on the root 

mean square deviation (RMSD) of ligand positions when the ligand was entering the 

binding site. Note that sometimes a ligand might move near the binding site but then 

diffused away.  This type of trajectory was not considered since this ligand position did 

not result in an entering process. We then selected conformations that covered at least 50% 

of the total population of entering poses. As illustrated in Figures S6-1C, 6 ligand 

positions from CGBD runs were used to place our docking box to dock an all-atom 

ligand to prepare initial conformations for the atomistic MD simulation for HIVp and its 

ligands, xk263 and ritonavir. 

Figure S6-1: Diffusion association model with CGBD simulations. (A) HIVp was 

centered in the spherical system of radius 160 Å, which is equivalent to a ligand 

concentration of 100 µM in experiments. A CG drug, ritonavir (red), was diffusing within 

the sphere. (B) Blue dots represent the population distribution of an example ligand. (C) 

Snapshots taken before ritonavir entered the binding site. Each color represents different 

independent runs. The drug usually arrived at the HIVp surface first and then moved 

toward the binding site. 
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Figure S6-2: Initial conformation for all-atom MD simulations: ritonavir (left) and xk263 

(right) complex. 
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Figure S6-3: Sampled free HIVp conformations. MD simulations started from closed 

conformation with closed handedness (PDB ID: 1HXW and removed ligand) and finally 

returned back to semi-open flaps with semi-open handedness. Red and blue indicate two 

flaps, residue 43-59 and 142-158, respectively. 
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Figure S6-4: The two cases ((a) and (b)) of  H-bond pair transition in HIVp and xk263 

association during implicit MD simulations. 
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Figure S6-5: The two cases ((a) and (b)) of H-bond pair transition in HIVp and ritonavir 

association during implicit MD simulations. 
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Figure S6-6: The H-bond pair transition in HIVp and ritonavir association during explicit 

MD simulation. A, B, C and D represent the MD snapshot. 
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Chapter 7 Future Work of Pathway and Mechanism of Drug Binding to HIV-1 

Protease 

7.1 Motivation 

During ligand-protein associations, slower than nanosecond time-scales limit atomistic 

exploration by computational work. Therefore, I plan to use the Anton machine to obtain 

long continuous trajectories (up to microseconds) to study binding kinetics and the 

mechanisms. 

The proposed work aims to thoroughly understand drugs binding to our model system, 

the human immunodeficiency virus type 1 protease (HIVp). I will still focus on neutral 

inhibitors, a slow binder ritonavir and a fast binder xk263. Guided by results from coarse-

grained Brownian dynamics simulations, I applied molecular dynamics (MD) simulations 

to study a series of ligand recognition process. However, our preliminary results showed 

that the association of HIVp and drugs took significantly longer than nanosecond time 

scale, and I expect microsecond binding processes. Although nanosecond time scale MD 

simulations provide fragments of information of binding, a complete picture and 

understanding can only be achieved by obtaining long continuous trajectories for 

inhibitor-HIVp association pathways using the Anton machine. I anticipate revealing 

correlations between inhibitor structures and fluctuation of protein conformations during 

binding, why and when the final bound closed HIVp conformations are induced or 

sampled, and water rearrangement and the importance of bridge waters during the 

binding processes. The knowledge deepens our understanding in protein and drug 
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dynamics in non-covalent molecular recognition and binding kinetic behavior, and will 

assist the design of inhibitors with preferred binding kinetics. 

7.2 Preparing initial conformations 

I plan to start MD simulations using initial conformations prepared by placing a drug on 

the surface which is ~10 angstrom away from the HIVp surface. Because 10 Å away 

from the protein surface is close enough that two molecules already show some weak 

intermolecular interactions, instead of randomly placing the ligand on a surface, the 

initial ligand orientations and position will be selected based on analyzing trajectories 

from the coarse-grained Brownian dynamics simulations [1]. I will cluster the ligand 

positions and orientation, and select the most populated positions for preparing unbiased 

all-atom molecular dynamics (MD) simulations. The docking program, AutoDock, will 

be applied to place the ligands on the HIVp surface [2]. 

7.3 Simulation protocols 

The two protein-drug systems, HIVp-XK263 and HIVp-ritonavir contain ~32,200 and 

~36,000 atoms, respectively. For each MD run, the system has one protein, HIVp, one 

drug, waters, and standard ions. The GAFF force field from the Amber package will be 

used for the drugs [3-4]. 

The simulations will be carried out using unbiased standard MD runs in a constant NPT 

ensemble, and Nose-Hoover thermostats will be used. The system will be solvated in a 

rectangular box of 12 Å explicit TIP3P water model. I will also place the counterions of 
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Na
+
/Cl

-
 based on the Coulombic potential to keep the whole system neutral. The Amber 

99SB force field and the TIP3P water model will be applied [4-5]. A series of 

minimizations and equilibrations will be performed before starting production runs. I will 

carry out all production runs for the first 200 ns in our local GPU machine. The MD 

simulations of selected conformations will be further performed in the Anton machine to 

obtain 5-10 microseconds trajectories. 

7.4 MD analysis 

The resulting MD trajectories will also be analyzed by use of T-Analyst to study the 

configurational space of the system during binding to examine when important changes 

happen and why [6]. The changes of dihedral entropy during inhibitor binding will be 

examined as well. Using post-processing of MD simulations, such as the MM/PBSA 

energy calculations [7], I will use the energy differences between the conformations of 

the intermediate states and the free and final ligand-bound states to gain ideas for the 

changes of each energy component during binding. Because the potential energy 

calculations may fluctuate considerably, I may not be able to approximate related 

potential energy barriers, ∆∆E*, during binding for estimating differences in binding 

kinetics between the two ligands. However, the energy calculations still provide 

information for binding, particularly intermolecular interactions between the ligand and 

residues of interest. The free energy of a specific conformation can be calculated by the 

VM2 program [8]. Analyzing the role of important waters also provides insights into the 

connection between binding kinetics and the bridge water.  
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