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Chapter 1

Molecular Modeling Introduction

Molecular modeling is the science to study molecular structures, in-

teraction and functions through model building and computation. The mod-

els, which can be as simple as lattice models or as sophisticated as solving

Schrödinger wave equation, are applicable to study a wide variety of systems

from atom clusters, polymers to biomolecules such as protein and nucleic acids.

The principles can be either physics-based or knowledge-based, and the tech-

niques are ranging from high accurate to very approximate ones. Common

approaches include ab initio or semi-empirical quantum mechanics, empirical

molecular mechanics, molecular dynamics (MD) and Monte Carlo simulations,

free energy and solvation methods, structure activity relationships, chemical

or biochemical information and databases, as well as many other established

procedures. These modeling approaches have become very powerful tools to

provide insights complementary to current experimental techniques as an in-

dispensable partner, i.e. the refinement of experimental nuclear magnetic res-

onance (NMR) or X-ray crystallography data.
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1.1 Molecular modeling methods at different scales

It is largely accepted that one of the most revolutionary scientific

achievements in the history of humankind is the birth of quantum physics.

Quantum mechanical laws make it theoretically possible to study the behav-

ior of matter and energy at atomic scales. The birth of quantum physics is

attributed to Max Planck’s 1900 paper on blackbody radiation. In the mid-

1920’s, the emergence of the Schrödinger wave equation sets the stage for the

new physics. It is one of the fundamental equations of quantum mechanics

and describes the spatial and temporal behavior of matter. The wave func-

tion describes a wave of probability, the square of whose amplitude is equal

to the probability of finding a particle at a certain position. The electronic

structure of a given system can be described by the wave function Ψ that can

be acquired by solving the Schrödinger equation:

HΨ = εΨ (1.1)

where H is the Hamiltonian operator for the system, ε is the total electronic

energy of the system and Ψ is the wavefunction. Considering the essential

features in a molecule, the Hamiltonian for this system in its simplest form

can be written as

H(R1,R2,R3, ...r1, r2, r3...) =

N
∑

n=1

−~
2∇2

n

2Mn
+

1

2

N
∑

n,m=1,n 6=m

ZnZme
2

|Rn −Rm|
,

+
M
∑

i=1

−~
2∇2

i

2m
−

N
∑

n=1

M
∑

i=1

Zne
2

|Rn − rj|
+

1

2

M
∑

i,j=1,i 6=j

e2

|ri − rj|

(1.2)
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M is the mass of the nucleon, ∇2 is the Laplacian operator, ~ is the reduced

Planck constant, m is the mass of the electron.

Several successful approximations have been made in order to solve the

problem, most of which aimed at removing as many “irrelevant” degrees of

freedom from the system as possible. The most fundamental approximation

which renders the problem more tractable is Born-Oppenheimer approxima-

tion [1]. With many other rational assumptions and approximations and in

the aid of explosive growth of computer power, it is now possible to apply

quantum mechanical method to biomolecular systems with hundreds or even

thousands of atoms. Semi-empirical methods have been applied to protein and

DNA systems of up to 10,000 atoms [2,3], and ab initio approaches have been

applied to systems of fewer than 1000 atoms [4, 5].

However, when investigating larger systems like polymers or biomolecules

such as proteins, nucleic acids, lipids and membranes, it is not yet feasible to di-

rectly perform quantum mechanical electronic structure calculations. To date,

most practical biomolecular simulations use an alternative approach known

as molecular mechanics. In molecular mechanics, a molecule is considered as

a collection of masses centered at the nuclei (atoms) connected by springs

(bonds); when experiencing any inter- or intramolecular forces, the molecule

stretches, bends and rotates with respect to those bonds. This classical me-

chanical description involves the construction of a potential energy as a func-

tion of atomic positions and geometries. The set of classical functional forms

and parameters to represent the potential energy is often referred to as the

3



“force field”. Most force fields are derived from the fundamental principles

of intermolecular forces, which are usually obtained from both experimental

work and high-level quantum-mechanical theories.

The field of molecular modeling is actually developing at a rapid rate

that is still accelerating since the early 1970’s [6–10]. Over the past 30

years, a great number of empirical molecular mechanics force fields have been

developed and widely used for biological systems, including AMBER [11],

CHARMM [12], GROMOS [13], OPLS [14], and among others. Currently

most common force fields use similar, simple potential energy functional forms,

in which, for example, bond stretching and angle bending are represented

by harmonic terms, electrostatic contributions are included through pairwise

Coulomb interactions of atomic partial charges, and dispersion-exchange repul-

sion is incorporated by a simple (mostly 12-6 variety) Lennard-Jones function.

Such functional forms have been invaluably successful in dynamics simulations,

which serve as the cornerstones for studying miscellaneous biological systems.

These force fields have been extensively developed and reviewed and there are

many great references available to explore [15, 16].

With the help of “force field” that expresses the energy of the system

as a function of its coordinates, we can simulate the molecular motion for our

interested system by solving Newton’s equations of motion. Such simulation

usually start with all atoms given a random velocity and direction of motion

drawn from a distribution at certain temperatures. The first biomolecular MD

simulation was done by McCammon in 1977 [10]. Since then it has been widely

4



used to study proteins and nucleic acids to solve biological problems.

Monte Carlo methods can be used in molecular simulations to gener-

ate efficiently conformational ensembles that obey Boltzmann statistics, that

is, the probability of a configuration X with energy E(X) is proportional of

exp(−E(X)/KbT ). From such ensembles, different geometric and energetic

quantities can be estimated. The merits of MC and MD for biomolecules

are different. The limits of MD for simulating slow molecular events are

clearly recognized, as is its high computational cost, but only MD can ulti-

mately yield detailed dynamic information such as the rates of conformational

changes. Sometimes a combination of MC, MD may be more effective for sol-

vated biomolecular systems than either MC or MD alone. The computational

simulation represents exciting interface between theory and experiments, and

it is applicable in many diverse areas, such as NMR or X-ray structure refine-

ment, protein structure prediction, protein-ligand binding, enzyme-reaction

mechanisms, protein folding, drug design and protein engineering, to name

several examples.

1.2 Practical applications

Although molecular modeling may represent a highly-simplified pic-

ture of complex cellular environment, the goal is always to develop and apply

models that are appropriate to address the biological questions. Modeling

approaches are filling in many gaps between experiments and will ultimately

make testable predictions. Currently computational techniques are steadily

5



establishing in a wide ranges of areas, such as obtaining the equilibrium struc-

ture of biopolymers, unraveling the mystery of protein folding or misfolding

mechanism, understanding biomolecular aggregation, facilitating drug design

by virtual screening millions of database compounds. Among these applica-

tions, computer-aided drug design is of great interest.

Introducing new therapeutic solutions and discovering new drugs are

expensive and time-consuming processes. On average a typical drug discovery

cycle, from lead identification through to clinical trials, takes 15 years with the

cost of $880 millions. As modern drug discovery mainly replies on screening

large libraries in short time periods, computational approaches are beginning

to transform the way drugs are developed, from the earliest stage of drug

candidate screening to lead optimization etc. These processes facilitate the

design and discovery of those new therapeutic solutions. One example of

drug successes based on molecular modeling is leukemia treatment imatinib

(“Glivec”/Novartis) [17]. It is the key for computer aided drug design to

accurately and efficiently capture the binding strength of small molecules that

interact with specific targets such as receptors and enzymes.

1.3 Computational methods to predict protein-ligand
binding affinity

Specific binding is of central importance in many biological functions

and systems such as enzyme catalysis and intracellular signalling. The binding

is stabilized by the combination of electrostatic interactions i.e. hydrogen

6



bonds and salt-bridges, and other short-range interactions such as van der

Waals and hydrophobic forces. From novel solvent and electrostatic models to

efficient computational algorithms, considerable efforts have been developed

to calculate the protein-ligand binding free energy and capture the binding

strength. This area has been actively researched and it has been the subject

of regular reviews [18–21].

Molecular docking computationally screens large databases of small

molecules against the binding site of a defined protein structure, based on a

physical or knowledge-based scoring function [22–25]. Docking is usually fast,

which makes it possible to screen many large libraries for pharmaceutical lead

identification. However, this method is incapable of predicting binding affinity

or rank-order compounds accurately since it trades off physical accuracy for

speed. In docking the “scoring” functions are based on much approximated

free energy terms that are intrinsically inaccurate.

Implicit MM-PB/SA or MM-GB/SA methods [26, 27] are more phys-

ically rigorous than docking. The acronym stands for molecular mechanics

with Poisson-Boltzmann (or Generalized Born) and surface area. Many re-

cent studies show that free energy calculations performed with MM-PBSA or

MM-GBSA protocol are capable of recapturing experimentally known bind-

ing affinities [28–34]. Since each energetic contribution to binding would be

decomposed during calculation, these methods can offer a more clear interpre-

tation to the factors affecting binding [27, 31, 33]. Additionally, a remarkable

strength of MM-PBSA and MM-GBSA is that they can be conveniently ap-

7



plied in rescoring scheme to re-evaluate crude scoring docking results, since

they are substantially more sophisticated than simple docking scoring func-

tion [35,36]. For the purpose of rescuing false negatives, Jacobson and cowork-

ers have conducted experimental binding test on a total of 33 molecules, which

are highly ranked by MM-GBSA but poorly ranked by docking; among these,

23 molecules are actually observed to bind in the experiments [37–39].

Alternative end-point free energy calculations include linear response

analysis (LRA) [40] and linear interaction energy (LIE) [41], where only the

ligand-bound and unbound states are simulated. LIE relies on the electro-

static linear response approximation to predict the polar contribution and an

empirical scaling of the intermolecular vdW energies to calculate the nonpo-

lar contribution to the binding free energy. Recent calculations using LIE in

a number of biomolecular systems, such as the codon-anticodon recognition

and blockers-potassium ion channel binding [42, 43], are within a reasonable

agreement with experimental measurement. However, these approaches can-

not rigorously provide a reliable description of the energetics for the binding

complex; in some cases, additional experimental binding data are required

before the calculation.

Mining minima method estimates the configuration integral of a molecule

directly by enumerating the contribution of the local minima states [44]. Ap-

plying this technique to several host-guest [45, 46] and protein-ligand sys-

tems [47], Gilson and coworkers have reproduced key experimental binding

affinities, and the correlated the change of configurational entropy with con-
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figurational energy. This is especially useful for systems in which the configu-

ration integrals are dominated by low-energy states.

Explicit treatment to water molecules provides more realistic descrip-

tion of biological environment. Specific details such as the flexibility in the

complex, localized water effect and entropy losses that occur during binding

can be accounted for in the explicit-solvent simulations. Combined with ex-

plicit solvent simulations, rigorous free-energy calculation approaches such as

Double-Decoupling and Potential of Mean Force (PMF) have been frequently

used to calculate the free energy difference between molecules with small frag-

ment mutation. Using a double annihilation method, Fujitani et al. has ob-

tained an excellent linear fit between the calculated and experimental absolute

binding energies of eight ligands to FKBP protein . Using the PMF approach,

the binding free energies of a charged peptide binding to the SH2 domain were

calculated [48, 49]. Similarly, a simulation that combines a grand canonical

Monte Carlo (GCMC) with MD was successfully performed to compute the

binding free energy of camphor to a buried pocket of cytochrome P450 [50]. It

should be emphasized that the effect of induced electronic polarizability needs

to be considered in order to achieve more reliable and accurate results.

Despite the progress made, the challenge remains that a more accu-

rate but efficient method should be developed to quantify the electrostatic

contributions and solvation effects to the overall binding free energy. This

might eventually become a major quantitative tool in drug design and lead

optimization [51].
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1.4 Computational challenges and improvement

Despite the fact that more than a few drugs have already been de-

veloped in human therapy which resulted from rational drug design, de novo

design in silico is still very challenging in many respects. Among them, the in-

ability to predict protein-ligand binding interactions accurately and efficiently

is the bottleneck. Improving force field and potential energy function, coupled

with enhanced efficient sampling techniques, are keys to solve the computa-

tional challenges in computer aided drug discovery.

Classical force fields have played an important part for studying mis-

cellaneous biological systems in diverse areas with great success [15,16]. More

recently, considerable effort has been taken to further fine-tuning the classical

force fields to improve their accuracy. However, simple coulomb treatment

among static atomic charges cannot fully capture electrostatic interactions

such as many-body effects, which intrinsically limits the performance and ham-

pers significant further development of such models. The first main limitation

is that most current generation force fields employ a point charge on each atom

to represent the electrostatic interactions, which is inadequate to capture the

full electrostatic properties of a molecule. Williams [52] and others [53] have

shown that higher order moments are necessary to achieve chemical accuracy

(about 1 kcal/mol) in representing electrostatic potentials near the molecule.

In other cases such as benzene molecule, it is not possible to represent its

p-electron clouds using atomic charges only. Second, in reality, molecules do

not consist of arrays of fixed point charges; when an external electrostatic field
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applied, the electrons and nucleus will rearrange themselves until the interac-

tion energy is a minimum. Such electron redistribution in a molecule can be

altered to a significant extent, i.e. the non-additive induction could account

for 10-20% of the total interaction energy at the vdW minimum [54]. Protein-

ligand binding, for example, is such a typical process where both molecules

may experience significant changes in the environment. One must take explicit

polarization effects into account in order to faithfully and accurately model the

underlying physics. However, generally most biomolecular force fields use fixed

partial charges on the atoms or interaction sites, which do not consider the

dynamic electronic response to the local environment change explicitly.

There is increasing effort to develop force fields that explicitly treat the

electronic polarization effect. To date, different methods exist to incorporate

the polarization effect into the molecular mechanics framework, by means of in-

duced dipole [55,56], fluctuating charge [57,58] or Drude oscillator [59,60] etc.

The latter two are easier to implement within the existing fix-charge force field

framework while the induced dipole approach is a natural choice for models

based on atomic multipoles. Detailed discussion and comparison of the differ-

ent treatment of polarization can be found in the recent reviews [15, 16, 61].

Here we mainly focus on AMOEBA (atomic multipole optimized energetics for

biomolecular applications) polarizable field, which include both the induced

dipole scheme and an atomic multipoles representation, up to quadrupoles, to

characterize the electrostatic interactions [62,63]. These two main features, in

principle, enables AMOEBA to provide more realistic representation of elec-
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trostatic interactions and better transferability of the parameters, which can

stand the verification against a wide range of molecular systems in differ-

ent environment, from small molecules to macromolecules, from gas-phase to

condense-phase properties.

1.4.1 AMOEBA polarizable force field

The interactions among atoms as in an AMOEBA potential function

are expressed as the sum of various contributions:

U = Ubond+Uangle+Ubθ +Uoop +Utorsion +UvdW +Ubond+Uperm
ele +U ind

ele (1.3)

where the first five terms describe the short-range valence interactions: bond

stretching, angle bending, bond-angle cross term, out-of-plane bending, and

torsional rotation. The last three terms are the nonbonded van der waals

(vdW) and electrostatic contributions. The individual terms are elaborated in

the following:

Ubond = Kb(b− b0)
2[1− 2.55(b− b0) + 3.793125(b− b0)

2] (1.4)

Uangle = Kθ(θ − θ0)
2[1− 0.014(θ − θ0) + 5.6× 10−5(θ − θ0)

2

−7.0× 10−7(θ − θ0)
3 + 2.2× 10−8(θ − θ0)

4] (1.5)

Ubθ = kbθ[(b− b0) + (b
′

− b
′

θ)](θ − θ0) (1.6)

Uoop = kχχ
2 (1.7)

Utorsion =
∑

n

Knφ[1 + cos(nφ± δ)] (1.8)
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For atoms directly bonded and separated by two bonds, the covalent ener-

gies are represented by empirical functions of bond lengths and angles. The

functional forms are adopted from MM3 force field [64], with a harmonic-

ity accounted for through the use of higher-order deviations from ideal bond

lengths and angles. In addition, a Wilson-Decius-Cross function [65] is used

at sp2-hybridized trigonal centers to restrain the out-of-plane bending.

A traditional Fourier expansion (from 1 to 6) torsional functional is

used to merge the short range “valence” with the long range “nonbonded”

interactions. For dihedral angles involving two joined trigonal centers, such

as the amide bond of the protein backbone, a Bell torsion [66] functional is

applied in addition to the regular torsional terms to allow appropriately in-

creased flexibility of atoms bonded to two trigonal centers (e.g. amide hydro-

gen atoms) [67]. In AMOEBA protein force field, the backbone torsional en-

ergy term is a bi-cubic interpolation function that depends on both phi and psi

angles. This term essentially makes up the difference between AMOEBA and

ab initio conformational energy on the dipeptide Ramachandran map, an ap-

proach suggested by MacKerell et al [68]. The differences between AMOEBA

(excluding backbone torsional contribution) and LMP2/cc-pVTZ(-f) relative

conformational energies on a 24 by 24 grid of the phi-psi surface are taken as

the parameters for this torsion-torsion coupling term. The actual energy and

gradient of the torsion-torsion term is computed from interpolation of these

grid points. The pairwise additive vdW interaction in AMOEBA adopts the
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buffered 14-7 functional form [69]

UvdW (ij) = εij
1.077

(ρij + 0.07)7

{

1.12

ρ7ij + 0.12
− 2

}

(1.9)

where the potential well depth εij is in kcal/mol, ρij = Rij/R
0
ij where Rij in

Å, is the actual separation between i and j, and R0
ij is the minimum energy

distance. For heterogeneous atom pairs, the combining rules are given by

εij =
4εiiεjj

(ε
1/2
ii + ε

1/2
jj )2

(1.10)

R0
ij =

(R0
ii)

3 + (R0
jj)

3

(R0
ii)

2 + (R0
jj)

2
(1.11)

The buffered 14-7 function yields a slightly “softer” repulsive region

than the Lennard-Jones 12-6 function but steeper than typical Buckingham

exp-6 formulations. The buffered 14-7 form is considered superior as it provides

a better fit to gas phase ab initio results and liquid properties of noble gases

[69].

The electrostatic energy in AMOBEA consists of contributions from

both permanent and induced multipole moments. The permanent atomic mul-

tipole moments at each atomic center is consisted of the monopole, dipole and

quadrupole moments,

Mi =
[

qi, dix, diy, diz, Qixx, Qixy, Qixz, Qiyx, Qiyy, Qiyz, Qizx, Qizy, Qizz

]T

(1.12)

where qi is the point charge located at the center of atom i, d is the dipole and

Q is the quadrupole moment. In the Cartesian Polytensor formalism [70, 71],
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the interaction energy between atoms i and j separated by rji is represented

as Uperm
ele (ij) =MT

i TijMj , or in expanded form as

Uperm
ele (ij) =
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(1.13)

The dipole and quadrupole are defined with respect to a local reference frame

set by neighboring atoms [63]. The permanent atomic multipole moments

remain constant with respect to their local frames as the molecule moves over

time and space. At the beginning of each calculation, multipole moments at

each site are first rotated from the local frame as defined in the parameter file

into the current global coordinate frame by:

Mglobal = RMlocal (1.14)

where R is the rotation matrix transforming the local into the global reference

frame [71]. Electronic polarization refers to the distortion of electron density

to response the change of external field. It represents a significant contribution

to the many-body effect experienced in molecular clusters or condensed phases,

even though situations exist where other contributions related to dispersion

and repulsion are significant [53]. In the current AMOEBA model, a classical

point dipole moment is induced at each polarizable site and proportional to

the electric field generated by other sites. Molecular polarization is achieved
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via an interactive induction strategy with distributed atomic polarizabilities

based on Tholes method [72]. This interactive or mutual induction scheme

requires that an induced dipole produced at any site will further polarize all

the other sites, and such mutual induction will continue until the induced

dipoles at all sites achieve convergence. One key feature of Tholes approach

is the damping of the polarization interaction at very short range to avoid a

well-known artifact of point polarizability models, namely the “polarization

catastrophe”. The damping is effectively achieved by smearing one of the

atomic multipole moments in each pair of interaction sites by the smearing

function for charges by

ρ =
3a

4π
exp(−au3) (1.15)

where u = rij/(αiαj)
1/6 is the effective distance as a function of linear sepa-

ration rij and atomic polarizabilities of sites αi and αi. The factor “a” is a

dimensionless width parameter of the smeared charge distribution to effectively

control the damping strength, and therefore avoids polarization catastrophes

at small separations. Starting from the ab initio atomic multipoles distributed

multipole analysis (DMA) for an arbitrary conformer of a model compound,

one can derive the intrinsic “permanent” atomic multipole moments, that sat-

isfy

MDMA
i =Mi + µi (1.16)

where µi is the dipole induced by intramolecular polarization by Mi. In

other words, the combination of one set of permanent Mi and conformation-

dependent induced dipole µi moments is expected to reproduce the QM elec-
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trostatic potential of flexible molecules at various conformations. Formally,

the induced dipole vector on any polarizable site i can be expressed as

µind
i = αi

{

∑

j 6=i

T 1
ijMj +

∑

k 6=i

T 11
ik µk

}

(1.17)

and the energy is

U ind
ele = −

1

2

∑

i

(µind
i )TEi (1.18)

where T 1
ij = [51,52,53, · · · ] is a 3 by 13 matrix with 5l+m+n = ∂l

∂xl
∂m

∂ym
∂n

∂zn
,

representing the second through fourth rows of the matrix T in equation 1.13.

In equation 1.17, the first term inside the parenthesis on the right hand side

is the “direct” electric field, E, due to permanent multipoles from outside

the group (index j). The second term corresponds to “mutual” induction by

other induced dipoles (index k). In the current model, direction induction only

occurs among groups while mutual polarization involved every atom pair. The

induced dipole in equation 1.17 is solved iteratively to obtain the final induced

dipoles. The convergence is accelerated via a successive over-relaxation (SOR)

fashion [73].

1.4.2 Efficient sampling techniques

During the simulation, due to the limited accessible time scale, it may

be challenging to observe a conformational change that is associated with a

particular activity of interest, or to follow certain paths that can convert one

state to the other. In these cases, the time scales involved in the conformation

changes are not easily accessible via conventional MD simulations, especially
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when a free-energy landscape with many local minima are sampled. To ad-

dress this issue, numerous accelerated MD or MC variants are proposed to

achieve better sampling. The methods that improve conformational sampling

can roughly fall into two main categories [74, 75] (sometimes overlap exists).

The first one is to modify potential surface explicitly so that both the number

and propensity of energy wells (conformational traps) are reduced. Examples

include umbrella sampling [76], potential smoothing [77], accelerated MD [78]

and so on; sometimes they are combined with the weighted histogram analysis

method(WHAM). The second class is to use non-Boltzmann sampling to in-

crease the probability of high-energy states. Common examples are simulated

annealing [79] and Replica exchange molecular dynamics (REMD) [80]. The

usual Metropolis Monte Carlo algorithm is only useful when starting at a con-

figuration that is already near the global minimum well. Simulated annealing

overcomes this problem by initially performing Monte Carlo steps at a very

high temperature. According to a cooling schedule, the simulation tempera-

ture is decreased at logarithmic or linear rate until the temperature reaches

zero. This procedure is useful in finding protein stable structure or refinement

applications. REMD method is also useful for exploring conformational space

of peptides and small proteins [80–82]. During the REMD simulation, several

replicas (i = 1, 2 . . . N) are simulated at fixed temperatures Tn (n = 1, 2 . . . N)

simultaneously and independently for a certain number of MC or MD steps. A

pair of replicas at neighboring temperatures is selected and the exchange is at-

tempted if metropolis criterions are satisfied. There are many other modified
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sampling methods including parallel tempering [83–85], milestoning [86, 87],

locally enhanced sampling [88–91], catalytic tempering [92], etc. By means of

extending the conformational sampling characteristics and effective timescales,

these sampling-enhanced methods allow rare dynamic events to be observed

more easily and have been frequently utilized in MD simulation.

1.5 Dissertation overview

In Chapter 2, we use depsipeptide as an example to demonstrate how

we can apply molecular modeling and simulations to understand molecules

with controlled structure and functions for potential biomedical applications.

Depsipeptide is a chemical structure consisting of both ester and amide bonds.

We have performed quantum mechanics calculations to investigate the confor-

mational properties of a depsidipeptide in gas and solution phases. A molec-

ular mechanics model has been developed for polydepsipeptides based on the

quantum mechanical study. Both simulated annealing and replica exchange

molecular dynamics simulations have been carried out on oligodepsipeptide

sequences with alternating depsi and natural residues in solution. The novel

secondary structures indicated from the simulation are discussed [93].

TRPM7/ChaK1 is a recently discovered atypical protein kinase that

has been suggested to selectively phosphorylate the substrate residues located

in α-helices. However, the actual structure of kinase-substrate complex has

not been determined experimentally and the recognition mechanism remains

unknown. In Chapter 3, we explore possible kinase-substrate binding modes
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and the likelihood of an α-helix docking interaction, within a kinase active

site, using molecular modeling [94]. Specifically, α-kinase ChaK1 and its two

peptide substrates are examined; one is an 11-residue segment from the N-

terminal domain of annexin-1, a putative endogenous substrate for ChaK1,

and the other is an engineered 16-mer peptide substrate determined via pep-

tide library screening. Simulated annealing (SA), replica-exchange molecular

dynamics (REMD) and steered molecular dynamics (SMD) simulations have

been performed on the two peptide substrates and the ChaK1-substrate com-

plex in solution. The key structural elements, sequence motifs, and amino acid

residues in the ChaK1 and their possible functions involved in the substrate

recognition are discussed.

In Chapter 4, we present our study on calculating the binding free

energies of a series of benzamidine-like inhibitors to trypsin with a polarizable

force field using implicit solvent approaches [95]. Free energy perturbation

has been performed for the ligands in bulk water and in protein complex with

molecular dynamics simulations in the previous studies [96]. The calculated

binding free energies are well within the accuracy of experimental measurement

and the direction of change is predicted correctly in all cases. We have also

utilized an implicit solvent based end-state approach to evaluate the binding

free energy of these inhibitors. In this approach, the polarizable multipole

model combined with Poisson-Boltzmann/surface area (PMPB/SA) provide

the electrostatic interaction energy and the polar solvation free energy. The

relative binding free energy predicted by the PMPB/SA model are compared
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with the experimental data, as well as other calculations from literature.

In Chapter 5, we use AMOEBA polarizable potential to model zinc pro-

tein complexes. As the second most abundant cation in human body, Zn has

important biological implications and serves essential functions in protein com-

plexes. Zinc-containing matrix metalloproteinases (MMPs) have been widely

investigated as potential drug targets for many diseases ranging from cardio-

vascular disorders to cancers. However, it remains a challenge to apply com-

putational methods to model zinc metals embedded in the protein active site

using traditional fixed-charge based force field. In our study, we use AMOEBA

polarizable potential to accurately model zinc coordination geometry in the

active site of the matrix metalloproteinase (MMP) complexes and zinc-finger

proteins. In addition, the relative binding free energies of selected inhibitors

binding with MMP13 have been estimated and compared with experimental

results. The AMOEBA polarizable force field has demonstrated its capacity

for accurate description of Zn-proteins interactions.
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Chapter 2

Model Protein-mimetic Materials

2.1 Introduction

There has been a growing interest in engineering novel molecules that

can mimic the well-defined structures and diverse functions of naturally oc-

curring proteins and other biomolecules. These mimetics present tremendous

opportunities for novel materials and therapeutics [97, 98]. Considerable ef-

forts have been made to explore novel peptide-mimetic molecules with specific

secondary structures. Examples of interesting peptidomimetics include pep-

toids [99–101], beta-peptides [102–106], gamma-peptides [107] and azapep-

tides [108, 109], which have been shown to fold into stable helices and turns.

A common approach to explore novel foldamers is to replace the amide bonds

with bioisosteric groups such as carbamate [110], phosphonamidate [111,112],

and sulfonamide groups [113–116].

Depsipeptide (“depsi” comes from the Greek word for ester) is a chem-

ical structure consisting of both ester and amide bonds (Figure 2.1). Even

though the structure seems to be “engineered” from amino acids, it actually

occurs naturally in certain lactic acid bacteria. Depsipeptides, primarily in

cyclic form, have been explored as potential anticancer agents in drug dis-
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Figure 2.1: Depsi dipeptide structure with the central residue referred to as
“lac”.

covery [117–119]. The synthesis of polydepsipeptides (PDPs) or polyester

amides, consisting of alternating ester and amide functionalities, has been re-

ported [120, 121]. These polymers have potential application in drug delivery

and tissue engineering as they are degradable via hydrolytic scission into bio-

compatible chemicals [122]. However, no systematic study of PDP secondary

structure has been reported due in part to the difficulty in the synthesis and

subsequent characterization.

Molecular modeling is becoming a powerful tool for studying molecular

behavior at the atomic resolution. Through molecular mechanical calculations,

Cohen and co-workers reported that peptoid oligomers containing chiral cen-
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ters in their side-chains present a new structural paradigm. Specifically, it was

suggested an octamer of S isomer of N-(1-phenylethyl)glycine formed a right-

handed helix with cis amide bonds [123]. Van Guesteren and co-workers inves-

tigated the stability of helical secondary structures of α- and β-polypeptides

using molecular dynamics (MD) simulations [105,124]. Hofmann et al provided

a complete overview on helix formation in α- and β-peptoids via systematic

conformation analysis using ab initio molecular orbital theory [106]. Those

studies demonstrated that the quantum mechanics and molecular mechanics

based computational approaches are potentially very useful in understanding

structure and stability of proteins and protein-mimetics, and provide insights

beyond the reach of current experimental techniques. In this chapter, we re-

port the first attempt to investigate the conformational properties of PDPs

and their ability to form stable secondary structures using quantum mechan-

ical calculations and molecular modeling [93]. It is our goal to understand

the relationship between the chemistry and conformational propensity of the

oligodepsipeptide, which will in turn help us design novel foldamers with var-

ious structures and functionalities.

2.2 Computational method

2.2.1 QM characterization and parameterization of depsipeptide

Ab initio quantum mechanical calculations were performed on alanine

dipeptide and depsidipeptide (Figure 2.1) using GAUSSIAN 03 package [125].

We refer to the central residue of the depsipeptide in this study as “lac”, in
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Figure 2.2: Chemical formula of the polydepsipeptide studied. Panel a: R
stands for H and n=6 for 12 alternating glycine and lac residues, which was
referred to as “gly-lac”. Panel b: R = CH2CH2CH2CH2NH2 and n=6 for 12
alternating lysine and lac residues, which was referred to as “lys-lac”.

recognition of its conceptual lineage to lactic acid. The conformational energy

of the lac and alanine dipeptide with respect to the rotation of φ and ψ torsion

angles was evaluated. Both torsion angles were scanned in increments of 30◦

from -180◦ to 180◦, resulting in a total of 144 conformers per molecule. Each

conformer was optimized using GAUSSIAN 03 program package [125] with all

degrees of freedom relaxed except the torsion angles that were constrained at

fixed values. The gas-phase energy of each conformer was then evaluated at

the MP2/6-311++G(2d,2p) level. The solvation energy in water was estimated

with the implicit polarizable continuum model [126]. An OPLSAA/L [127,128]

type molecular mechanics model was developed for the depsipeptide based

on the ab initio study. The partial charges for new atom types in the lac

residue were derived at the MP2/6-31G* level, to be consistent with OPLSAA
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parameters. The atomic partial charges for the lac residue were derived by

fitting to the electrostatic potential (ESP) [129]. To obtain a set of charges

consistent with those used by OPLSAA, We have fixed the charges of all atoms,

except those of ester oxygen, directly bonded atoms carbonyl carbon and Cα at

original OPLSAA values for peptides in the ESP fit. Essentially, we only allow

the partial charges for the above three atoms to change. The missing torsional

parameters were obtained by comparing with ab initio conformational energy

in solution. The OPLSAA/L partial charges and torsional parameters for lac

were summarized in Table 2.1 and Table 2.2. The van der Waals parameters

(0.30 and 0.71128) for ester O were transferred from OPLSAA ester group.

For any other parameters that are not listed, OPLSAA values have been used.

2.2.2 MD simulation details

All the molecular dynamics simulations, including simulated annealing,

were performed on the 12-residue depsipeptide sequences with alternating lac

and natural residues (Figure 2.2) in a box of explicit water molecules. Both

peptide were terminated with acetyl and n-methyl groups at the N and C

terminal respectively. In this study we chose glycine or lysine as the natural

residues for the contrast in size, charge and hydrophobicity. Molecular dynam-

ics simulations with explicit waters were carried out using GROMACS program

package [130, 131]. We used the OPLSAA/L force field for glycine/lysine and

Cl− and SPC model [132] for water. For depsi residue, we derived parame-

ters compatible with OPLSAA/L as described above. The depsipeptides were
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soaked in a periodic cubic box of water molecules, with 30 Å on a side for the

gly-lac, and 40 Å for the lys-lac system. Counterions were also introduced in

the lys-lac in Replica Exchange MD as described later. The cell dimension

was selected to ensure the separation between the peptide and its own image

would be at least 15 Å. The greater size was needed for the lys-lac due to its

bulkier side chain. All the bond lengths were constrained using the LINCS

algorithm [133] and the default values for LINCS parameters in GROMACS

were used. The temperature was controlled using the Nose-Hoover thermo-

stat [134, 135]. The long-range electrostatic interactions were treated with

particle-mesh Ewald summation [136, 137] with a real space cutoff of 9 Å.

A time step of 2 fs was used in all MD simulations. Simulated annealing,

a global minimization algorithm, was utilized to search for stable structures.

High temperature allows the molecule to explore conformational space much

more efficiently. Three independent simulated annealing runs were performed

for gly-lac and lys-lac. In each run, the system temperature was first heated

from 300 K up to 1000 K in 0.5 ns, and then it was gradually cooled down

to absolute zero by the default linear cooling schedule in 30 ns for gly-lac and

40 ns for lys-lac (without counterions). The longer annealing time was used

for lys-lac due to its greater degrees of freedom. After annealing, two stable

gly-lac structures and one lys-lac structure were subject to additional 30-ns

canonical (NVT) MD simulations at room temperature to sample the pep-

tide conformational space, from which the conformational free energy maps

in (φ, ψ) dimensions were constructed for each type of residue. Due to the
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Table 2.1: The OPLSAA/L atomic partial charges for the natural residue in
comparison with partial charges derived for lac residue.

Alanine Dipeptide Lac Residue
OPLSAA/L Parameters This Work
Atom Charge(e) Atom Charge(e)
N -0.50 O -0.32
H 0.30

CCarbonyl 0.50 CCarbonyl 0.65
Cα 0.14 Cα 0.11
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Table 2.2: The parameters for torsional potential term for lac residue.
Torsion Angle V0 γ0 V1 γ1 V2 γ2
ΨN−Cα−C−O 0.890 0.0 2.180 180.0 -1.090 0.0
ΩCα−C−O−Cα

2.200 0.0 6.330 180.0 0.000 0.0
ΦC−O−Cα−C 1.852 0.0 0.719 180.0 2.286 0.0
ΨO−Cα−C−N 1.469 0.0 1.853 180.0 -1.382 0.0

large number of degrees of freedom in the 12mer peptides, there exists a large

number of energy minima separated by high energy barriers (compared to ther-

mal motion). As a result, simulated annealing is not guaranteed to locate the

global minimum. As a result, Replica Exchange Molecular Dynamics (REMD)

Simulation allows the search for conformational space accessible at high tem-

perature. In this study, two sets of REMD simulations were performed on

the lys-lac systems for both with and without neutralizing counterions. In the

first set of REMD, the 12-residue sequence with alternating lysine and lac was

placed in a periodic cubic box containing 2340 water molecules and no counte-

rion, with 40 Å on each side. In the other set of REMD, 6 Cl− counterions and

3194 water molecules were used in a cubic box with 46 Å on each side, result-

ing in a total salt concentration of 0.10 M. In order to ensure the temperatures

were optimally distributed and the number of replicas was sufficient, different

temperature gaps from 2.6 K to 7.6 K were used between the neighboring

replicas. These gaps were chosen to maintain the success rates of exchange

between replicas within 36%-44%. With the temperature ranging from 282.5

K to 602.3 K, we simulated a total of 73 replicas of lys-lac in solution. To

generate a set of initial configurations that broadly covers the conformational
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space of the depsipeptide, we chose 73 starting configurations randomly from

the annealing MD simulation trajectory. Each replica was subject to 6.0 ns

MD simulation with 2 fs time step, with configurations saved every 2 ps. The

exchanges were attempted every 0.4 ps, with the acceptance ratio determined

by the Metropolis criterion.

The free energy map was obtained by calculating the probability P(φ,

ψ) from a histogram analysis of the room temperature MD simulation [82,138].

P (φ, ψ) =
1

Z
exp[−βW (φ, ψ)] (2.1)

where (φ, ψ) is the specified set of reaction coordinates. P(φ, ψ) is the fre-

quency of the molecule appeared and observed at (φ, ψ) during the simulation,

and Z is the configurational partition function. The relative free energy dif-

ference between two reaction coordinates can be expressed as

F (φ, ψ) =W (φ2, ψ2)−W (φ1, ψ1) = −RTlog[
P (φ2, ψ2)

P (φ1, ψ1)
] (2.2)

We first calculated and collected all the backbone (φ, ψ) torsion angles for the

each type of residue from the MD trajectory. A 2-dimensional histogram of

the torsional angle distribution was constructed using 144 bins between -180◦

and +180◦ in both φ and ψ dimensions. The probability of a given (φ, ψ) was

then calculated by normalizing the population in each bin. The lowest free

energy in the map was set to be zero. Following Pappu’s work [139], we also

explored the free energy landscape using the asphericity (〈δ〉) and the radius

of gyration (〈Rg〉) as two reaction coordinates. For a given peptide conformer,
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the instantaneous asphericity is defined as

δ = 1− 3
l21l

2
2 + l22l

2
3 + l23l

2
1

(l21 + l22 + l23)
2

(2.3)

where l1, l2, l3 are eigenvalues of the instantaneous gyration tensor T. The in-

stantaneous radius of gyration Rg is determined by Rg=sqrt(Trace(T)), where

Trace(T) is the trace of the instantaneous gyration tensor. Asphericity quan-

tifies the shape of any arbitrary peptide; it becomes 1 for a rodlike shape and

0 for a perfect sphere. The radius of gyration describes the average size of a

molecule. For REMD, the weighted histogram analysis method that combines

data from all temperature replicas (T-WHAM) was used to obtain the room-

temperature potential of mean force of the residues with respect to torsion

angles [140]. This method improves the sampling in the high-energy regions

at the room temperature. Data from two set of REMD simulations, without

and with counterions, were utilized to construct the potential of mean force of

lys and lac residues with respect to φ and ψ. In summary, ab initio quantum

mechanical calculations were first used on the purpose of obtaining charges

and torsional parameters and understanding of conformational properties of

the dipeptides. All the following simulations were carried about within the

framework of molecular dynamics. Simulated annealing runs for gly-lac and

lys-lac were performed to find the most stable structures. Starting from those

structures, room temperature MD runs were carried out to sample the peptide

conformational space, from which the free energy surface maps in (φ, ψ) and

(Rg, δ) dimensions were constructed. We further utilized REMD simulations

for lys-lac peptide to sample a much broader configurational space and study
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the effects of counterions, from which conformational free energy maps were

obtained to compare with those from room temperature MD runs.

2.3 Results and discussion

2.3.1 Ab initio characterization of conformational properties of the
depsipeptide

We have investigated conformational energy of both depsi (Figure 2.1)

and alanine dipeptides. The only difference between the two chemical struc-

tures is that the amide NH group in alanine is replaced by oxygen in dep-

sidipeptide. As shown in Table 2.1, changing from alanine to depsi dipeptide,

the atomic charges were redistributed around the depsi group as the oxygen

atom is slightly more electronegative than the NH.

Following the classic approach to the Ramachandran plot [141], we

calculated the relative free energies with respect to the backbone conformation

for both the depsi and alanine dipeptide in solution (Figure 2.3(a) and 2.3(b))

based on quantum mechanical calculation. We have further compared our

results on alanine dipeptide with a previous study where the whole system

(alanine and solvent) is treated with QM [142]. In agreement with our results,

the PPII conformation was identified as the global minimum on the potential

energy surface. Similar to an alanine dipeptide, the “lac” residue exhibits a

strong preference for polyproline II (PPII) helical conformation as well. In

addition, an unusual inclination for (-150◦, 0◦) conformation was observed.

While the substitution of the oxygen atoms eliminates the ability of forming
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of hydrogen bonds between peptide bonds, the “1-5” intra residue interaction

shown in Figure 2.4 seems to have stabilized this conformation. Also note that

this interaction would lock the φ angle near 0◦, but has little influence on the

rotation of the ψ angle.

2.3.2 Global search for the stable structures

To examine the effect of the side chain chemistry on the depsipeptide

conformation, two depsipeptide sequences with alternating lac and natural

residues, either glycine or lysine, were investigated (Figure 2.2). While glycine

is nonpolar, and has no side chain, lysine is a charged, hydrophilic residue

with a bulky side chain. Glycine occurs frequently in the turn regions of pro-

teins where other residues would be sterically hindered. Three independent

simulated annealing runs were applied to search for stable structures for gly-

lac and lys-lac. For the gly-lac alternating sequence, two simulated annealing

runs showed that the depsipeptide folded into well-defined, noncanonical heli-

cal secondary structures at 298 K, one left-handed and the other right-handed

(Figure 2.5). During the third annealing run, the peptide switched back and

forth between the two and displayed a mixed structure at the end of annealing.

In the lys-lac case, a PPII-like extended left-handed helical structure was ob-

tained from all three runs as the minimum-energy conformation. An example

structure is illustrated in Figure 2.6.
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Figure 2.3: Quantum mechanical conformational free energy contour map of
alanine dipeptide (a) and depsi dipeptide (b) in solution.
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Figure 2.4: Intramolecular interactions that stabilize the (-150◦, 0) conforma-
tion of the depsipeptide.
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(a) (b)

(c) (d)

Figure 2.5: The typical interactions in gly-lac depsipeptide for left-handed
helix (panel a and b) and right-handed helix (panel c and d). Panel a and
panel c illustrate the helices looking down the long axis and panel b and d
show the side-view of the two helices respectively. Note that the dotted lines
indicate the “1-5 intra” interactions between the depsi oxygen (i) and NH
(i+1) (i= 2, 4, 6, 8, 10), and the interactions between the NH (i) and CO
(i+4) (i=1, 3, 5, 7) were represented by the dashed lines.
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Figure 2.6: A typical PPII-like structure of lys-lac depsipeptide.

2.3.3 MD/REMD simulation and free energy landscape

Three NVT molecular dynamics simulations starting from the above

stable conformers, left- and right-handed gly-lac helices and extended lys-lac,

were performed at 298 K, from which the conformational free energy maps

were calculated for each type of residue.
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Figure 2.7: Radial Distribution Function with respect to Cl− ions and terminal
N atoms in lysine residues. The distance is in nm.
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Figure 2.8: Conformational free energy contour maps for glycine residue (a)
and lac residue (b) in gly-lac. Maps are plotted based on the data from room
temperature MD runs.
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The left- and right-handed helices of gly-lac were well maintained dur-

ing the room-temperature MD simulation, with the structure partially un-

folded to PPII-like structure or irregular turns only occasionally. No signif-

icant difference in the conformational population was observed between the

left-handed and right-handed helix simulation trajectories for both the glycine

and the lac residues. The results of the two were thus combined and the cor-

responding free energy contour maps are shown in Figure 2.8. The glycine

residue undertakes φ and ψ angles in all four quadrants of the map as ex-

pected due to the lack of chirality. Compared with glycine Ramachandran

plot analyzed from Protein Database Bank [143], the population in the heli-

cal region predicted by OPLSAA/L is relatively low in Figure 2.8; for the lac

residue, the local and global minimum reside inside (-90◦ to -60◦, -30◦) and

(-90◦ to -60◦, +150◦), which approximately corresponds to right-handed alpha

and PPII helical conformations. On the other hand, the lac residue in lys-lac

room temperature MD simulation showed little sampling at (-150◦, 0◦) confor-

mation (Figure 2.9(b)). Although there is still a slight possibility to adopt the

alpha helical structure, the minimum energy conformation is predominantly

PPII-like, corresponding to the (-90◦, 150◦) region. For the lysine residue, the

preferred conformation is limited to a similar range of dihedral angles (-90◦ to

-60◦, 150◦). As a result, the lys-lac peptide exists mostly in PPII-like extended

conformation. The effect of counterions on the charged peptide conformation

was also considered. In a previous study of the effect of ionic strength on free

energy calculations, Donnini et al have concluded that it is best to include
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no ions or high concentration of counterions due to sampling issues [144]. As

suggested, two sets of the REMD simulations were performed, where one has

six neutralizing Cl− ions and the other has no counterions. We have further

calculated the free energy of the lys-lac from the REMD simulation using T-

WHAM. The resulting free energy maps are compared in Figure 2.10. Overall

the free energy maps obtained from the room-temperature MD (Figure 2.9)

and REMD are in very good agreement for lys-lac without counterions. Both

methods have identified the global energy minima of lysine and lac residues

reside in the same PPII regions. However, the room temperature MD clearly

has much less population in the high energy region as expected. In contrast,

REMD samples a much broader configurational space. We further examined

the convergence to ensure sufficient sampling of the ions for the simulations

with counterions. The radial distribution function (RDF) with respect to Cl−

ions and terminal N atoms in lysine residues was plotted in Figure 2.7. The

huge peak at d=0.31 nm in the RDF plot reveals the strong interaction between

terminal N atoms and counterions. REMD data from simulation without (Fig-

ure 2.10(a) and 2.10(b)) and with 6 counterions (Figure 2.10(c) and 2.10(d))

were also compared. Given there are 6 ions and 6 charged N-terminus, the ra-

dial distribution function we obtained, and with the help of high temperature

sampling provide by REMD, we believe the sampling is converged. However,

the results, with or without counter ions, are very similar, within the statistical

uncertainties of our simulation.
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Figure 2.9: Conformational free energy contour maps for lysine residue (panel
a) and lac residue (panel b) in lys-lac. Maps are plotted based on the data
from room temperature MD runs.
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Figure 2.10: Conformational free energy maps of the lys and lac residues. The
free energies were calculated from 73-replica exchanged MD simulations using
T-WHAM. (a): lys without counterions; (b) lac without counterions; (c) lys
with counterions; (d) lac with counterions.
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Figure 2.11: Free energy contour map of gly-lac (a), and lys-lac (b) shown using
δ and Rg as two reaction coordinates from room-temperature MD simulations.

The free energy landscape characterized by the asphericity (δ) and the
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radius of gyration (Rg) were also constructed for the gly-lac and lys-lac pep-

tides in Figure 2.11(a) and Figure 2.11(b), respectively. As the radius of

gyration (Rg) is an indicator of the overall size and asphericity (δ) quantifies

the shape of the peptide, we can roughly distinguish between the left- and

right-handed helical structures using these two degrees of freedom. For the

gly-lac sequence, the right-handed helical structure typical resides in the (Rg

= 0.55 nm, δ = 0.35 to 0.55) area while the left-handed helical structure is

roughly near (Rg = 0.5 to 0.55 nm, δ = 0.1 to 0.2). For the lys-lac sequence,

however, the asphericity value is almost 1, consistent with the observation of

a more extended structure.

2.3.4 Structure characterization

The typical torsion angles found in the left- and right-handed helices of

gly-lac were analyzed (corresponding to Figure 2.5). It is noted that glycine

can adopt a conformation in any of the quadrant in the free energy map. How-

ever, when the glycine undertakes a conformation in the bottom-left quadrant

(-120◦, -160◦), the alpha helical conformation of the lac facilitates the adoption

of the left-handed helix structure by the 12mer. Meanwhile, the combination

of glycine in the bottom-right quadrant and lac in PPII helical conformation

favors the right-handed helical structure sterically. In the left-handed helix,

the helical turns are characterized by the “1-5 intra” interaction between the

lac oxygen (i) and gly NH (i+1) (i=2, 4, 6, 8, 10) discussed above. The adja-

cent turns are stabilized by the interaction between at NH (i) and CO (i+4)
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(i=1, 3, 5, 7). This kind of left-handed helix is found to possess 6 residues per

turn and gives an average rise per residue of about 8 Å. In the right-handed

helical structure, however, there seems to be no well-defined hydrogen-bonding

pattern or interaction. The right-handed helix holds approximately 6 residues

per turn and an average rise per residue of about 9 Å. It is in general difficult

for short peptides to sustain stable secondary structures without the assistance

of other factors such as tertiary contact. In reality, they likely exist in an en-

semble of stable structures and interconvert between them over time. With

detailed molecular dynamics simulation, we have the opportunity to address

questions such as what fraction of the gly-lac depsipeptide exists in folded

conformation, and how often it forms the left-handed versus the right-handed

helical structure. To address the first question, we can assess the population

of well-defined structures directly from the free energy map we have obtained.

Based on Figure 2.11(a), the right-handed helical structure typical reside in the

(Rg = 0.55 nm, δ = 0.35 to 0.55) area while the left-handed helical structure

is near (Rg = 0.50 to 0.55 nm, δ = 0.10 to 0.20). Even though it is difficult to

draw conclusions on the relative stability of left-handed versus right-handed

helices, the two areas combined account for over 60% of total population. The

remaining shallow area represents random structures, which may consist of

both left- and right-handed helical motifs in one structure. We have further

traced both of the left-handed and right-handed helical conformers in the φ-ψ

energy map of the lac residue (Figure 2.8(b)) as the two dominant minima of

lac, PPII and alpha helix, are responsible for right-handed and left-handed he-
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lices, respectively. Although the PPII region is the global minimum area, the

population is only slightly higher than that of the alpha-helix region. Thus,

given the statistical uncertainty in our sampling and accuracy in the force field

potential, we conclude that there is roughly an equal probability for the gly-

lac sequence to adopt either left- or right-handed helical conformation. The

lys-lac peptide exists mostly as an extended left-handed helix, as shown in

Figure 2.6. PPII lacks intramolecular hydrogen bonds but is more exposed

to solvent. It has been suggested that main chain tends to have a regular

pattern of hydrogen bonds with water and the main-chain-water hydrogen

bonding is the major stabilizing factor [145]. For lys-lac, the intramolecular

interaction is rather different from that in the natural peptides due to the

replacement of NH group by oxygen atom, thus the ability of forming canon-

ical beta-sheets or alpha-helices diminishes. In addition, it is reported that

charged lysine residues favor PPII structure because of the electrostatic repul-

sion between the side chains and better solvation when extended [146,147]. It

is known that solution conditions such as salt concentration have strong influ-

ence on peptide structures. Our REMD study however indicates the lys-lac

prefers extended PPII-like conformation with or without neutralizing coun-

terions. Further study considering salt effect, ionic strength, pH value and

temperature is necessary to fully understand the conformational properties of

peptides containing charged lysine.
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2.4 Conclusion

Quantum mechanics and molecular mechanics-based calculations and

simulations have been performed to investigate the conformational properties

of oligodepsipeptides. Quantum mechanics calculations on the lac dipeptide

reveal an unusual conformational minimum due to 1-5 intramolecular interac-

tion between the depsi oxygen and the amide hydrogen. The global minimum-

energy conformation of depsipetide is however PPII-like, similar to that of

alanine dipeptide. A molecular mechanics model has been subsequently es-

tablished and utilized in the simulated annealing, and molecular dynamics

simulations of oligodepsipeptides in solution. The MD simulation results in-

dicate that oligodepsipeptides are capable of forming stable, novel secondary

structures that are associated with atypical intramolecular interaction. A 12-

residue depsipeptide of alternating lac and glycine may adopt either a left-

handed or a right-handed structure with roughly equal opportunities. It is

determined that the PPII helical conformation of lac stabilizes the 12mer pep-

tide into a right-handed helix while the alpha helical conformation of lac plays

a key role in the left-handed helical structure. When the charged lysine is

used as the alternating residue, the depsipeptide displays a strong preference

for extended left-handed helical polyproline II structure. Our results demon-

strate that there is a great potential to achieve novel secondary structures with

depsipeptide of controlled chemistry and sequences.
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Chapter 3

Conformations of Substrate Peptides Bound

with an α-kinase

3.1 Introduction

Protein kinases are a large class of enzymes that catalyze the phos-

phorylation of proteins [148]. In most cases they deliver a single phosphoryl

group from the gamma phosphate of ATP to the hydroxyls of serine, threonine

or tyrosine found in protein substrates. The majority of protein kinases are

considered to be conventional protein kinases (CPKs), which may be classified

as either serine, threonine or tyrosine protein kinases. The atypical protein

kinases (APKs) are a class of protein kinases that lack of sequence homology

to CPKs. The first two APKs in the so called “alpha-kinases” family [149,150]

were myosin heavy chain kinase A (MHCK A) from Dictyostelium [151, 152],

and elongation factor 2 kinase (eEF-2 kinase [153]). These kinases are involved

in the regulation of a wide range of different processes, including protein trans-

lation (eEF-2 kinase [154]), myosin association (MHCK [155]), ion channel

regulation (TRPM6/ChaK2, TRPM7/ChaK1 [156, 157]), and cardiomyocyte

differentiation (Midori [158]). Many more APKs of unknown function have

been identified in the genomes of a wide variety of different eukaryotes.
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As the only kinase in this family for which the three-dimensional struc-

ture is available, TRPM7/ChaK1 exists in vivo as a fusion between an Mg2+

ion channel domain (referred to as TRPM7) and an APK domain (referred

to as ChaK1). Though the APKs display almost no sequence similarity to

the CPKs, TRPM7/ChaK1 shows a significant structural resemblance to the

CPKs [159]. Crystallographic studies have illustrated the structural features

of the ChaK1 dimer [159]. Each of the ChaK1 monomers, composed of more

than 300 residues, folds into a two-lobed structure with the active site located

within the cleft between the two lobes. The N-terminal lobe is composed

mostly of beta-sheets and contains the Gly-rich loop (1618GGGL), which acts

as a flexible flap to cover ATP within the active site. The Gly-rich loop is one

of the most important motifs in the CPKs and thus it is not surprising to see

a similar motif in the APKs. In the C-terminal lobe, the catalytic machinery

is built on a beta-sheet platform and is presented to the interlobe cleft. A

GxA(G)xxG motif connects this platform to the base of the C-terminal lobe.

This C-terminal GxA(G)xxG motif which is highly conserved within the fam-

ily is also in the equivalent position to the so-called “activation loop” of CPKs.

A single peptide chain, referred to as the linker or hinge region, connects two

strands in the N- and C-terminal lobe [160]. This family of APKs has been re-

ferred to as “alpha-kinases” because their catalytic domain is assumed to have

the ability to phosphorylate amino acids located within α-helices [149]. This

is quite different from CPKs, which phosphorylate amino acids located within

loops, turns or irregular structures [160]. One piece of evidence supporting
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this notion that the APKs recognize helices is that three MHCK A phospho-

rylation sites are located within a coiled-coil α-helical region of myosin heavy

chains [161]. In addition, the major phosphorylation target for eEF-2 kinase

resides within a region that is conserved among all elongation factors, and

this region also exists as an α-helix in the crystal structures of EF-Tu [162].

However, the structure of an alpha-kinase in complex with its substrate during

the phosphorylation event remains unknown. No direct experimental evidence

yet exists to confirm that the kinase substrate is bound as an α-helix during

the phosphorylation event.

Although extensive experimental studies have been reported on how

protein kinase catalyzes the phosphorylation reaction, the mechanisms are

not clearly understood. Considering the experimental challenges, computa-

tional modeling based on quantum mechanics/molecular mechanics (QM/MM)

methods can help to understand the mechanism at a detailed atomic level of

the reaction process. Based on their QM/MM calculations on the catalytic

subunit of cAMP-dependent protein kinase, Cheng and McCammon [163]

demonstrated that the phosphorylation reaction in their study was mainly

dissociative and that the conserved Asp residue serves as the catalytic base to

accept the proton delivered by the substrate. The structures of the binding site

in the reactant and product states during the phosphorylation event can be il-

lustrated schematically in the study of Valiev et al [164]. For TRPM7/ChaK1,

experimental findings [165] suggested that phosphorylation occurs at a con-

served serine residue located within the N-terminal α-helical region of the
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substrate. Owing to the high active site structural similarity between APKs

and CPKs, we believe that the terminal carboxyl of Asp residue, the gamma-

phosphate of the ATP, and the hydroxyl group of the substrates serine residue

are involved in the phosphorylation-ATPase reaction; therefore, their catalytic

contacts are used as loose restrains in our search for peptide conformations.

Molecular simulations based on classical mechanics model can provide

useful insights beyond the reach of current experimental techniques. Based on

long molecular dynamics simulations of the Abl kinase, Kuriyan and Shaw [166]

were able to visualize a characteristic conformational change, the DFG flip, in

atomic detail and predicted that protonation of the DFG aspartate controls the

flip, in consistent with experimental findings. Adequate sampling of protein

configurational space remains a challenge in computational study. Sophis-

ticated simulation algorithms such as replica exchange molecular dynamics

(REMD) [167, 168] have been successfully applied in probing native struc-

ture small proteins with less than 50 residues [169,170]. Alternatively coarse-

grained model can be applied to eliminate non-critical degrees of freedom in

the system. Reduced potentials have been long utilized for proteins by Levitt

and Warshel [171, 172] as well as Scheraga [173, 174]. Recent development in

coarse-grain models is mostly limited to small model compounds [175, 176],

membranes [177–180], and DNA [181, 182]. With molecular modeling, the

goal of the current study was to explore the relevant conformations of a sub-

strate peptide bound in the active site of an APK, and to delineate the key

residues and structural elements that stabilize the recognition. Our system

52



was comprised of the ChaK1 crystal structure and two peptides represent-

ing the kinases known substrates. Beginning with the initial structures, a

number of simulation techniques were used to examine the peptide-kinase in-

teractions, including simulated annealing (SA), steered and replica-exchange

molecular dynamics (REMD), and normal mode analysis (NMA). Finally, we

reported the key residues and structural elements of the kinases involved in

the substrate recognition [94].

3.2 Computational approaches

3.2.1 System setup

The initial structure of ChaK1 alpha-kinase. The atomic coordinates of

the TRPM7/ChaK1 kinase domain used in the current work were based upon

the published structure in complex with the ATP analogue AMP-PNP (PDB

entry 1IA9 [159]). This 2.0 Å resolution X-ray crystal structure consists of

two homodimeric ChaK1 kinase subunits, but only Chain B was utilized in the

current study. The molecule’s long, N-terminal dimerization tail structure was

eliminated in order to reduce the systems size. Thus the truncated molecule

includes residue numbers 1577 to 1828. Both the ATP and the Zn2+ ion from

the original structure were kept. In addition, two Mg2+ ions in the kinase

active site are missing in the crystal structure due to crystallization conditions.

However, one Mg2+ was reported in the active site of the ChaK1 kinase domain

structure in complex with ADP (PDB entry 1IAH [159]). The corresponding

site in the ChaK1-AMP-PNP crystal structure (1IA9) is coordinated by a
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water molecule. This Mg2+ ion was placed into our model via superimposition

of the ADP-bound structure (1IAH) superimposed, via alpha carbon RMSD

minimization, onto our model. The placement of the second Mg2+ ion was

accomplished by the inspection of the active site Mn2+ ions in the published

structure of the CPK cAMP-dependent kinase (PDB entry 1ATP [183]). Due

to the extremely high structural homology and conserved residue placement

between the APKs and the CPKs, the ions catalytic geometry was preserved

from the CPK to ChaK1. By superposing the two kinases, one of the CPKs

Mn2+ ions is shown to coincide with the first Mg2+ ion that had already been

placed in the ChaK1 model as described above. Hence the second Mg2+ ion

was added to ChaK1 at its equivalent position in the CPK structure.

The substrate peptides. Until now only one endogenous ligand has been

proposed for ChaK1: the N-terminal domain of annexin-1 [165]. Specifically,

ChaK1 has been shown to phosphorylate Ser5 of annexin-1 in the presence

of calcium. In its inactive form, the annexin-1 N-terminal domain exists as

an α-helix tucked within the interior of the annexin Ca2+ binding site. How-

ever, upon the introduction of Ca2+ ions, annexin undergoes a conformational

change that expels the N-terminal helix from the Ca2+ binding site [184]. The

crystal structure of annexin-1 in complex with Ca2+ does not include the first

40 N-terminal residues [185]; when it is expelled from the core, the N-terminal

domain of active annexin is difficult to crystallize and its helical content is

unknown. However, an 11-mer peptide with the same sequence as the annexin

N-terminal domain has been crystallized while in complex with the S100C pro-
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tein [185]. This peptide does exist as an α-helix while complexed to S100C,

though whether the peptide exists as a stable helix in solution or undergoes

a cooperative transition to an ordered secondary structure upon substrate

binding is also unknown. Ser5 of the annexin N-terminal domain has been

identified as the sole residue undergoing phosphorylation. A canonical a-helix

comprising the 11 residues of the annexin-1 protein existing in vivo has been

generated. With an acetyl and amide capped for the N and C termini re-

spectively, this ligand substrate (ACE-AMVSAFLKQAW-NH2) is referred to

as “annexin” in this work. In addition, the sequence of a high-affinity 16-

mer peptide ligand for the TRPM7/ChaK1 kinase peptide library screening

in vitro [186]. TRPM7/ChaK1 has been shown to selectively phosphorylate

the serine residue of this peptide with high affinity. This ligand was exam-

ined as the second ligand substrate in our study, which we referred to as the

“engineered peptide”.

3.2.2 MD simulation details

All the molecular dynamics simulations reported here utilized the GRO-

MACS software package [187] and the OPLSAA force field for proteins and

peptides [188,189]. Equilibrium bond lengths, angles, torsions, and force con-

stants as well as atomic charges for the ATP molecule were calculated by the

PRODRG server [190]. The vdW parameters were transferred from exist-

ing OPLSAA model compounds. Two substrate peptides as described were

examined respectively in our study. For each peptide, three simulated an-
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nealing runs were performed in water molecules only and three simulated an-

nealing runs were carried out with kinase complex soaked with explicit water

molecules. In addition, two sets of replica exchange molecular dynamics sim-

ulations of the peptides were performed in explicit waters with and without

the kinase for comparison purposes.

Simulated Annealing of free peptide in water molecules. For each of

the two substrate peptides, three 50-ns independent simulated annealing runs

were performed with explicit SPC [191] water only. In each run, the system

temperature was first heated from 300 K to 1000 K in 0.8 ns, maintained at

1000 K for 0.2 ns, and then gradually cooled down to 200 K by the default

linear cooling schedule in 49 ns. A cubic, SPC [191] explicit solvent water box

with 45 Å on each side was generated and periodic boundary conditions were

enforced. Cl− counter ions were introduced to neutralize the positive charges

of the systems. A 0.9 nm grid neighbor list was updated every 10 steps. Short-

range electrostatics and vdW were treated with a 0.9 nm cutoff. Long-range

electrostatics were treated via the particle-mesh Ewald algorithm [136, 137]

with a 0.1 nm Fourier grid spacing and a cubic interpolation order. During

the simulation, bond stretching within the proteins was constrained by using

the LINCS algorithm [133, 192]. The SETTLE algorithm [193] was used to

restrain the geometry of the waters. All simulations used the GROMACS MD

integrator with a time step of 2 fs. Berendsen temperature coupling [192] was

used with a reference temperature of 298 K and with a time constant of 0.1

ps unless otherwise noted.
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Simulated Annealing of the Kinase-Peptide Complex. To determine

the structure of the substrate peptide when bound to the active site of the

kinase, a total of three 50ns-simulated annealing molecular dynamics simula-

tions were performed for each of the two peptide substrate-kinase complexes.

Before annealing, the entire system was energy minimized and equilibration

was achieved via steepest descent minimization using a 0.01 nm step and a

100 kJ/mol/nm tolerance. The cell dimension was set to be 74 Å on each

side, which can ensure that the peptide and its own image would be sepa-

rated at least 12 Å. Different thermostats were used for the kinase and the

peptide. The peptide was annealed following the same annealing procedure

as the free peptide in water as described while the kinase was always kept at

room temperature. Other computational parameters were the same as those of

free peptide in water unless otherwise noted. The annealing simulations began

with the canonical helix peptide’s serine hydroxyl group facing the active site

at approximately 2.5 nm distance. As we are only interested in the peptide

configuration where the catalytic serine is in the active site with all necessary

catalytic contact, two flat-bottomed harmonic distance restraints [194] were

introduced. One is between the Ser hydroxyl oxygen atom and the Asp1765

carboxyl carbon atom, with the minimum energy set to distances between 0.3

nm and 0.4 nm; the other between the Ser hydroxyl oxygen atom and the ATP

gamma-phosphate phosphorous atom, with the minimum energy set to dis-

tances between 0.15 nm and 0.25 nm. The force constant of 1000 kJ/mol/nm2

was applied. To examine how different starting orientations affect the binding
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conformation, these simulations started with different initial peptide orienta-

tions. Defining the peptide vector as the vector from the C-terminus to the

N-terminus in the canonical helix, and the kinase vector as the vector from the

ATP alpha-phosphate to the beta-phosphate (across the “cleft” of the active

site), simulations were begun with relative peptide-kinase vector angles of 0,

90 and 180 degrees.

Replica Exchange Molecular Dynamics. The Replica Exchange Molecu-

lar Dynamics (REMD) method is an enhanced sampling technique for search-

ing the conformational space of peptides and small proteins efficiently. A total

of 217 peptide-kinase complex replicas were used in the REMD simulation.

Different temperature gaps from 1.1 K to 2.0 K were used between the neigh-

boring replicas [195]. These gaps were chosen to make sure that the success

rates of exchange between replicas are 20% or higher. To generate a set of

initial configurations that can broadly cover the conformational space of the

complexes, we chose 217 starting configurations randomly from the previous

50-ns annealing MD simulation trajectories. Each replica was subject to 3.0

ns MD simulation with a 1-fs time step and the temperature of each replica

ranged from 282.5 K to 602.3 K. The configurations were saved every 2 ps

and the exchanges were attempted every 0.8 ps, with the acceptance ratio de-

termined by the Metropolis criterion. Position restraints with flat-bottomed

potentials were applied in the REMD simulation for all heavy atoms in the

kinase and ATP and for all metal atoms with a 200 kJ/mol/nm2 force con-

stant. This was necessary to preserve the structural integrity of the kinase
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at high temperatures while exploring the conformational space of the peptide

substrate. All other simulation details were identical to the annealing protocol

unless otherwise noted. In addition, a 10ns room temperature MD simulation

was set up for each substrate following the REMD. The simulations began

after the REMD run with all the artificial restraints removed. All other com-

putational details except thermostat are the same as simulated annealing. The

possible interactions among the substrate residues, ATP and ChaK1 residues

were analyzed and identified. REMD simulations of free peptides in water were

performed using 217 replicas. The starting configurations were also randomly

chosen from the previous peptides in water annealing MD simulation trajec-

tories, and immersed in cubic boxes with 45 Å on each side. The simulation

protocols used was the same as those for peptides binding with kinase.

Steered Molecular Dynamics Simulations. Three 30ns room-temperature

molecular dynamics simulations were then performed to steer each peptide sub-

strate. The same distance restraints with force constants of 1000 kJ/mol/nm2

were used to pull the substrates into the active site from 25 Å away. The

substrates were forced to remain as α-helices during the steering MD by re-

straining hydrogen bonds. Specifically, a set of distance restraints with force

constants of 2000 kJ/mol/nm2 were applied between the oxygen atoms in the

C=O group of an amino acid i and the nitrogen atoms in the N-H group of

the amino acid i+4 in the substrate.
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3.3 Results and discussion

3.3.1 Conformational propensities

From the REMD simulation, we have investigated the conformational

distribution of the two peptide substrates, free in water as well as bound to

kinase. REMD trajectories derived from all 217 replicas were analyzed using

the temperature weighted histogram analysis method (T-WHAM) [196, 197]

to evaluate the conformational preference of each residue at room tempera-

ture. The use of high temperature in REMD is to facilitate the sampling of

conformation space near the room temperature. We first calculated the confor-

mational population distribution with respect to the backbone dihedral angles

for each residue in water or bound to kinase. Note that the conformational

free energy can be calculated from the population P as -RTlnP. Secondly,

we also evaluated the occurrence of a segment of the peptide as a stable α-

helical structure by examining the secondary structure profile from our REMD

simulation. While the former illustrate the conformational propensity of an

individual residue, the latter truly reflects the probability of the peptide ex-

isting as a stable helix partially or as a whole. The distribution of the peptide

backbone φ and ψ were sampled from the REMD simulation. As shown in

Figure 3.1a, the overall distribution of annexin (combining all residues) in

water showed a strong preference for the α-helix, β-sheet, and Polyproline II

(PPII) regions in the Ramachandran plots. Bins with population less than

0.5% were disregarded in the maps. The overall characteristic is similar to

that of the Ramachandran plots obtained from PDB [198] except that the
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PPII helix region is more populated than beta sheet here. When moving from

water into complex, the population around α-helical region (-90◦ ∼ -55◦, -50◦

∼ -10◦) increased as shown in Figure 3.1b compared to Figure 3.1a, indicating

an increased helical preference of about 11% for annexin bound to Chak1. The

increase in α-helix was accompanied by the reduction of beta-sheet-like and

PPII-like conformations (-140◦ ∼ -60◦, +110◦ ∼ +150◦).

The conformational distribution was further decomposed by residue.

The majority of annexin residues, i.e. Ala1, Met2, Val3, Phe6, Lys8, Gln9,

and Ala10, had much higher propensities to exhibit α-helical conformation

when the substrate was bound to Chak1 than when free in water. For il-

lustration, we presented the comparison of Phe6 population distributions in

Figure 3.2a (annexin in water) and Figure 3.2b (annexin bound to ChaK1).

Notably, shown in Figure 3.2c and Figure 3.2d, Ser4 residue was responsi-

ble for the emerging left-handed α-helical preferences when binding to kinase.

Exclusion of the Ser4 did not affect the other population distribution except

the left handed helical population in the bound state diminished. To ensure

we were not observing the artifacts of the flat-bottomed restraint applied be-

tween the Ser and kinase, we removed the distance restrains and performed

10 ns room-temperature MD simulation starting with the final structure from

REMD simulations. We found that all the residues of the annexin except for

Ala10 displayed essentially the same conformational preference with and with-

out distance restraints. Ala10 showed stronger preference for α-helix in the

REMD simulation.
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Figure 3.1: Conformational population distribution plots of each substrate
residue with respect to dihedral angles: (a) when annexin is free in water; (b)
when annexin binds with the kinase; (c) when engineered peptide is free in
water; (d) when engineered peptide binds with the kinase. The distribution
was calculated from REMD using T-WHAM and normalized.
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Figure 3.2: Conformational populations of individual annexin residue with
respect to the backbone dihedral angles: (a) Phe6 when annexin is free in
water; (b) Phe6 when annexin binds with the kinase; (c) Ser4 when annexin is
free in water; (d) Ser4 when annexin binds with the kinase. All the distribution
was calculated from the REMD room temperature replica and normalized.

Interestingly the engineered peptide behaved differently from annexin.

The overall propensity for a-helix dropped by 10% moving from water (Fig-

ure 3.1c) to Chak1 (Figure 3.1d). In addition, when examining the individual

residues, we found that only about half of the residues (Arg1, Trp8, Lys9,

Ser10, Phe12, Arg14, Phe15, and Leu16), exhibited a pronounced α-helical

population (or a global minimum in the free energy map) when free in water.

Among them, only Arg1 and Leu16 showed slightly higher or equal propen-

sity for α-helical conformation after binding the kinase. The rest exhibited a

weaker propensity for the α-helical conformation after binding to the kinase.
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Figure 3.3: Conformational populations of individual engineered peptide
residue with respect to the backbone dihedral angles: (a) Phe12 when engi-
neered peptide is free in water; (b) Phe12 when engineered peptide binds with
the kinase; (c) Ser10 when engineered peptide is free in water; (d) Ser10 when
engineered peptide binds with the kinase. All the distribution was calculated
from the REMD room temperature replica and normalized.

As an example, the conformational distributions of Phe12 were contrasted in

Figure 3.3a and Figure 3.3b. In addition, Ser10 was responsible for the ap-

pearance of left-handed α-helical population in bound state (Figure 3.3c and

Figure 3.3d). The other half of residues showed no or little α-helical confor-

mation in water, and among them only Lys2 and Lys3 showed an increased

propensity for α-helical conformations in bound state. We also compared the

conformational distribution with and without distance restraints in a similar

manner to the annexin study (above). The overall distribution averaged over

all residues was not affected by the removal of the restraint. Nonetheless,
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most of the individual residue seemed to have sampled different regions of

conformational space. These results indicated that when in complex with the

Chak1 the engineered peptide behaved significantly more like a random coil

than annexin.

In addition to the Ramachandran plots of residues, we also examined

the secondary structure profile of the whole peptide from our REMD simu-

lation. In the case of annexin in water, few short-lived α-helices appeared

in different positions of the annexin peptide in Figure 3.4a. However, when

annexin was bound to kinase (Figure 3.4b), a segment from residue 7 to 11

near the C-terminal of annexin existed persistently the helical structure, while

the remainder of the peptide adopted stable turn, coil and bend structures

throughout the whole simulation. In the case of engineered peptide in water

(Figure 3.4c), a small α-helix structure (residues 8-12) was formed and ap-

peared for quite some time, and a few other short-lived alpha helices appeared

in different positions. Nonetheless, when the engineered peptide was bound

to kinase (Figure 3.4d), the small alpha helix (residues 8-12) disappeared and

only one of the few short-lived α-helices (residues 2-4) appeared. Hence, the

engineered peptide favored random coil when binding with kinase. All these

findings were in good agreement with the Ramachandran plot observations.

3.3.2 Global search for stable structures

Stable Structures from Simulated Annealing. As alternatives to REMD,

several simulated annealing runs were applied to search for the minima energy
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structures of each substrate peptide. REMD involves simulations of multi-

ple replicas at increasingly higher temperatures and the enhanced sampling is

achieved via swapping configurations between neighboring replicas. In simu-

lated annealing, the peptide was quickly heated to high temperature so that it

can sample rare high-energy states; the slow cooling allowed the peptide to find

low energy configurations. For the annexin peptide in water, most simulated

annealing runs showed that the annexin folds into a structure which consisted

of a random coil and a helix turn. In the case of engineered peptide free in

water, simulations showed that the minimum-energy conformations were mix-

tures of loops and random coils. When annexin was bound to kinase, despite

their dramatically different starting orientations, the local minimum structure

with one and a half helical turn around the Ser4 residue was observed (Figure

3.5a) from one of the three simulations; and the other annealing simulation

finds a minimum structure with one helical turn around C-terminal. The third

annealing simulation did not show any helical peptide structure. For the en-

gineered peptide bound to kinase, no apparent helical structure (Figure 3.5b)

was ever observed in the three simulations. Overall, the structures observed

for both peptides in the REMD simulations were similar to those obtained

from simulated annealing.

We further compared the ChaK1-annexin complex structures before

and after the 50ns-simulated annealing to inspect the kinase structural change

in response to the substrate binding. Since the thermostat was set at room

temperature for the ChaK1, most of the kinase residues remained stably packed
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Figure 3.4: Peptide secondary structures as function of time calculated by
DSSP program for (a) annexin is free in water; (b) annexin bound to kinase;
(c) engineered peptide is free in water; (d) engineered peptide bound to kinase.
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during the simulations. However, relatively large structural displacements be-

tween the structures were found in a small α-helix (Res 1648-1659) and two

other regions, Gly-rich loop (Res 1618-1622) and C-terminal GxA(G)xxG mo-

tif (Res1792-1797). Firstly, the Gly-rich loop shifted slightly downwards and

outwards from the ATP-binding site, which appeared to cover ATP more fully.

The Cα of Gly1619 shifted about 3 Å from the original structure. Secondly,

the small α-helix (Res 1648-1659) located near the active site appeared to be

twisted and shifted a distance away from the original helix. As a result, the

Cα of Pro1650 was shifted about 4 Å away, and the delta Nitrogen atom of

Asn1654 was shifted by 7 Å as well. Thirdly, after the simulation, the struc-

ture of the conserved C-terminal GxA(G)xxG motif (Res1792-1797) was quite

different from the one before. This motif is located in the so-called “activation

loop” region in the conventional protein kinases. In many cases of CPKs, after

experiencing a conformational change induced by phosphorylation, the activa-

tion loop presents a beta strand for pairing with the peptide substrate. Here

in the case of the APK, the alpha carbons of residue Leu1796 and Gly1797

shifted over 3 Å. The observed flexibility may be partly due to the presence

of several glycine residues in this region, and partly because this loop may

actually be involved in the substrate recognition and binding.

Normal mode analysis of the APK structures. The Chak1 flexibility

is important in understanding whether the kinase can adapt its conformation

to substrate binding. Normal mode analysis is a powerful tool that can be

used for the analysis of collective motions in proteins that are beyond the time
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scales of regular MD simulations. We performed a coarse-grained normal mode

analysis [199] to determine the capability of the ChaK1 further relaxing to ac-

commodate the peptide substrate. The coarse-grained NMA clearly indicated

a motion between the C and N terminal lobes that would open up the active

site. The similar motion was indeed observed the SA simulation, suggesting

that the conformational flexibility of ChaK1 have been sampled effectively in

our simulated annealing runs.

Coupled folding and binding of the substrate peptides. Suppose the

substrates could fold into stable α-helical structures in complex with alpha-

kinase, the interesting question arises as to whether the substrate folds into a

helical structure and then consequently binds with the kinase, or whether it

first unfolds itself to be a disordered peptide after which the binding induces its

folding. Based on our simulated annealing runs, the peptides were observed to

become disordered when bound compared to the initial ideal helical structure.

Nevertheless, we also examined the possibility that the kinase may bind the

substrates that have already folded as stable helices. A 30ns-room-temperature

steered molecular dynamics simulations were performed for each substrate

starting from different orientations. The substrates were pulled into the active

site using the distance restraints between the Ser hydroxyl oxygen and the

Asp1765 carboxyl carbon atom, and between the Ser hydroxyl oxygen and

the ATP gamma-phosphate phosphorous atom. In the meantime, they were

maintained as α-helices at the same time via hydrogen bond restrains. The

final structure was illustrated in Figure 3.6. In this case, it appeared that the
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substrate either cannot gain any access or had very restricted access to the

active site, as it clashed with surrounding loops and strands near the active site

of the ChaK1. The kinase was clearly unable to accommodate to the helical

substrate. Measured from the resulting structure, the distance between Ser

residue of the substrates and gamma-phosphate of ATP was approximately

9 Å at the closest, far beyond the reach of catalytic residues.

3.3.3 Key roles of conserved residues in structure stability and sub-
strate recognition

For the room temperature conventional MD simulations following the

REMD without the distance restraints between peptide and ChaK1, the 10ns

trajectories were used to analyze each substrate. From the simulations, the

backbone root mean square deviations (RMSD) of ChaK1 from crystal struc-

ture were computed to be around 2.4 Å , which is a typical value for MD

simulations of proteins. Critical contacts between the peptide substrates and

ChaK1 identified from the simulation trajectories were shown in Table 3.1.

Research findings based on the X-ray crystal structure reported that the Gly-

rich loop forms H-bonds with beta and gamma-P groups of ATP. As shown

in Table 3.1, in our simulations, the Gly-rich loop forms H-bonding networks

with the ATP and with the Ser residue at a very close proximity. Indeed

we observed that the Gly-rich loop shifted downwards and outwards from the

binding pocket during the simulated annealing to facilitate such interactions.

Between the Gly-rich loop and the small α-helix (Res 1648-1659), there is a

strand that contains an important conserved Lys1646. During our simulation
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(a)

(b)

Figure 3.5: The low energy structures obtained from simulated annealing simu-
lations for the kinase in complex with (a) annexin; and (b) engineered peptide.
The Ser residue is in stick, the ATP molecule is in ball-and-stick, and both
the substrates are in dark gray.
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Figure 3.6: The structure of ChaK1 binding with annexin from the room
temperature MD simulation with ATP molecule in ball-and-stick. The annexin
peptide is restrained into stable α-helix while binding. The kinase atoms that
are within 3 Å of the annexin atoms are in surface representation and colored
in dark gray.
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Table 3.1: The mean contact distance between residues in ChaK1 (first col-
umn) and annexin (first row). The contact was considered only when the
distance between center mass of residues was shorter than 1.0nm.

Met2 [1] Val3 Ser4 Ala5 ATP

Gly1619 0.84(33.1) 0.65(100)
Gly1620 0.63(98.9) 0.62(100)

Leu1621 0.61(100)[2] 0.66(97.3) 0.79(67.5)
Arg1622 0.53(100)
Lys1646 0.68(100)
Glu1651
Glu1718 0.87(20)
Lys1727 0.74(83.7) 0.79(55.8)
Asn1730 0.64(100) 0.60(100) 0.86(12.3)
Asn1731 0.44(100) 0.71(99.9) 0.85(7.7)
Asn1732 0.55(100) 0.83(34.1)
Asp1765 0.77(86.6)
Gln1767 0.77(90.9)
Asn1795 0.47(100)
Leu1796 0.77(72.1)
Gly1797 0.79(60)

[1] The probability of occurrence of the interaction was calculated and shown
in the parenthesis in percentage. [2] The numbers highlighted in bold are

identified as hydrogen bonding interactions and italic labels are salt bridges.

the Lys1646 formed a salt-bridge with the Glu1718 and forms H-bonding with

the ATP, which was suggested previously by experimental study [3, 12]. In

typical CPK, there is a loop between two small, hydrophobic strands, which

is known as the “catalytic loop” as the conserved aspartate is intimately in-

volved in catalysis. However, this catalytic loop is absent from the ChaK1 and

so is the conserved lysine. Therefore, it was speculated that in ChaK1 another

lysine, Lys1727, may play the same role as PKA’s Lys168 does from the cat-

alytic loop [12]. We found that Lys1727 formed a salt-bridge with the catalytic
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Asp1765 and H-bonds with the substrates during the simulation. Specifically,

Lys1727 forms H-bonds with Val3 and Ser4 from the annexin substrate and

Lys9 from the engineered peptide. Our simulation results confirm this experi-

mental speculation about the role of Lys1727. In addition, as we discussed the

conserved C-terminal GxA(G)xxG motif (Res1792-1797) is typical to be in-

volved in peptide substrate recognition, we found that Asp1795 interacts with

the Met2 from annexin via H-bonds and that Asp1799 forms a salt-bridge with

Arg13 from the engineered peptide. These findings indicate that this motif is

involved in peptide substrate recognition. Additional specific interactions ob-

served in our simulation are listed in Table 3.1, and some of those are not

reported in the experiments. We believe that those interactions are important

for substrate binding.

3.4 Conclusion

We carried out extensive explicit solvent MD simulations for ChaK1

binding with two substrates to investigate the substrate conformational pref-

erence upon binding. REMD simulations of 0.65 microseconds total was em-

ployed and the conformational free energy of peptides were analyzed using

T-WHAM. The φ-ψ population maps revealed that the individual residues in

the engineered peptide had little helical propensity in the bound state. In

addition, the engineered peptide did not show any stable α-helical fragments

when bound to ChaK1 during the REMD simulation or simulated annealing.

However, in the case of annexin substrate, most of the residues displayed sig-
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nificant α-helical inclination in bound and solution states. Each individual

annexin residue appeared to have a high α-helical probability of existing as a

helical conformation. Moreover, both REMD and SA simulations suggested

that the annexin can display a stable helical segment with one to two turns

when bound to ChaK1. The steered molecular dynamics simulation, where

the two peptide substrates, while maintained as helices, were slowly pulled

toward the active site further confirms that it is unlikely that the substrate

is unable to dock into the active site as a helix presenting the peptide serine

residue for phosphorylation. Computational sampling remains a challenging

task even with technique such as replica-exchange molecular dynamics that

provided 0.65 microseconds simulations of dynamics. Especially when bound

with protein, the free energy landscape of peptide substrate is likely to have

very steep wells that trap the system into local minima. Our coarse-grained

normal mode analysis of ChaK1 indicated that ChaK1 conformational fluc-

tuation has been sufficiently sampled such that it is unlikely we are missing

configuration where the ChaK1 undergoes substantial conformational change

to adapt to the substrate binding. We did observe that upon binding, the Gly-

rich loop, a small α-helix and C-terminal GxA(G)xxG motif displayed high

degrees of flexibility; some of the amino acid residues in these regions moved

as far as 7 Å with respect to their positions in the initial crystal structure.

These regions are likely in the substrate recognition and binding. Several key

interactions identified from the MD simulations are in agreement with those

proposed in the previous experimental study. The residues identified in these
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interactions, highly conserved in APK kinase family that ChaK1 belongs to,

are believed to play important roles in catalytic function [150, 159]. In sum-

mary, this computational study suggests that the peptide substrate is not

required to be a stable helix in order to bind to ChaK1 for phosphorylation.

In fact, out of the two peptide substrates we investigated, only one displayed

random helical segments (1-2 helical turns) according to the simulations.
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Chapter 4

Trypsin-ligand Binding Affinity Calculation

Using A Polarizable Potential

4.1 Introduction

The modern drug discovery process begins with an identification of

small molecules that interact with specific targets such as receptors, enzymes,

hormones, ion channels and other macromolecules with high affinities. Physical-

based molecular modeling has been sought after as the potential technique to

accelerate and facilitate the drug discovery process. From rapid empirical

docking to sophisticated quantum mechanical (QM) ab initio theory, from

explicit-water molecular dynamics simulations to implicit solvent continuum

approaches, a range of computational methods have been utilized to determine

the binding affinity of small molecules to macromolecular targets [18–21, 200]

Although great progress has been made in various fronts, including the rig-

orous treatment of long-range electrostatic interactions [201, 202] and the so-

phisticated sampling algorithms for free energy calculations [203], there remain

challenges in using molecular modeling to make reliable predictions of ligand

binding affinities. Two immediate obstacles are limited sampling of protein-

ligand-water interaction and accuracy of the potential energy function describ-

ing the atomic interactions. The current generation of empirical force fields
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available for biological systems [11, 188, 204] is based on the classical molecu-

lar mechanics (MM) framework and employs a fixed-charge representation of

electrostatics. While the fixed-charge model is computationally efficient and

effective for various applications, it lacks the ability to represent non-isotropic

charge distributions at the atomic level and does not respond to the change in

local environment [16, 205].

Trypsin/Benzamidine has been a prototypical system for evaluating

modeling techniques. A good number of ligands that inhibit trypsin and other

serine proteases have been investigated via computer simulations. Free energy

perturbation (FEP) and thermodynamic integration (TI) [206, 207] with ex-

plicit solvent simulations, QM [208] and MM-based implicit solvent [209] and

other approximated approaches [210] have all been attempted. Several stud-

ies have focused on a series of ligands of similar physicochemical properties,

e.g. benzamidine derivatives with various p-substituted alkane groups. Essex

and Jorgensen have suggested that, although more hydrogen bonds are found

in more tightly bound ligand, the bulk solvation effect dominates the bind-

ing affinity, i.e. more polar ligands would be weaker inhibitors due to better

solvation in bulk water [211]. The underestimation of binding affinity for ben-

zamidine has been attributed to a deficiency in the partial charges used. The

opinion of bulk-solvation domination has been echoed by others [212]. Accord-

ing to Grater et al. [208], the van der Waals energy is the major energy term

that favors binding to trypsin. A recent study shows that the relative binding

affinity results obtained with a polarizable force field are much more corre-
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lated with experimental data than a non-polarizable force field, suggesting the

inadequacy of the latter for charged systems [213].

Previously Jiao et al have utilized a polarizable atomic multipole-based

potential to calculate the absolute binding free energy of benzamidine to

trypsin [96]. It is concluded that the electronic polarization renders very

different effect in protein and water environments and should be taken into

account explicitly for accurate free energy evaluation. Unlike the absolute

binding free energy, relative binding free energy is more likely to be predicted

accurately due to systematic error cancellation. There have been extensive

studies of relative binding affinity using an array of explicit and continuum

based methods [20, 21]. Several have reported good agreements with experi-

ment [49, 214, 215]. However, consistent prediction of relative binding affinity

from molecular simulations is not yet robust or fully validated due to the rela-

tive computational expense compared to docking like approaches [21]. Further

work on a wide range of molecular systems is needed to gain a firm understand-

ing of the capability of molecular modeling to rank ligand affinity in silico.

In this work we present a study of a series of ligands with different

aromatic and charged groups using a polarizable potential for the entire system

of protein, ligand and water. We report binding free energies from both explicit

solvent molecular dynamics simulations and a polarizable Poisson-Boltzmann

continuum method [95].
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4.2 Computational details

The aspartic acid residue located at the binding site of trypsin provides

strong electrostatic interactions with counter-charged ligands. All five ligands

we have investigated in this work contain a positively charged functional group

(Figure 4.1). Benzamidine (ligand A), consists of a hydrophobic phenyl ring

and a positively charged amidinium group that forms a salt bridge with the

aspartic acid. Ligand B and Ligand C are similar to benzamidine except that

the phenyl ring is replaced by a 1,3-dizine (or pyrimidine) and 1,4-diazine (or

pyrazine), respectively. Ligand D, 4-amino-benzamidine, contains a NH2 sub-

stitution group at the 4 position of the phenyl ring. In ligand E, a protonated

amine replaces the amidinium group.

4.2.1 Ligand parameterization

Molecular mechanics simulations were performed using a polarizable

force field for the entire system, including ligand, water and trypsin. The

force field was recently applied to compute the absolute binding free energy of

benzamidine to trypsin [216]. The parameters for water and protein are avail-

able with the TINKER molecular modeling package [216]. Parameterization

for the new ligands in this work is described as follows [96]. The structure of

each ligand was optimized quantum mechanically at the level of HF/6-31G*

using Gaussian 03 [125]. A single point energy calculation was performed

subsequently at the MP2/6-311++G(2d,2p) level to compute the molecular

dipole moment and the density matrix. The electrostatic parameters, includ-
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Figure 4.1: Chemical structures of trypsin ligands studied: A. benzamidine;
B. 1,3-diazamidine; C. 1,4-diazamidine; D. 4-amino-benzamidine; E. Benzy-
lamine.

ing monopole, dipole and quadrupole moments, were derived from the density

matrix using GDMA v2.2 [217]. The hydrogen atomic radius parameter was

set to 0.31 Å. The van der Waals (vdW), bond, angle, and atomic polarizabil-

ity parameters of the ligands were transferred from the AMOEBA potential

(amoebapro.prm) available in TINKER [216]. The relevant parameters of the

amidinium group were taken from the guanidinium group of arginine. The

equilibrium bond and angle values were adjusted to match the geometry ob-
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tained from force field and QM optimizations. For ligand A, B, and C, the only

rotatable dihedral angle is the one that links the aromatic ring and the amidine

group. A generic torsional energy term, Etor = 2.70 ∗ (1 − cos(2φ)) kcal/mol,

was adopted for all three ligands. The same torsional parameters were applied

to the bond between the 4-amino group and the phenyl ring in ligand D. The

bonds between the phenyl ring and the amine group of ligand E are single

bonds in nature, and the torsional contribution is insignificant to the overall

rotational energy barrier (Etor = 0.064 ∗ (1− cos(2φ)) + 0.605 ∗ (1− cos(3φ))

kcal/mol). The molecular dipole moment vector was computed for each lig-

and in gas-phase using the standard orientation from QM optimization. To

calculate the ligand dipole moments in bulk water and solvated complex, the

averaged atomic induced-dipole moments were collected from the molecular

dynamics simulations. The permanent and induced multipoles were then ap-

plied to the same QM geometry to compute the ligand dipole moments.

4.2.2 Explicit solvent molecular dynamics simulations

At each perturbation step, molecular dynamics simulations of ligand in

bulk water and protein were performed, respectively [96]. The initial systems

were prepared using TINKER [216]. The benzamidine-trypsin crystal struc-

ture (1BTY) [218] was used as a starting structure to generate new structures

for the other ligands. The ligands D and E were placed into trypsin by su-

perimposing the phenyl ring onto that of benzamidine. Based on the crystal

structure, HIS23 and HIS73 are deprotonated at eN while HIS40 is deproto-
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nated at dN. The protein-ligand complex was placed in a periodic octahedral

water box. For ligands A, B and C, we continued to use our previous sys-

tem of 2222 water molecules (the containing cubic box is 51 Å on each side).

For ligands D and E, we adopted a bigger octahedron box with 4515 water

molecules and 58 Å on each side.

All production MD simulations were performed along the perturbation

pathways described above using PMEMD in AMBER v9 [219]. A 100 ps

NPT dynamics simulation was first performed to equilibrate the system. The

resulting configuration was then subject to the NVT simulations with the

density fixed at the NPT-average. The same procedure was applied to prepare

the ligand-water systems which were also octahedron boxes containing about

400 water molecules. NVT dynamics simulations of 1 to 2 ns were performed on

the trypsin-ligand systems at each perturbation step as required for statistical

convergence, whereas 0.5 ns simulations were conducted for all ligand-water

systems. A 1 fs time step was used. Atomic coordinates of the simulation

system were saved every 500 fs. The temperature was maintained at 298 K

using the Berendsen thermostat. The vdW cutoff was set to 9 Å, with a

long-tail correction included. Particle Mesh Ewald (PME) was used to treat

the electrostatic interactions, with a real-space cutoff of 7.0 Å. To speed up

the simulation, the induced dipoles were iterated until the root-mean-square

change was below 0.05 D per atom. In the post-MD free energy analysis with

the Bennett acceptance ratio [220], we used a tighter convergence criterion,

10−5D per atom.
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4.2.3 PMPB/SA implicit solvent calculation

Existing Poisson-Boltzmann method applied to fixed partial charge

models can provide polar solvation energies and can used to evaluate thermo-

dynamics properties. In recent work, Schnieders developed a new polarizable

multipole Poisson-Boltzmann (PMPB) continuum electrostatics model [221],

which is based on AMOEBA force field [63]. Their formalism involves the

discretization of the multipoles on a grid, the assignment of the permittivity

and the modification of Debye-Huckel screening factor. A self-consistent reac-

tion field protocol is used to achieve the convergence of the coupling between

an AMOEBA solute and the PMPB continuum. After numerical convergence

reached, the total solvated electrostatic energy for the PMPB model can be

obtained from the numerical solution of the Linearized Poisson-Boltzmann

Equation (LPBE). This PMPB continuum method has been used to examine

several small folded proteins by molecular dynamics and the results have been

compared with MD in explicit water [221]. The effects of solvent environment

on the electrostatic moments produced by both methods agreed well.

The polarizable multipole was combined with Poisson-Boltzmann (PMPB)

[221] method and surface area (SA) approximation of nonpolar solvation free

energy to calculate the absolute and relative binding free energies. For each

ligand, 75 snapshots were taken from the last 200 ps from the trajectory of

1-2 ns simulations of trypsin-ligand complex. The free energy was calculated
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by the following equations:

∆Gbinding = ∆Ggas +∆Gcom
solv −∆Gpro

solv −∆Glig
solv

= ∆Hgas − T∆S +∆Gcom
solv −∆Gpro

solv −∆Glig
solv

∆Hgas
∼= ∆Egas = ∆Eint +∆Eelec +∆Evdw

(4.1)

Here ∆Ggas is the interaction energy between the ligand and the protein in

the gas phase and ∆Gpro
solv, ∆G

lig
solv and ∆Gcom

solv are the solvation free energies

of protein, ligand and complex, which can be estimated using a continuum

method PBSA following the equation:

∆Gsolv = ∆Gpolar +∆Gnonpolar (4.2)

In our work we have applied the PMPB methodology to calculate the

polar contribution to the binding free energy. The PMPB calculations were

performed at 298 K with a dielectric constant of 78 [222] for water solution and

1.0 for protein interior. The probe molecular radius was 1.4 Å. Multiple-charge

Debye-Huckel Dirichlet boundary conditions were used to solve the equation

with a spline window of 0.3 Å and grid spacings of 0.38 by 0.38 by 0.38 Å. The

nonpolar contribution ∆Gnonpolar to the solvation free energy was determined

using a simple empirical relation: ∆Gnonpolar = σA+B where A is the solvent-

accessible surface area that was estimated using TINKER [216]. σ and B are

empirical constants and we use 0.0049 kcal/molÅ2 and 0.92 kcal/mol for and

B respectively.

The entropy differences (T∆S) upon binding were computed by sub-

tracting the entropy of the ligand-free protein (TSpro ) and the ligand (TSlig
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) from that of the ligand-bound form( TScom). For every molecule, the en-

tropy can be decomposed into three parts: the translational, rotational and

vibrational entropies, which are calculated following the equations [223, 224]:

Strans = kBT

{

5

2
+

3

2
ln

(

2πmkBT

h2

)

− ln(ρ)

}

(4.3)

Srot = kBT

{

3

2
+

3

2
ln

(

8π2kBT

h2

)

+
1

2
ln (πIAIBIc)− ln(σ)

}

(4.4)

Svib =
3N−6
∑

i=1

[

hvi
ehvi/kBT − 1

− kBT ln(1− e−hvi/kBT )

]

(4.5)

Here m is the mass, ρ is the number density, IA, IB and Ic are the three

principal moments of inertia, σ is the symmetry factor, h is the Planck constant

and vi is the frequency of the ith normal mode from the normal-mode analysis

(NMA).

Performing normal modes analysis is extremely time-consuming espe-

cially for large systems. First an initial energy minimization step is required

for each snapshot, which would be computational expensive if one intend to

use large number of snapshots. In addition, it demands enormous amounts

of memories and time for constructing and diagonalizing a 3N by 3N Hessian

matrix (here N is the number of atoms). To reduce the computational cost,

only a few snapshots are selected to estimate the entropy contribution with

MM/PBSA calculation practically. Another alternative way is to truncate the

complex/protein outside certain distances from the ligand and ignore the out-

side region to decrease the degrees of freedom in the calculation. However, it

will lead to a large standard deviation in the estimated entropy in both ways.
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A new feasible technique by dividing the complex into active and inactive (or

buffer) regions is suggested and tested to decrease the standard deviation so

that the entropy term no longer limits the precision of the MM/PBSA predic-

tion [225]. Following the same protocol, we consider the active region consisted

of all atoms within 8 Å outside the ligand and all the other left part as in-

active region. The inactive region was kept fixed during the minimization of

the active region, and the Hessian matrix calculation is restricted to the active

region only. This technique will be applied to both the bounded complex and

free protein. The PMPB/SA and normal mode calculations were performed

using the TINKER package [216].

4.3 Results and discussion

Relative binding free energy. We have performed a series of molecular

dynamics simulations to perturb the ligand from benzamidine to another in

both bulk water and in the solvated complex. The polarizable potential is

applied to the entire system in all simulations. From these simulations, the

relative binding free energy for each ligand, as well as the absolute binding

free energy were calculated based on the previously calculated value for ben-

zamidine [95, 96].The results are summarized in Table 4.1. The experimental

binding free energies are based on inhibition constants determined by spec-

trophotometry or isothermal titration calorimetry under various assay condi-

tions [206, 208, 212, 226–228]. The existence of multiple experimental values

for the same ligand indicates that the experimental uncertainty is almost 1
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kcal/mol in energy or one order of magnitude in binding affinity. The relative

affinity from the same source should be more reliable although for ligand D

we find two sets of values that differ by 0.3 kcal/mol.

The calculated absolute and relative binding free energies are in excel-

lent agreement with experimental measurements. We are satisfied that in all

cases the sign of the binding affinity change has been predicted correctly. All

relative solvation free energies are negative, indicating that ligands B through

E are all better solvated than benzamidine (ligand A) in bulk as well as in

trypsin binding site. The free energy changes in both environments are fairly

significant for B, C and E, on the order of -10 to -20 kcal/mol, when the phenyl

ring is replaced by a diazine or the charged amidinium by an amine. How-

ever, the change in bulk water is mostly compensated by that in the complex,

leading to a net decrease in the binding free energy of 1.5 kcal/mol. Thus,

ligands B, C, and E are predicted to be somewhat less potent inhibitors than

benzamidine, in agreement with experiment. As for ligand D with an extra

NH2 substituent on the phenyl ring (Figure 4.1), the free energy changes in wa-

ter and in the protein complex are relatively small: -1.27 and -1.44 kcal/mol,

respectively. As a result, the binding affinity of ligand D increased slightly

over that of benzamidine. However, the calculated magnitude of change is less

significant than the experimental value.
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Table 4.1: The calculated binding free energies from Poisson-Boltzmann con-
tinuum (MM-PMPB/SA) and the individual energy decomposition for each
ligand binding to trypsin (kcal/mol).

A B C D E

∆E
[1]
gas+∆Apolar -19.3(0.3) -16.0(0.4) -13.5(0.4) -20.6(0.5) -17.9(0.5)

∆Evdw -15.0(0.3) -14.0(0.3) -13.0(0.3) -15.4 (0.3) -10.9(0.3)
∆Eelec 74.7(0.6) 72.4(0.6) 79.1(0.5) 18.4 (1.0) 64.4(0.7)
∆Apolar -78.9(0.4) -74.4(0.6) -79.5(0.4) - 23.6(0.7) -71.4(0.4)

∆Anonpolar -3.2(0.0) -3.1(0.0) -3.1(0.0) -3.3(0.0) -3.0(0.0)
-T∆Svib -4.2(0.1) -5.6(0.1) -5.0(0.1) -4.3(0.1) -4.3(0.1)

-T∆Strans+rot 18.5(0.0) 18.4(0.0) 18.9(0.0) 18.8(0.0) 18.6(0.0)

∆A
[2]
bind -8.2(0.4) -6.3(0.5) -2.7(0.5) -9.4(0.6) -6.6(0.6)

∆A
[3]
expt -6.3 ,-6.4,-7.3 -4.7 -4.8 -7.0,-7.2 -3.8, -4.7

[1] ∆Egas = ∆Einternal +∆EvdW +∆Eelec; all the numbers in parentheses
represent the standard error of the mean;

[2] ∆Gbinding = ∆Egas +∆Gpolar +∆Gnonpolar − T∆Svib − T∆Strans+rot;
[3] Ref. [206, 208, 212, 226–228]
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Table 4.2: Relative binding energies to benzamidine (Ligand A) from explicit
and implicit solvent calculations (kcal/mol).

A→ B A→ C A→ D A → E

Experimental[a] 1.6 1.5 -0.6/-0.9 1.6

Explicit FEP[b] 1.8 1.8 -0.3 1.3

MM-PMPB[b] 1.9 5.5 -1.2 1.6

QM/MM-PB/SA[c] -0.6 -0.1 NA NA

QM/MM-PB/SA[d] 0.6 0.6 NA NA

PB/SA[e] 1.9 NA 0.7 NA
[a] Ref. [206,208,212,226–228]. [b] This work. [c] Table 1 in Ref [208], flexible

trypsin. [d] Table 2 in Ref [208], rigid trypsin. [e] Table 1 in Ref [228]

From our previous analysis [96],we concluded that van der Waals inter-

action is the main cause for the decrease in the binding affinity from ligand

A (benzamidine) to ligand B (1,3-diazamidine). Similarly, we found that for

ligand C (1,4-diazamidine), the vdW interaction remains the dominant factor

in the relative binding affinity.

4.3.1 Molecular dipole moments of the ligands

Electrostatic interactions are important factors to the trypsin-ligand

recognition as the presence of the charged group is crucial. While the aro-

matic benzene is commonly considered as a “hydrophobic” group, the accu-

rate account for hydrophobicity also depends on the details of electrostatic

interaction with water and other surrounding atoms. In a previous study,

we evaluated the effect of polarization in binding by switching off dipole in-

duction between the benzamidine and its environment. We concluded that

polarization actually worked to offset the permanent electrostatic attraction
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Figure 4.2: Comparison between experimental and calculated binding free
energies from explicit and implicit solvent calculations.
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Figure 4.3: The running average of absolute binding free energies of ligand B
and E from MM-PMPB/SA. A total of 80 snapshots were extracted at a 2.5
ps interval from the last 200 ps of the explicit water simulation trajectory.

between benzamidine and trypsin. Here we have calculated the dipole moment

of each ligand in gas phase, bulk water, and protein complex, to characterize

the ligand charge distributions (Table 4.3). The molecular dipole moments

computed from polarizable atomic multipoles, which have been derived from

QM ab initio calculation, in principle reproduce the ab initio dipole moments

exactly. The discrepancy between the gas phase dipole moments from QM

and from force field calculations seen in Table 4.3 is due to the averaging

of atomic multipoles over symmetric atoms, such as the hydrogen atoms in

amine and amidinium groups. The averaging is for the sake of simplicity, but

is also necessary as we are unable to distinguish these atoms individually in

our simulations. Electronic polarization in bulk water and in protein complex

leads to an increase in the molecular dipole of up to 10%, with the protein

environment consistently showing a greater effect than the bulk water envi-
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ronment. Ligand B (1,3-dizamidine) is the least affected by induction. Note

that the polarization effect on the ligand is only a small fraction of that in the

whole system; the protein is significantly polarized by the ligand as we have

discussed previously.

When a series of similar ligands are considered, it has been suggested

that there is a correlation between the molecular polarity and the binding

affinity - the more polar ligand is better solvated in water and therefore has

lower affinity to trypsin. In our calculation, there is, however, no evident

correlation between the molecular dipole and binding affinity. It is interesting

that ligands B and C, with 1,3-diazine and 1,4-diazine in place of benzene,

respectively, have dramatically different molecular dipole moments as well as

solvation energies in bulk water (Table 4.3) while the binding free energies are

essentially identical. According to the solvation free energies calculated from

FEP, ligand B, with the smallest molecular dipole moment, is best solvated

in bulk water (or in protein complex) of all the ligands (Table 4.3). Therefore

the molecular dipole moment is inadequate to differentiate the electrostatic

details among the ligands.

In changing ligand A to B, the phenyl ring is mutated into a pyrimidine

(Figure 4.1). The two N atoms introduced in the ring in place of the two CH

groups perturbed the charge distribution significantly (as evident by the 50%

decrease in the dipole moment). Nonetheless, as seen from the atomic multi-

pole parameters for both ligands, the perturbation is fairly “local”, restricted

to the N atoms themselves and the carbon atoms immediately bonded to N.
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Table 4.3: Molecular dipole moments (Debye) in gas, in bulk water and
protein-ligand complex from quantum mechanics ab initio calculations (QM)
at MP2/6-311++G(2d,2p) and molecular dynamics simulations using the po-
larizable force field. For each ligand, the dipole moments were calculated using
the QM geometry in the inertia frames with the origin at the center of mass.

Total DX DY DZ

LigA Gas phase(QM) 6.00 -6.00 0.00 0.00
Gas phase 6.21 -6.21 0.00 0.00
Water 6.67 -6.67 0.00 0.00
Protein 6.88 -6.88 0.00 0.00

LigB Gas phase(QM) 3.75 -3.75 0.00 0.00
Gas phase 3.73 -3.73 0.00 0.00
Water 3.83 -3.83 0.00 0.00
Protein 3.98 -3.98 0.00 0.00

LigC Gas phase(QM) 6.24 -6.23 0.00 0.00
Gas phase 6.61 -6.60 0.00 0.00
Water 7.11 -7.10 0.00 0.00
Protein 5.08 5.08 0.00 0.00

LigD Gas phase(QM) 4.21 4.21 0.00 0.00
Gas phase 4.37 4.37 0.00 0.00
Water 4.79 4.79 0.00 0.00
Protein 5.08 5.08 0.00 0.00

LigE Gas phase(QM) 8.93 8.66 0.00 2.19
Gas phase 9.50 9.15 0.00 2.57
Water 10.28 9.93 0.02 2.66
Protein 10.80 10.49 -0.15 2.59
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The atomic charges, dipoles and quadrupoles of the amidinium group are es-

sentially invariant between the two ligands. In changing ligand A to C, on the

other hand, due to the broken symmetry in the pyrazine (or 1,4-diazine), the

effect of the two N atoms cancels out and leaves the molecular dipole moment

similar to that of benzamidine. In ligand D, the 4-amino substitution group

donates pi-electrons to the aromatic ring which reduces the molecular dipole

moment relative to benzamidine. The amine group of ligand E (benzyl amine)

causes a significant dipole moment (DZ) out of the plane of the phenyl ring.

4.3.2 Implicit solvent MM-PMPB/SA free energy analysis

We have utilized an end-state method based on PMPB/SA to evalu-

ate the binding affinities of the five ligands. The molecular mechanics-based

Poisson-Boltzmann surface area (MM-PB/SA) approach has been widely used

to investigate protein-ligand and protein-protein interactions due to its com-

putational efficiency [27, 33, 36]. In this approach, Poisson-Boltzmann con-

tinuum is applied to evaluate solvation thermodynamics of a solute of fixed

atomic charges, extract from MD simulations of the complex. In a recent

work, Schnieders et al. extended the PB framework to systems with polariz-

able point multipoles [221]. A self-consistent reaction field protocol was used

to couple the polarizable solute and PB continuum. This PMPB continuum

method has been compared with explicit solvent simulations in the simulation

for several small proteins [221]. The solvent effects on the protein electrostatic

moments produced by the two methods are in good agreement. Using the
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electrostatic solvation energy from PMPB, we also attempted to estimate the

absolute and relative binding free energies to trypsin. We refer to this method

as MM-PMPB/SA to reflect the use of polarizable multipoles for solute. A

total of 80 snapshots from explicit solvent MD simulations have been used for

each ligand. Figure 4.3 shows the running average of the absolute binding free

energies of ligands B and E as a function of time (snapshot number). The gas

phase binding energy, solvation energies and entropy contributions for each

ligand, together with the estimated standard errors, are listed in Table 4.1.

The root-mean-square deviation of the calculated absolute binding free ener-

gies from experimental data is 1.9 kcal/mol. Given that the PMPB/SA model

has not been extensively parameterized, the results are quite encouraging. It

is evident that the sum of gas phase binding energies and polar solvation en-

ergies dominates the order of the binding affinities among the five ligands.

In fact, the addition of other energy terms, nonpolar solvation energy and

entropy, does not affect the ranking. The sum of gas phase energy and elec-

trostatic solvation energy (∆Egas+∆Apolar ) sampled from MD snapshots also

displayed substantial fluctuation, with a standard deviation of 5 kcal/mol,

which raises a question about the feasibility of using a single crystal structure

to evaluate binding affinity. While the nonpolar solvation energy is negative

(favorable for binding) for all five ligands, the magnitude varies rather insignif-

icantly. This is probably an artifact of the oversimplified surface area term we

adopted for the nonpolar solvation energy evaluation. The translational and

rotational entropy loss and vibrational entropy gain were observed upon bind-
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ing. The protein atoms further than 8 Å away from the ligands were frozen

in the calculation of vibration entropies. Overall, entropy contributes signifi-

cantly (unfavorably) to the binding. Nonetheless, according to the harmonic

oscillator approximation, the entropy contribution is almost invariant across

the five ligands. For the purpose of ranking ligand affinity, it seems that we

can ignore the entropy and compute the gas phase binding energy and polar

solvation energy alone. However, this may not always be true especially for

ligands with significant differences in chemical structure and size. Among the

dominant term of Egas and Apolar, both the vdW and electrostatic interactions

are important. The gas phase electrostatic binding energy is anti-correlated

with the polar solvation term (∆Apolar ) as shown in Table 4.1. However,

the sum of the two ( Eelec+Apolar) varies significantly among the five ligands:

-4.2, -2.0, -0.4, -5.2 and -7.0 kcal/mol, which has almost as good correlation

with the experimental data as the calculated ∆Abind , except for ligand E. For

ligand E, the gas phase vdW binding energy is the determining factor for its

lower binding affinity than ligand A. We notice that ligand C has the largest

error in the absolute binding free energies. It is also interesting that our cal-

culations overestimate the absolute binding free energies (more favorable) of

ligand A through D whereas underestimated that of ligand C (Figure 4.2). It

seems that the electrostatic (∆Eelec+∆Apolar) component contributes to the

most of the discrepancy; however, due to the approximations involved in this

approach, the physical source of the error is unclear.

Figure 4.2 compares the relative binding free energies calculated from
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Table 4.4: Ligand solvation free energies in bulk water from QM ab initio
methods with continuum solvation, MM-PMPB/SA and explicit solvent al-
chemical transformation simulations using the polarizable force field.

∆A
mp2,[1]
sol ∆A

mp2,[1]
sol,pol ∆A

dft,[2]
sol ∆A

dft,[2]
sol,pol ∆A

pmpb,[3]
sol ∆A

pmpb,[3]
sol,pol ∆Apert

sol

A -59.3 -64.6 -57.9 -59.1 -54.2 -56.8 -45.8
B -55.8 -60.8 -57.1 -57.6 -55.6 -58.1 -71.7
C -62.6 -67.6 -62.1 -62.6 -58.3 -60.9 -56.4
D -58.6 -64.1 -56.0 -57.1 -53.4 -56.2 -47.1
E -69.7 -75.4 -64.1 -65.1 -57.6 -60.1 -66.8
[1] From MP2/6-31+G* with PCM implicit solvent model using UA0 radii;

[2] From B3LYP/6-31G* with PCM model using UAHF radii;
[3] MM-PMPB/SA approach.

MM-PMPB/SA with those from experiment and explicit-water FEP simula-

tions. Although the PMPB based continuum approach is not as accurate as

the explicit water FEP for absolute binding free energy prediction, it correctly

predicts the direction of free energy change upon ligand mutation in all cases,

as with explicit water simulations. In a previously reported QM/MM-based

study, it was necessary to assume a rigid trypsin in order to correctly predict

the direction of the binding free energy change between ligands B, C and A.

From Figure 4.2 and Table 4.2, it is evident that the calculated relative free

energy is well correlated with the experimental data, with the exception of lig-

and C (1,4-diazamidine). Given the computational efficiency and effectiveness,

the PMPB-based end-state approach should be of practical use for screening

and optimizing small molecules against macromolecular targets.

The ligand solvation free energies in bulk water are given in Table

4.4. The magnitude of ligand solvation energy from MM-PMPB/SA is in
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general comparable to that given by QM/MM coupled with the polarizable

continuum model (PCM) [229]. However, the ligand solvation free energies

from explicit solvent FEP simulation show much greater variation from one

ligand to another than those from both QM and PMPB based continuum

approaches. Continuum methods are expected to have limitations when spe-

cific water molecules are involved in critical interactions with solutes. It has

also been suggested the treatment of internal water molecules in the binding

site is important for binding free energy calculation using PB [209]. In addi-

tion, the PMPB model has not been extensively tested or parameterized on

small molecules with net charges. Even with the sophisticated electrostatic

model in the PMPB method, we face the similar problems that traditional

MM-PB/SA has yet to overcome, namely the treatment of nonpolar solvation

and entropy [230, 231]. On the hand, due to the elimination of intermediate

MD perturbation steps, the PMPB method is at least ten times more efficient

than the explicit solvent FEP simulation. Further gain will be achieved if

the molecular dynamics trajectories can be reliably obtained also using the

implicit solvent model [200].

4.4 Conclusion

We have computed the binding free energies of five positively-charged

benzamidine analogs to trypsin using a force field based on polarizable atomic

multipole electrostatics. Molecular dynamics simulations were performed for

ligands in protein-ligand complex. The calculated relative binding free en-
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ergies, both in sign and magnitude, are in excellent agreement with exper-

imental measurements. The 4-amino substitution at the phenyl affects the

solvation and binding free energy insignificantly according to our simulations.

The molecular dipole moments of the ligands have been characterized in gas

phase, in bulk water and in protein-ligand complex. For the ligands studied,

molecular dipole moments show no correlation with either the solvation free

energy in bulk water or the trypsin binding free energy. The charge redistribu-

tion resulting from the chemical change from benzamidine to the other ligands

is fairly local-replacing benzene with diazine has no effect on the atomic mul-

tipoles at the charged amidinium group. The outcome of our first attempt to

utilize a polarizable multipole based Poisson-Boltzmann continuum approach

is very encouraging, especially given the better computational efficiency than

that of the explicit solvent FEP simulations. The absolute binding free ener-

gies estimated from MM-PMPB/SA exhibit a RMS error of 1.9 kcal/mol. The

relative binding free energies are in excellent agreement, again both in sign

and magnitude, with the results obtained from explicit water simulations and

experiment, with one exception. The solvation free energy calculated by im-

plicit solvent models is not as sensitive to the chemical structure as that from

explicit solvent simulations. As with the traditional MM-PB/SA approach,

the treatment of nonpolar solvation energy and entropy remains questionable.

Although further validation and refinement are needed, our results indicate

that the polarizable multipole potential combined with Poisson Boltzmann

method is potentially a useful tool in ranking small molecule binding affinities

100



for applications such as drug discovery and molecular design.
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Chapter 5

Model Zn Proteins Using A Polarizable

Potential

5.1 Introduction

One third of all proteins contain metal ions as their integral parts [232].

The metal ions in these protein complexes serve essential biological functions

from organizing the secondary or tertiary structure, facilitating protein-ligand

interactions, to directly participating in catalytic activities. Many metallopro-

teins, similar to the ion channels, recognize and associate with only specific

types of ions against a solution of various ions of similar properties (e.g. charge

and size). For example, calmodulin, involved in signal transduction, DNA syn-

thesis, and cell division, undergoes significant conformational changes upon

binding to Ca2+; protein kinases and ATPase require Mg2+ in coordination

with ATP to facilitate phosphoryl transfer; metalloenzymes, such as alcohol

dehyrogenase, carboxypeptidase, thermolysin, and matrix metalloproteinases

(MMP), rely on Zn2+ for their catalytic activities [233].

As the second most abundant cation in human body [234], Zn has im-

portant biological implications and is involved in survival and pathogenesis

of many viruses including HIV, hepatitis, herpes simplex, Rubella and in-
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fluenza [235]. Recently, new zinc binding functions discovered have attracted

an increased interest and progress in developing novel pharmacological agents

based on zinc-mediated ligands is in the way [236–238].

A coordination number of six with an octahedral structure is well es-

tablished for Zn2+ in aqueous solution. When binding in the protein com-

plexes, a tetrahedral arrangement to the surrounding amino acid residues is

often observed, although Zn2+ can also exist in a five-, or a six-coordinated

complex. In protein, Zn2+ can serve either a catalytic role, by participating di-

rectly in chemical catalysis, or play a structural role solely to maintain protein

structure and stability [239]. It has been reported that among 126 structural

proteins based on X-ray structures, a majority of the zinc sites (82%) are 4-

coordinated, only 14% are 5-coordinated, and 4% are 6-coordinated; Of 147

catalytic binding proteins based on X-ray structures, 58% are 4-coordinated,

31% are 5-coordinated, and 11% are 6-coordinated [240]. Thus, tetrahedral

coordination is dominant in proteins although a significant amount of zinc

ions display higher coordination numbers. Common ligands for the zinc ion

include histidine, aspartate or glutamate, and cysteine, in a variety of com-

binations. Based on the chemical structure of the zinc-binding group, several

different categories of zinc metalloprotease inhibitors have been developed by

incorporating a hydroxamate (CONH-OCl−), a carboxylate (COOCl−), a thi-

olate (SCl−) or a phosphinyl (PO2Cl
−) [241]. The flexibility in the ligands

and coordination geometries of Zn2+ leads to its diverse binding sites in zinc

metalloenzymes, rendering a range of important biological functions [242].
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In order to understand the role of zinc ion and ultimately perform the

de novo design for novel therapeutics, a number of challenging questions re-

main to be addressed, i.e. the coordination geometry basis of zinc ion with the

naturally occurring ligands, the function zinc ion performs, and the prediction

of the optimal structure a ligand can be accommodated with the presence of

zinc ion. Unfortunately, experimental approaches are limited by the tempo-

ral and spatial resolution. In the simulation realm, modeling of zinc metals

embedded in a protein active site has been a long-standing challenge. While

Quantum Mechanics [243] or combined Quantum Mechanics/Molecular Me-

chanics [244, 245] methods have been applied to investigate zinc-containing

molecular systems, the computational cost of high level ab initio calculation

makes it difficult to tackle complex configurational space or long-time dynam-

ics. On the other hand, classical mechanics treatment of Zn2+ is problematic.

The strong local electrostatic field and induction effect [246] pose challenges

for the traditional fixed-charge potentials to model zinc ion in biomolecules.

Previously attempts have been made to model the Zn2+ in proteins

using classical mechanics force fields. There are three types of approaches,

based on either non-bonded or bonded models. The non-bonded model pre-

sented [247] is widely used due to its simplicity and efficiency to investigate the

structure, dynamics and energetics of zinc containing proteins. For example,

Donini and Kollman reported studies on inhibitors binding to matrix metallo-

proteinases based on such a nonbonded description for Zn2+ [248]. However,

it is generally believed that treating zinc metal in a non-bonded fashion leads
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to an overly strong preference for octahedral coordination and sometimes the

zinc ion even escapes away from the coordination sphere. It has also been

reported that nonbonded model is not able to properly describe the coordi-

nation number and energy at the same time [249]. Many have attempted to

use artificial bonds between ion and ligand atoms to fix the geometry for the

purpose of modeling ion-ligand interactions, which is referred to as bonded

model [250–252]. A semi-bonded model with tetrahedral charge dummies

around zinc has also been proposed [253]. By placing four cationic dummy

atoms tetrahedrally around the zinc nucleus, the orientation requirement for

the zinc coordinates is imposed all the time during the simulation. The extra

charge sites however give rise to unphysical permanent dipole and quadrupole

moments to the Zn2+. These bonded or semi-bonded models and their vari-

ants methods freeze the specific zinc coordination to the surroundings, which

will affect the ligand conformational sampling and dynamics. This is also a

major hindrance in understanding the versatile functions of Zn2+ and met-

alloenzymes, given the fact that the variability in Zn2+ coordination may be

coupled with enzyme function at different stages of reaction [254]. The lack of

charge transfer and explicit polarizability can result in poor accuracy for the

association energies [255]. Classical non-polarizable force fields is inherently

unsuitable for describing flexible zinc coordination.

Polarizable potential force field holds promise as it explicitly accounts

for polarization and charge-transfer effects [256–258]. Recently, Sakharov and

Lim developed a model which reproduced the experimentally observed tetrahe-
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dral structures of Cys2His2 and Cys4 Zn-binding sites in proteins [256]. SIBFA

polarizable molecular mechanics procedure was also developed to represent the

intermolecular interaction energies of Zn and their surroundings [259, 260].

Previously we reported a polarizable multipole-based electrostatic model

for Zn2+ which can accurately describe the electrostatic interaction between

the zinc ion and water environment [246]. In this study, we are extending the

polarizable model to investigate zinc-containing proteins. Three molecules,

acetate anion, CH3S
−, and imidazole, are used to mimic the side chains of

typical Zn2+-interacting ligands, Asp, Cys and His. AMOEBA force field pa-

rameters of the model compounds related to zinc ion have been refined based

on the ab initio calculations of these compounds interacting with Zn2+ and

water. MD simulations have been performed on two zinc enzyme systems with

different coordination ligands (Asp, His, Cys, water). As illustrated in Figure

5.1, system A is a zinc-finger with three four-fold coordinated zinc structural

sites, and System B, A matrix metalloproteinases (MMP) complex with two

four-fold coordinated zinc sites, one catalytic and the other structural zinc.

The Cys2His2-type zinc-finger protein consists of highly conserved zinc fin-

ger domains in which each zinc ion is coordinated by two cysteines and two

histidines. Each domain consists of two beta strands, one alpha helix and a

hairpin structure. Three residues located at the alpha helices in each finger in-

teract with three nucleotide bases of the DNA, typically making contacts with

contiguous three base pair recognition sites. Such a direct recognition mode

to DNA makes zinc finger proteins an ideal scaffold to design proteins that
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can recognize the predetermined DNA sequences specifically [261]. During the

zinc-finger protein folding process, zinc ions play a crucial role by binding to

the peptides first, then directing the folding and stabilizing the β-hairpin and

α-helix [257]. The other Zn-containing protein investigated here is MMPs,

belonging to a family of zinc-dependent endopeptidases related to the phys-

iological homeostasis of the extracellular matrix. The abnormal expression

of MMPs has been implicated in a number of pathological conditions such

as metastasis, angiogenesis, osteoarthritis, rheumathoid arthritis and cardio-

vascular diseases. Therefore, the development of potential selective inhibitors

has attracted considerable interests [236,262]. Below we present the results of

structural analysis of the zinc-protein binding motifs, as well as the relative

binding free energies of four ligands binding with MMP13, all obtained from

MD simulations using the polarizable model developed in this work.

5.2 Computational Methods

5.2.1 Parameterization

In AMOEBA force field, permanent atomic multipoles up to quadrupoles

are used to describe electrostatic interactions. The polarization effect is ex-

plicitly accounted for by incorporating dipole induction in a self-consistent

manner [263]. A buffered 14-7 potential is used to describe the repulsion-

dispersion interactions between pairs of nonbonded atoms [264]. Parameters

for all proteins and existing small molecules involved in this study were taken

from the AMOEBA force field [265].
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(a)

(b)

Figure 5.1: Crystal structures of Zinc-finger protein in complex with DNA (a;
pdb id:1AAY) and MMP13 protein (b; pdb id: 1XUD).
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Table 5.1: Comparison of molecular polarizabilities (Å3) from ab initio quan-
tum mechanical, AMOEBA polarizable model prediction and experimental
measurement.

ab initio[a] AMOEBA Other expr. or calc.
CH3COO− αxx 7.12 6.09 7.34[b]

αyy 6.95 5.71 7.49[b]
αzz 4.58 4.47 4.91[b]
αtotal 6.21 5.42 6.58[b]

CH3S
− αxx 6.97 5.34

αyy 6.97 5.34
αzz 8.42 7.14
αtotal 7.45 5.94 4.3[c]; 4.4[c];5.5[c], 6.7[c]

C3N2H4 (imidazole) αxx 8.09 9.44 9.6[d]
αyy 7.97 8.81 8.6[d]
αzz 4.88 5.39 6.6[d]
αtotal 6.98 7.88 8.24[d]; 7.5[e]

[a] calculated at the level of MP2/6-311++G(2d,2p);
[b] calculation from Ref. [266];
[c] calculation from Ref. [267];

[d] experimental measurement from Ref. [268];
[e] Ref. [269].

New atomic multipole parameters of the charged model compounds

were derived from ab initio QM calculations. Specifically, the permanent mul-

tipole moments were derived using the original Distributed Multipole Analysis

(DMA) method from the density matrix output at the level of MP2/6-311G**

using the GDMA software [217], and then optimized to reproduce the ab ini-

tio QM electrostatic potential from a higher level basis set (e.g. MP2/aug-

cc-pVTZ) using TINKER5 [216]. The ab initio calculation of molecular po-

larizability tensor of three model compounds was performed at the level of

MP2/6-31++G(2d,2p) (See Table 5.1). The Zn2+-model compound dimer and
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water-model compound dimer interaction energy profiles were evaluated by

both AMOEBA and ab initio methods (at the level of MP2/Aug-cc-pvtz with

BSSE corrections) using TINKER [216] and Gaussian 03 [125], respectively.

Thus the left missing vdw AMOEBA parameters of ionic model compounds

are fitted to reproduce the ab initio calculations. The resulting parameters

from the model compounds are transferred to side chains of the residues for

MD simulation of Zn-protein binding as shown in Table 5.2.

For the four pyrimidine dicarboxamide ligands in MMP13 complex, as

shown in Figure 5.2, the equilibrium bond and angle values were obtained

from the QM (at the level of HF/6-31G*) optimized geometry of the ligands.

The same procedure described above is used to acquire permanent atomic

multipoles for the ligands. The vdW, bond, angle, out-of-plane, and atomic

polarizability parameters of ligands were transferred from AMOEBA protein

force field. The torsion parameters for the rotational bond were fitted to ab

initio conformational energy profiles. The parameterization can be automated

by using poltype program [270].

5.2.2 Alchemical transformation and binding free energy calcula-
tion

Alchemical transformation was utilized to compute the free energy

change between two states. Relative binding free energy was calculated for

ligands B through E by perturbing each into benzamidine in both water and

the protein complex (Figure 5.3). The relative binding free energy between
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Table 5.2: AMOEBA force field parameters derived from ab initio Zn2+-model
compound structure and interaction energy.

polarizability (Å3) vdw r/eps
O 0.837 1.650/0.1120
O− 1.300 1.750/0.1120
S 2.800 2.0025/0.3550
S− 4.000 2.100/0.3550
N 1.073

N(aromatic) 1.500
C 1.334

C(aromatic/COO−) 1.750
H 0.496

H(aromatic) 0.696
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two ligands was computed as:

∆∆Abind(L1 → L2) = ∆Apro(L1 → L2)−∆Awat(L1 → L2) (5.1)

Each path of transformation consisted of approximately 10 intermedi-

ate states, using a linear interpolation of electrostatic and vdW parameters.

When atoms were annihilated or grown, the electrostatic interaction between

the mutated atoms and environment were turned off before or after the vdW

interactions to avoid numerical instability. Internal valence terms, including

bond, angle and torsion, were also changed along the path.

When atoms were annihilated, the soft-core modifications [271] were in-

troduced to the buffered 14-7 vdW potential function, to avoid the singularity

problem at the end point:

Uij = λ5εij
1.077

[0.7(1− λ)2 + (ρ+ 0.07)7]

{

1.12

0.7(1− λ)2 + ρ7 + 0.12
− 2

}

(5.2)

The relative binding free energy of four pyrimidine dicarboxamide lig-

ands (Figure 5.2) to MMP13 was calculated by alchemically transform one

ligand into another in both water and solvated protein complex, respectively.

In both sets of simulations, the electrostatic interactions between the small

molecule and the surroundings were first turned off by scaling down the elec-

trostatic parameters of the small molecules linearly in 5 to 10 steps, depending

on the structural similarity between the two ligands. Subsequently the vdW

interactions are turned off in 5 to 10 steps, followed by geometry parameters

in 5 to 10 steps if applicable.
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(a) Lig1

(b) Lig2

(c) Lig3

(d) Lig4

Figure 5.2: Pyrimidine dicarboxamide inhibitors binding with MMP-13.
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MD simulations were performed at each step along the alchemical path-

ways for 2 ns for ligands in protein complexes and 1 ns for ligands in water.

Bennett Acceptance Ratio estimator (BAR) [220] was used to compute the

free energy differences between the defined adjacent intermediate steps:

∆A(j)λi→λi+1
= −RTln

〈

1/
[

1 + exp((Eλi
− Eλi+1

+ C)/RT )
]〉

λi+1
〈

1/
[

1 + exp((Eλi+1
− Eλi

+ C)/RT )
]〉

λi

+C (5.3)

where C is given by C = ∆A(j − 1)λi→λi+1
, and j is the iteration index. Here,

Eλi
is the total energy of the system evaluated using the simulation snapshots

at λi, with a dipole convergence of 10−6 D. ∆A is solved iteratively until the

value of (∆A(j)-∆A(j−1)) is less than 0.01 kcal/mol. While an induced dipole

convergence (0.01 D) has been used during the simulations for computational

efficiency, a tighter convergence of 10−6 D per atom is applied to re-analyze

the saved snapshots and compute the results. The reweighting is incorporated

rigorously into the BAR formula:

∆A(j)λi→λi+1
= −RTln

〈

[1/(1+exp((Eλi
−Eλi+1

+C)/RT ))]×[exp((E
′

λi+1
−Eλi+1

)/RT )]
〉

λ
′

i+1
〈

exp((E
′

λi+1
−Eλi+1

)/RT )
〉

λ
′

i+1
〈

[1/(1+exp((Eλi+1
−Eλi

+C)/RT ))]×[exp((E
′

λi
−Eλi

)/RT )]
〉

λ
′

i
〈

exp((E
′

λi
−Eλi

)/RT )
〉

λ
′

i

+C

(5.4)

where E
′

λi
is the total energy of the system evaluated at λi using a dipole

convergence of 0.01 D, while Eλi
indicates the potential energy evaluated using

full convergence at 10−6 D per atom. λ
′

indicates the ensemble obtained

using the looser dipole convergence. The re-analysis method was used and the

numerical reliability was verified and discussed.
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Figure 5.3: Thermodynamic cycle of relative binding free energy calculation
in explicit water MD simulations.
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5.2.3 MD simulation details

All the MD simulations in this study were performed using PMEMD

and SANDER in AMBER9 [219] with the AMOEBA force field. TINKER

[216] was used to prepare the initial systems. Two independent 5-ns MD sim-

ulation for the Zinc-finger protein were performed. The starting conformation

was taken from crystal structure (PDB entry: 1AAY [272]) with DNA re-

moved. The cysteine and histidine residues in the proximity of Zn2+ ion were

deprotonated. The protein was placed in a periodic octahedral water box

with at least 15 Å from the solute to the nearest box edge. Each simulation

cell has 75 Å on each side, and it contains 9321 AMOEBA water molecules

and 11 Cl− counterions, contributing to a total of 29393 atoms. First two

independent 5-ns MD simulations for the MMP protein complexes were also

performed starting from crystal structure (PDB entry:1XUD [273]). A similar

periodic octahedral water box with 70 Å on each side was set up with 23470

atoms, including 6938 water molecules. The systems have been minimized

first and then heated up to 298 K gradually in 50 ps and then equilibrated for

225 ps using NPT ensemble at 298 K. The subsequent 5-ns MD simulations

were performed in NVT ensemble, with the density fixed at the NPT-average

value and a time step of 1 fs. The temperature was maintained at 298 K using

Berendsen thermostat [274]. The vdW cutoff was set to 12 Å with long-tail

correction applied. Long-range electrostatics for all the systems was treated

using Particle Mesh Ewald (PME) summation [201, 275, 276]. The PME real

space cutoff is set to 7 Å. The PME calculation used a 90 by 90 by 90 grid
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and fifth-order B-spline interpolation. The induced dipoles were iterated until

the root-mean-square change was below 0.01 D/atom. Atomic coordinates of

the simulation system were saved every 0.5 ps.

5.3 Results and discussion

5.3.1 Dimers of Zn2+/water interacting with model compounds

We have first evaluated the Zn2+ and a water molecule interacting

with model compounds by using both QM and AMOEBA. The goal is to

verify and systematically improve the AMOEBA parameters, especially atomic

polarizability and vdW radii, of the three model compounds, including acetate

anion, CH3S
−, and imidazole.We examine both water and Zn2+ interacting

with the model compounds to avoid any biased changes in the parameters.

The AMOEBA atomic multipole parameters for three model compounds were

obtained from QM calculations. The atomic polarizability valaues were mostly

transferred from AMOEBA parameter set except for few new types. For the

oxygen atom in acetate anion and the sulfur in CH3S
−, we found that atomic

polarizability values larger than those in neutral molecules are necessary to

reproduce the QM molecular polarizability tensor as well as experimental data

(Table 5.1).

Previously we also established that the atomic polarizabilities of the

aromatic C and H in benzene ring need to be greater than those of sp3 C

and attached H atoms [96]. Similarly increased polarizabilities are needed for

N and attached H in imidazole. Larger atomic polarizabilities in anions and
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aromatic molecules are expected since those atoms have more excess electrons

and diffused electron clouds which can be polarized more easily. Therefore,

larger vdW radii (Table 5.2) than those in the neutral forms were also esti-

mated by matching AMOEBA with the QM binding energy and geometry for

both Zn2+-model compound and water-model compound dimers. In Table 5.3

the final AMOEBA results are compared with ab initio values, and the bind-

ing energy differences and structure deviations are within 10% for all dimers

except for CH3S
−-water. Note that the constraint here is that any change in

the model compound vdW parameters will affect the Zn-model compound and

water-model compound simultaneously. For example, increasing oxygen vdW

radius in CH3COO- could lead to better agreement for water-CH3COO− in-

teraction but will also increase the Zn2+-CH3COO− attraction and pull them

even closer than the QM distance. Similar trend was observed previously in

fixed charge force fields [277].

5.3.2 MD simulations of zinc proteins: Zn finger and MMP

We have further investigated zinc binding to enzyme systems: (A) a

zinc-finger system which has three four-fold coordinated zinc structural sites,

and (B) a MMP13 complex which has one four-coordinated catalytic zinc bind-

ing site and as well as the other bidentated structural site. The results are

presented in Figure 5.4-5.6 and are discussed below. We can see that sim-

ulation based on AMOEBA yields reasonable zinc coordination geometries.

Zn2+-Cys2His2 motif from the Zn finger simulation. Starting from the X-ray
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Table 5.3: Heterodimer binding energies (kcal/mol) and structures (Å) com-
puted by AMOEBA and ab initio QM at different configurations. The ab
initio results were obtained at the level of MP2/Aug-cc-pvtz with BSSE.

Ab initio AMOEBA
Distance E Distance E

CH3COO− - water 1 1.65(O..H) -17.39 1.74 (O..H) -17.81
CH3COO− - water 2 3.18 (C..O) -20.99 3.18 (C..O) -22.93
CH3COO− - Zn2+ 2.25 (C..Zn) -425.80 2.10 (C..Zn) -442.30
CH3S

− - water 2.14( S..H) -16.36 2.14 (S..H) -21.30
CH3S

− - Zn2+ 2.24(S..Zn) -421.78 2.06 (S..Zn) -391.76
Imidazole - water 1.91 (N..H) -8.20 2.11 (N..H) -8.10
imidazole - Zn2+ 1.85 (N..Zn) -175.55 1.75 (N..Zn) -172.25

crystal structure of a zinc-finger protein (1AAY) containing three zinc ions,

two independent 5-ns simulations have been performed. All three zinc ions

are coordinated with two histidines and two cysteines stably throughout the

simulations. For all three Zn2+ binding sites, the root-mean-square devia-

tions (RMSDs) of the backbone heavy atoms are 0.6 Å, 0.6 Å and 0.8 Å from

the X-ray structures respectively. The average distances and angles are com-

pared in Table 5.4. The average Zn-S distance obtained from simulation is

2.13±0.05 Å, which is smaller than the distance of 2.25±0.07 Å observed in

the crystal structure. This slight difference is considered a consequence of

optimizing AMOEBA model against the ab initio calculation shown in Table

5.3. Overall the zinc coordination structures given by AMOEBA are in very

good agreement with the corresponding crystal structures.

Zn2+-His3H2O and Zn2+-His3Asp motif in MMP. We have also mod-

eled a MMP13-ligand complex containing two zinc ions. Two independent 5
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Table 5.4: Comparison between MD and experimental averaged Zn distances
(Å) and angles (degree) in the Zn-finger motif.

MD simulation X-ray
Zn-finger Zn-S 2.13(0.05) 2.25(0.07)

Zn-N 2.10(0.07) 2.05(0.05)
S-Zn-S 118.5(6.6) 115.8(1.1)
N-Zn-N 93.9(5.2) 103.1(7.3)
S-Zn-N 106.0(5.3) 110.3(4.5)

MMP Zn-N 2.01(0.06) 2.13(0.03)
Zn-O1 2.19(0.09) 2.01[a]; 1.92(0)[b]
Zn-O2 2.41(0.18) 3.22[a]; 2.76(0.13)[b]

[a] X-ray structure of protein complex 1XUD.
[b] X-ray structures from Zn containing protein database survey.
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ns simulations starting from X-ray crystal structure (1XUD) have been per-

formed. For the first Zn2+ ion, there are three histidines and one water coor-

dinating to form a tetrahedral structure as shown in crystal structure (Figure

5.4(a)). The three histidine residues are well maintained during the simula-

tion with the average Zn-N distance of 2.01±0.06 Å. The water molecules were

rather fluid and attempted to enter and leave the zinc coordination sphere dur-

ing the 5 ns simulation. Two water molecules were observed to interact with

the zinc for approximately 75 percent of time, contributing to a 5-coordinated

trigonal bipyramidal geometry (Figure 5.4(b)), with one of the water molecule

occupying the fourth ligation site as seen in the crystal structure. For 25% of

the simulation time, we observe the 4-coordinated tetrahedral geometry where

only one water is directly interacting with Zn2+. Considering the fact that

more than 30% of catalytic zinc proteins are 5-coordinated as reported in lit-

erature [240], this slight discrepancy seems to be reasonable and could be a

realistic dynamic behavior that is not captured by the X-ray structure.

For the second zinc ion, three nitrogen atoms from the His residues

plus two bidentate chelation of the Asp oxygen atoms, form a bidentate tetra-

hedral coordination geometry (Figure 5.4(c)) in the crystal structure. Such

a bidentate tetrahedral geometry has been reproduced by our simulation as

shown in Figure 5.4(c), and an alternation of the two oxygen atoms interacting

with the zinc ion has been observed. During the 5-ns simulation, the average

distance of Zn coordination for the closer oxygen is 2.21±0.11 Å and that for

the further one is 2.38±0.17 Å as shown in Figure 5.5; however, during the
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last 3.5-ns simulation, the average distance is 2.19±0.09 Å and 2.41±0.18 Å,

respectively. According to the analysis of the structural consensus of zinc

coordination centers, the average distance of zinc ion and the nearer and fur-

ther carboxylate oxygens is 1.92±0 Å and 2.76±0.13 Å in structural sites,

and 1.99±0.06 Å and 2.58±0.28 Å in catalytic sites respectively [240]. It is

known that the conventional coulomb scheme in the nonpolarizable force field

has deficient in describing bidentate chelation of Asp/Glu residues, and our

AMOEBA model shows an encouraging improvement. It is likely additional

contributions such as charge transfer need to be taken into account to capture

the bidentate chelation more accurately.

5.3.3 Effect of polarization on Zn2+ coordination geometry

It is essential to take account for induction effects due to electrostatic

nature of the zinc ion [246]. The polarizable potential is the most promising

classical models as it explicitly accounts for the electrostatic response of lig-

ands and proteins that stabilize the zinc complexes. With the induced dipole

polarization, our the AMOEBA model has yielded zinc coordination struc-

tures in very good agreement with the corresponding crystal structures. The

Zn parameters are transferable and perform well in a range of different envi-

ronments, from the water molecules, model compounds to protein complexes,

without being “trained” on zinc enzyme complexes.

The importance of polarization effects is also supported by the fact

that once the atomic polarizability parameters of the surrounding His residues

122



(a) (b)

(c) (d)

Figure 5.4: Structure comparison of the two zinc ions in the MMP13 complex:
first zinc ion from the crystal structure in tetrahedron (a), first zinc ion from 5-
ns MD simulation in trigonal bipyramidal geometry (b), second zinc ion from
the crystal structure in bidentate tetrahedron (c) and second zinc ion from
5-ns MD simulation in bidentate tetrahedron (d).
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Figure 5.5: Interatomic distances between Zn2+ and its surrounding ligands
during the 5-ns MD simulation of the MMP13 complex.

were slightly changed, the coordination geometry soon turns to octahedron.

The coordination number for zinc ion varies in different protein environments

or varies with different enzyme functionalities; ion coordination numbers also

play an important role in the different theories of selectivity [278]. Polarizable

force field opens more possibility to describe variable zinc coordination reliably

and address the different corresponding Zn enzyme functionality. It has been

reported that the picture of the ion coordination given by QM/MM simulations

differs somewhat from the one provided by classical MD based on nonpolar-

izable force fields. The inclusion of polarization effects is truly important to

describe accurately the correct balance between ion-water and water-water

interactions [279]. To understand the effect of electronic polarization on the

coordination geometry, we have performed another two 2-ns simulations of

MMP-13 complex using a different set of atomic polarizability parameters for

atoms on zinc-coordinating histidine rings. The atomic polarizability values
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were reduced down to those of non-aromatic elements, i.e. 1.073 for C, 1.334

for N, and 0.496 for H. Interestingly, after about 1 ns MD simulations, the re-

duction in polarizability resulted in an octahedral structure for Zn2+ binding

with His3H2O and His3Asp (Figure 5.6), as usually witnessed in simulations

using the fixed-charge force fields. Once the coordination turned to octahe-

dron, it was unable to revert back in our simulations. Thus under-polarization

has yielded 6-coordinated Zn-binding sites, rather than 4-coordination tetra-

hedron as observed in experimental X-ray structures.

It has been reported that for non-polarizable force field the charge of +2

overestimate the coordination number of the zinc ions, and +1.5 is the most

appropriate for MD simulations [249]. It should be note that appropriate vdW

parameters for Zn2+ are also important for obtaining the correct coordination

of Zn-Cys2His2 binding site, as evidenced from earlier work by Sakharov and

Lim [256]. In this work, we tried to separate the contribution by examining

different physical properties. For example, the atomic polarizability is mainly

obtained by matching the ab initio molecular polarizability while the vdW

parameters are refined using model compound dimer structure and energetics.

5.3.4 Binding affinity calculation for pyrimidine dicarboxamides
binding with MMP13

Binding affinity calculation for pyrimidine dicarboxamide inhibitors

binding with MMP13. With the reasonable success in modeling Zn bind-

ing with model compounds and proteins, we have further evaluated the free
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energy of inhibitors binding to Zn-containing MMP13. Although we are in-

terested in inhibitors that directly chelate to the catalytic zinc ion with zinc

binding groups (ZBGs), here we have chosen to study the one of the earliest

reported sets of non-zinc chelating inhibitors of MMP families. These four

highly selective pyrimidine dicarboxamide inhibitors of MMP13 have binding

free energy ranging from -7 to -11 kcal/mol, making an ideal system for evalu-

ating our zinc model in free energy calculations (Figure 5.2) [280]. Generally,

the non-zinc chelating inhibitors can overcome the nonselective toxicity. The

zinc ion does not “directly” interact with these inhibitors but the shortest

distances between the Zn ion and the inhibitor heavy atoms is only 4.7 Å.

To compute the relative binding free energy among the four ligands, ligand

2 through 3 were alchemically transformed from ligand 4, and ligand 2 was

transformed into ligand 1. The experimental binding free energies are based

on inhibition constants determined by isothermal titration calorimetry under

various assay conditions [280].

The calculated relative binding free energies are in agreement with ex-

perimental measurements (Table 5.5) with a RMSD of 0.72 kcal/mol. The

calculated relative binding free energies have been offset by absolute binding

free energy of MMP13-lig1, and plotted in Figure 5.7. A correlation coefficient

(R) of 0.95 between the calculated and experimental binding free energy was

obtained [280].

To probe the role of the zinc electrostatics on the binding, we performed

a virtual experiment where the zinc ion charge was switched off from +2 to 0.
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The relative binding free energies among the four inhibitors were re-evaluated

by using the same MD trajectories obtained from Zn2+ simulations. Removing

the Zn2+ 2+ charge led to a significant and consistent overestimation of relative

binding free energy differences (Figure 5.7). The RMSD between experimental

and calculated relative binding affinity became approximately 2.2 kcal/mol. It

suggests that the effect of zinc charge does not “cancel” between the different

inhibitors binding to MMP13. Instead, the present of Zn2+ seems to minimize

the affinity gaps among the tested inhibitors. We also performed an additional

test where the polarization due to the zinc ion is turned off in the system

but the 2+ charge on zinc was kept. The relative binding free energies were

again re-evaluated using the same MD trajectories (Table 5.5). Compared

to the “original AMOEBA” parameters, setting Zn charge to be 0 generated

less favorable relative binding free energies and turning off Zn polarization

seemed to generate more favorable relative binding free energies, which is

consistent with our previous study of trypsin-benzamidine binding [96]. More

interestingly, neglecting the polarization effect of zinc ion led to a deviated

ranking order. This suggests that the polarization effect due to the zinc ion

is not systematic but inhibitor-dependent. This would make it difficult for

non-polarizable force fields to capture the polarization effect implicitly, e.g.

by scaling the ligand charges.

To probe the role of the zinc electrostatic on binding affinities, we

performed a virtual experiment where the zinc ion charge was switched off from

+2 to 0. The relative binding free energies among the four ligands were re-

127



(a)

(b)

Figure 5.6: Under-polarization leads to 6-coordinated octahedral geometry
for both His3H2O (a) and His3Asp (b) Zn-binding sites in MMP-13. The
corresponding crystal structures are shown in Figure 5.4.
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Table 5.5: Relative binding free energies from alchemical transformation cal-
culations (kcal/mol)

∆Glig−wat ∆Glig−pro ∆∆G ∆∆Gexp

Lig4 → Lig3 Original AMOEBA 4.14 5.52 1.38 1.30
Reweighting 4.14 5.55 1.41

Set Zn charge 0 4.14 5.82 1.68
Set Polarization 0 4.14 5.29 1.15

Lig4 → Lig2 Original AMOEBA 11.94 13.45 1.51 2.32
Reweighting 13.47 15.15 1.68

Set Zn charge 0 11.94 15.01 3.07
Set Polarization 0 11.94 13.02 1.08

Lig2 → Lig1 Original AMOEBA -10.07 -9.36 0.71 1.66
Reweighting -9.77 -9.30 0.46

Set Zn charge 0 -10.07 -5.52 4.55
Set Polarization 0 -10.07 -10.85 -0.62

evaluated by using the same MD trajectories obtained from Zn2+ simulations.

Removing Zn2+ charge led to a significant and consistent overestimation of

relative binding free energy differences (see Figure 5.7). The RMSD between

experimental and calculated relative binding affinity is about 2.2 kcal/mol. It

suggests that the effect of zinc charge does not “cancel” between the different

ligands binding to MMP13. Instead, the present of Zn2+ seems to minimize

the affinity gaps among the tested ligands.

5.4 Conclusion

Metal ions play indispensible roles in protein structure and function

as nearly one third of all proteins contain metal ions. Understanding the Zn-

protein binding, in particular the factors governing specificity and coordination
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Figure 5.7: Comparison of calculated and experimental relative binding free
energies (kcal/mol).

geometry, is crucial for the development of novel ligands for existing Zn binding

sites as well as the de novo design of new Zn-binding proteins.

Polarizable force fields hold the promise for treating metal ions in pro-

teins in an effective way, by explicitly taking into account the polarization and

potentially the charge-transfer effects. In AMOEBA polarizable potential, the

polarization effect is treated via atomic dipole induction. In a previous study,

we have shown that charge transfer effect in Zn2+ binding clusters diminishes

moving from gas-phase toward the condensed-phase and to some extent can be

incorporated into the dipole polarization [246]. In this chapter we have exam-

ined Zn2+ interacting with common ligands in protein environment. We have
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refined the atomic polarizability and vdW parameters of few atom types in the

His, charged Cys and Asp residue side chains by assessing their interactions

with Zn2+ and water molecule, respectively. Extensive MD simulations of two

zinc-containing enzyme systems with different coordinating ligands, including

a bidentate tetrahedral binding site, has yielded reasonable zinc coordination

geometry and binding distances in comparison with the X-ray crystal struc-

tures. More interestingly, we found the coordination geometry is very sensitive

to the polarizabilities of the coordinating ligands. Under-polarization leads to

6-coordination instead of 4-coordination that is typically observed experimen-

tally. The relative binding free energies of four MMP13 inhibitors have been

calculated to be in good agreement with experimental measurements. While

there is a moderate separation distance between the zinc ion and the inhibitors,

the 2+ net charge on zinc has a strong influence on the inhibitor relative bind-

ing affinities. The polarizing field from the zinc ion also contributes to the

binding energetics but in an inhibitor-dependent way, as expected from the

many-body nature of the polarization effect. The AMOEBA polarizable force

field has demonstrated its capacity for accurate description of Zn-proteins in-

teractions. The results obtained in this study encourage broader investigation

of ligand binding to metalloproteins using polarizable force fields, including

those directly involving metal ion at the binding site. Meanwhile, effort to

include the short-range charge transfer and penetration functionalities into

AMOEBA polarizable multipole model is ongoing, which is expected to fur-

ther improve our ability to model complex ions-protein interactions.
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