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ABSTRACT OF THE DISSERTATION

Modeling Molecular Recognition From Thermodynamics to Kinetics: Affinity,
Selectivity, Binding Rates and Binding Pathways

by

Zhiye Tang

Doctor of Philosophy, Graduate Program in Chemistry
University of California, Riverside, August 2016
Dr. Chia-en Chang, Chairperson

The overall picture of molecular recognition covers the thermodynamic and kinetic
properties of molecular systems. Regarding thermodynamics, binding affinity or free
energy, which can be decomposed into enthalpy and entropy, determines the strength of
binding. Binding kinetics, the association and dissociation rate constants, describe the
rates for molecular binding and unbinding. In this thesis, | carried out various molecular
mechanics modeling tools to understand binding thermodynamics and kinetics of host-

guest systems and protein-ligand systems.

The work includes both novel method development and applications using existing tools.
Here we computed the binding free energy of the surfactant-silver nano-plate complexes
using the M2 method and to understand how a capping ligand helps grow shaped
nanomaterials. Several factors were determined to be crucial, and our findings allow

rational design of capping surfactants in addition to the magic compound citrate. In
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addition, a molecular dynamics (MD) and docking were applied to find the inhibitor
binding site on protein TIM44 to assist cell biology studies. | examined the inhibitor

selectivity of wildtype TIM44 and its mutants using energy calculations.

The binding/unbinding processes are carefully investigated for 3-cyclodextrin and its
guests to thoroughly study the thermodynamics and kinetics of binding. I applied MD
simulations, post-analyzed the MD trajectories and developed and implemented methods
such as the cell method to compute binding enthalpy, solute entropy and solvent entropy.
Notably, the latter two entropy components are known to be very challenging to obtain
computationally. I also computed the kinetic rate constants and investigated the influence
of force fields used. It is the first work that illustrates all entropy and enthalpy

components of binding in great details.

Realizing how crucial conformational sampling can be in answering fundamental
scientific questions and valuable applications, a novel method to accelerate searching
molecular conformations and ligand dissociation pathways was developed. The method
uses a multi-layer internal coordinate and an internal PCA search algorithm to post-
analyze a given MD trajectory and then guide motions of a molecular system. This
algorithm is able to find possible dissociation pathways with high efficiency. Five

examples are discussed to illustrate the functionality and capacity of this new method.
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Chapter 1 Introduction

1.1 Overview

Molecular modeling of ligand-receptor systems is the study which focuses on the
microscopic structures and dynamics that determine the macroscopic properties including
selective binding affinity, association/dissociation rates and binding pathways. Its
research combines the concepts and techniques from chemistry, biology, computer
science and pharmacology. It originated from the early models of ball and stick model
and evolved into modern molecular modeling with the appearance and development of
computer science, especially since the 21th century 1. Nowadays it is an important
component in fundamental studies in chemistry and biology, playing both explanatory
and predictive roles. The objective of this work is to understand the binding process of
bimolecular systems from the aspects of thermodynamic and kinetic properties such as
enthalpy and entropy, association/dissociation rates and binding pathways using
molecular modeling. Smaller host-guest systems containing only a few hundred atoms
were studied to develop theoretical and practical benchmarks for the methods and
protocols. These methods and protocols were applied in the larger protein-ligand systems
that contain tens of thousands of atoms. Subsequent sections in this chapter describe the
theories and techniques of molecular modeling. The chapters that follow present several
studies of the binding/unbinding of bimolecular systems and a novel algorithm which

specifically models the dissociation of bimolecular systems.



The thermodynamics of ligand-receptor binding has been intensively studied for decades.
However, a fundamental understanding of Kinetics is still absent, because Kinetic studies
require static snapshots of the initial and final states and a description of the entire
transition process between the two states. To start with the relatively simple case, the
study of facet selectivity of ligands on silver nanoplates is presented in Chapter 2. This
work focused on the selective binding of several surfactants on the two silver facets. It
was done by using a conformational search method which is aggressive in finding global

conformation minimum in implicit solvent model with high efficiency.

Moving from small host-guest systems to protein-ligand systems, the increased scale in
system size and number of atoms results in challenging technical issues, such as the
exponential increase in computational cost. To overcome this challenge, a compensation
between accuracy and computational cost has to be made. Chapter 3 demonstrates a
molecular dynamic and docking study on inhibitor binding to TIM44 wildtype and its

mutants.

Since the implicit solvent model is unable to result in a satisfactory description on solvent
effects, especially on the estimation of the entropic contribution, an explicit solvent
model needs to be utilized to obtain more accurate descriptions of solvent entropy via
molecular dynamics simulations. In Chapter 4, solvent entropy evaluation methods are

discussed and compared for the performance and limitations.

Among several entropy calculation methods available, the cell method stands out for its

capacity to evaluate the entropy of single water molecule in addition to its ease of



implementation. Therefore this method is chosen for an enthalpy-entropy calculation of a
host-guest system, B-cyclodextrin complexes, in explicit solvent model. The fast kinetics
of B-cyclodextrin complexes allows for a direct evaluation of the association/dissociation
rates via molecular dynamics. The investigation of this host-guest system provides useful
insights into the thermodynamic-kinetic relationships for larger protein-ligand systems.
Chapter 5 presents a study on the evaluation of thermodynamics and kinetics of ligands

binding to B-cyclodextrin in explicit solvent.

Lastly, after obtaining accurate methods for evaluating the enthalpy and entropy of
different size systems, another major challenge in molecular modeling is conformational
sampling of systems in great size. Current sampling methods either suffer from absence
of atomistic description of the system or the lack of temporal efficiency. To contribute to
this issue, Chapter 6 introduces a novel conformational sampling method based on a new

technique named internal Principle Component analysis or internal PCA.

1.2 Modeling with Molecular Mechanics

1.2.1 Force Fields

Molecular mechanics differs from quantum mechanics because the former models the
structure and behavior of the molecular systems based on classical mechanics and
empirical parameters. In molecular mechanics, the atoms are usually described by
spheres with either hard potential or soft potential on the surface while they are connected
by certain topology which governs the behavior of the entire molecule * °. Starting from

the all-atom molecular model, different levels of coarse graining can be achieved for



efficiency reasons ® 7, but in this work, an all-atom non-polarizable description of the

system is utilized.

To describe the molecular model in a mathematical framework, the system under study is
assigned with a force field. A typical atomistic force field has a potential energy function

defined as follows:

E = (Epona + Eangie + Etorsion) + (Eetetrostatic + Evan der waats) eq. 1.1
where the first parenthesis denotes the bonded terms and the second denotes the non-
bonded terms. Although the interactions between two molecules involved in binding is
usually non-bonded interaction, the bonded terms also play important roles because they

determine the internal behaviors of the two interacting molecules.

Consider a force field widely used for protein simulations, the AMBER force field *. Its

potential energy function obeys the equation below:

V(r)
= ) kTt ) k(- a)?
bonds angles

+ z Z%Vn[1+cos(p9—<0)]

torsions p

N-1 N
S o]
Y [\ rij rij 4meor;; eq. 1.2

j=1 i=j+1

The chemical bonds are modeled as harmonic springs with a reference value equal to the

equilibrium length of the bond, and a force constant describing the strength of the bond.



In the first term of the functional form, k, is the force constant, r is the measured
distance between the two atoms involved in the bond, and r, is the equilibrium distance

between the two atoms.

The angle term is introduced to further set up the internal structure of molecules. This
term is similar to the bond term, where a harmonic potential is used to describe the angle
between the two bonds sequentially connecting the three atoms. In the second term of the
function, similarly, k, is the force constant describing the rigidity of the angle, a is the

measured position of the angle, and a, is the equilibrium position of the angle.

The torsion term is the pivotal term which further defines the structure and differentiates
the conformations of the molecule. In the third term of the function, V}, is the force
constant which governs the strength of the torsion, p is the periodicity of the rotation of
the torsion, 6 is the measured value of the torsion and ¢ is the phase angle determining

the minima and maxima of the potential.

This torsion term consists of two major types of torsions: dihedral angle, and improper
torsion angle. The dihedral angle directly defines the rotation of chemical bonds (Figure
1.1). For example, a methyl rotation in ethane will be defined as p = 3 and ¢ = 180°,

where the three minima of the methyl rotation fall to 0< 120 -120<



Figure 1.1 Dihedral torsion angle ¢ defined by a set of four sequentially bonded atoms i,
J, kand |

The improper torsion angle has the same functional form as dihedral angle in AMBER
force field, and it defines the angle at which the fourth atom deviates from the plane
defined by the first three atoms (Figure 1.2). The improper torsion is the least frequent
term in the potential energy function and is only used to enforce the planar geometry, for

example, an sp? hybridized atom.

b

Figure 1.2 Improper torsion angle ¢ defined by a set of three atoms j, k and | bonded to
the same atom i.



The non-bonded term are included to model electrostatic and van der Waals interactions.
In molecular dynamics, the electrostatic interaction is modeled in a partial charge based
monopole approach. The partial charge of the atom is usually assigned by empirical &,
semi-empirical *°, or quantum *! calculations. Both electrostatic and van der Waals
interaction are truncated at two body interactions and higher order of interactions are
captured by empirically tuning the two body interaction parameters. The behavior of any
pair of atoms in a system is under the government of non-bonded forces unless the two

atoms are involved in a bond or angle term.

The last term in the potential energy functional describes the non-bonded interactions.
The double summation loops over all pairs of atoms. f;; is 1 is a scaling factor if the two
atoms are the two ends of a torsion; a value of one means that the two atoms are not in
the same bond, angle or dihedral, or is O if the two atoms are in the same bond or angle.
In the outer parenthesis, the left term is the van der Waals force in the form of a 12-6
Lennard-Jones potential, where ¢;; is the potential depth, 7y;; is the equilibrium position
of the two atoms, and r;; is the measured distance between the two atoms. The right term
is the electrostatic force derived from the Coulomb’s law, where g;q; is the product of
the partial charges of the two atoms, €, is the electric permittivity of the free space, and

again, r;; is the measured distance between the two atoms.

The functional form of the potential energy may vary in different force field. For
example, in CHARMM force field °, the improper torsion angle is a harmonic function

instead of a cosine function, and there are several other additional terms describing



certain specific geometric interactions. Hydrogen bond used to be included in the force
field explicitly but now it is described implicitly. Overall, the trend of force field
development is towards more accurate but mathematically simpler models. However

some force fields focus more on accuracy while others focus more on efficiency.

1.2.2 Solvent Models

Many chemical reactions occur in the liquid phase and for the majority of biologically
relevant processes, an aqueous environment is necessary. Therefore an appropriate
description of the solvent is crucial for accurate evaluation of the liquid phase processes.
In this work, the solvent is only limited to water because it is a common solvent used in
chemistry, and more importantly, in biology. Existing solvent model ranges from
computationally less expensive but also less accurate implicit solvent model, like
generalized Born model (GB) 2 and Poisson Boltzmann (PB) 134 solvent model, to
more straightforward but more expensive explicit solvent model. Some examples of
explicit solvent models which are commonly used are TIP3P °, TIP4P 1516 and TIP5P Y.
The implicit solvent models describes the solvent as a continuum, based on the
electrostatic properties of the solute. They are usually computationally efficient and
suitable for fast evaluation of the solvent effect. However they fail to capture the local
orientation of the solvation shell. On the other hand, the explicit solvent models describes
the solvent via presence of water molecules. Thus this type of model is capable of
obtaining the anisotropic details of the solvent shell around the solute, but the
computational costs are much higher than the implicit solvent model. A third type of

solvent model is the RISM family of methods 81, These methods enable a local



description of the orientation of the solvation shells with an implicit solvent model and
thus serves as a bridging method between implicit solvent model and explicit solvent
model. The following paragraphs discuss about the various solvent models in greater

details.

An implicit solvent model uses the generalized Born (GB) equation 2 shown below to

approximate the solvation free energy,

1 n n
AGpo = —166 (1 —2)22?— eq. 1.3

i=1j=1
where i and j denote the indices of a pair of atoms, € is the solvent dielectric constant, q

is the partial charge on the atoms. The function of f;5 is typically in the following form,

2
ij
eq. 1.4
fe = \/Tﬁ' + aiaje< i a1> 1

where r;; is the distance between the atoms in a pair, a; and a; are the effective Born
radii of the two atoms. For an isolated particle, the Born radius is equal to the van der
Waals radius. However for an atom in a typical molecule, the effective Born radius is
smaller than its van der Waals radius. The values of the Born radii effect the accuracy of
GB calculation significantly. For example, an atomic anion has a greater radius than the
neutral atom, so the GB free energy will deviate from experimental value significantly if

the radius of the neutral atom is used.



The Poisson Boltzmann (PB) theory assumes that the dimensionless electrostatic
potential @(x) can be solved from the non-linear partial differential equation (eq 1.5)
because the charged solutes in the solution follow a Boltzmann distribution in the mean

field approximation 22,

Ame?
KT

m
—V-e(x)VO(x) — Z c;q;e 10Vl = p(x) eq. 1.5
i=1

where £(x) is the dielectric coefficient of the solvent, c; is the number concentration of
ion species i, g; is the charge of ion species i, V;(x) describes steric interactions between
the solute and ions of species i, e, is the electron charge, k,, is the Boltzmann constant, T
is the absolute temperature and p(x) is the fixed charge distribution of the solvent in
units of electrons. The solution to the linear form of PB equation is usually used instead
of the non-linear form in real applications of solvent free energy calculations, but the
linear solution of PB equation is known to overestimate the ionic strength near the
charged surface 224, The PB solvent model is used in static solvent free energy
calculation due to its computational expense, rather than in the molecular dynamics

simulations.

The reference interaction site model (RISM) theory is an integral equation theory of
molecular liquids 8. It has been successfully applied to many dynamics in aqueous
solutions while it failed to describe the excluded volume effect correctly 2. Its variant,

3D-RISM theory %2925 corrected the unphysical access to buried solute surface, and
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thus witnessed wider applications in the past twenty years. It solves the 3D-RISM

equation,

hy(r) = ) ey ()« (wih, () + phtZ, () eq. 1.6
,yl

where h, (r) is the solvent 3D total correlation function of site y, ¢, (r) is the 3D direct
correlation function, w;’?y (r) is the intramolecular matrix, p is the number density of

solvent species, h]‘j‘,’y (r) is the site-site total correlation function. The solution is coupled

with the 3D-HNC closure including corrections (AQ) for the supercell periodicity artifact

to the 3D correlation functions,

h,(r) = exp(—ﬁuy(r) + h,(r) — ¢, (r) — AQV) +40Q, —1 eq. 1.7
where w, () is the interaction potential between solvent sites, g = (k,T) 1 the
Boltzmann factor, with the k; the Boltzmann constant and T the temperature. The 3D-
RISM method is an implicit solvent model which describes the local structure of the
solvent shell rather than pure continuum, and therefore provides more accurate results

than the continuum methods like PB or GB.

Despite the relatively expensive computational cost, an explicit solvent model is capable
of accurately modeling the solvent effect especially for the first few solvation shells of
the solutes. This is born from the facts that the orientation, local density change and
hydrogen bond of water molecules are sometimes the determinant factor in dynamics. For
example, a molecular dynamic study on the ligand binding to HIVV-protease revealed that

the strength of breaking of solvation shell hydrogen bonding contributes to the slow and
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fast kinetics in different ligands 2°. Therefore, it is also desirable to model the solvent
using explicit solvent models depending on the specific application. The most commonly
used explicit water model is the TIP3P model, which depicts the water molecule as three
monopole centered on the three atoms and one Lennard-Jones sphere centered on the
oxygen. This model is able to successfully reproduce water properties including hydrogen
bond, density, volume, heat capacity and the like *°, but it is also well known to fail in the
correct description of the vibration of local density from the second water layer. This is
due to the insufficient strength of the tetrahedral iceberg like orientation provided in the
force field. TIP4P with the negative charge moved from the oxygen to a fourth site, and
TIP5P with two additional sites of negative charges were introduced to enhance the
tetrahedral geometry so that better radial distribution function can be reproduced from
those later models. However to model the behavior or dynamics of the solutes, TIP3P is
capable of capturing the effect from the first solvation shell and thus, more widely used in
biological simulations. TIP4P and TIP5P, due to their higher computational cost

compared to TIP3P, are often used in study of water properties.

1.3 Techniques in Molecular Modeling

1.3.1 Minimization

The conformation of a molecular system consists of a set of coordinates positioning the
atoms in the Cartesian space. Under the government of molecular mechanics, where the
forces on each atom are modeled by an assigned force field, the atoms may feel
extraordinarily strong force from their neighbors and undergo abnormal motions if the

initial set of coordinates is not reasonable. Conformational optimization, or potential
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energy minimization is a technique that removes unphysical contacts and any remaining
thermal energy from the initial conformation. This is accomplished by iteratively
optimizing the coordinates with respect to the forces in the system. The minimization
algorithms may utilize the gradient or hessian to minimize the potential energy.
Mathematically, at a minimized conformation, the gradient, which contains the forces on
the atoms, is 0, and the hessian, which contains the changes of forces, has a positive
determinant. Therefore a straightforward idea of minimization is to find a set of solution
to the linear equations obtained by setting the gradient to zero. However, the gradient of
the potential energy function of molecular systems does not result in an analytical or
linear form. Thus more sophisticated mathematical methods are employed to solve for the

minimized conformation iteratively.

The first class of minimization methods includes the second order Newton-Raphson
algorithm 27 and the quasi-Newton method 8. The Newton-Raphson method calculates
the exact gradient and hessian at each cycle of iteration. Therefore this method converges
to the local minimum with high efficiency. However the downside of this methods comes
from the computational cost of evaluating the exact hessian at every step and the intrinsic
problem of being only capable of finding local minimum starting from the vicinity of it.
To solve the problem of computational cost, the quasi-Newton method was introduced in
which the exact hessian is only calculated at the initial step while the hessian is

approximated in sequential steps.
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The second class of minimization methods includes the first order methods which only
utilize the gradient of the potential energy function. These methods are gradient descent,
conjugate gradient 2 and BFGS methods 33, The gradient descent searches for a local
minimum by moving the system towards the direction of gradient in every step but
practically this often results in zigzag behavior of the search route and inefficient
convergence. Similarly, the conjugate gradient also searches for a local minimum by
using the gradient, but it updates the search direction based on the past history of search
directions and thus avoids the zigzag behavior for higher efficiency. BFGS method, or
Broyden-Fletcher-Goldfarb-Shanno algorithm, is a quasi-Newton method in which the
hessian is never calculated exactly. It approximates the hessian at each iteration from the
exactly calculated gradient. The BFGS method has a slightly better efficiency than the

conjugate gradient method.

The first order minimization methods are not as efficient as the second order methods,
but the advantage is that the starting point does not have to be near the minimum. This
allows the combination of first order and second order methods to be used in the same
application. With a random or coarse initial conformation of the molecular system, the
first order methods are used to bring the conformation closer to the minimum and then

the second order methods are used to fully minimize the system with high efficiency.

1.3.2 Docking

At the level of molecular dynamics simulation and MMPB/SA calculation, a high

accuracy of the protein-ligand binding affinity can be achieved. However in the field of
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drug discovery, efficiency is also an important factor due to the need to screen hundreds
of thousands of ligands for a lead discovery. For this purpose, molecular docking was
invented for fast estimation of the protein-ligand binding affinity. A docking method
typically consists of a conformational search algorithm and a conformation scoring

function.

The goal of the conformational search algorithm for docking is to generate reasonable
conformations efficiently. There are three levels of conformational search algorithms in
current docking methods: rigid body docking, flexible ligand docking and flexible protein
docking **. In rigid body docking, the internal degrees of freedom of both ligand and
protein are not considered, and thus the efficiency is favored over the accuracy. In the
flexible ligand docking, every degree of freedom in the ligand is considered while the
protein is still kept fixed in the conformational search. Flexible ligand docking can be
further broken down to three categories of algorithms: systematic search, random or
stochastic search and simulation search. Flexible ligand docking is successful in half of
its applications, leaving the other half for more accurate flexible protein docking. The
flexible protein docking allows the ligand and some portions of the protein to be flexible
to account for the conformational change of the protein induced by the ligand binding.
This is accomplished by MD or MC methods, rotamer libraries, protein ensemble grids,
or soft-receptor modeling. Among the three types of conformational search algorithms,
the most commonly used are flexible ligand docking and flexible protein sidechain
docking. Multiple protein conformations are usually used in docking runs for better

conformational search result.
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With the conformations found by the search algorithm, the scoring function determines
the ranking of them. This is not necessarily done by exact free energy calculation due to
the efficiency concerns. The first category of scoring function is the force field based
methods. These methods calculate the binding interaction energy based on assigned force
field while normally neglecting the solvent contribution or estimating the solvent effect
by implicit solvent model. The second category is the empirical scoring functions. These
methods use several uncorrelated empirical terms to evaluate the ranking of the
conformations. They are generally faster than the force field based scoring functions and
include contributions that are beyond the description of molecular force fields. The third
category of scoring functions is the knowledge-based scoring functions. These methods
are designed based on the successful binding from databases following the rules and
general principles statistically derived that aim to reproduce experimentally determined
structures. Consensus scoring is the last category of scoring functions. They combine the
advantages from various scoring functions for improvement of the probability of finding

the correct binding pose.

In addition to the drug discovery applications, docking is also an important tool in
molecular modeling. It is often used to generate the initial conformations of MD
simulations in the situation when a crystal structure of ligand bound protein is
unavailable or perturbation to the tightly bound structure is desirable. It has the advantage
of fast binding conformational search and at the same time eliminating the bias from
manual placement of the ligand to the protein-binding site. However it is not used for free

energy evaluation due to the low accuracy of scoring functions, and this task is executed
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by more sophisticated methods, like Mining Minima 2 (M2) method which will be

discussed in later sections.

1.3.3 Molecular Dynamics

1.3.3.1 Model Preparation

An all atom molecular dynamics simulation requires careful preparation of initial
coordinates, protonation state, force field, solvent model and proper equilibrium because

the potential energy function is very sensitive to the details of the model.

Generally there are two ways to build the initial coordinates of the model, either from the
crystal structure database or built from scratch. The crystal structures can be directly used
as the initial structure if it exists in a database. For protein structures, the Protein Data
Bank *° is a publicly available database which stores the experimentally determined apo
protein and protein-ligand crystal structures. For generic molecules, the Cambridge
Crystallographic Data Centre ¢ is an academically available database. If the crystal
structure is not available, careful work is necessary to build the structure. For proteins,
homology modeling 3’ is a tool which builds the undetermined protein structure based on
a template of similar protein and its sequence. In the case of small molecules, various
visualization and editing programs such as VEGA ZZ 3 can build the structure manually.
If the protein and ligand structures are obtained by either means while the bound state
structure has not been determined, docking ** is the tool to search for the best reasonable

bound conformations.
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With the initial structure, the next step is to determine the protonation state of the
molecules. For small molecules with known pKa, and pH of the desired simulation, one
can directly edit the protonation state by adding or removing hydrogen atoms. For a
protein molecule, the pKa of relevant residues must be calculated in a specific chemical
environment for the correct protonation state with programs like MCCE *. The
protonation state effects the dynamics and protein-ligand interactions such as hydrogen
bonding and electrostatic interaction, and therefore must be assigned correctly for

meaningful simulations.

The next step is to assign a proper force field to the molecules. A general force field
applies to the small molecules, but carefully parameterized force fields must be assign to
the protein for proper secondary and tertiary structure behaviors. Specialized force fields

also exists for lipids or other macromolecules.

The solvent model is usually built after the force field assignment. In the case of the
implicit solvent model, no additional molecule is added to the system, but a flag in the
simulation is turned on for specification of GB, PB, or even 3D-RISM solvent model. In
the case of explicit solvent model, water molecules for the chosen solvent model, for
example, TIP3P, are added to solvate the solutes. Collectively the shape of the added
solvent is usually in a box shape with three dimensions measured for the periodic

conditions in the MD simulation.

The last step before production run is to equilibrate the system. This includes a

minimization stage, a water equilibrium stage, and a heating stage if applicable. The
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minimization removes any possible clashes and brings the system to a local energy
minimum. In the water equilibrium stage, the positions of the solutes are constrained
while the water molecules are allowed to move freely to fully solvate the solutes and fill
the empty space near the solutes. In the heating stage, the entire system is heated up from
low temperature to the temperature of the production run, which is usually the room
temperature. The purpose of gradual heating is to switch the velocity of the atoms
gradually to avoid local overheating and the resulting unphysical movements. Once the

system reaches equilibrium, production run can be performed.

1.3.3.2 Molecular Dynamics

Molecular dynamics (MD) is a standard and robust technique that is well established. It
evolves the studied system under the government of Newton’s equations of motion based

on the assigned force field,

FXi dZXi

m; B dtz

eq. 1.8

where F is the force on the particles (atoms), m is the mass, x is the position and t denotes
the time. At each step, the force on each atom is calculated by an analytical method “°.
Integration over time is accomplished by finite difference numerical method, such as
Verlet 4, velocity-Verlet 2, and Leapfrog algorithms #> 44, In this way, the coordinates of
atoms in the system are updated correspondingly so that the motion of the system is
produced. The temperature of the isolated system is maintained by enforcing an external

heat bath environment with Langevin thermostat ** ¢, Andersen thermostat #’ or Nose-
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Hoover thermostat “8. In isothermal-isobaric ensemble (constant temperature constant
pressure, or NPT) simulations, a constant pressure is maintained by similar algorithms.
The time step in an all-atom simulations is usually limited to 1 or 2 femtoseconds due to
the fast motions of hydrogen atoms. A SHAKE algorithm *° is often employed to fix the
motion of hydrogen atoms, allowing utilization of 2-femtosecond time step in protein
simulations increasing efficiency. With such a small elemental time step, the concurrent
limitation of timescale in molecular dynamics simulation is up to microseconds even with

modern parallelization and acceleration techniques.

1.3.3.3 Acceleration Techniques

The three major acceleration techniques in conventional MD are parallelization % 52,
graphic processing unit (GPU) acceleration °2 and specialized machine (ANTON
machine) acceleration %354, The parallelization calculation was developed for MD
simulation from the fact that the force felt by each atom and the motion of each atom are
independent on one another. At each step, the calculation of forces and update of
coordinates are distributed on the available CPU threads without significant mutual
communications. The GPU accelerated MD appeared within a decade with the
development of programmable graphic card. The idea behind GPU acceleration is similar
to CPU parallelization, but for GPU acceleration the parallelization is realized by
thousands of processors on the GPU card. The specialized ANTON machine approaches
the acceleration by molecular dynamics oriented hardware design. With these

acceleration techniques, the upper limit of current conventional MD reaches to
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microsecond level, but the gap to second level relevant biology still hinders the direct

application of conventional MD to many biomolecular problems.

To overcome this concern, variants of molecular dynamics were developed over the past
twenty years. Among them the first category relies on the fact that the conformational
changes happen slowly due to higher free energy barriers, and thus aims to lower the
energy barrier or smoother the potential energy surface itself. The most obvious approach
is to coarse grain the atomistic model into a residue bead model & ° % but this method
loses the atomistic details and can only provide a reference about the overall motions of
the system. Other early works used the locally enhanced sampling technique that focused
on residues important to binding to accelerate the dissociation pathways >’ %8,
Hyperdynamics was the first implementation of an algorithm to shoal the potential energy
well of the dihedral torsions so that the conformational changes happens faster °°.
Accelerated MD ©° was built on similar principals. Similarly its natural variant RaMD-db
%1 aims at accelerating the most relevant portion of the system. Regarding the force field,
a softcore force field was developed to allow easier motion at the region of interest %2, A
scaled potential was used to estimate the kinetics of ligand dissociation . Recently, a
Gaussian accelerated MD (GaMD) method was developed by using Gaussian functions to
boost the conformational transition in protein systems, in a way similar to accelerated

MD ®4, so that the Gaussian functions elevate the potential energy wells.

A second group of MD variants enhance sampling by employing additional forces that

pull a ligand from its binding site. This group includes steered MD % and target MD ®’

21



methods, which drive the conformational change to or away from some predefined states,
respectively. A popular method in the past decade for enhanced sampling is
metadynamics *% %8 %°_Instead of using Gaussian functions to systematically alleviate the
potential energy surface of the system, it utilizes the Gaussian functions to raise the
potential energy surface of the readily sampled regions so that the sampling evolves to
unvisited, originally high energy portion of the potential energy surface, such as an
energy barrier. However, collective variables must faithfully reproduce the reaction
coordinates and distinguish the states of interests efficiently, which limits the
applicability of metadynamics. Another method related to metadynamics is known as
self-guided Langevin dynamics (SGLD) "* ", It distinguishes from metadynamics in that
it needs no pre-knowledge of the system. It accumulates the random force on the system
for a directional accumulative force and enhances the low frequency motion of the

system by applying that additional force back to the system.

Another class of methods build upon the replica exchange strategy. Replica exchange
molecular dynamics (REMD) "> 73 was developed on the idea that in high temperature or
low interaction ensembles the system evolves with a faster speed than room temperature
ensemble. Since its appearance, similar methods "2° were developed building upon the
replica exchange principals, and allowed for many applications with this type of methods

in, for example, helix formation 884, ligand binding 8-, accurate free energy evaluation

90-92
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1.3.4 Post Analysis

Creating data is straightforward, but post analyzing it is not trivial. Post analysis is
carried out on the specific conformations or the continuous trajectory from either the

processed results or the raw data.

1.3.4.1 Structural Analysis

The root mean square deviation (RMSD) is a standard analysis used to calculates the
deviation of the measured quantities, like the coordinates, the distance of a shift, or
whatever is meaningful, from the average value or a designated reference, with the

equation,

1 N
RMSD = NZ(xl — X0)? eq. 1.9
i=1

where, x is the measured quantity, O denotes the reference and N is the number of counts.
The alignment of molecules is performed based on the minimization of RMSD of

coordinates.

Similar to RMSD, root mean square fluctuation (RMSF) is defined as the deviation of
one atom or one group of atoms over a period of time from its average position, with the

equation,

T
1
RMSF = |2 (i = x10)” eq. 1.10
t=1
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where X, again, is the coordinate of the target atom or group of atoms, t denotes the time,
and 0 denotes the reference average and T is the total time. This technique is especially

useful in characterizing the flexibility of residues in a protein system in a trajectory %.

Hydrogen bond analysis is usually performed to characterize the stabilizing factors of
ligand binding or the internal structure of a protein. Typically a hydrogen bond is defined
as X-H...Y, where X-H is the hydrogen bond donor and the Y is the acceptor. A
hydrogen bond is considered to be formed when the complementary angle of X-H...Y is
less than 20=and the distance between H and Y is smaller than 2.50 A % although various
cutoffs may be used in different applications. The energy of a hydrogen bond can be

defined mathematically .

A general structural analysis relies on the collective variables which refer to any
measurable quantities from the trajectory, for instance, the distance between certain
atoms, and the angle of rotation between any user-defined centers of masses of groups of
atoms. A general definition of collective variables includes the RMSD of certain groups
of atoms. The collective variables can serve as a projection of the intrinsic reaction
coordinates depending on the efficiency of the choice of them and thus could be used as
the dimensions of free energy surface. In certain MD acceleration methods, for instance,
metadynamcis, the collective variable is a set of fundamental parameters that must be

defined prior to the application of the method.
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1.3.4.2 Energetic Analysis

MMPBSA (Molecular Mechanics Poisson Boltzmann/Surface Area) % is a technique for
evaluating specific interactions and binding energy of a ligand-receptor system from an
MD simulation. For energetic evaluation, MMPBSA removes the explicit solvent, and
implements an implicit PB solvent model. This enables the program to separate the
complex system into the receptor, the ligand and the original complex. A similar but less
expensive version is MMGBSA (Molecular Mechanics Generalized Born/Surface Area)
in which the PB solvent model is replaced by more efficient but less accurate generalized
Born solvent model. In addition to reporting the different interaction energies for the
ligand-receptor complex, it can also break the interaction energy down to residue-residue

interactions.

1.3.4.3 Principal Component Analysis

Principal component analysis (PCA) ¥ is another common tool to extract useful
information from the random motions of the systems in a long MD trajectory. It is similar
to quasi-Harmonic approximation, in which the eigenvectors of the covariance matrix are
calculated for intrinsic motion creation. Mathematically, it calculates the covariance
matrix from the atom coordinates in the trajectory aligned to the structure under study,
diagonalizes it for eigenvectors, and applies the eigenvectors on the average atom
positions to create the motion of each principal component mode. Usually only the a-
carbon atoms in each residue of the protein are considered in the covariance matrix

construction due to the minimal data required for convergence. Therefore the commonly
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used PCA is termed as a-carbon PCA. The principal component of each conformation

along the PC mode can be obtained by,

q; = R"(x; — x4) eq. 1.11
where the x denotes the conformation along the trajectory, i denotes the conformation
number, a denotes the average conformation of the trajectory, q denotes the principal
component on one PCA mode, and R is the transpose of the eigenvector matrix of the
covariance matrix. It is able to produce the free energy surface on by projecting the
trajectory onto the space of N principal component modes and calculating the free energy

from population on the N dimension space .

Another PCA algorithm constructs the covariance matrix using the y and ¢ angles of
protein backbone instead of the a-carbon atoms and this technique is usually termed as
dihedral PCA (dPCA) . The advantage of dPCA over o-carbon PCA is that it further
eliminates any possible contribution from external degrees of freedom remaining in the
alignment process and express the PCs in the dihedral subspace of internal coordinate

space. Various works have illustrated the advantage of the dPCA technique %1%,

In Chapter 6 of this work, a variant of the dPCA, which is termed as internal PCA,
developed by the author, is introduced. The internal PCA first constructs the internal
coordinate by a novel mapping from Cartesian coordinate developed by the author. Then
it constructs the covariance matrix from selected dihedral angles and bonds and angles in

limited numbers. The purpose of internal PCA is to reproduce atomistic PCA motions. It
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does not aim to illustrate any minima or create a free energy surface diagram. Details will

be discussed in Chapter 6.

1.3.5 Free Energy and Entropy

From the classical view of statistical mechanics, the macroscopic quantities, which
includes free energy, enthalpy and entropy can be expressed by the partition function of
the microstates of the system in equilibrium. The classical partition function is defined by
quantities like temperature and volume. In molecular modeling, such calculations of
thermodynamic quantities reveals important information on the binding or relative
binding of the ligand-receptor systems, such as binding affinity, selectivity and entropy-

enthalpy balance.

One widely used ensemble in molecular dynamics is the canonical ensemble, where the
number of particles is fixed, and the temperature and the volume are specified to certain

values. The classical canonical ensemble partition function Z is given by,

Z=Je‘ﬁE(x)dx eq. 1.12

where, x is the condition of the system that defines the microstate, or specifically, the
momentum and position. 3 is the Boltzmann factor that equals to (k,T) ™1, with the k,
the Boltzmann constant and T the temperature. E denotes the total energy of the system.
The probability of the system in a microstate defined by x is given by,

e_BE(x) e_.BE(x)

eq. 1.13

27



The probability function can be used to calculate the ensemble averages, or expectation

values of an observable, such as the total energy, E of a system,

[E(x)e PE®dx
f e~ BEMX) dx

(E) = fE(x)P(x)dx = eq. 1.14

In the canonical ensemble, the free energy A (Helmholtz free energy) is given by,

A =—k,TinZ eq. 1.15

The entropy is defined according to the probability function,

S = —kbfP(x)lnP(x) eq. 1.16

or from the free energy and average energy,

—A+(E)
S=E—Tr

eq. 1.17
Because of the difficulty in complete sampling of the phase space of complex systems,
approximations are necessary in the calculation of the thermodynamic values. For
example, the entropy a protein, which usually has more than a thousand atoms, can be
estimated by calculating the entropy of individual dihedral angles from probability

distributions and adding a correction from correlation map of the dihedral to account for

the concerted motions 1%,

Another common approximation is to build the partition function of a molecular system

via contributions from the minimum energy conformational states,
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Z=ZZi eq. 1.18

By integrating the local partition function Z; the total partition function can be obtained.

One method that utilizes this approximation is the Mining Minima generation 2 (M2)
method 1%. It calculates the configurational integral, which is effectively the partition
function, of the solute in implicit solvent resulting in the entropy of the solute. First it
searches for minima including the global minimum aggressively by normal mode based
algorithm and filters out the repeated conformations. Afterwards it calculates the partition
function for each minimum by harmonic approximation and integrating the probability of
conformations along each normal mode. Finally it calculates the total partition function
of the system. Different from other similar methods, M2 does the calculation in internal

coordinate instead of Cartesian coordinate, resulting in more physical normal modes.

For solvent entropy evaluation, other methods exist like distribution correlation based
methods 1%, velocity correlation function 1°” based method and harmonic approximation

method. A detailed discussion on this topic is given in Chapter 4.

1.3.6 Kinetics

Compared with thermodynamics, kinetics is less well-studied with molecular modeling.
Ligand-receptor binding/unbinding usually involves conformational changes that occur

on the timescale of microseconds % or even longer. High energy barriers to binding and
rough free energy surfaces naturally contribute to slow association/dissociation rates,

which sometimes may be on the scale of seconds or even days. Both of these assert
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challenges to contemporary computational power in sampling the dynamics of ligand-
receptor binding, which can only simulate conformational changes up to microseconds **
109111 Fyurthermore, even if the conformational changes are sampled, the extraction of
kinetics, or probability of state transitions, remains as a second obstacle before fully

understanding the kinetics of the system.

Currently, the most important and successful method that tackles this topic is the Markov
State model (MSM) 1*2, This method does not require the sampling of a complete
binding/unbinding event, but instead, it only requires a thorough sampling of the relevant
states along the transition pathway, even from discrete trajectories. It clusters the
reservoir of conformations by certain criteria and the transition rate between states can be
assessed naturally from the trajectories. Finally these transition rates between states are
stored into a matrix for diagonalization yielding the probabilities of the individual states,
and the macroscopic transition rate, or the association/dissociation rates. This method is
successful not only because it defines the calculation of transition rates, but also because
it can be easily combined with distributed computing 3, which is a powerful way to

improve the computational power.

Another method that addresses the challenges of kinetics is the transition path sampling
method **. In contrast to the MSM, this method provides a clear way to enhance the
sampling of the transition path while providing a recipe to calculate the transition rate.
Theoretically this method requires only an initial guess of the intermediate on the

transition path, and thousands of sampling can be started stochastically from the
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intermediate with randomized initial velocities. The transition path itself can be adjusted
from the trial sampling of the intermediate. Some of the sampling will fall into the initial
state of the transition, while others will fall into the final state of the transition. Through
this method, the transition rate can be directly estimated from the probabilities of the two
ending states. The downside of this method is that a large amount of sampling needs to be
done. Also, the transition path can only consist of one major energy barrier. These limit
the application of this method to the studies of transitions between one well-defined free

energy barrier.
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Chapter 2 The Facet Selectivity of Ligands on Silver Nanoplates: A Molecular

Mechanics Study
2.1 Introduction

Inorganic nanostructures often display shape-dependent physiochemical properties?,
which promise them for many elegant and practical applications in fundamental sciences
and industry 2. Silver nanoplates, a classic example of shape-controlled nanostructures,
show tunable surface plasmon resonance 22 and can find uses in biomedicine?, catalysis®,
microelectronics and data storage®, single-molecule labeling-based biological assays 8,
LED materials ° and lasers . Because of the numerous applications, substantial efforts
have been spent on synthesis of silver nanoplates with well controlled dimensions.
Reported methods include ligand-assisted chemical reductions 1°*2, electrochemical
synthesis ** 14, photo-induced method 2 20, sonochemical routes 2*, solvothermal
method %223, and templating method 2%, The ligand-assisted chemical reduction method

has been the most popular one because of its high yield and relatively simple setup.

Citrate, often considered as a “magic” reagent in the solution phase synthesis of silver
nanoplates, has been studied for years, but its role in directing plate growth remains
unclear. Selective surface protection is one of the hypotheses for explaining the
mechanism 2’ In this theorem, a core with both (111) and (100) facets is used, and citrate
preferentially protects the (111) facet in a non-bonded manner; thus Ag atoms deposit on
other facets such as (100) and (110) selectively 2”28, During the process, (111) facet

actually grows thicker to some extent, so the interaction between citrate and the Ag
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surface is non-covalent rather than covalent or ionic 2. Several other di-carboxylates or
tri-carboxylates are eligible ligands and presumably play the same roles as citrate in
protecting a facet selectively 2°. However, one needs to show that good ligands can
tightly bind to the Ag nanoplate non-covalently and discriminate one facet for anisotropic

plate growth.

Previous studies modeled interactions between ligand molecules and metal nanoplates
with ab initio calculations or classical molecular mechanics (MM) methods. Density
functional theory (DFT) was used to study interactions between ligands and Ag
nanoplates. For example, the DFT electronic structure calculations were applied to study
the binding of citric acid on Ag nanoplates *°. The calculation showed preferential
binding of citric acid to the (111) rather than (100) facet, with stronger binding to the
(111) facet promoting crystal growth along the (100) facet. The work also provided a
structure of citric acid on the Ag nanoplate surface. However, the DFT calculations need
to assume that citric acid is in its neutral form, which differs from actual synthesis
conditions where the ligand molecules are in the deprotonated form 2°. In addition, the
DFT calculation focused on only one conformation of citric acid, not considering
possible contributions from other molecular conformations. The DFT method was also
used to study the role of polyvinylpyrrolidone (PVP) in the shape-selective synthesis of
Ag nanoplates 3. In contrast to citrate, PVP binds more strongly to the (100) than (111)
facet 32. The DFT calculations suggested that electrostatic or van der Waals (vdW) forces
govern the ligand—Ag nanoplate binding. Although experimentally, the synthesis of Ag

nanoplates was carried out in solvent, DFT studies treated the ligands and silver plate

48



systems in vacuum and neglected the influence of solvents. DFT has also been used to
explain the surface-enhanced Raman scattering (SERS) results of adenine ** 34 and 5-
amino tetrazole % absorptions on a Ag or gold (Au) surface. In these works, the
interaction between adenine and the noble metal surface was treated as the interaction
between adenine and the active site metal atoms, and the binding geometry was
predicted. Similarly, DFT was also combined with Fourier transform-infrared (FTIR) to
explore the two distinct binding modes of p-nitroaniline on aqueous and dry Au
nanoparticles ¢, Besides being used for investigating the interaction with small organic
molecules, DFT has been used to investigate the interaction of Ag clusters with chlorine

atoms ¥’ alkali ions %8 and nitric oxide *°.

For sampling more conformations and model dynamic natures of molecules on metal
nanoplates, molecular dynamics (MD) provides a powerful tool for investigating motions
and interactions of molecule and nanoplate complexes. Force-field parameters used in
MM methods for metal nanoplate systems are less well established %%, Therefore,
various tests have been used to examine sets of charges and vdW parameters for metal
nanoplate surfaces, e.g. by simulating nanoparticle movement on the Au surface °. MD
simulations may involve explicit solvent models. To reduce computational costs, water
molecules may be modeled implicitly. For example, an implicit solvent model for
modeling protein—metal surface interactions has been developed %> %6, and a sequential
multilevel computational protocol was developed to study the interaction between
peptides and Au surfaces #’. Studies have provided insights into peptide and protein

conformations on Au surfaces #1484°, MD trajectories also suggested possible
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supermolecular configurations of tetraphenylporphyrins on a silver (111) facet *°. An MD
study of the mechanism of the growth of Ag nanoparticles suggested some
conformational and energy reasons for the final stage of ligand-aided formation of
nanoparticles ! by sampling the binding geometry from randomly placed initial
conformations. Surface diffusion and growth on Ag and Au clusters were studied by
using many-body potentials, and the mobility of atoms on the facets was found to be the

key factor of growth of nanoparticles °2.

In the present paper, we used the mining minima (M2) method to compute the binding
free energy of citrate and other ligands to Ag nanoplates. The method involves an MM
force field and an implicit solvent model to compute free energy that efficiently searches
local energy minima and computes the configuration integral of a molecular system as a
sum of the contribution from its local energy minima °* >, The same as other classical
MM methods, the M2 method cannot capture quantum effects such as electron transfers
between a ligand and the metal surface. However, the methods can be used to study
systems with thousands of atoms and provides insight into changes in energy and
configuration entropy on binding >°-°8. From experimental results and computational
studies of molecules on Au surfaces, force-field parameters for the Ag surface were
established “°. In this paper, we studied nine existing and two designed ligands on both
(111) and (100) Ag facets. We computed relative binding free energies for the
compounds and focused on ligand conformations and the interactions between ligands

and Ag nanoplate surfaces. Charge states of the carboxylate group in the ligands may
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have a crucial effect on the anisotropic synthesis of Ag nanoplates. We also examined the

ionic states of citrate in the plate synthesis.

2.2 Methods

2.2.1 Description of Systems

We selected nine ligands with experimental data available for the synthesis of Ag
nanoplates 2° and designed two ligands. The molecules were prepared via Vega ZZ *°.
Since experimental conditions indicated that the ligands are completely deprotonated, the
molecules have a basic form (COO"). In normal experimental conditions yielding Ag
nanoplates, the pH of the solution was typically 9.0 initially and increased to ~9.7 near
the end of the experiments. No Ag nanoplate was synthesized if the pH of the solution
was < 7. The Ag surface is described with three atomic layers for the accurate calculation
of ligand—Ag interactions. In total, 192 Ag atoms were used to represent both the Ag
(111) (8>8>3) and (100) (6><10>3+12) facets, for a fair comparison between molecular
interactions with the two facets. From our calculations, we designed two potential
ligands, cyclohexane-1,3,5-tri-carboxylate and 2,2',2"-(cyclohexane-1,3,5-triyl)triacetate,

and the coordinates were prepared by use of Vega ZZ.

2.2.2 Force-Field Parameterization

The initial force-field parameters were assigned by using the CHARMMZ22 force field °.
The equilibrium position of the bond angles of the ligands were modified according to the

crystal structures in the Cambridge Crystallographic Data Center (CCDC) database
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except for the two designed ligands, whose experimental structures are not available. The

CCDC IDs are listed in Table 2-1.

Ligand CCDC ID
Acetate AMACET
Oxalate AMOXAL
Malonate BIFVAN
Succinate BURWEQ
Glutarate ROGQEK
Pimelate KYRIL
Citrate FATTID
Isocitate N/A
Trimesic aicd N/A

Table 2.1. Cambridge Crystallographic Data Centre (CCDC) IDs for small molecules.
The CCDC IDs of the crystal structures used to modify the bond angles of the ligands.

Partial charges of the ligands were computed with use of the program Vcharge with the
VC/2004 parameter set %1, Because the parameters of the Ag clusters are not defined in
the standard CHARMM force field, the bond length between the Ag atoms was set to
2.88 A on the basis of the experimental lattice constant (4.09 A) 62 63, The bond force
constant was set to 300.0 kcal/mol and the angle and dihedral parameters to 0. The vdW

interactions are described by the 12-6 LJ-Potential in equation,

12

Euow = ¢|(2) - 2(2)] cq. 2.1

where € was assigned to 0.094 kcal/mol reported by Alexei, et. al *°, and 7,,;,, to 1.444 by
halving the Ag-Ag bond length. Because all the ligands have negative charges, we

considered a model accounting for charge polarization of the Ag nanoplate by setting a
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0.5 unit charge for the Ag atoms % %, Details regarding the charge models are in result

and discussion.

2.2.3 Computational Details

M2 method is based on thorough conformational search and modified harmonic
approximation using the bond-angle-torsion coordinates. The standard chemical potential
of species X can be written as Equation 1. Q stands for canonical partition function, and
V is the volume. The subscribe N,X means the system containing N solvent molecules
and one solute molecule X, and similarly N,0 means the system with N solvent molecules
but no solute. C” is the standard concentration. The explicit solvent molecules are
replaced by an implicit solvent model, GBSA or PBSA, to avoid numerous

configurations generated by the solvent molecules.

1 QN,X(VN,X)> eq. 2.2

e = R <VN.XCo QN,O(VN,O)
Because there are multiple local minima in the canonical ensemble, the total standard
chemical potential is described by Equation 2.3 where ,u;(,i is the chemical potential of
each local minimum.
Uy = —RTlnz e~ Prxi eq. 2.3
i
By introducing Rigid Rotor Approximation, the standard chemical potential M;},i of

species X is given by Equation 2.4. In this equation, My is the total mass of X,

Ix o, Ix p, Ix ¢ are its principle moments of rotational inertia. ny is the number of atom in
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the molecule. h and k are the Planck’s and Boltzmann’s constants. The first two brackets
are translational and rotational contributions, and are straight forward in calculation. The
most computationally intensive part is the third bracket, which is the vibrational part, and
is further calculated by Equation 2.5. In Equation 2.5, U and W are the potential and
solvation energies, and q is the vibrational coordinates. A more specific detailed

explanation can be found in the original work >,

3
e—ﬁﬂ;(,i = lo(—anXkT)z
C h?
2kT 3/2 1/2 21kT (3nx—6)/2 .
x |8 2( ) Iy aly»l x ( ) Zy?
l T\ 7z (Ixalxplxe) l h? X eq. 2.4
Zvib =fe‘ﬁ(U(q)+W(q))dq eq. 2.5

The M2 method is different from MMPBSA or other MD based analysis method. It uses
analytical integration from the diagonalized Hessian matrix (modified harmonic
approximation). According to Equation 2.3, the total standard chemical potential of
species X is the sum of those of local minima weighed by the Boltzmann factor.

Therefore, there is no fluctuation or standard deviation in the results from M2 method.
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Figure 2.1. Flow chart of applying M2 method to silver plate-ligand systems.
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Binding affinity of each ligand was calculated by using the second-generation mining
minima method (M2 method) %3°°. A flow chart of M2 method is given in Figure 2.1.
The method starts by using the Tork search algorithm for thorough conformational
searches for each ligand. Various conformations of a ligand were used to construct initial
conformations of the complex to perform conformational searches for ligand—nanoplate
complexes, where the Ag nanoplate was held fixed. Because the program may find a
conformation multiple times, repeat conformations were filtered out. The details of
filtering are in Section 2.4. The method then involved computing the configuration
integral z; for each unique conformation i found by the Tork search, and the free energy
of this local energy minima was Gi = -RT In z;., where R is the gas constant and T was set
to 300 K. The standard free energy of each molecular species Gx, where x may be a
ligand, a complex, or the nanoplate, is then the Boltzmann weighted sum of each
computed G;. Several iterations were performed to ensure that no new conformations
with lower free energy were found, and the computed free energy, Gx, was converged.

The binding affinity of each ligand was computed by AG = Gcomplex — Giigand = Gnanoplate-

The free energy obtained in M2 was computed for systems in the standard condition, i.e.
1 atm pressure and 1 mol/L concentration. In experiments, though the overall
concentrations of reagents and ligands are the same in all systems, the local
concentrations of different ligands around the Ag surface may not be exactly identical.
However, because experiments cannot detect minor changes of the local concentration, it
is reasonable to approximate that the local concentrations of ligands near the Ag surface

are similar, resulting in a constant in the M2 calculations. The values are canceled when
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computing the related binding free energy. During the calculations, the standard pressure
and concentration are separated as external degrees of freedom based on the Rigid Rotor
Approximation >* % and the analytical integration results in 87%/C =**, where C <is the

standard concentration that can be presented as 1660 A® under standard pressure 1atm.

We used a distance dependent dielectric constant (DDD) model, which is widely applied
in docking applications 67%° to avoid unrealistic in vacuo Columbic interactions. This is
because Poisson Boltzmann (PB) or generalized Born (GB) implicit solvent models are
not yet fully developed for Ag plates. Because the distance dependent dielectric constant
model is unable to provide an accurate description of desolvation energy " "%, we
performed MD simulations of citrate and succinate using NAMD 2.9 " to estimate the
full picture of desolvation energies of di- and tri-carboxylates from the average
interaction potential energies between succinate or citrate and the water molecules 7>,
In this simulation, the ligands were parameterized by the CHARMM22 force field
extracted from the M2 method. The solute was first solvated by a standard TIP3P water
box, which is about 20 A from the solute itself, and then neutralized by Na* ions. For
both succinate and citrate, the water box contains 2721 water molecules. The entire
system was equilibrated at 50, 100, 150, 200, 250 and 298 K for 10 ps at each step in the
constant temperature, constant pressure canonical (NPT) ensemble. A product run was
performed at 298 K in NPT for 5 ns with time step 1 fs. In these simulations, temperature
and pressure were controlled by using Langevin dynamics. We used VMD 7 to calculate
the potential energy of the entire system, the solute, and the water box of the simulation

and then used the formula,
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Einteraction = Etotal - Esolute - Ewater box €q. 2.6

to calculate the average interaction energy.

2.2.4 Conformation Filtering

Because the search algorithm finds the same conformation multiple times, to avoid
double counting a conformation for the free energy calculation, we used a symmetry
detection routine ” to filter the repeats for the free ligands. Conformations are considered
distinct if any dihedral angles differ larger than 15°. For the complex, in addition to
applying the detection routines used for the free ligands, more criteria were used to
identify repeats for the complexes. The criteria included distance between the center of
mass of the ligand and the Ag nanoplate, the position of the projection point of the center
of mass of the ligand on the plate surface in a periodic cell, and the orientation of the
ligand relative to the nanoplate. Because the nanoplate has a periodic nature, the
periodicity was considered in the filtering processes. The cutoff parameters were the

same in the previous routine.

2.2.5 Explicit Solvent Validation of the Distance Dependent Dielectric Constant

MD simulation was performed to optimize the arrangements of water molecules on the
silver plate-ligand complex binding region, in order to investigate how many water
molecules are replaced by the ligand upon binding. Releasing bound waters from the Ag
surface may gain solvent entropy but lose solvent enthalpy upon ligand binding.
However, the implicit solvent model may not be able to capture the effects for different

ligand binding.
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The global energy minima of each silver plate-ligand complex are used as an initial
conformation for MD simulations using NAMD 2.9 "2, A complex conformation is
solvated by a TIP3P water box, which is about 21 A from the complex. In order to focus
on water replacement, no counterions were placed on the Ag surface. The plate and
ligand were held fixed during the simulations. The system is gradually heated at 50K,
100K, 150K, 200K, 250K and 298K in NPT for 10 ps. Finally a product run in NPT for
20 ps is performed and a trajectory is saved every 20 fs. This 1000 frame trajectory was
processed to count how many water molecules on average were present at the first layer
(defined by a distance 3.2 A from the plate) on the silver plate within a region with radius

10 A from the projection of the center of geometry of the ligand on the plate.

2.2.6  Synthesis Method

The synthesis of silver nanoplates was conducted based on a previous reported method %°.
In a standard synthetic approach, the total volume of the reaction solution is fixed at
25.00 mL. Typically, a 24.75 mL aqueous solution combining silver nitrate (0.05 M, 50
HL), carboxylates (75 mM, 0.5 mL), and H20 (30 wt %, 60 pL) was vigorously stirred at
room temperature in air. Sodium borohydride (NaBH4, 100 mM, 250 pL) was rapidly
injected into this mixture to initiate the reduction, immediately leading to a light yellow
solution. After ~ 3 min, the colloidal solution turned to a deep yellow due to the
formation of small silver nanoparticles. Within the next several seconds, the morphology
started to change from particles to nanoplates accompanied by the solution color
changing from deep yellow to red, green, and blue. The entire transition from

nanoparticle to nanoplates typically took 2-3 minutes.

59



2.3 Results and Discussion

2.3.1 Overview of Ligands on the Ag Surface

The conformations of global energy minima for each ligand and the Ag surface complex
are in Figure 2.2. The electrostatic attraction dominates the binding free energy and is the
major driving force. The negatively charged oxygen atoms of the carboxylate ions all
point to the (111) or (100) facet. Notably, the carboxylate group was modeled by the
deprotonated form, because experiments showed that the acid form is necessary for the
ligands to non-covalently bind to the surfaces. With pH changed from 9 to < 7, the
carboxylate ions (COO") were protonated (COOH) and the plate formation vanished.
Although the classical force field cannot model the potential electron transfers between
the Ag and oxygen atoms, the strong ionic interaction may capture some characteristics
of partial covalent bonds for the adsorption of a ligand on the Ag surface. The distance
between an oxygen atom of the carboxylate group and its nearest Ag is < 3 A, whereas
the oxygen atoms of the hydroxyl group typically position toward the solvent (Figure
2.2). We modeled both (111) and (100) facets as 192-atom three-layer (8>8>3) and
(6<10>3+12) Ag clusters. Because the facets are symmetric, exactly the same ligand
orientation/position and conformation on the first and third layers are repeats, and only
the complex conformations of ligands on the first layer were retained for further analysis

and free energy calculation.
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Figure 2.2. Top view of the bound geometry of the ligands on two silver (Ag) facets (top
for [111] facet, bottom for [100] facet). a) acetate, b) oxalate, c) malonate, d) succinate,
e) glutarate, f) pimelate, g) citrate, h) isocitrate, i) trimesic acid, j) designed ligand #1, k)
designed ligand #2. The oxygen atoms are color mapped to represent the average distance
between the oxygen atom and the closest three Ag atoms according to the color bar (in

A).
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Table 2.2. Binding free-energy calculations and experimental data for nine ligands. Data
were grouped by number of carboxylate groups. Experimental yields ?° were obtained
from the experimentalists. AGcomp: binding affinity of ligands on (111) facet; AAGeomp:
relative binding affinity of ligands on (111) facet within each group. (For AAG, the
reference for Group 2 is succinate and for Group 3 citrate.)
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COoO Experiment
. ; Gcom AAGcom
group Ligand Structure al yield
number (%) P P
(@]
1 Acetate )LO_ 0 -129.0
—
Oxalate o%\go 0 -2396 100
&
(0] (e}
Malonate m 80 -2516 -2.0
O
2 Succinate ‘ONO- 100  -249.6 00
(6]
= 5
Glutarate m 50 -2480 1.6
_ 0 o
Pimelate Y 0 2440 56
(o] (o]
. 0 OH o
Citrate W 100 -361.2 0.2
OO O_O
OH
Isocitrate © o 90  -361.0 0.2
3 OO O_O
(0] (o}
Trimesic acid OYESYO 0 -345.5 15.7
(e} (o}
(6]
o
#1 o -353.6 7.6
New 0 0
ligands _OO o
#2 ﬁ(g\A 3613 -0.1
(o] (o

63



# of
COoOr Ligand Facet AG AETot

group

ABgond | AR .w | ABees | -Tas | A0m+
ed AGigo

111 -129.0 | -130.9 -0.5 3.3 -133.7 2.0
1 Acetate -2.8
100 -126.2 | -129.3 -0.6 3.3 -132.0 3.1

111 -239.6 | -246.5 -0.7 5.9 -252.4 6.9
Oxalate -11.1
100 -228.4 | -235.0 -0.9 5.4 -240.2 6.6

111 -251.6 | -256.2 -0.8 6.0 -261.7 4.6
Malonate -10.1
100 -2415 | -247.9 -0.8 5.9 -253.4 6.4

111 -249.6 | -257.6 -0.7 6.5 -263.5 8.0
2 Succinate -6.9
100 -242.6 | -251.5 -0.4 7.2 -258.5 8.9

111 -248.0 | -255.8 -0.5 5.6 -260.9 7.9
Glutarate -5.9
100 -242.1 | -251.5 -0.2 6.1 -257.4 9.4

111 -244.0 | -253.1 -0.5 5.1 -257.7 9.2
Pimelate -5.8
100 -238.1 | -249.7 -0.8 5.3 -254.3 11.6

) 111 -361.2 | -374.9 3.0 10.3 -388.2 13.7
Citrate -10.2
100 -351.1 | -363.3 2.7 12.4 -378.5 12.3

111 -361.1 | -372.7 4.0 10.9 -387.7 11.7
3 Isocitrate -7.9
100 -353.1 | -363.4 35 14.3 -381.2 10.2

Trimesic | 111 | -345.5 | -357.8 | 4.3 6.1 | -369.2 | 123
acid 100 | -330.6 | -3405 | 3.9 45 | -3500 | 9.9

111 -353.6 | -365.4 9.0 7.8 -382.3 11.8
100 -348.5 | -361.1 8.9 8.7 -378.7 125

New

5 111 -361.3 | -375.0 -1.0 7.5 -381.4 13.7 8.0
100 -353.3 | -367.8 1.3 8.7 -377.8 14.5 '

Table 2.3. Binding energy components of ligands. The unit of this table is kcal/mol. The
last column, AG111-AGu1oo, indicates the ability of the ligands to distinguish the two Ag
facets, where AG111 and AG1oo represent the binding free energy of the same ligand to the
(111) and (100) facet, respectively.
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In this system, a good ligand must show reasonably strong binding affinities to the Ag
surface and prefer the (111) facet. The stronger binding free energy suggests better
protection on the (111) facet, thus resulting in higher yield experimentally. The absolute
values of Columbic attractions are considerably different because of different numbers of
the carboxylate ions. As a result, this study classified the ligands as three groups based on
the number of carboxylate acids for better comparison. As shown in Tables 2.2 and 2.3,
the calculated trend of binding free energies agrees with that in experimental data for
each group of ligands and shows that good ligands, such as succinate and citrate, bind
more tightly to the (111) than (100) facet. The following subsections detail the
geometries in the bound states and changes of conformations, energy components, and

configuration entropy.

2.3.2 Binding Preference of Ligand to the (111) and (100) Facets

All ligands bind tighter to the (111) than (100) facet (Table 2.3). Ligands that lead to high
yields of anisotropic silver plate, i.e. succinate, citrate and isocitrate, the preference on
(111) facet is stronger than ligands that show low yields, and the differences, AGi11-
AGuoo, are generally larger than 10 RT. The calculations support that ligands have better
coverage and protection on the (111) facet from exposure to the solvent than the (100)
facet, thus promoting the plate to grow on the (100) facet. Instead of covalently binding
to the surface, the ligands bind to the Ag plate non-covalently and are in chemical
equilibrium (Keq=C Kon/Kofr, Where Kegq is the equilibrium constant, C is the concentration
and kon and Kofr are the association and dissociation rate constants, respectively). As a

result, the plate still can grow slowly on the (111) facet during a long experimental
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process because a ligand does not permanently protect the (111) facet. Electrostatic
attractions are the major contribution to stronger (111) facet—ligand binding because of

the greater Ag density on the (111) facet. The Ag cluster is cubic closest-packed, and the
atom density on (111) facet is ~1.155 (% x +/3) times that on the (100) facet (Figure 2.3).

The closely packed (111) facet results in more non-bonded pairs between the Ag atoms
and a ligand in a (111) facet-ligand complex, which yield stronger electrostatic
attractions to stabilize the complex. Except for acetate, all ligands bind considerably
stronger to the (111) than (100) facet, with binding free energies more negative than -6
kcal/mol and the difference comes mainly from the electrostatic interactions. Less
distinguishable binding between acetate and both facets may be one reason why acetate

cannot serve as a good ligand (0% plate yield).

.'.'.'.'

Figure 2.3. Top-down view of the (111) (left) and (100) facet (right). The atom density is
greater for the (111) than (100) facet.

The higher atom density in the (111) facet also provides a geometry for all the ligands to
fit better on the surface. The mean oxygen—Ag distances are shorter on the (111) than

(100) facet (Table 2.4 and Figure 2.2), which contribute to stronger ionic attractions.
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(111) facet (100) facet
. Global | Boltzmann Global | Boltzmann
Ligand Minima Mean D Minima Mean SD
Acetate 2.52 2.54 0.01494 2.6 2.60 0.00688
Oxalate 2.67 2.67 0.00073 2.85 2.85 0.00075
Malonate | 2.59 2.60 0.00247 2.69 2.69 0.01128
Succinate | 2.59 2.58 0.00875 2.63 2.64 0.00989
Glutarate | 2.56 2.55 0.00537 2.61 2.60 0.00889
Pimelate 2.57 2.55 0.01359 2.61 2.61 0.00696
Citrate 2.57 2.58 0.00130 2.68 2.69 0.00823
Isocitrate | 2.57 2.57 0.00229 2.69 2.70 0.02963
Trimesic 2.69 2.69 0.00167 2.87 2.89 0.02589
Acid

Table 2.4. Computed distances between oxygen and Ag atoms. The average oxygen—-Ag
distance was calculated by averaging the distances between the oxygen atoms of the
ligands and the three Ag atoms that are closest to each of the oxygen atoms. The unit is
A. The distances were consistently shorter on the (111) than (100) facet. On the (111)
facet, the distances decrease from oxalate to pimelate. This finding can be explained by
more flexible molecules fitting the periodic surface better than less flexible ones. As well,
because of this factor, oxalate and malonate are unfavorable to the (111) facet.

Because the ligands have negative formal charges, and most of the negative charges are
distributed on the oxygen atoms of the carboxylate group, ionic attractions can be
optimized if the oxygen atoms are placed as close as possible to the positively charged
Ag atoms. The ligands in this study are flexible molecules, and our study illustrated that
the molecules could adjust their configurations to maximize the intermolecular
attractions. The denser and shorter periodicity length of (111) facet provides a better

geometry for the ligands to have closer contacts to the surface than the (100) facet.

2.3.3 Relative Binding Affinities of Various Ligands

Table 2.3 illustrates the computed relative binding free energies (AAGeomp) Of three

groups of ligands: mono-carboxylate, di-carboxylate and tri-carboxylate. Here we focus
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on ligand binding affinities to the (111) facet because this determines the coverage
offered by a ligand and the corresponding experimental yield. Comparing AAGcomp fOr
ligands within each group provides a correct ranking of the affinities, with a stronger
binder able to form a more stable (111) facet-ligand complex to protect the (111) facet
against growing in this direction (high % plate yield). The absolute values of the
computed Columbic energies are on a different scale because of different formal charges
of the ions in different groups. In typical energy calculations, the Columbic term is
usually compensated by the desolvation penalty modeled by the implicit solvent models,
either GB or PB. However, classical GB and PB models are not applicable to the highly
charged small ionic molecules and the metal plates, and the calculations overestimate the
desolvation penalty. The remarkably large desolvation penalty prevents the ligands from
binding to the Ag nanoplate. A known problem is that the linear PB model overestimates
the ionic strength near the charged surface "8%2, and further improvement has involved
the nonlinear PB equation 88, Notably, the M2 method for computing the binding free
energies relies on implicit solvent models because the method needs a well-defined
distinct energy well. The explicit water model is not applicable to the method because
counting numerous water configurations and explicitly integrating them over the
coordinates of solvent molecules to compute a configuration integral z; is impractical.
Therefore, we used the distance-dependent dielectric (DDD) model that provides crude

solvent effects to compute AEejec.

Because use of implicit solvent models, i.e. GB or PB, is not practical to compute the

solvation free energy, we used MD simulations and linear interaction energy (LIE)
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methods to approximate the desolvation penalty. We used MD simulations with an
explicit solvent model for citrate and succinate to compute the average Columbic
interactions between waters and each ligand to approximate the solvation enthalpy
without considering the solvation entropy. The interaction energy is approximated by
A<Ecou(water-succinate)> and A<Ecow(Water-citrate)>, where < > denotes the average
interaction energy during the MD simulations. Having one more carboxylate ion largely
increases the Columbic attractions between a ligand and water molecules, which yields
values for A<Ecou(Water-succinate)> and A<Eco(Water-citrate)> of -437.4 (20.5) and -
808.4 (24.9) kcal/mol, respectively, where the standard deviation is shown in the bracket.
The LIE method is then used to approximate the electrostatic contribution to the solvation
free energy, AG®so1, and the value equals half of the corresponding ion—water interaction
energy: AW®so = 5 A<Econ(water-ligand)> *75. The difference in electrostatic
contribution to the solvation free energy, AAW® s ccinate-citrate, DEtWEEN SUCCINate and citrate
is ~185.5kcal/mol. This has similar magnitudes of AAEeiec between the two groups
computed with the DDD model. Use of more sophisticated solvent models developed for
ions and metal plates is necessary to accurately compute absolute AG. For example, an
implicit solvent model for protein and Au (111) associations developed by Wade and
colleagues may be modified and further developed for chemicals and Ag plate

associations 41428,

In addition, we investigated gaining solvent entropy upon ligand binding by computing
the number of waters on the Ag surface that had been replaced by a ligand. Our

calculations showed that similar numbers of water molecules were replaced by different
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ligands, which suggests that gaining solvent entropy upon ligand binding is not a critical
term that determines the relative binding affinities. The result of number of waters in
defined region is given in Table 2.5. The differences in numbers of water in defined
region reveal the differences of number of waters replaced by two different ligands. For
example, comparing with ligands within the di-carboxylate and tri-carboxylate groups,
the differences are lesser than 5.5 and 2.3 waters, respectively. Considering the standard
deviation, the difference is insignificant. We therefore concluded that the solvent effects
from releasing waters on the surface are similar among ligands in each group; therefore,

this term does not affect results of related binding affinities.
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.of
Cag)?)xc})llate Ligand No. of Star}dqrd
Water Deviation
Group
1 Acetate 59.33 1.79
Oxalate 62.81 2.20
Malonate 61.72 2.28
2 Succinate 57.27 1.82
Glutarate 61.39 2.01
Pimelate 58.31 2.15
Citrate 55.71 1.84
3 Isocitrate 53.45 1.77
Trimesic Acid 53.40 2.06

Table 2.5. Numbers of water in the region that is the first layer (here cut off at 3.2 A from
the surface) water that is within 10 A from the projection of center of geometry of the

ligand on silver surface of silver plate-ligand complexes.

To ensure that the simple DDD solvent model brings similar conformations to those from
MD simulations using the explicit solvent model, we compared the conformations of
succinate obtained by MD simulations and from M2 conformation search. We computed
the root-mean-square-deviation (RMSD) of MD trajectories using the first four lowest
energy conformations from M2 search as the reference frames (see Figure 2.4). The
comparison illustrated highly similar conformations from both methods, which suggests

that the conformations are largely determined by the force field parameters instead of

solvent models used in these systems & .
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Figure 2.4. Plots of RMSD (in A) computed by all atoms, including hydrogen atoms, for
succinate from MD simulations. Each plot used one local energy minima found by M2 as
a reference structure. . The frame was saved every 1 ps, and the MD simulation length is

5ns.

72



RMSD

RMSD

1.8

1.6

1.4

1.2

1.0

0.8

0.6

0.4

0.2

0.0

1.8

1.6

1.4

1.2

1.0

0.8

0.6

0.4

0.2

0.0

0 500 1000 1500 2000
Frame

0 500 1000 1500 2000
Frame

73

Refered to Conf. 1 of M2

Number
Refered to Conf. 2 of M2

A

2500 3000 3500 4000 4500 5000

Number




RMSD

RMSD

1.8

1.6

14

1.2

1.0

0.8

0.6

0.4

0.2

0.0

1.8

1.6

14

1.2

1.0

0.8

0.6

0.4

0.2

0.0

0 500

e —

1000

|

1500

1500

Refered to Conf. 3 of M2

2000 2500

Frame Number
Refered to Conf. 4 of M2

il

3000 3500 4000 4500 5000

3000 3500 4000 4500 5000

2000

Frame Number



To optimize the non-bonded interactions between a ligand and the (111) facet, ligand
flexibility is necessary for a ligand to arrange fitting conformations on the Ag plate
(Figure 2.2). For small or more rigid molecules such as oxalate and trimesic acid, the
compounds cannot arrange themselves to fit nicely on the Ag plate; thus the AEEgjec IS
largely reduced (Table 2.3 and Figure 2.2). Because the ionic attraction is the main factor
that determines the relative binding affinities of a series of ligands on the (111) facet, the
distribution of partial charges contributes to the strength of ionic attraction. We examined
the charge distribution in the di-carboxylate group with the VVcharge model, which is
based on atom electronegativity. All ligands in this group carry -2 formal charge;
however, compounds with fewer carbon chains show greater negative charge density in
the oxygen atoms (Table 2.6). For example, glutarate has a chain of 5 carbon atoms, and
the partial charge on the oxygen atoms is -0.72, whereas pimelate has a chain of 7 carbon
atoms, and the partial charge on the oxygen atoms is -0.70. To ensure that correlation
between the carbon chain lengths and the charge distribution is not an artifact of the
Vcharge program, we examined other charge models. The same trend held (Table 2.7).
The different charge distribution is a factor of different ionic attraction. For example, the
average oxygen—Ag distance for glutarate and pimelate were similar, but the computed

binding AEEec for two ligands to the (111) facet differed by ~3 kcal/mol.
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Ligand | No. of Carbon | Partial Charge on Oxygen
Oxalate 2 -0.77

Malonate 3 -0.74

Succinate 4 -0.73

Glutarate 5 -0.72

Pimelate 7 -0.70

Table 2.6. The partial charges (Vcharge model) on oxygen atoms in the ligands. The
values of partial charges decrease because as a molecule becomes larger, the -2.0 formal
charges must be distributed on more atoms, and thus each of the oxygen atoms carries
less negative charges.
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ccpvDZ-

Ligand | P AMMP AM3 PM3 MNDO
Oxalate | -0.492 055 20.64 10.69 0.6
:0.489/ 10.69/-0.697 | -0.68/-0.67/
Malonate | 5 475 054 | 0647083 | 65067 | -0.63-0.61
Succinate | 0407 054 | -0.64/-061 | -0.69/0.66 | -0.65/-0.63
20.470/
Glutarate | 0570 054 | -062/-061 | -0.67-066 | -0.63
Pimelate | 0o 054 | -062/-059 | -0.67-0.64 | -0.63/-0.61

Table 2.7. Partial charges from other calculation methods. The ccpvDZ-b3lyp is ab initio
calculated, whereas the remainder are semi-empirical methods. Multiple values indicate

that the partial charges for oxygen atoms slightly differed from one another.
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No. of  Free Conf. Binding

) No. of o o -TAS

Ligand Rotatable  within3  Conf. within
Atoms (kcal/mol)
Bond kcal/mol 3 kcal/mol

Oxalate 7 0 1 1 7
Malonate 5 2 1 3 5
Succinate 8 3 6 6 8
Glutarate 8 4 16 11 9
Pimelate 9 6 296 115 9

Table 2.8. Computed configuration entropy loss. The entropy loss increases as the ligands
become more flexible. The table lists numbers of free ligand conformations and the
bound complexes within 3 kcal/mol of the global energy minimum.

Binding is usually accompanied by a loss of configuration entropy, -TAS, which opposes
the complex formation. Because the Ag plate is held rigid, the configuration entropy loss
is solely from reducing the motions in translation, rotation, and vibration degrees of
freedom and the number of low-energy conformations of the ligand. Entropic penalty
follows a trend whereby molecules with longer chains show larger configuration entropy
loss (Tables 2.3 and 2.8). In addition, enthalpy-configuration entropy compensation is
observed in this system; stronger binding energy, AEpotential, alS0 Shows a greater loss of
configuration entropy, as seen previously % 88° Conceptually, more flexible molecules
lose configuration entropy more because they reduce larger numbers of conformations
when moving from the free to the bound form. In contrast, rigid molecules show
insignificant changes in number of states in both the free and bound forms, thus resulting
in smaller changes of conformation entropy. Although reducing more numbers of energy

wells contributes to larger entropic penalty, the loss of translation, rotation and
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vibrational entropy governs the major component of configuration entropy loss. Although
the configuration entropic penalty is not the main factor that determines the strength of
binding affinities in the systems studied here, the insights are useful for future molecular

design.

2.3.4 Partial Charge Investigation

Experiments suggested that the surface of the silver nano-plate should carry partial
positive charges. In this study, a partial charge model in which all silver atoms were
assigned a +0.5 partial charge was used to parameterize the silver plate. In addition to
that, we also performed the same calculations with several other partial charge models,
i.e. in which the silver atoms were assigned +0.2, +0.3 or +0.4 partial charge,

respectively.

The calculated binding affinities are summarized in Table 2.9 (+0.2 charge), Table 2.10

(+0.3 charge), and Table 2.11 (+0.4 charge).
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#of
COO- | Ligand | Facet | AG AEro ABonde AEww | AEgpe | -TAS AG-

d AGioo
group

1 ; 11 [ 5025 | -52.07 | 000 | -051 | -stse | 182 |
1 -U.
aC 17700 | 49.90 | -51.19 | 0.02 | -056 | -50.65 | 1.30

oxalate 111 | -93.34 | -97.64 0.09 -1.09 | -96.78 | 4.30 397
100 | -89.37 | -93.20 0.11 -0.97 | 9245 | 3.83 ‘

malonate 111 | -97.18 | -101.77 | 0.02 -1.27 | -100.52 | 4.59 584
100 | -94.34 | -98.32 0.01 120 | 97.16 | 398 |

. 111 -96.64 | -101.30 0.12 -1.30 | -100.13 | 4.66
2 succinate -3.43
100 -93.21 -98.42 0.14 -1.16 -97.43 5.21

111 | -95.34 | -100.78 | 0.31 -2.56 | -98.57 | 5.44
glutarate -2.91
100 | -92.43 | -97.89 0.30 -2.54 | -95.72 | 5.46

) 111 | -93.60 | -100.10 | 0.07 226 | -97.92 | 6.51
pimelate -2.82
100 | -90.78 | -99.19 0.08 -2.20 | -97.07 | 8.41

. 111 | -134.51 | -143.45 2.74 -2.08 | -144.12 | 8.93
citrate -2.78
100 | -131.73 | -139.62 1.42 -1.81 | -139.25 | 7.89

L 111 | -134.23 | -140.98 4.01 -1.37 | -143.64 | 6.75
3 1socitrate -1.53
100 | -132.70 | -138.90 1.33 -1.07 | -139.18 | 6.20

. . 111 | -133.68 | -141.73 1.04 -4.18 | -138.77 | 8.05
trimesic -5.67
100 | -128.01 | -134.65 1.38 -4.10 | -132.09 | 6.64

Table 2.9. Binding energy components of ligands with +0.2 partial charge set. The unit of
binding energy terms and entropy loss are kcal/mol.
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# of e
COO- | Ligand | Facet | AG AEto | AEBonded | AEvaw | AEmec | -TAS AGI“
group 100
. 111 -77.28 | -78.12 -0.04 0.65 -78.73 | 0.84
1 acetic -2.56
100 -74.72 | -76.88 -0.05 0.64 -77.45 | 2.16
oxalate 111 | -141.38 | -146.85 0.03 1.05 -148.25 | 5.47 6.50
100 | -134.88 | -139.75 0.02 1.03 -141.03 | 4.87 '
malonate 111 | -147.00 | -152.79 | -0.04 094 |-153.75 | 5.78 1.80
100 | -143.20 | -147.80 | -0.08 0.95 -148.79 | 4.60 |
. 111 | -146.83 | -152.83 0.04 1.08 -153.98 | 6.00
2 succinate -4.76
100 | -142.07 | -148.68 0.14 1.37 | -150.24 | 6.60
111 | -145.36 | -151.35 0.35 0.16 |-151.89 | 5.99
glutarate -4.55
100 | -140.81 | -148.29 0.74 0.56 |-149.60 | 7.47
. 111 | -142.86 | -150.57 0.10 0.11 -150.78 | 7.71
pimelate -4.27
100 | -138.59 | -148.37 0.11 0.13 -148.62 | 9.78
. 111 | -208.22 | -219.86 3.97 1.93 -225.76 | 11.64
citrate -5.51
100 | -202.71 | -212.59 2.89 337 |-218.87 | 9.89
L 111 | -207.82 | -217.42 5.45 1.93 -224.79 | 9.60
3 1socitrate -4.61
100 | -203.21 | -211.18 3.37 392 |-218.52 | 7.97
. . 111 | -202.19 | -212.45 2.62 -1.06 | -214.42 | 10.25
trimesic -8.12
100 | -194.07 | -202.06 2.70 -1.64 | -203.47 | 7.99

Table 2.10. Binding energy components of ligands with +0.3 partial charge set. The unit
of binding energy terms and entropy loss are kcal/mol.
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# of e
COO- | Ligand | Facet | AG AEto | AEBonded | AEvaw | AEmec | -TAS AGI“
group 100
. 111 | -102.96 | -104.50 | -0.20 1.93 -106.23 | 1.54
1 acetic -2.86
100 | -100.10 | -102.77 | -0.24 1.93 -104.45 | 2.66
oxalate 111 | -190.35 | -196.68 | -0.21 339 |-200.41 | 6.32 878
100 | -181.58 | -187.37 | -0.28 3.15 -190.63 | 5.80 '
malonate 111 | -198.37 | -204.58 | -0.34 339 |-207.79 | 6.21 501
100 | -192.46 | -197.90 | -0.32 332 | -201.16 | 544 |
. 111 | -197.91 | -205.03 | -0.21 3.68 -208.57 | 7.12
2 succinate -5.40
100 | -192.51 | -200.28 | -0.03 4.15 -204.51 | 7.77
111 | -196.33 | -203.36 0.03 2.83 -206.23 | 7.03
glutarate -5.23
100 | -191.10 | -199.78 0.37 324 | -203.39 | 8.68
. 111 | -193.15 | -201.68 | -0.21 2.61 -204.08 | 8.53
pimelate -4.18
100 | -188.98 | -199.24 | -0.22 2.64 |-201.66 | 10.26
. 111 | -284.36 | -296.93 3.53 5.83 -306.29 | 12.57
citrate -8.05
100 | -276.31 | -287.55 2.80 777 | -298.17 | 11.24
L 111 | -283.95 | -294.71 4.75 6.44 | -305.90 | 10.76
3 1socitrate -6.72
100 | -277.23 | -286.61 3.83 9.05 -299.56 | 9.38
. . 111 | -273.10 | -284.82 3.78 2.45 -291.77 | 11.73
trimesic -11.07
100 | -262.03 | -271.18 3.53 1.27 | -276.59 | 9.15

Table 2.11. Binding energy components of ligands with +0.4 partial charge set. The unit
of binding energy terms and entropy loss are kcal/mol.
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In +0.2 charge model, the relative binding affinities in di-carboxylate group holds the
basic trend of that interpreted from the experimental yields except that malonate has a
stronger binding affinity than succinate. This is similar to the result from +0.5 partial
charge, but the difference of the values are smaller than the report +0.5 partial charge set.
In addition, in the tri-carboxylate group, the binding affinities of citrate and isocitrate

match the experimental yields, but trimesic acid is the singularity.

Similar behaviors can be observed in the +0.3 and +0.4 partial charge model, but the
difference in relative binding affinities in di-carboxylate group becomes larger and larger.
Furthermore, the higher partial charge on silver atoms start to differentiate the trimesic

acid from the other two ligand in tri-carboxylate group.

This results from the ratio of contributions from the Columbic interactions and vdW
interactions between the ligand and the surface. The Columbic attraction between silver
surface and the ligand is mainly from the Columbic attraction between the oxygen atoms
on the ligands and the silver atoms, while the vdW attraction is mainly from the
interaction between carbon and hydrogen atoms on the ligands and the silver atoms. By
comparing the +0.2, +0.3 and +0.4 charge, one can see that the columbic interaction
becomes stronger and stronger. This higher positive partial charge makes oxygen-silver
attraction more favorable, but in turn, makes the columbic repulsion between positively
charged silver atoms and carbon, hydrogen atoms stronger. So higher positive charge will
lead to the behavior of glutarate in Figure 2.5. In +0.2 charge model, the middle carbon in

the chain stays on the surface, but in +0.3 and +0.4 charge models, it is push away from
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the surface, due to the stronger repulsion. This behavior weakens the vdW interaction
from +0.2 to +0.4 partial charge. Also in the case of trimesic acid (Figure 2.6), the rigid
molecule is unable to adjust itself to maximize the columbic attraction between oxygen
and silver atoms and at the same time minimize the columbic repulsion between the silver
atoms and the carbon or hydrogen. This is the intrinsic reason for trimesic acid to be a
weak surfactant, and only with high positive charge model the behavior appears. Based
on experimental data and existing studies, we selected +0.5 partial charge model for this

study that yield both more accurate experimental trends and conformations.

a) +0.2 b) +0.3 c) +0.4

Figure 2.5. Binding pose of glutarate on silver plate in +0.2, +0.3 and +0.4 partial charge
model.

Figure 2.6. Binding pose of trimesic acid on silver plate in +0.2 partial charge model.
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2.3.5 Design of Novel Surfactants

From findings for the series of ligands, we designed two new molecules that may be
potentially effective ligands for future application (see Figure 2.2 and Table 2.2). To
begin, we used trimesic acid as a template for design because it has a ring in the center as
a rigid core and the length and functional groups of the side-chains may be used to
optimize binding affinity to the (111) facet. Our calculations showed that the central flat
aromatic ring hampered a possible side-chain rearrangement to form a (111) facet-ligand
complex with good geometric complementation. Therefore, we replaced the aromatic ring
by a hexane ring and retained the same side-chains as our first designed ligand,
cyclohexane-1,3,5-tri-carboxylate. The calculations then revealed that the lengths of the
side-chains were too short for the three carboxylate ions to fill the hollow site between
three Ag atoms. Therefore, we lengthened the side chain with one more carbon to build
our second designed ligand, 2,2',2"-(cyclohexane-1,3,5-triyl)triacetate. According to the
calculation result in Table 2.3, ligand 2 should be able to bind as well as citrate to the
(111) facet. The non-bonded terms suggested that the electrostatic interaction for
designed ligand 2 was less favorable than that for citrate. However, the bonded terms
favor binding, because the higher flexibility of designed ligand 2 than citrate lowers the
penalty caused by distorting the ligand while adjusting itself on the Ag nanoplate surface.
In addition, high flexibility in the side-chains inevitably increased the entropic penalty of
binding ligand 2 to the plate, and the entropy loss could not be maintained as small as that
in trimesic acid. By comparing the designed ligand 2 and citrate, we conclude that it is

difficult to design new ligand that may bind tighter than citrate for this specific system
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because finding small molecules with both favorable energy and small entropic penalty
upon binding is challenging. Designing large ligands may satisfy better geometry fitness;
however, the entropic penalty would oppose binding. In contrast, a rigid molecule
efficiently reduces entropic penalty, but the requirement of geometry complementary is

not likely achieved. In summary, citrate may be the best tri-carboxylate ligand.

2.4 Conclusions

This study involved use of the M2 method to calculate the relative binding free energies
of a series of ligands on a silver cluster. The calculations support the experimental trends
of anisotropic growth of the Ag plates from the perspective of ligand-nanoplate
interactions, and provide insights into the mechanisms of directional anisotropic growth
and factors that govern ligand-nanoplate binding. In summary, a good ligand needs to
have a strong binding affinity with the Ag cluster to protect the surface against growth
and also show strong preference in binding to the (111) or (100) facet to allow the plate
to grow in one direction. The ligands investigated in this study use electrostatic
attractions to drive (111) facet-ligand binding and to distinguish the (111) and (100)
facet. The ligands need to retain certain flexibility to rearrange themselves, especially the
oxygen atoms of the carboxylate ions, to fit on the Ag surface. Therefore, achieving this
requirement with very small or rigid molecules may be difficult. As well, flexible
molecules that may cause a large configuration entropy loss in binding are not ideal. In

addition, we attempted to design derivatives of trimesic acid as potential effective ligands
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and predicted the relative binding affinities of the molecules. We discussed strategies for

more accurate modeling in binding chemicals on the Ag plates.
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Chapter 3 A Modeling Investigation on Inhibitor MitoBloCK-10 Binding in

Wildtype and Mutants of Tim44
3.1 Introduction

Protein import is highly regulated by translocons on the outer and inner membranes of
mitochondria 1. The Translocase of the Outer Membrane (TOM) is the major gateway for
mitochondria protein import. The Translocase of the Inner Membrane (TIM23), which
resides in the matrix, mediates the import of proteins which typically have an N-terminal
targeting sequence 2. The two complex systems coordinate the assembly of the

mitochondrion.

Complete translocation of the protein across the inner membrane requires the membrane
potential and the ATP-driven protein-associated motor (PAM) 3. The PAM is a dynamic
and highly regulated protein complex that is composed of TIM44, mitochondrial hsp70,
the nucleotide exchange factor mGrpE (Mgel) and J-proteins Pam16 and Pam18 +2,

Among them, TIM44 is upregulated in diabetes and can be used as drug target °.

Our collaborator conducted drug screening for TIM44 and identified a potential drug,
MitoBloCK-10 (MB-10), and investigated a variety of biological activities of MB-10 by
in vitro and mutation studies. MB-10 inhibited the import of substrates that use the
TIM23 translocon but not those imported via other pathways. MB-10 targeted TIM44 and

reduced the import of substrates that require the PAM complex. In mammalian cells,
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MB-10 treatment supports an important role for TIM44 in the import of SOD2. Finally,

TIM44 was required for heart development in zebrafish.

A series of mutants of the wild type TIM44 was obtained in the mutation study. Among
them, 3H1 (T290S), 4E5 (1297), 3B7 (F284L) and 3G5 (V298A) show resistance with 10
uM treatment of MB-10 while the wildtype (WT) is completely inhibited. Mutants 3H1
and 4E5 demostrated partial resistance upon 15 uM MB-10 treatment while the other two

mutants were completely inhibited.

Computational methods are widely used in the study of conformational search for ligand-
protein binding and binding affinity evaluation. Among them, docking is a fast and
efficient method which systematically or stochastically searches for appropriate binding
site in the protein and the low energy bound conformations %1, It utilizes a scoring
function *2 rather than advanced free energy calculation to rank the result conformations.
To further evaluate the binding affinity for the conformations found through docking, it is
common to perform molecular dynamics (MD) simulation and calculate the binding free
energy via MMPB/SA 3 method. Mining Minima 2 (M2) 1 which is based on normal
mode, is another method that evaluates the binding affinity with high efficiency. It
systematically searches for the global conformation minima and calculates the binding
affinity based on harmonic approximation. Replica exchange molecular dynamics 617
introduces an alchemical parameter to accelerate the exploration of conformation space
near the global minimum of bound state, thus yielding high accuracy of free energy

evaluation.
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In this study, we used docking and MD to investigate the selective binding of MB-10 to
the wildtype TIM44 and its four mutants. Accelerated MD starting from the crystal
structure was employed to generate the initial conformations for docking. Conventional
MD simulation was performed followed by MMPB/SA calculation to evaluate the MB-
10 binding affinities in the wildtype proteins and its mutants. A shallow binding site and
a deep binding sites were identified, and the deep binding site was confirmed as the MB-
10 binding site. The selective binding of MB-10 in the wildtype and resistance of the
mutants were explained by the MD conformation analysis and MMPB/SA calculation

results.

3.2 Methods

3.2.1 Overview

To begin, molecular dynamics and docking simulations were performed from the crystal
structure of yeast TIM44. In the first round of docking and MD conformation search, an
accelerated MD simulation was performed to generate conformations for rigid protein
docking. After the MB-10 was docked to the protein, the wildtype enzyme was
artificially mutated to obtain the structures of its mutants, i.e. 3H1, 4E5, 3B7 and 3G5.
With the docked wildtype and mutants structures, conventional MD simulations were

performed on each of the structures followed by MMPB/SA calculations.

In the second round of docking and MD conformation search, conformations from the
wildtype conventional MD from the first round were selected for flexible sidechain

docking. Similarly, the conformations of mutant complexes were created from the docked
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wildtype conformation. From the results of the second round of docking, conventional
MD simulations were performed, and the energy was calculated using MMPB/SA. A
third round of flexible sidechain docking was conducted in the same approach continuing

from the result of the second round.

3.2.2 System Preparation

Figure 3.1. Structure of MitoBloCK -10 (MB-10).

The crystal structure of yeast TIM44 was obtained from the Protein Data Bank 8 (PDB
ID: 2FXT), and parameterized with AMBER 99SB force field *°. The structure of MB-10
(Figure 3.1) was manually created by using Vega ZZ ?° and parameterized with GAFF
force field 2. The partial charge of the ligand was calculated by Vcharge 2. All 3D

structures are generated with VMD %,

3.2.3 Molecular Dynamics

In the initial accelerated MD simulation 24, the wildtype TIM44 crystal structure was
solvated using a box of TIP3P water 2° of at least 12 A around the protein. This was
accomplished by the tleap module in AMBER12 %, creating a system of about 43400
atoms. Next, the water molecules was equilibrated at 298K before the entire solvated
system was equilibrated at 200K, 250K and 298K. The production runs were performed

for 20 ns at 298K, and the temperature was maintained at 298K by Langevin dynamics 2
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2! The particle mesh Ewald (PME) 2 was used for the long-range electrostatic
interactions, while the van der Waals interactions were cutoff using the Amber default

setting of 8.0 A. A time step of 2.0 fs was used and MD frames were save every 1 ps.

For the two rounds of MD simulations, the protocol from accelerated MD was used
except that conventional MD was performed. The low energy docking conformations
from accelerated MD, Frame 82, 112, 136 and 138, were used in the first round of
conventional MD and the production run was 20 ns. Similarly, the low energy docking
conformation from Frame 3059 in the first round of conventional MD was used in the
second round of conventional MD and the production run was 70 ns. The last 10 ns of the

70 ns trajectories were used for MMPB/SA calculation.

3.2.4 Docking

In the first round, Frame 82, 86, 93, 104, 110, 112, 116, 125, 136, 138 and 194 were
selected from the accelerated MD of wildtype TIM44 for rigid protein docking using
Autodock 2. The Lamarckian genetic algorithm *° was used to search for minimum
energy ligand conformations and orientations. A total of 20 unique docking results were
generated and analyzed. Those that had the lowest energy conformation which placed

MB-10 in the binding site were used to create mutant structures.

In the second round, a total of 17 conformations from the conventional MD of wildtype
TIMA44 in the first round were selected including Frame 3059, and same protocol as the

first round docking was used except that residue 315, 316, 404, 415 and 417 were kept
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flexible during docking. The selected low energy conformation from this round of

docking was used to create the mutant structures.

3.2.5 Mutations

The mutant structures were created from the selected wildtype docking conformations
from the two rounds of searching. The mutated residues atoms were removed and new
heavy atoms were added manually in the pdb file to obtain the mutations of 3H1 (T290S),
4E5 (1297), 3B7 (F284L) and 3G5 (V298A). The hydrogen atoms of the mutated residues

were added by tleap during MD setting up.

3.2.6 MMPB/SA

The two round of conventional MD trajectories (wildtype and four mutants) were used in
the energy calculation using the MMPB/SA module 13 of AMBER 12. The module
produced three separate trajectories of a protein-ligand, a free protein and a free ligand,
from each original trajectory with the explicit water molecules removed. Then the
energies were calculated using an implicit Poisson Boltzmann solvent model 3. The
energies of the trajectories were analyzed to evaluate the MB-10 binding to the wildtype

TIM44 and the four mutants.

3.3 Results and Discussion

To determine where MB-10 bind to the C-terminus of TIM44, we took advantage of
computational approaches using docking and molecular dynamics (MD) simulations. In

the binding pose found in the first round conformation search, a shallow binding pose
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was found on the surface of the space between a4 helix, a5 helix, and a loop that
connects the B3 and B4 strands (Figure 3.2 and Figure 3.6). This binding site is discussed

in Section 3.3.3.

Figure 3.2. The MB-10 binding site in TIM44 wildtype structure, which is located
differently from the PEG binding site.

To further explore the buried space below the shallow binding site, the second round
docking and MD conformation search was performed. One deep binding pose was
discovered from the docking on Frame 3059 in the second round docking, while the other

16 initial protein conformations result in the same shallow binding pose as the first round
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of docking. The novel MB-10 binding site discovered by the docking and MD

conformation search is shown in Figure 3.2.

3.3.1 MB-10 Binding Site

Based on the mutational analysis from experiments, the MD simulations revealed a cavity
between 04 helix, a5 helix, the 3 strands and a loop that connects the 3 and 4 strands,
where MB-10 can bind into the pocket (Figure 3.2). Notably, this is a novel binding site
that is different from the large hydrophobic binding site for ligand pentaethylene glycol
(PEG) on the opposite face of TIM44 (Figure 3.2), which has been suggested to interact
with the membrane 32, During the course of MD simulations, the a-helices and p-strands
were relatively rigid, compared with the loop structures, but the loops were flexible and
the size of the MB-10 binding site fluctuated. Molecular docking illustrated that the
thiophene ring could successfully fit into the binding cavity formed by 1297, Y296 and
H292 of the a4 helix and other residues in the loop (Figure 3.3). Binding of MB-10 may
inhibit important interactions between TIM44 and Hsp70; thus resulting in inhibition of

protein import.
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Figure 3.3. The deep binding pose of MB-10 in the wildtype TIM44. The residues within
9 A of the ligand is rendered in orange. The ligands which blocks the binding site are
shown with licorice representation. The ligand is shown in vdW representation.

3.3.2  Wildtype vs Mutants

AG SD EvDW ECoul EPB ECavity EDiSp ETotal

WT -14.89 2.89 -46.44 | -2.01 1492 | -28.81 | 47.45 | -14.89

3H1 -9.66 2.94 -42.64 0.47 13.92 | -25.24 | 43.82 -9.66

4E5 -7.39 3.19 -41.84 | -8.83 23.74 | -26.74 | 46.28 -7.39

3B7 -10.30 3.02 -43.78 | -1.98 16.60 | -27.80 | 46.66 | -10.30

3G5 -7.76 3.50 -39.83 | -2.78 1494 | -25.72 | 45.63 | -7.76

Table 3.1. The binding energy decomposition from MMPB/SA of MB-10 to wildtype
TIM44 and its four mutants. The units are in kcal/mol.
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Figure 3.4. The convergence of MMPB/SA calculation. The average accumulative

binding affinity over number of conformations was plotted against the number of
conformations.
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Figure 3.5. The binding pose of the wildtype of TIM44 and the mutants. For comparison,
the wildtype is shown for each mutant. The mutation site residues are rendered in red,
and other relevant residues are in gray.
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According to the mutation study, the wildtype has a stronger MB-10 binding affinity than
its four mutants. The binding affinities to 3G5 and 3B7 were weaker compared to the
wildtype but stronger than 3H1 and 4E5. The MMPB/SA binding energy decomposition
of wildtype TIM44 and its four mutants are listed in Table 3.1 and the convergence of
MMPB/SA calculation is shown in Figure 3.4. The MB-10 binding affinity to the
wildtype is the strongest of the five listed. Overall, it is roughly 5 kcal/mol stronger than
that to the second strongest mutant, 3B7. This agrees with the experimental observation
in which only 10 uM of MB-10 completely inhibits the activity of the wildtype TIM44
while the four mutants were partially resistant. However, the relative binding affinities to
the four mutants reveal little from the experimental result, where 15 pM fully inhibits the
3B7 and 3G5 but not 3H1 or 4E5. Nonetheless, considering that the affinities of the four
mutants are within the range of 3 kcal/mol and the standard deviation of the affinities are
roughly 3 kcal/mol, the mismatch between calculated values and the experimental
observations may be partially attributed to the fluctuation in the calculation. Another
reason may be due to the total lengths of the MD simulation (70 ns), which is not

adequate for complete sampling of the correct binding pose.

The structural differences explain the stronger binding affinity of the wildtype.
Comparing 3H1 to the wildtype, the mutation site, from Thr290 to Ser, which is one less
methyl group on the sidechain of the residue, results in the loss of the hydrophobic
interaction between the aromatic ring on the ligand and the Ser290 (Figure 3.5).
Therefore the a4 helix shifts upwards and the ligand moves towards unbinding, resulting

in the roughly 5 kcal/mol binding affinity loss. This is also indicated by the 4 kcal/mol
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vdW interaction loss in the 3H1 mutant (Table 3.1). Similar behavior was observed in the
3B7 case (Figure 3.5). The mutation from Phe284 to Leu284 removes the n- 7 interaction
between the two aromatic rings, leading the ligand to unbind. In the 3G5 case (Figure
3.5), the mutation from Val298 to Ala, on the other hand, does not contribute to direct
interaction loss. Instead, allosteric effect makes the ligand bind weaker. The Val298 has a
bulkier hydrophobic sidechain which stabilizes the relative position of the a4 helix and
holds the cavity open for the ligand. The mutation delocalizes the a4 helix and shrinks
the binding pocket. For this reason, the ligand unbinds with greater amplitude in the 3G5
mutation. In the 4E5 mutant (Figure 3.5), the mutation from 11e297 to Val 297 also
reduces one methyl group from the sidechain. The loss of the methyl group weakens the
direct interaction between the sidechain and the ligand. This results in a delocalization of
the a4 helix making it shift towards the a5 helix, which closes up the binding pocket. In
this way, the ligand is pushed outwards by the 04 helix forcing the ligand to unbind.
Overall, the two major reasons for the weaker affinity in the mutants are loss of

hydrophobic interaction and delocalization of the a4 helix.

3.3.3 The Shallow Binding Site

The ligand binds to the shallow binding site in the conformations found in the first round
of docking (Figure 3.6). The ligand is in contact with H292, 1297, F298, K315, W316,
E415 and W417, but no significant hydrophobic interaction or hydrogen bond was
observed. The ligand is unable to bind to the deep binding site because the deep binding

pocket is closed in the apo-form, which is where the accelerated MD starts.
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Figure 3.6. The shallow MB-10 binding site. It is on the surface of the deep MB-10
binding.
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Onsto 20 ns F82 F112 F136 F138
WT -6.68(3.75) -5.44(3.49) -0.78(3.72) -7.96(3.49)
3H1 -3.92(4.11) -4.81(3.71) -2.24(3.88) -3.86(5.18)
4E5 -7.95(3.53) -4.75(3.55) -0.22(4.40) -7.74(4.51)
3B7 -6.15(3.69) -9.18(3.36) -8.23(4.59) -5.09(4.24)
3G5 -4.48(3.39) -4.10(3.75) -7.05(4.98) -5.76(3.93)

10 nsto 20 ns F82 F112 F136 F138
WT -8.07(0.04) -5.49(3.24) -0.20(3.56) -9.05(3.01)
3H1 -5.98(3.71) -4.04(3.72) -3.10(2.89) -6.97(4.58)
4E5 -9.32(2.94) -4.90(3.39) -1.99(3.83) -9.22(3.79)
3B7 -6.99(3.80) -9.58(3.18) -10.91(3.85) -5.32(3.27)
3G5 -4.96(3.15) -2.95(3.63) -9.29(4.34) -7.72(3.07)

Table 3.2. The MMPB/SA results of the simulations starting from the shallow binding
site. Frame 82, 112, 136 and 138 in the accelerated MD were used in the first round
docking, and the lowest energy conformations were used for conventional MD
simulation. MMPB/SA calculations were done on the corresponding trajectories. The
units are kcal/mol, and the standard deviations are indicated in the parenthesis.

The MMPB/SA results from the first round of conventional MD simulation are listed in

Table 3.2. In general, by looking at the total 20 ns and the last 10 ns of the MMPB/SA

results, the ligand adjusts to a better binding pose and forms stronger interaction with the

proteins in the last 10 ns simulation. However the relative binding affinities in the

wildtype and four mutants remain the same in the first and last 10 ns. Looking at the

relative binding affinities of the four initial conformations, no meaningful trend could be

observed. 4E5 and 3B7 adopt a better binding pose and stronger affinities than the

wildtype in most cases, while Frame 137 led to trivial binding of the ligand to the

wildtype. These counter experimental results indicated that the shallow binding pose is

not the final bound state of the MB-10.
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Despite the failure in finding the correct bound state conformation, the first round
docking and MD conformation search opens the way for the second round docking. In the
wildtype conventional MD simulation, the ligand induces the opening of the deep binding

pocket, which led to the discovery of the deep binding pose.

However this does not imply that the shallow binding pose is the entrance to the deep
binding site. First the ligand adopts a binding pose in which it is up-side-down oriented as
in the deep binding pose. Second, entrance from the shallow binding site requires a
significant conformational shift; the a4 helix must move away from a5 helix. Third, from
the discussion about deep binding pose in the mutants, it is implied that the ligand
unbinds from the open space between a4 helix, a3 helix and B1 strand. Therefore the
ligand is likely to enter the binding pocket from the opposite direction rather than the

shallow binding site.

3.3.4 Investigation of Deeper Binding

To eliminate the possibility of other binding pockets, Frame 3919 and 4639 were selected
from the second round wildtype conventional MD simulation. The ligand in the
simulation was removed and flexible sidechain re-docking of MB-10 was performed on
these two conformations. No deeper binding pose was obtained in both initial
conformations. This is because the internal space of the TIM44 between the four -
strands, a4 helix and a5 helix is filled with the protein sidechains and it is impossible to
open up that space without deforming the protein. For this reason, it is safe to conclude

that near the deep binding site, no other possible deeper binding pocket exists.
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3.4 Conclusions

In this study, we used docking and MD simulation to find the binding site of MB-10 in
the wildtype TIM44 and explained the selective resistance of the mutants. We concluded
that the deep binding site is the correct MB-10 binding site because 1) the mutation study
suggested that the MB-10 binding site is near the a4 helix, 2) the deep binding site is the
deepest binding site that can be located near a4 helix, 3) the MMPB/SA results explain
the experimental observed selectivity of MB-10 in the wildtype TIM44, and 4) the

structural analysis based on MD simulations explains the resistances in the mutants.
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Chapter 4 Accurate Solvent Entropy Estimation: Beyond the Implicit Solvent

Model

4.1 Introduction

Evaluating free energy accurately is a critical component in fundamental studies and
other applications. Studies such binding affinity, crystal morphology prediction and drug
discovery relies on the theoretical guidance of the free energy. Enthalpy, which is an
important contribution to free energy, can be evaluated through potential energy
calculations. On the other hand, entropy has many intrinsic difficulties in its evaluation. It
requires more thorough sampling and proper weighting of the states for population
evaluation. Also, from a fundamental point of view, it is challenging to define the distinct

states.

Various methods 1 was developed to evaluate the entropy of solutes in an implicit
solvent model. These implicit solvent models (Poisson Boltzmann # model and
generalized Born ® model) calculate the solvation energy which includes the solvent
enthalpy change and solvent entropy change, with reasonable accuracy especially for
small and neutral solutes. However this method is unable to separate the solvent entropy
from enthalpy, capture the solvation shell properties and correctly describe the solvation
of highly charged species. To overcome these shortcomings, other methods can be
applied to simulations using an explicit solvent model. Free energy perturbation ¢ and
thermodynamic integration ’ can calculate the change in entropy. This requires finite

movement of the system from one state to another and intensive sampling of the states
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along the transition paths. Umbrella sampling , which is similar to the two
aforementioned methods, enforces external restraints on the system along a certain
transition pathway. It aggressively samples different states including rare populations,
and reproduces an unbiased free energy profile after removing the restraints from the
biased populations. These methods are computationally expensive and temporally
inefficient. Therefore, efficient solvent entropy calculation method based on explicit

water molecules is desirable.

The pair correlation function (PCF) based method °, developed by Martin Karplus and
Themis Lazaridis is among the many methods developed in the past twenty years. The
original method focuses on water molecules and decouples the six dimension PCF into
low dimensional functions and thus calculates the entropy of the water. Its descendants,
Inhomogeneous Fluid Solvation Theory (IFST) %! and Grid Inhomogeneous Solvation
Theory (GIST) 12 extend its capacity to solutions with solutes and carefully treat the
correlation between solutes and solvent molecules. These methods are coupled with
WaterMap 12 14 in later applications 1°. The two phase theory (2PT) approaches the
entropy of solvent in a different way, in which the velocity correlation function is used to
calculate the density of states and the partition function of the solvent. Due to the
generalizability to other solvents other than water and its computational efficiency, it has
been widely applied in solvent entropy calculation in many fields. The cell method 17, a
harmonic approximation approach, treats water molecules as if they are confined by

forces from its neighbors and vibrates in a local crystal cell. The advantages of this
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method are that it can focus on individual water molecules and the implementation is

straightforward.

This chapter describes the PCF based methods (Section 4.2), the 2PT method (Section
4.3), and a benchmark evaluation of 2PT method on bulk water (Section 4.4). Evaluations
and practical comments are given on these theories. Due to the advantages of the cell

method, it is utilized in later studies and will be discussed in Chapter 5.

4.2 Entropy from Pair Correlation Function

4.2.1 Entropy of Fluids

This method was first discussed by Lazaridis et al ® in 1996. It starts from a fundamental
description of the structure of the fluids which makes use of the N-body correlation

function g® & given by,

g(N)(rN,a)N) eq. 4.1

where the r denotes the distance and w denotes the orientation.

Because this function is impossible to be evaluated completely due to its high dimension,
its lower order representations, namely, g®, g®® or several higher order correlation
functions, are used to describe the structure of the fluids. Among them, the g(®, which is
the pair correlation function (PCF), is the most important one because it captures the

majority of the information in the fluids.

The entropy S of a liquid can be expressed as integrals over the multiparticle correlation

functions in the equation below,

124



S
q 1.pP
— gid _ —k—f[g(”lng(” — 9@ +1]drdw?

2"z
1.0 [g@Ing® — g@ 1+ +3g@D¢® _ 3¢D1]drdw? — -
31 Q3 eq. 4.2

where S is the entropy of ideal gas, k is the Boltzmann constant, p is the number
density and Q is the integral over the Euler angles of one molecule. The difference

between the ideal gas entropy and the fluid entropy is the excess entropy of the fluid.

Due to efficiency and convergence, the excess entropy is only evaluated at the PCF level,
which truncates the expression of entropy at the second term. By limiting the number of
particles to two, the coordinates of the two particles can be simplified to the distance
between these two particles. Because the radial distribution of a liquid is straightforward

to evaluate, the PCF is separated into two contributions,

9@, 0?) = g" (" g(w?|r) eq. 4.3
where g” (r) is the radial distribution function and g(w?|r) is the orientational

correlation function at each distance.

With these concerns, the entropy of the liquid can be decomposed into two contributions:

translation and orientation,

1
Srans = =k [ 10" 0ing () - g"(r) + 1ar cq. 44

Sor = pjgr(r)Sor(r)dr eq. 4.5

where

125



So"(r) = —Ekﬁfg(w |r)Ing(w?|r)dw? eq. 4.6

The theory of this method is straightforward but the practical application of this method
experiences several obstacles. First, the g(w?|r), which is a fivefold function in the case
of water PCF, is still too expensive in terms of memory and requires exponentially
increasing number of sampling for convergence. To address this issue, one or two
dimensional marginals of the g(w?|r) are calculated instead of the full fivefold function.
Second, the calculation of the g(w?|r) requires the calculation of relative orientations of
each pair of water molecules in the water box, and the construction of a corresponding
histogram at each water-water distance. The expensive computational cost hinders the

application of this method.

4.2.2 Inhomogeneous Fluid Solvation Theory

Inhomogeneous fluid solvation theory (IFST) 1% ! was proposed two years later since the
original work ° by including the interaction between solvent and solutes. Similar to the
original work, IFST treats the excess entropy of the solvent using correlation functions.

The excess entropy of a solvent is given by,

S§* = SVE 4 Sq, + ASGW + ASE, eq. 4.7
where the SVE is the volume entropy originating from the volume excluded by the solute,
Ssw IS the entropy from the correlation between solute and solvent, ASES™ is the entropy
of the solvent reorganization from orientational correlations, and ASY2 is the solvent

reorganization entropy from radial correlations. The four terms are given by,
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SVE = —k(1 — p,,v°) eq. 4.8

Sew = —kpy, f[GSWlnGSW — Ggy + 1]dr eq. 4.9
ASST
1 .2 ,
= —>kpy f Gow (M) [Gow (X ){glom In gl — ginh + 1} eq. 4.10

— {GowwnGuw — Guw + 1}]drdr’

ASHE, = —py, KkT - [——kpw f {gwwnguww = Guw + 1}dr] cq. 4.1

where p,, is the density of pure solvent, G, is the solute-solvent PCF, g,.,, is the pure
solvent PCF, gi* is the inhomogeneous solvent-solvent PCF, k is the isothermal

compressibility, vs° is the molar volume of the solute and k is the Boltzmann constant.

The IFST theory was designed to capture the interaction between solvent and solute and
the change in the solvent induced by the presence of the solute. Therefore it has been
widely applied in the study of solvation > 1°, binding site water molecules 32021,

hydrophobicity 2223, and water networks 24,

Several drawbacks were witnessed from the various applications of the IFST method.
The binding free energy of water calculated by IFST is not directly comparable to
absolute binding free energy determined by other methods . The IFST does not take into

consideration the relaxation of solute molecules after removal of a water molecule 5.
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Lastly this theory relies on readily equilibrated MD simulation, which is not always

guaranteed in practice %',

A Grid Inhomogeneous Solvation Theory (GIST) 2 was developed by replacing the
integrals over the space in the IFST by discrete sums over the voxels in the three-

dimensional grid.
4.3 Two-Phase Thermodynamics Model

The two phase thermodynamic model was developed by Lin et al 28 in 2003, aiming at
efficient solvent entropy calculation. This theory decomposes the liquid phase, which is
abstruse to describe with pure diffusive model or harmonic approximation, into the solid
phase and the gas phase. Since the solid phase is non-diffusive and has a zero density of
state at zero frequency, a harmonic oscillator around the local lattice can describe the
solid phase, which resembles the crystal structure of the liquid. On the other hand, the gas
phase can be described by had sphere motion and it contribute to all zero frequency
density of state. By combining the results from the two phases, the original liquid phase

can be restored.

The calculation starts from the determination of the velocity correlation function C (1),

.1
C(r) = Tlggzj_rx(t)x(t + 7)dt eq. 4.12

where the x(t) is the velocity of an atom at time t.
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Then the velocity correlation is Fourier transformed to obtain the density of state, S(v),

based on the Wiener-Khintchine theorem 2°,

2 T .
Sw) =— limf C(t)e t2mvtdt eq. 4.13
kT 1o 7

where k is the Boltzmann constant, T is the temperature, v is the frequency. Thus the
total density of state, or S(v), is obtained and the next step is to decompose it into the gas

phase contribution S¢,s(v) and the solid phase contribution Sg;i4 (V).

Because the solid phase makes no contribution to the zero frequency density of state S(0)
which means the diffusion, the S(0) gives the bound condition for the S;,;(v) and
Scas(0) = S(v). Considering the velocity correlation function of hard sphere gas decays
exponentially 2°, the gas phase density of state can be derived and given by,

5(0)

sov]? eq. 4.14
6fN

Sgas(v) =

1+
where N is the number of atoms, and £ is the fluidicity factor which can be resolved from

the molecular dynamics simulation. From the S;,(v), the S04 (v) can also be solved.

The weighting functions 28 3° for the entropy from solid component is,

Bhv

exp(Bhv) —1 In[1 — exp(~Bhv)] eq. 4.15

Ws%zid (v) =

and the weighting functions for the entropy from gas component is,
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ngaS (17)

Was() = 3Tk eq. 4.16
Finally, the entropy is given by,
_. (0nQ @
S=kinQ + pt (—) = kf dvS(V)W*S (v) eq. 4.17
aT NV 0

By summing up the entropies from the gas and solid contributions, the total solvent

entropy can be obtained.

The 2PT method requires only roughly 20 ps for converged entropy evaluation 2831,
which is more efficient than other similar methods. Due to this reason, it has been widely
applied in studies including solvent molar entropy 2, water molecules in nanotubes 3,
solute solvation free energy 4, solubility *> 3¢, solvation of DNA ¥, sugar interaction with

lipid 8, entropy of solvent mixture *° and phase transition of alloys “°.

However, there are several downsides to this method. The converged molar entropy result
from 2PT method has a thermal fluctuation of roughly 0.2 kcal/mol. In a typical small
molecule simulation with, for example, 500 water molecules, the entropy uncertainty in
the entire water box is 100 kcal, which is 100 kcal/mol for one molar solute. In the
presence of solute this uncertainty is overwhelming to the solvent entropy change. To
successfully apply this method, the solute-solvent ratio needs to be high enough so that
the solvent entropy change due to the presence of the solute is several folds higher than
the thermal fluctuation. Another technical issue of this method is that it can only treat the
entire water box as a whole part and is unable to calculate the water entropy at specific

location, for example, at the binding site of a protein. This stems from the utilization of
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the velocity correlation function, which makes it impossible to focus on a region instead

of a diffusive water molecule.

4.4 Application of 2PT to Bulk Water

4.4.1 Method

Eight cubic empty water boxes were built with tleap in AMBER 12 #*, with roughly 1k,
2k, 3k, 4k, 5k, 6k, 7k and 8k TIP3P 30 water molecules respectively. Each water box was
equilibrated at 30K, 60K, 90K, 120K, 150K, 180K, 210K, 240K, 250K and then 298K
for 50 ps at constant volume. Then each water box was equilibrated at 298K at constant
pressure for 6 ns and 12 ns respectively in two sets of tests. In the production run, MD
simulation was performed for each water box at 298K at constant volume for 20 ps with
the coordinates and velocities saved every 1 fs. The temperature of the simulations was
maintained by Langevin thermostat “>“3, The rigid conformations of TIP3P molecules
were retained by SHAKE algorithm #4. All MD simulations were performed with
AMBER 12 package. The trajectories were analyzed by 2PT tool 3! to calculate the molar

water entropy.

4.4.2 Results and Discussion

The molar water entropies calculated by 2PT method are shown in Figure 4.1 for the total
16 trajectories (8 for 6 ns equilibrium and 8 for 12 ns equilibrium). Overall, the
calculated molar water entropy increases with an increase in the number of water
molecules. Also it can be either smaller or greater than the experimental value (69.95

J/mol/K), depending on the number of water molecules in the water box. Two
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observations can be made by comparing the results from 6 ns equilibrium and 12 ns
equilibrium. First, the length of equilibrium results in the fluctuations in the calculated
molar water entropy. Second, the increasing trend becomes less significant in the 12 ns
equilibrium results. These observations may suggest that the dependence of the calculated
molar entropy on the number of water molecules can be alleviated by performing the

equilibrium for longer period.

75 1
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Molar Water Entropy (kcal/mol)
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Figure 4.1. The calculated molar water entropy from 2PT plotted against number of water
molecules in the water box. The black rectangle indicates the results from 6 ns
equilibration, and red dots for the 12 ns equilibration. The blue triangle marks the
experimental molar water entropy (69.95 J/mol/K). The second order fit curve for the
2PT results is only shown for the data from 6 ns equilibrium.
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Figure 4.2. The molar water entropy (6 ns) from each trajectory plotted against the H-O-
H angle RMSD in each trajectory. Noticeably, the correlation between these two
quantities is 0.9885.

To further examine the origin of such behavior, the fluctuation in the H-O-H angles of the
TIP3P water molecules was investigated and the results were plotted in Figure 4.2. In the
12 ns equilibrium results, the H-O-H angle RMSD in each of the 8 trajectories correlates
with the calculated molar water entropy in a linear fashion. This means the internal
vibration of the water molecules contributes to the molar entropy increase. TIP3P is a
rigid body water model, in which the H-O-H angle is supposed to be fixed in the MD
simulation by the SHAKE algorithm. However the RMSD result of H-O-H angle change
indicates that the internal vibration of the water molecules is greater with increased
number of water molecules in the water box. Thus the SHAKE algorithm does not

constrain the vibration of every single water molecule but restrains it overall. To
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conclude, the extra internal vibration is captured by the velocity correlation function, and

results in the increase of molar water entropy.

Number of Calc. Molar Deviation from Deviation of
Water Entropy (J/mol/K) Expt. Value 1000 Water
(J/mol/K) (kcal/mol)

999 69.09 -0.86 -61.50
1998 71.26 1.31 93.62
3000 72.09 2.14 152.66
4003 72.54 2.59 184.32
5001 73.20 3.25 231.66
6003 73.61 3.66 260.67
7003 73.89 3.94 280.73
7997 74.28 4.33 308.26

Table 4.1. Calculated molar entropies from 12 ns equilibrium results. The deviation is
from the experimental data (69.95 J/mol/K). The deviation of 1000 water is calculated by
multiplying the previous column by 1000.

In addition to the dependence of system size, the fluctuation in the calculation is
overwhelming. The calculation is done on empty water boxes for benchmark. However
typical calculations are done in a water box with solutes, where the entropy change of the
entire water box is equivalent to the molar solvent entropy change of the solute molecule.
This means the fluctuation of the change in solvent entropy is induced by the presence of
the solute. Mathematically, this is equal to the fluctuation of the calculated molar entropy
multiplied by the number of water molecules in that water box. With the 12 ns
equilibrium results, the deviations of each trajectory from experimental molar entropy are
multiplied by the number of molecules (1000 for fair comparison) (Table 4.1). From the
calculation, it is clear that the deviation from experimental molar entropy is magnified by

the number of water molecules and is greater than the amplitude of entropy change of
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non-covalent binding. Suppose this method was applied to a water box with a small
ligand, which only contributed a little portion to the entire system, the entropy change
induced by the solute would be overwhelmed by the thermal fluctuation of the solvent

and results in no meaningful calculated value.

4.4.3 Summaries

2PT method is capable of capturing the molar entropy of the bulk water. However the
SHAKE algorithm implemented in AMBER does not constrain the internal fluctuation of
the rigid TIP3P water molecule completely and this results in the system size dependence
of the calculated molar entropy from 2PT method. Furthermore, 2PT method is more
suitable for application in systems with high portion of water molecule that is affected by
the solute rather than dilute systems. Therefore, this method is not further utilized in later

applications.

4.5 Conclusions

The original PCF method only treats the bulk water but not solvent. Therefore it is not a
suitable method for solvent entropy calculation. Its descendants, IFST and GIST, have
several aforementioned drawbacks in Section 4.2, and due to the difficulty in
implementation, they are not further utilized in other applications. The 2PT method gave
unsatisfying results used together with the AMBER package (Section 4.4). Although a
public version of the method is ready for use, it is not further applied in any studies due

to its limitations.
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Considering the feature of the cell method which can focus on individual water
molecules, it allows for entropy calculation of water molecules of great importance. Since
implementation is straightforward, this method is further studied and utilized in later

works. This method is discussed in detail and applied to host-guest systems in Chapter 5.
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Chapter 5 Calculation of Beta-Cyclodextrin and Guest Binding Enthalpy and

Entropy: From Thermodynamics to Kinetics
5.1 Introduction

The study of thermodynamics and kinetics is important in fundamental sciences;
thermodynamics focuses on enthalpy, entropy and free energy of a specific state or their
changes between two states marking the ends of a process while the kinetics studies
detailed transitions of a process. These properties are under the government of several
factors, the hydrophobic and hydrophilic interactions, the internal flexibility changes, and
the effect from the solvent molecules which is equally important as the previous two but
less well understood. In the field of drug discovery, binding affinity has been the most
pivotal and dominant guidance because the drug has to win the competition with the
natural substrate for the occupancy of the target protein binding site. This was the case
until the residence time 2 was proposed in the last decade due to stronger correlation
between dissociation rate and drug efficacy. A structure-kinetics study on CDK8 3
revealed that some key interactions between the compounds and the protein binding
pocket determines the binding affinity and also the residence time but stronger affinity
does not necessarily leads to visible residence time. An investigation of hydrogen bond
along the binding pathway of xk263 and ritonavir into HIVp showed how hydrogen
bonding and desolvation process may effects the association rate 4. Such related studies

asserted the importance of not only thermodynamics but also kinetics.
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Enthalpy, which is one major contribution to free energy, is more straightforward to
evaluate by potential energy calculation from an MD trajectory. On the other hand,
accurate entropy evaluation remains as an open task. A variety of methods, namely
perturbation theory °, thermodynamic integration ®°, umbrella sampling *°, and partition
function from density of states 1!, require intensive sampling and treat the free energy as
an entity. Normal mode based configurational entropy calculation 24 successfully
tackled the configurational entropy of the solute with less expensive computational cost
compared to the methods mentioned above, but solvent entropy, in most cases, the
entropy of water, is obscure to approach, due to the intrinsic diffusive property and
intractable number of conformations of the solvent. Generalized Born (GB) model *° and
solution to Poisson Boltzmann equation %8 give implicit solvation level insights into the
free energy of solvent, but they lack an anisotropic and local description of the solvation

shell and combine the enthalpy and entropy into the free energy term.

Because of the lack of fundamental understanding of the behavior of water molecule,
many efforts have been devoted to this topic 1* 2°. Hydrophobicity/hydrophilicity and
dewetting process 2 22 were used to explain the role of water molecules from an overall
perspective of view while individual water molecules are sometime determinant in
thermodynamics and kinetics. Solute interaction with the water molecules and correlation
change between the water molecules directly determine the desolvation energy. It also
influences the reaction rates by imposing a relaxation time of desolvation or explicit
bridge water hydrogen bonding structures which slows down the chemical process.

Theories have been proposed aiming at this topic. From distribution correlation function
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method 23, to inhomogeneous solvation theory (IST), 4%, grid inhomogeneous solvation
theory (GIST) %, two-phase thermodynamics model (2PT) 2”28, and cell theory 2° %,
many attempts have shaded lights on this issue. The original distribution correlation
function method was not computationally efficient. The followers including IST and
GIST required a frozen conformation of the solutes for entropy calculation purpose. The
2PT method works with flexible solutes, but it treats the entropy of the entire water box
and is unable to look at specific water molecules for local entropy changes. The cell
theory, on the other hand, treats each water molecule individually so that it is possible to

look at local water entropy with flexible solute conformations.

The study of kinetics, however, is much behind thermodynamics. It is an intractable task
to experimentally determine the pathway of a binding process with atomistic details so
therefore computational approaches became crucial in revealing the binding pathways
and providing the corresponding thermal profiles. Molecular dynamics (MD), which
evolves the system with time under the government of Newton’s law, is a suitable
method to investigate the binding events. Although the contemporary computational
power is limited at millisecond level 3* and can rarely sample the full
association/dissociation events, it still provides insights into the binding events -3,
Regarding complex protein-ligand systems, Markov State model (MSM) #° and transition
path sampling #! are methods which successfully unraveled important kinetic information

from the massive conformational space.
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B-Cyclodextrin, a 7-membered cyclic oligosaccharide compound, is a well-studied host
molecule in the family of cyclodextrins. It has a hydrophilic outer surface due to the
presents of hydroxyl groups while its inner surface is hydrophobic. This property grants
many applications to B-Cyclodextrin and its derivatives in fields, such as drug delivery 4*-
44 phase transfer catalyst 8, food industry 4°°2 and recently biomimetic catalyst *3. In
addition, the cavity enclosed by the glucopyranose units resembles the binding sites of
proteins, which makes this small molecule a good model to study binding process of
proteins. For those reasons, an immense reservoir of experimental thermodynamics and
Kinetics data is available for p-Cyclodextrin complexes 7%+, The relatively small size,
which consists of only 147 atoms, ensures the computational efficiency of investigation
of the complexation of B-Cyclodextrin using molecular modeling. Due to this reason,
many efforts have been spent on various aspects of this specific complex family,
including dynamics 976, binding free energy "% and accurate enthalpy evaluation 84,
However these works focus on the structural-thermal relationships but not on kinetics.
From the kinetics data it is obvious that for most small ligand-p-Cyclodextrin complexes
the association (k,,) and dissociation (k) rates predict an average expected residence
time on the scale of several hundred nano seconds, making it feasible to sample the full
association and dissociation pathway using graphics processor unit (GPU) accelerated

MD simulation.

In this work, we present a study of seven choice f-Cyclodextrin complexes on the
thermodynamics profiles, association/dissociation rates, and binding pathways. GPU

based MD is employed to sample the behaviors of complex, free B-Cyclodextrin, free
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ligand, and empty water box in microsecond-level simulations. Post analysis is conducted
on the total binding enthalpy, solute entropy, solvent entropy, rate constants, binding

pathways. Enthalpy-entropy compensation and thermal-kinetic relationship are discussed.

5.2 Method

5.2.1 System Selection and Parameterization

In this work, the ligands for B-cyclodextrin complex were selected under these criteria, 1)
availability of experimental data of binding affinity, binding enthalpy, binding entropy,
association rate and dissociation rate constants, 2) average bound periods and unbound
periods predicted from the association rate and dissociation rate constants are in
reasonable time scale, 3) different order of the association rate and dissociation rate
constants for kinetics comparison, 4) entropy driven and enthalpy driven binding
thermodynamics. Based on these criteria, five ligands, namely 1-butanol, t-butanol, 1-
propanol, methyl butyrate, aspirin, 1-naphthylethanol and 2-naphthylethanol, were

selected for MD simulations.

The ligand structures were manually created with Vega ZZ . -cyclodextrin structure
was obtained from Cambridge Crystal Data Center (PDB ID: WEWTQJ). GAFF force
field 8 was used to parameterize B-cyclodextrin and the ligands. The partial charge of B-
cyclodextrin was taken from the reference ’” and the partial charges of the ligands are
modeled by 6-31+g(d,p)/B3LYP ChelpG calculation with Gaussian package & following
an optimization with the same settings. Initial conformations of the complexes are

obtained by manually locating the ligand in the center of the cavity of B-cyclodextrin.
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A g4md-CD force field 8 was also used to parameterize p-cyclodextrin in a separate
setting up. All corresponding calculations were performed in the same way as the set in

GAFF. The corresponding results are shown in Section 5.3.3.

5.2.2 Molecular Dynamics Simulation

For each of the complex system four MD run series were performed, i.e. on the complex,
the free B-cyclodextrin, the free ligand and an empty water box &. For each run, the
system was first solvated with exactly 1737 water molecules (roughly 12A away from the
solute) and then optimized to eliminate possible clashes. Afterwards the water molecules
were equilibrated at 298 K in NPT (Isothermal-isobaric ensemble) for 1 ns. This step was
followed by an equilibration of entire system from 200K to 298K in NPT for 150 ps.
Then a production run was performed at 298K in NPT for at least 2.5 us for complexes
and 1.0 us for runs of single solute. All MD simulations were performed using Amber 14
GPU version 8 %, The temperature was maintained by Langevin thermostat %% %,
Trajectories were visualized by VMD %. The corresponding bound state conformations in

the trajectory of the complexes were collected for the thermodynamics calculation.

5.2.3 Enthalpy Calculation

AH =<E >Complex T< E >water—< E >B—cyclodextrin — < E >Ligand eq. 5.1
The binding enthalpy was calculated by the formula above 8, where <E> is the average
potential energy of all molecules in the corresponding trajectory. Here the enthalpy is

replaced by average potential energy because the change in thermal energy, kinetic
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energy and PV term are negligible in the above described conditions. The average
potential energy calculation was done by considering the closet periodic image of
possible atom pairs to capture the periodicity of the water box. For energetic
decomposition, potential energy of the solutes, water, solute-solute interactions, solute-
water interactions were also calculated for the trajectories. The four trajectories of each
complex were resaved every 10 ps for potential energy evaluation. The standard
deviation of mean of the enthalpy was evaluated by using block analysis * with 2 ns in a

block.

5.2.4 Solute Entropy Calculation

The solute entropy change was decomposed into conformational/vibrational and
translational/rotational contributions. The conformational/vibrational term was calculated
by using S = — [ P(d)In(P(d)), where P(d) is the probability distribution of
conformations defined by key dihedrals in the species. 14 dihedrals defined in Figure 5.1
were selected for B-cyclodextrin while every dihedral except methyl rotations were
selected for the ligands. The selected dihedrals were analyzed by fitting Gaussian curves
to the corresponding population histogram from MD simulation samplings. The averages
(1) and the deviations (3c) were used to define conformations of the corresponding
dihedral. Different combinations of dihedral conformations were defined as distinct
conformations of the species. The entropy change was then evaluated by using the

equation below.

ASSolute = SComplex - SB—cyclodextrin - SLigand €q. 52
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The translational/rotational entropy of the ligand relative to the host was calculated by
aligning the trajectories of the complexes to B-cyclodextrin, and evaluating

[ sin(8)dxdydzd@®ded6 numerically from the MD trajectory. The bin size of the
Cartesian position of the ligand was 2A and the bin size of the rotational position of the

ligand was 30<

Figure 5.1. The dihedral used to define the macrocyclic ring conformationa of 8-
cyclodextrin (Blue). The B-cyclodextrin is a macrocyclic compound consisting of 7
glucopyranose units. The glucopyranose unit is more rigid than the single bonds linking
them so the 14 dihedral rotations were selected to characterize the macrocyclic ring
conformation.

5.2.5 Solvent entropy Calculation

The solvent entropy was calculated based on the cell method 2% 3% % |t treats the water
molecules in the water box as if they are vibrating in a local cell and confined by the
forces from surrounding water molecules and solutes. It calculates the vibrational entropy

from such forces and torques on the three principal axes of the target water molecule. On
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the other hand, it treats the conformational entropy of water based on the Pauling model
of ice water %, Here we proposed a modified version of the conformational entropy based

on the previous work 0 %,

Figure 5.2. The definition of a loose hydrogen bond. It is based on normal hydrogen bond
definition except that the complementary angle of X-H...Y is 80° and the distance
between H and Y is 2.65A.

First a loose hydrogen bond was defined as shown in Figure 5.2, where the
complementary angle of X-H-Y is less than 80° and the H-Y distance is less than 2.65 A.
The purpose of the loose definition is to capture the forming and breaking hydrogen
bonds due to thermal fluctuation. Based on that, the conformational entropy was defined
according to Figure 5.3. The water molecules around the target water molecule are
classified into three groups, 1) acceptor waters (AW), which are the loose hydrogen bond
acceptors from the target water, 2) donor waters (DW), which are the loose hydrogen
bond donors to the target water, and 3) surrounding waters (SW), whose oxygen atoms
are within 3.2 A of the oxygen atom of the target water molecule. Every hydroxyl group
on the solute was considered as a DW and every oxygen and nitrogen with no hydrogen

on them was considered as an AW. The number of conformations of the target water is

151



calculated by Eq 5.3. In the first term, the 2 means the two AW sites, regardless of the
existence of water molecules there. This term can be interpreted as choosing two sites of
the water molecules around as the acceptor sties. The second term means in the rest of the
water around to choose # of SW of waters as the SW. The appearance of the last term is
to compensate the double counting of water molecules around, because, for example, the
target water molecule is the SW when considering the current SW. For example, when
there are exactly two AWs and two DWs, which reproduces the Pauling’ model, the

2
number of conformation is C2 - C9 - G) =6 X % = 1.5, which is identical to the

Pauling’s model. When there are two AWs, two DWs and one SW, the number of

3
conformation is CZ - C3 - G) =6X i = 3.75, which means an additional surrounding

water molecule increases the number of conformations of the target water. Finally the

conformational entropy of the water is calculated by Scons = RTIn(Q).

# of DW+# of SW
# of SW

. 1
# of conformation Q = C5.4 of pw# of sw * Ch of DW-+# of sW * (E) eq. 5.3

152



‘ Donor Waters ‘

\ I

Surrounding
\ Waters
I \
4 \

‘Acceptor Waters‘

Figure 5.3. The conformational entropy definition of water. It is based on the Pauling’s
model, where the donor waters (DW) and acceptor waters (AW) are defined with the
loose hydrogen bond definition and any water molecule that is within 3.2 A from the
oxygen atom of the target water molecule but cannot form a loose hydrogen bond is
considered as a surrounding water (SW).

Technically, a cutoff 50.0 A was used for force and torque calculation in the vibrational
term, and periodically repeated atom images within this cutoff were considered. The
complex and B-cyclodextrin trajectories were aligned against the crystal structure of free
B-cyclodextrin, and a sub water box which is 20A x26A x26A around p-cyclodextrin was
used for entropy calculation. For ligands trajectories they were aligned against a free
ligand conformation, and for empty water box case, a sub water box with size 22A >22A
»22 A was used. The above described entropy calculation was performed on every water

molecules in the selected sub water box.

5.2.6  Association (kon) and Dissociation (koff) Rate Calculation

As mentioned above, the system underwent multiple association and dissociation events

in the same complex trajectory, and for this reason the association and dissociation rates
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were computed by the protocol described here. The system is defined as bound when the
center of mass of the ligand is within 7.5 A from the center of mass of B-cyclodextrin.
The bound/unbound state were scanned through the trajectory with the complex, and any
bound/unbound period that lasted longer than 1.0 ns were considered as an individual
bound/unbound event. Followed by that, the average bound/unbound time length were
calculated and plugged into the formula below to compute the k,, and k¢ The solute

concentration was directly averaged from the MD trajectory.

1
= . 54
°"  unbound time X [solute] “d
1
k = I eq. 5.5
°ff ™ hound time a

5.3 Results and Discussion

The thermodynamics results from MD simulation reproduce the experimental binding
free energy (AG) (Table 5.1) reasonably well except for 1-butanol and t-butanol. The
error is mainly from the enthalpic term rather than the entropic term. The kinetic results
from MD simulation generally agree with the experimental data (Table 5.2). The
calculated association rate constants (k,,) reproduce the experimental value, while the
calculated dissociation rate constants (k) are systematically greater than the
experimental values, especially for the stronger binders whose k¢ are one order greater
than the experimental value. Because of the k¢, the equilibrium constants (K) are
systematically smaller than the experimental value except 1-naphthylethanol. The results
of enthalpy, entropy, the driven force in binding and water contributions are discussed in

Section 5.3.1. The kinetics results are discussed in Section 5.3.2.
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5.3.1 Thermodynamics

In the first part of Table 5.3, the enthalpy changes of binding process are decomposed
into the changes of solute-solute interaction, water-water interaction and solute-water
interaction. It can be noticed that the stronger binders including aspirin, 1-
naphthylethanol and 2-naphthylethanol have more gains in solute-solute interaction
energy. This term is further decomposed in later discussion. Besides the solute-solute
interaction, the stronger binders also have a better water-water interaction gain. This is
because the stronger binders generally have a larger volume, and in the binding process,
more water molecules get freed from the capture of B-cyclodextrin and the ligand, and
reform interaction with other water molecules. However, as a compensation, more solute-
water interaction disappears in the stronger binder cases. As an entity, the desolvation
energy (solute-water interaction loss and water-water interaction gain) of the stronger
binders compensates most part of the solute-solute interaction gain and results in a
relatively weak total enthalpy gain in the binding process. This total enthalpy change
terms are positive for the weak binders and negative for relatively stronger binders in
general. This is mainly because for relatively stronger binders, the ligands have direct
vdW contacts with the host by occupying the entire space in the cavity of B-cyclodextrin,
while the weak binders are small in size so that they do not form stable vdW interactions
with the host. Instead the weak ligands tumble with great freedom in the cavity of -

cyclodextrin.
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Regarding the solute-solute interaction, it is further decomposed into the changes of host
enthalpy, guest enthalpy and host-guest interaction (Table 5.3). It is not surprising that
the ligands have minor conformational changes and result in trivial enthalpy change
because first the ligands in this study are either small or relatively rigid and second the
binding cavity of B-cyclodextrin is big enough for the ligands to relax as if they are in
free environment. On the other hand, the host, B-cyclodextrin, gains enthalpy in the
conformational rearrangement. This can be explained by the relaxation of f-cyclodextrin
in the binding process. The host is a flexible molecule and it undergoes certain self-
adjustment in fully solvated free states but this self-adjustment is not fully necessary due
to the elimination of solvation water by the ligand in the bound state. The stronger
binders are larger in size and remove more water molecules from the host in the binding
process, and thus induce more enthalpy gain in the host. Similarly, the host-guest
interaction gain can also be explained by more non-polar interaction formed by more

intact surface area between the two molecules.
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Figure 5.4. The convergence of the trajectories represented by average potential energy
plotted against the number of frames.
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Figure 5.5. The plot of average volume and average potential energy against number of
frames in TIP3P solvent model. After convergence, which takes roughly 4000-5000
frame, the average volume and average potential show same trend. Both of them
converge at a higher value, and then drop to a lower value.
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Figure 5.6. The two binding poses of B-cyclodextrin-1-butanol complex. In Pose 1, the
ligand stays in the middle of the cavity of B-cyclodextrin and the space between the two
molecules is too small for any water molecule to sneak into and thus becomes vacuum.
On the other hand in Pose 2, the ligand sticks to the surface of the f-cyclodextrin and the
cavity of B-cyclodextrin is closed up by glucopyranose unit flipping.
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Figure 5.7. The plot of average volume and average potential energy against number of
frames of B-cyclodextrin-1-butanol complex in TIP4P solvent model.
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The convergence of the enthalpy calculations are examined by plotting the average
potential energy against the number of frames (Figure 5.4). A closer look at the plot of -
cyclodextrin-1-butanol complex trajectory (Figure 5.5) reveals some interesting facts
regarding the conformations and energy of -cyclodextrin complexes. The energy
converges at a higher value, and then drops to a lower value. By examining the
corresponding conformations, it is clear that the higher potential energy corresponds to an
“inner bound pose” or Pose 1 of the complex and the lower potential energy corresponds
to an “outer bound pose” or Pose 2 (Figure 5.6). Pose 1 has a positive binding enthalpy
while Pose 2 has an almost zero binding enthalpy. To further identify the reason of the
abnormal enthalpy behavior, the accumulative average volume of the corresponding
conformations (Figure 5.5) were examined against the cumulative average potential. It is
obvious that the higher potential energy correlates with the greater volume after
convergence is reached. The volume change can be attributes to the thermal fluctuation
and more importantly the excluded volume of the binding process. In Pose 1, where the
ligand sits in the cavity of B-cyclodextrin comfortably, the space between the two
molecules cannot be filled with water molecules, and thus more excluded volumes are
created. On the other hand, in Pose 2, the space is more efficiently utilized by a denser
placing of molecules. To eliminate the possible artifact arising from water model, a
similar MD simulation was run with TIP4P water model, and similar behavior of
excluded volume was observed (Figure 5.7). Similar excluded volume behaviors were

also observed in other complexes (Table 5.4). The excluded volume changes are also
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experimentally confirmed, but a tiny fluctuation in the volume change effects the totally
enthalpy change significantly due to the fact that interaction energy of each water
molecules is as strong as -9.6 kcal/mol and the volume of one water molecules is roughly
30.3 A3. Therefore the calculated excluded volume change subtly changes the totally
enthalpy change by 1-2 kcal/mol. A flexible water model or a more accurate force field of
the solute may improve the discrepancy between calculated enthalpy and experimental

data.
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The free B-cyclodextrin undergoes glucopyranose unit flipping through out the trajectory.
In the majority of the time, B-cyclodextrin adopts the conformations with flipping of two
glucopyranose units (Figure 5.8). In relatively shorter periods it adopts conformations
with flipping of one glucopyranose unit. Very seldom does B-cyclodextrin visit the
crystal like conformations. Upon ligand binding, the dominant population is the crystal
structure like conformations with short periods of glucopyranose unit flipping. This is
because the cavity of B-cyclodextrin is occupied by the ligand and the ring flipping is
hindered. The deviations of the RMSDs along the trajectories (Figure 5.8) were
calculated for free p-cyclodextrin (0.268 A), B-cyclodextrin-2-naphthyl ethanol (0.327 A)
and B-cyclodextrin-t-butanol (0.546 A). This indicates that the population distribution in
the free B-cyclodextrin is narrower than the bound state and the entropy of B-cyclodextrin

increases upon ligand binding, and suggests an entropy gain of the host upon binding.
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The binding entropy decompositions are shown in Table 5.5. The solute entropy change
can be decomposed into external entropy change (translational/rotational) and internal
entropy change (conformational/vibrational). The external entropy change is captured in
this work by numerical integration of the external degrees of freedom of the ligand inside
the cavity of B-cyclodextrin under the assumption that the diffusion of B-cyclodextrin is
not effected significantly by the presence of the ligand. Normally in host-guest
calculations, the external entropy of the ligand is considered as completely lost due to the
confinement from the host **°2 %7 and this leads to a rough 7 kcal/mol loss of external
entropy. However from the numerical integration for B-cyclodextrin-complexes, the loss
of external entropy of the ligand upon binding is only roughly 1-2 kcal/mol. This is
because the weak interaction between the guest and host is not strong enough to full stop
the ligand from tumbling and vibrating in the cavity of B-cyclodextrin. This is actually
observed in the MD trajectory, that the ligands do not only stay in the center of the
binding site but also tangentially stick to the entrance of binding site on the top or bottom
of B-cyclodextrin for some short but observable period up to 100 ns with different poses

(Figure 5.6).

The solute entropy change also gives counter intuitive results. From previous work 7% 77
B-cyclodextrin complexes lose entropy upon complexation because of the attraction
between the two molecules. However from the conformation/vibrational entropy
calculation of B-cyclodextrin, it is obvious that -cyclodextrin actually gains entropy due
to the presence of the ligands. The two major differences are first the presence of the

explicit water molecules instead of a continuum of implicit water solvent model and
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second the ligands in this work are smaller in size. As discussed above, the water
molecules is unable to fit into the space between the guest and host, and the vacuum
space allows addition relaxation of the host molecule. Thus, more conformations of -
cyclodextrin can be observed in the bound state than its free state (Figure 5.8) and
therefore the internal entropy of B-cyclodextrin increases rather than decreases. On the
other hand, the ligands in this study are generally rigid, and they don’t undergo much
entropy changes in the complexation process. In implicit water model calculations, the
vacuum space is not captured due to a continuum description of the solvation and
therefore the internal flexibility of B-cyclodextrin is not present due to the absence of

hydrophobic environment.

Because of the intrinsic diffusive property of water molecules, it is intractable and
meaningless to calculate the average water entropy by focusing on one another water
molecules in MD simulations. Therefore a grid cell method *° approach was employed to
partition the water entropy into small spaces near the solute region. The water entropy
decompositions of pure water (the reference), free B-cyclodextrin, 1-butanol, and -
cyclodextrin-1-butanol complex are shown in Figure 5.9. In general, the translation
entropy decreases at the surface of the solute because the existence of the solute hinders
the free diffusion of the water molecules. The rotational entropy either increases on
hydrophobic surfaces or decreases near hydrophilic sites. The conformational entropy

fluctuates with the density of water molecules.
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Figure 5.9. The water entropy decompositions near the region of B-cyclodextrin. From
top to bottom are pure water, free B-cyclodextrin, free 1-butanol, and B-cyclodextrin-1-
butanol complex. From left to right are total entropy, vibrational entropy (translational +
vibrational), translational entropy, rotational entropy and conformational entropy.
Generally brighter means higher water entropy and vice versa. For each decomposed
term the reference is the corresponding pure water entropy. The red areas are regions
filled by no water molecules due to the presence of the solute molecules.

For B-cyclodextrin, because the outer surface consists of flexible hydrophilic hydroxyl
groups and hydrophobic non-polar carbon rings, it is unable to differentiate the rotational
entropy increment or decrement originating from the hydrophilicity or hydrophobicity.
However it is clear that the translational entropy decreases significantly due to the
hindering of free water diffusion. In the region of the cavity of B-cyclodextrin, the
translational water entropy also decreases but not as intuitively losing all translational
entropy. This indicates that the water molecules tend to be slowed down instead of totally
captured in the cavity. On the other hand the rotational entropy increases on the internal

surface of the cavity rather than decrease. This apparently indicates that the internal
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cavity of B-cyclodextrin is hydrophobic. Meanwhile in the center of the cavity the
rotational water entropy does not show significant change because this area is 2 A away
from B-cyclodextrin. Overall only in the small area in the center 8 A3 space the water
entropy decreases for roughly 4 J/mol/K and the water entropy in the rest area of the
cavity does not change significantly due to the compensation of the translational and
rotational entropies. Combing with a slight conformational entropy decrement, the overall

water entropy decreases with the presence of B-cyclodextrin.

For 1-butanol, similar behavior of translational water entropy has been observed near the
area of the solute. The rotational entropy increase for 2-4 J/mol/K near the carbon chains
while it decreases for 3-7 JJmol/K near the hydroxyl group. This clearly corresponds to
the facts that hydrophobic surface makes water tumble more and the directional hydrogen
bond rigidify the rotation of the water molecules. Similar behavior is also observed in 2-
naphthylethanol case Figure 5.10. The naphthyl group is hydrophobic and the water
rotational entropy increases for similar amount on its surface. This behavior results in a
smaller overall entropy decrease in the case of 1-naphythylenthanol and 2-

naphthylethanol.

In the complexes, the difference from the free B-cyclodextrin is mainly in the cavity. The
water entropy actually increases due to a smaller but more hydrophobic space between
the two molecules but because the number of water existing in the space becomes
limited, the overall entropy near the region of the complex still decreases although it is

not as much as the free f-cyclodextrin.
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Figure 5.10. The translational and rotational entropies near the region of free 2-
naphthylbutyrate. The solute is positioned as the formula below in the two entropy
images. The red spots in the images correspond to the hydroxyl group in the molecule.

Combining the effects from free p-cyclodextrin, free ligands, and the complexes, the
water entropy changes are summarized in Table 5.1 and Table 5.5. Aspirin, 1-propanol
and methyl butyrate have more water entropy gains than the rest ligands. This is because
the free aspirin, 1-propanol and methyl butyrate ligands are more hydrophilic and thus
they captures nearby water molecules more than the rest ligands. Therefore upon
complexation, water molecules gains more entropy by getting released from the free
ligands. By comparing 1-butanol and 1-propanol, the only difference comes from the 1
carbon longer carbon chain. Similarly the two naphthylethanols, which also have one
hydroxyl group but with a more bulky non-polar group, also have smaller water entropy
gains. These all can be explained by the conclusion that the water molecules freed by
hydrophilic ligands gain more entropy in the inclusion complexation process with f3-

cyclodextrin.
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To sum up, for the weak binders include 1-propanol, 1-butanol, 1-butanol and methyl-
butyrate, the desolvation energy dominates the enthalpy change, and therefore the
attractions between them and B-cyclodextrin are not strong enough for them to form the
complexes for long periods. The driving force of the complexation is actually the entropy
change of B-cyclodextrin and the water molecules. B-cyclodextrin gains entropy due to
less contact with solvation water and more freedom in internal conformational changes.
Water molecules gain entropy due to less restraints from hydrophilic surface exposed to
the water molecules. On the other hand for the relatively stronger binders including
aspirin, 1-naphthylethanol and 2-napthylethanol, the enthalpic interactions are stronger
than the weak binders, and contributes to the complexation to some degree but still not
strong enough for the binding. B-cyclodextrin and water entropy gains also contribute to
the complexations to some extent. This kind of behavior is fundamentally different from
the rigorous strong binders which totally lose the external entropy and have strong

attractions with the host.

In the binding process, the water plays important roles. First it contributes to the repulsive
desolvation energy by creating additional excluded volume in the complex. And the
water entropy gain from less exposed hydrophilic surface is one of the driving force of
the binding of these complexes. The water contribution to the subtle balance between

enthalpic repulsion and the entropic attraction also affects the binding equilibrium.
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5.3.2 Kinetics

From Table 5.2, it is obvious that the k., generally matches with the experimental value
better than k,¢. This can be explained by the force field. k,, is determined by the period
of free state, which is only governed by the free diffusion and orientation of the two
molecules. However k¢ is determined by the period of the bound state, which is
governed also by the interactions of the host, guest and the water near binding site. The
more sophisticated situation in the bound state needs more accurate description from the
force field. Therefore the relatively less accurately described bound state leads to worse
evaluation of k,¢. The other reason is from a less complete sampling of the dissociation
events. From the period length of bound and free state (Table 5.6), it is safe to assume
that longer bound state can be sampled if the MD simulation is further extended. So to

obtain a better resolution of the rate constants, longer simulation is necessary.
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Table 5.6. The bound and free period lengths of the complexes. All values are in
nanosecond.
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1-Propanol 1-Butanol Methyl butyrate t-Butanol
Bound Free Bound Free Bound Free Bound Free
1 18.0 58.3 97.7 9.0 52.9 6.8 83.9 6.5
2 1.7 15.2 64.6 90.2 8.5 25.2 1.1 173.9
3 11.3 4.4 1.7 1233.2 29.5 17.2 4.2 848.2
4 7.3 2.4 3.2 326.5 3.4 144.4 1.8 59.6
5 1.5 846.1 1.3 10.5 3.2 139.2 1.8 706.7
6 4.0 310.9 1.4 202.4 1.5 136.4 1.1 208.1
7 2.7 234.9 2.0 423.2 1.1 893.8 3.7 276.3
8 2.6 21.7 3.9 29.1 2.5 7.2 1.8 110.0
9 1.8 179.2 15.9 1.3 192.5 36.6
10 7.5 136.5 10.4 84.4 1.9 41.1
11 1.3 426.8 12.4 14.1 187.1 180.5
12 1.5 202.4 17.2 80.0 1.9 2.6
13 5.2 221.4 4.8 229.3
14 1.0 57.4 1.6 42.3
15 26.6 38.0 22.3 103.6
16 1.8 55.9 1.3 89.2
17 3.0 14.8 2.2 123.6
18 7.6 82.8 3.0 34.7
19 4.5 189.0 4.3 213.2
20 1.2 25.0 1.6 34.0
21 1.6 54.4 2.7 124.4
22 48.4 152.5 4.8 24.4
23 4.1 23.5 37.3 39.8
24 2.4 12.8 1.6 59.0
25 1.8 3.8 1.4 140.5
26 1.8 167.3 1.8 178.7
27 6.0 576.1 1.2 80.0
28 6.7 4.4
29 3.6 173.5
30 1.3 308.3
31 1.2 8.8
32 1.1 249.9
33
34
35
36
37
Avg. 5.1 203.2 22.0 290.5 10.2 119.4 18.4 153.5
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1-Naphthylethanol Aspirin 2-Naphthylethanol
Bound Free Bound Free Bound Free
1 600.1 25.1 143.1 13.8 794.3 11.6
2 2.2 31.6 37.8 6.7 152.1 22.2
3 65.2 38.3 294.0 35.9 46.4 76.8
4 72.6 49.8 4.1 36.6 106.2 5.3
5 7.2 161.8 21.9 56.4 6.6 6.7
6 2932.5 92.3 102.0 35.7 17.9 13.1
7 1.6 47.4 12.6 30.2 0.0 0.0
8 5.1 84.5 12.3 11.0 2.0 12.4
9 2.7 3.4 467.0 28.7 1.7 11.8
10 5999.4 19.3 27.0 3.7 2.9 14.6
11 6.5 23.5 53.5 44.3 50.0 102.0
12 728.0 2.3 13.9 8.2 52.2
13 149.2 8.7 2.1 15.0
14 1.5 2.1 45 37.1
15 8.8 6.3 7.7 88.1
16 84.4 515 353.7 92.5
17 1.7 5.0 4.1 17.5
18 3.5 14.4 6.2 125.4
19 10.9 22.9 2.0 50.9
20 1.6 34.8 84.2 37.7
21 3.0 10.5 29.7 341.0
22 164.5 39.1 1.4 164.7
23 3.1 57.3 203.7 12.1
24 3.2 19.8 83.8 7.2
25 8.2 24.7 52.0 5.4
26 4.0 85.2 120.1 34.5
27 4.3 39.1 1878.1 6.2
28 1.2 14.2 2149.9 14.1
29 3.9 119.8 13.5 13.2
30 5.4 16.8 33.1 44.7
31 3.7 7.7 2.1 25.5
32 26.9 25.1 956.3 90.6
33 1.5 7.0 94.1 131.7
34 2.1 45.3 2046.1
35 396.0 17.4
36 15.7 5.4
37 2417.4
Avg. 868.6 52.5 121.7 27.7 274.0 51.0
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The k,,, of all ligands in this study are on the order of 108 L/mol/s, which are just one
order slower than the diffusion controlled binding. This can be supported by the fact that
the binding site of B-cyclodextrin is widely exposed except for the blocking from the
glucopyranose units on the macrocyclic ring. Two or three of the glucopyranose units on
B-cyclodextrin may flip to occupy the cavity of B-cyclodextrin in the free state while in
the bound state the rings flip back to the pose when they are perpendicular to the
macrocyclic ring. This also indicates that along the binding reaction coordinate, the free
energy barrier is not too high. Combining with the fact that there is no enthalpic barrier
along the association/dissociation, it is reasonable to assume the energy barrier is some
small entropic barrier. Such entropic barrier should consists of a contribution from p-
cyclodextrin entropy increment, a contribution from ligand entropic loss and another
contribution from water molecules that is involved with B-cyclodextrin conformational

changes.

Comparing the weak binder and the relatively stronger binders, the binding paths show
slight differences. For the weak binder case, the only possibility of binding pathway is the
one in which the ligand randomly hits into the cavity of B-cyclodextrin and gets trapped
by the entropic well. After some rearrangement of the conformations, the ligand slides
into the cavity and opens up the glucopyranose units. For the stronger binders, there are
more possibilities. First they can hit into the cavity and bind simply as the behavior as the
weak binders. Second they can stick to the outer surface of 3-cyclodextrin due to stronger
enthalpic attractions and then slides on the surface of B-cyclodextrin until they find the

cavity and opens up the glucopyranose units. Thirdly they can even hit into the cavity of
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B-cyclodextrin when the glucopyranose unit flips upside down, and make that
glucopyranose unit stuck in that inverted conformation. In the third case the binding

event usually is shorter than binding with a regular conformation of B-cyclodextrin.

5.3.3 Results from g4md-CD Force Field

The thermodynamic results are summarized in Table 5.7, Table 5.8 and Table 5.9. The
binding affinities of the complexes are systematically overestimated for 1-2 kcal/mol by
the g4md-CD force field. From the results of 1-propanol and 1-butanol, the enthalpy
terms are overestimated by roughly 1.5 kcal/mol. On the other hand, the g4md-CD force
field underestimates the contribution from the entropy for the three ligands with
experimental entropy data. This is related to the rigidity of B-cyclodextrin in the g4md-

CD force field.

The kinetic results are shown in Table 5.10. The g4md-CD force field generally
overestimates the k., of all complexes by one order. However the k¢, which is
governed by the interaction of host and guest and underestimated by the GAFF force
field, matches with experimental values reasonably well. This is because the cavity of -
cyclodextrin is more open in the more rigid description and allows faster entrance of the
ligands, but the ligand can stay in the binding site stably due to the overestimated

attractions.
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The flexibility change of -cyclodextrin in free state, complexes with 2-naphthylethanol
and t-butanol are shown in Figure 5.11. Compared with the plot for GAFF force field, the
free B-cyclodextrin is more rigid and prefers to stay in the crystal like structure rather
than glucopyranose flipping conformations. Similar to GAFF, complexation makes the
population of B-cyclodextrin shift to more crystal like structures. Unlike the GAFF, the
standard deviations of the RMSD plot reveal that the flexibility of B-cyclodextrin
decreases from free state (0.481 A) to complex with 2-naphthylethanol (0.177 A) and
complex with t-butanol (0.178 A). And this corresponds to thermodynamic results, in

which the B-cyclodextrin loses entropy upon complexation with the ligands.

In sum, the B-cyclodextrin in g4md-CD force field is more rigid and behaves more like
the crystal structure than that in GAFF. The binding rate is overestimated due to the more
open cavity and stronger attraction between the host and guest while the unbinding is
comparable to experimental data. The binding enthalpy is overestimated but the binding

entropy is underestimated due to the rigid description of the B-cyclodextrin.
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Figure 5.11. The RMSDs in reference with the crystal structure plotted against the frame
number in g4md-CD force field. The RMSD is in A. The representative conformations are
shown above the plots and circled on the plots.
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5.4 Conclusion

In this work a complete protocol for calculating the binding free energy by computing the
solute and solvent enthalpy and entropy respectively is presented with B-cyclodextrin-
complexes as the studied system. The enthalpy changes of the solute and solvent were
calculated from potential energy calculation. The entropy change of the solutes were
evaluated by dihedral population analysis and integration of external entropy from the
MD trajectory. The solvent entropy was obtained from the grid cell method calculation.
The calculated kinetics and thermodynamics results match with the experimental values
reasonably well. The weak ligands, 1-propanol, 1-butanol, t-butanol and methyl butyrate
were entropically driven to bind with B-cyclodextrin while the stronger ligands, aspirin,
1-naphthylethanol and 2-naphthylethanol were mixed entropy and enthalpy driven
binding. The entropy driving forces of these ligands were from water entropy gain and 3-
cyclodextrin entropy gain, while the desolvation energy was the major reason of the
enthalpic repulsion. The desolvation energy was from the excluded volume on binding
and the loss of solute-water interactions. Binding pathways of the two types of ligands
were observed from the MD trajectories and the corresponding thermodynamic reason
were discussed. This provides important clues for relieving the entropic penalty in strong
binding drugs and also fundamental understanding of the role of waters in the

thermodynamics and kinetics.
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Chapter 6 PSIM: Pathway Search Guided by Internal Motions

6.1 Introduction

Thorough conformational sampling is one important objective of computational
chemistry. It is a prerequisite step in a variety of fundamental scientific topics such as
protein folding 1, protein kinetics "°, non-bonding interactions 1°*2, and accurate free
energy evaluation >, Furthermore, it also has industrial or pharmaceutical applications
like drug design 619, crystal structure prediction 22 and etc. Despite its key role, how to
conduct conformational sampling efficiently remains as an open question because of the
intrinsic difficulties lying in it. Usually undetermined but high energy barrier stops the
sampling from hopping between minima in practical computational time scale. Even by
focusing on a local region without considering the energy barrier, a thorough sampling
requires intensive efforts because it means to capture solute rearrangement, solvent
effects and molecular interactions. For large systems like a protein, there are enormous
number of local degenerate or non-degenerate thermodynamic states, which also makes a
thorough sampling intractable. To perform conformational sampling with limited
computational power, compensation is often made by sacrificing the accuracy or

resolution of the sampling and this results in loss of desirable details.

So far three major categories of conformational sampling methods have been developed
over the past few decades. The first class is based on molecular dynamics. The most
straightforward and fundamental method among them is conventional molecular

dynamics (MD) simulation. This method can generate physically meaningful trajectories
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and reproduce unbiased energetic profiles, but its time scale, even with contemporary
graphic processor units (GPU) accelerated techniques or specialized Anton machines 24
25 is still limited to millisecond or microsecond 2°28, This leads to the invention of many
derivatives or specialized protocols of MD. The first branch of methods adds additional
forces to guide the system to some target 2% 30 lowers the probability of redundant
sampling of the conformational space 31, or exaggerates the concurrent motion of the
system 3’. The other group of MD based methods smooths out the details on the potential
energy surface (PES) and thus enhance the sampling. The strategy leads to coarse grained
description of systems 3, accelerated MD *°, GaMD *°, RaMD-db method %, softcore
force field description #1, and many similar methods. Milestoning #> %3, which utilizes the
idea of Markov chain model, enhances sampling and also allows direct calculation of
kinetic properties. By considering the behavior of slow events, people realized that a
major part of these long events actually consists of a dominant waiting time and relatively
rapid sudden transition %4, This leads to the third group of MD variants, or more exactly,
MD protocols, that focus on shortening the waiting time of the slow event by constant
restarting the MD from carefully selected conformation on the sampled trajectories. This
group includes, progress index based resampling *°, resampling from free energy basin
edges *°, WExplore #’, and other resampling methods using various criteria *8->2, Another
accelerating technique roots in increasing the temperature of the MD to boost the rate of
high energy events. This results in the multi-ensemble methods, like parallel replica

method (PRM) %3, replica exchange MD (REM) >+ % MuSTART MD method . It
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combines with the idea ** in previous group, and leads to transition path sampling >

and transition interface sampling °°.

The second category of sampling methods is based on Monte Carlo (MC) sampling 6% 61,
A series of variants of original MC methods have been proposed since 1970s. The past
four decades have witnessed force-biased MC 2, smart MC 8, hybrid MC (HMC) ®, J-
walking %, Simulated tempering ¢ %7, multiple-stage J-walking 8, parallel tempering® 7,
S-walking ", flat energy with probability modifier %, smart darting MC "3, C-walking "

and finite reservoir replica exchange method (FRREM) 7.

The last category of sampling methods roots deeply in normal mode analysis, which
requires no or little dynamics of the system but provides a tremendous reservoir of new
conformations efficiently. These methods started from LMOD 8, in which a minimized
conformation is distorted along the low normal modes and then minimized to obtain new
conformations. A variants of it came as LLMOD 77, in which the hessian matrix
calculation is avoided by only looking at the low modes implicitly. A Tork method "® was
developed and it builds the hessian matrix eigenvectors and distorts the minimized
conformation in internal coordinates to avoid unphysical distortion in Cartesian space.
Recently in Low Mode MD method (LMMD) ”°, the mathematical distortion process of
LMOD was replaced by a short distortion using low mode guided MD simulation.
Minimized RMSD was used as a criterion to select new conformations by distortion
along low normal modes &. The normal mode analysis was also combined with elastic

models and gave some useful coarse grained level methods &% 82,
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Principle component analysis (PCA), which is conceptually similar with normal mode
analysis and quasi-harmonic approximation, also provides an orthogonal set of intrinsic
motions borne in the dynamics of systems. This set of orthogonal motions is similar to
normal modes in several ways. It is orthogonal and the amplitude of the motion is
governed by the corresponding eigenvalue. It tells the intrinsic motions of the system
from the most significant to the least significant sorted by the eigenvalues. On the other
hand, it differs from normal modes in the sense that the motions are produced from a
continuous region traveled by the trajectory instead of the rigorous mathematical motions
at one single minimum. This advantage ensures that the motions from PCA can be used
to describe further conformational changes of the system than the normal modes do. In
the study of proteins, PCA is usually used to analyze the backbone motion by looking at
the Cartesian coordinates of the a-carbon atoms in each residue. In this study, we refer to

this as a-carbon PCA.

Dihedral PCA, which is an internal coordinate version of conventional PCA, has been
proved to produce more informative results than its original work 838, More importantly,
not like a-carbon PCA, which is limited to a-carbon atoms when applied to protein
systems, dihedral PCA does not have the limitation on backbone vy, ¢ angles and can be
naturally extended to side chain dihedrals so that the full atomic details can be retained in
the dihedral PCA results. However, dihedral PCA has two shortcomings, 1) it is unable to
reproduce Cartesian motions from the dihedral PCA modes, and 2) it doubles the number
of modes than that of the original degrees of freedom. In Dihedral PCA, people have

solved the issue arising from the periodicity of dihedral angles using trigonometric
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function operations. For an Ng;;, dihedral angle system each degree of freedom from the
dihedral angle is split into a sin and a cos term, so that the dimension of the covariance
matrix becomes 2N4;;,, and thus 2Ng;;, eigenvectors are yielded in the calculation. This
2Nqin eigenvectors are orthogonal in the space of sin and cos but, on the other hand, the
Ngin dihedral variance vectors reproduced by merging the sin and cos terms are no longer
orthogonal to each other in the dihedral space. Therefore eigenvectors obtained by this
sin and cos approach cannot be used as orthogonal directions for conformational search.
This issue is solved by complex dihedral PCA 8 which uses complex representation in
Euler’s formula to replace the one to two mapping in sin cos dihedral PCA. However the
computation power consumed in the diagonalization of covariance matrix in this

approach still doubles.

Meanwhile, by considering the efficiency of existing normal mode based conformational
search methods, the most time consuming part of these methods is the acceptance test.
Typically a full minimization is performed and conformations within a certain energy
threshold are accepted. This is rigorous and efficient for small molecules but for protein-
like large molecules, a full minimization is less efficient or sometimes even intractable.
To avoid energy evaluation and energy minimization, a collision test like approach has
been proposed . In this approach, no energy evaluation is necessary. Instead, only
distance based collision test is conducted to simplify the interatomic potential to a steep
wall type potential. In this way thousands of conformations can be accepted or rejected
per second %. Following that idea, methods have been proposed to use collision as the

acceptance/rejection test in coarse grained elastic model °*.
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Combining those thoughts, we propose a novel conformational search method in this
work. A novel internal PCA is proposed that can reproduce full atomic motions
comparable to classical a-carbon Cartesian PCA. It produces same number of modes as
the degrees of freedom. A conformational search algorithm, referred to as PSIM, in
which an initial conformation is continuously distorted along the internal PC motions, is
developed. A collision based acceptance test is used to ensure physically meaning
motions of the system with high efficiency. This method was tested in several real

molecular systems.

6.2 Method

6.2.1 Method Overview

Trajectories from Molecular Dynamics

v

Conversion to Internal Coordinate

v

Select Dihedrals

y

Building Dihedral Covariance Matrix

v

Diagonalization

y

Eigenvalues and Eigenvectors

Figure 6.1. The flowchart of internal Principal Component analysis (internal PCA).
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Figure 6.2. A representative systematic search tree of 5 PC modes. Disabled PC modes
are rendered in gray dashed lines, while all other PC modes in use are in black solid lines.
Only representative sub branches are shown. The blue arrowed curves show a
representative flow of the search on the tree diagram.
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PSIM uses internal PCA modes computed from a MD trajectory to guide the searches.
Figure 6.1 illustrates the steps which are similar to computing classical PCA in Cartesian
coordinate except additional steps needed for use of internal coordinates, Conversion to
Internal Coordinate and Building Dihedral Covariance Matrix. Because a biomolecules
are significantly larger than chemical compounds, we developed multi-layer internal
coordinates, as detailed in later sections. The overview of the algorithm used in PSIM is
shown in Figure 6.2 and Figure 6.3. In this algorithm, the internal PC modes are sorted by
the extend the ligand moves instead of eigenvalues. A minimized receptor-ligand
complex is used as an initial structure to begin the search. The conformational search is
then conducted in a systematic manner (Figure 6.2). First, the initial conformation is
distorted stepwise along both positive and negative directions of each PC modes until
acceptance test rejects the new conformation. Then, the conformational search continues
systematically using the new conformations from two directions of each mode as the
starting point, except that the PC modes are screened before used in the sub branches. In
the course of conformational search, the modes used and the number of steps of distortion
are tracked as the path of the trajectory. When the number of steps exceeds a predefined
parameter, a motion test is performed to ensure the guest/ligand moves away from its
original position and the host/protein maintains a reasonable conformation while being
distorted. A failed motion test backs up the search along the recorded search path. If the
motion test is passed a structure correction will be performed to reduce the artifacts
induced by the distortion, and the search is then continued from the corrected

conformation. The search algorithm dumps distortion path when the total step of

213



distortion exceeds a predefined path length. The algorithm is exited after the systematic

search exhausts the search tree within the predefined path length.

6.2.2 Computational Details

6.2.2.1 Multi-Layer Internal Coordinate Definition

ta
pve L te - bs
2 JBP/ ar oA ,.a: ) %/@\b\s ar ts t9a8 ﬂ
- ts \@,bs as A% \_,\P9
z D * .
@ﬂxgbz \@

Figure 6.4. Classic internal coordinate representation (Z-matrix) for a small molecule.
Atom 1 is at the origin; atom 2 is defined by a bond length (b2) and placed on the z-axis;
and atom 3 is defined by a bond length (bz), bond angle (as) and placed on the x-z plane.
Six external coordinates are eliminated, and a molecule of N atoms has 3N-6 internal
coordinates. Atoms 1-3 are termed root atoms for this molecule. For atoms i > 3 are
defined by (bj, a, ti), where t are torsion angles. For example, atom 4 is presented by (ba,
as, t4). The dashed light gray shows the molecule after rotating the bond between Atom 2
and 3 (t4) for 180 degrees.

Because biomolecules are larger than small molecules, we developed a multi-layer
definition of internal coordinates to avoid unrealistic motions produced by using classical

internal bond-angle-torsion coordinates (Z-matrix). Classical definition uses a set of root
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atoms to begin converting Cartesian coordinates to a Z-matrix, and the position of atom i
depends on other atoms that are bonded in sequence (Figure 6.4) °2. This creates artifacts
that small rotations of some torsion angles close to the root atoms may result unrealistic

motions on one end of a molecule as shown in Figure 6.4.

Therefore, we divide a molecule into N fragments, and use a multi-layer pattern to
connect them. The fragments are chosen so that usually an a-helix or B-sheet is treated as
one or two fragments and a loop is divided into fragments with 3-4 residues in each
fragment. Each fragment is presented as a small molecule shown in Figure 6.4, with a
designated root dihedral angle in the fragment. The portions of a protein which moves in
concert is grouped and a root fragment is chosen among the fragments in that group. For
example, in the case of a typical kinase, the C-lobe and N-lobe can be treated as two
groups of fragments. Every fragment in the same group are connected to the root
fragment through the six pseudo degrees of freedom shown in Figure 6.5. Then the
groups, if more than one groups exist in a molecule, are connected by linking the root
dihedrals in the same way. In systems with multiple molecules, the molecules are then
connected in the same way. The BAT coordinate-fragment-group-molecule-system

framework defines the multi-layer internal coordinate.
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Figure 6.5. Two peptide chains divided into three fragments, in blue, green and yellow.
The atoms, N, CA, C, N, in root dihedrals in the fragments are circled. Pseudo bonds
connecting the fragments are rendered in purple. The peptide bond (C-N) connecting the
blue and green fragments is rendered in red. In the internal coordinates, the peptide bond
(in red) connecting blue and green fragments are removed. For this reason, artifacts may
arise from the absence of the chemical bond between groups. Instead, the pseudo bonds are
used to connect the fragments. For example, between blue and yellow fragments, the N-N
(4-5) pseudo bond connects the two fragments, and along the pseudo bond, two pseudo
angles, 3-4-5 and 4-5-6, and three pseudo dihedrals, 2-3-4-5, 3-4-5-6 and 4-5-6-7 are also
included. These six pseudo degrees of freedom are used as the linker between fragments.
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N

Figure 6.6. An example of fragmentation of HIVp. each monomer was divided into 21
fragments. The primary fragment, Lfragment, ON monomer 1 is colored in blue and on
monomer 2 is in red. The rest fragments on monomer 1 are in light and dark green and on
monomer 2 are in light and dark magenta. The greenish fragments on monomer 1 are
defined to the blue primary fragment, instead of mutualy connected. Similarly the
magentaish fragments are defined to the red primary fragment. Finnaly, the blue fragment
on monomer 1 is chosen as the starting point of the internal coordinate, and the red
fragment on monomer 2 is defined to it.
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Here we use HIV-1 protease (HIVp) as an example. HIVp is a homodimer; therefore, we
treat the two monomers in exactly the same way. The entire monomer is treated as one
group, and this group is divided into 21 fragments, with the root fragment located on the
end of the peptide chain. As illustrated in Figure 6.6, three fragments are circled, and they
are connected to the root fragment on the same monomer through 6 pseudo degrees of
freedom (see details in Suppl Info). The atoms in each fragment are defined as a small
molecule in the BAT coordinate. Then the root fragments of the two monomers are

connected through the six pseudo degrees of freedom.

Because a molecular system is divided into several fragments and each fragment is
directly connected to the root fragment of its group by 6 pseudo degrees of freedom,
atoms at the boundaries of two fragments in the same layer are not connected by physical
bonds in our multi-layer internal coordinates (Figure 6.5). Therefore, it may produce
unrealistic distortion in a principal component (PC) mode. One needs to assign fragments
carefully and validate the PC motions beforehand, and we also include quick

minimization in our algorithm to reduce the artifacts.

6.2.2.2 Periodicity of Dihedral

Dihedral rotation is periodic. When a dihedral moves from 179°to -179< it literally
moves 2< However, the basic arithmetic operation used in computing a covariance
matrix results in a large, 1792(-179< = 358< rotation. Therefore, we use trigonometric
functions in Eg. 6.1, 6.2 and 6.3 to operate average, addition and subtraction,

respectively, when constructing the covariance matrix with internal coordinates. In this
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way, one torsion angle is represented by exactly one element in the covariance matrix, in

contrast to dihedral PCA 83-88,

. a+b\ _ sin(a)+sin(b)
Average: tan( > ) = cos(@)tcosd) eq. 6.1
e __ sin(a)cos(b)+sin(b)cos(a)
Addition: tan(a + b) " cos(a) cos(b)—sin(a)sin(b) eq. 6.2
. _ __ sin(a)cos(b)—sin(b)cos(a)
Subtract: tan(a b) " cos(a) cos(b)+sin(a)sin(b) <q. 6.3

6.2.2.3 Internal Coordinate Element Selection

As shown in Figures 6.4, multiple torsion angles such as ts and to may be used to present
a bond rotation. Some bond rotations, such as methyl rotation and rotating torsion angles
in rigid rings, are not important conformation determinants. As a result, we only select
torsion angles whose rotation is expected to be important in formational changes. Peptide
bonds in protein backbone are not considered flexible, either. In the internal PCA
algorithm, only degrees of freedom in the internal coordinates will be selected into the
covariance matrix, i.e. even some of the backbone dihedrals will be ignored based on the
definition of internal coordinates, for instance, in Figure 6.5, the dihedrals along the bond
at the boundary of two internally connected fragments. Also, all sets of 6 pseudo degrees
of freedom used to connect fragments are automatically included in the covariance
matrix. Therefore, the covariance matrix does not only contain torsion angle elements but

also bond and angle elements.
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6.2.2.4 Calculation of Eigenvalues and Eigenvectors

As the classical way of PCA, the selected elements from the internal coordinates are used
to construct the covariance matrix. Then the covariance matrix is diagonalized. The
resulting eigenvalues and eigenvectors are automatically ranked by the eigenvalues.
These are the corresponding PCs of the molecular system. PC modes are normalized

before used in the conformational search algorithm.

6.2.2.5 Conformational Search Algorithm

6.2.2.5.1 Internal PC Mode Re-Ranking

PCs with greatest eigenvalues usually identify major motions of a molecule. However,
for ligand-receptor motions, large relative motions of the two molecules may not appear
in these PCs. To enhance the efficiency for ligand dissociation from the receptors, we re-
rank the PCs by a PC mode ranking module. Along the positive and negative directions
of the PC modes, the initial conformation of the complex system is distorted for the same
extend, and then the PC modes are ranked from greatest to smallest by the distance the
ligand travels with the protein/receptor aligned. In this way, the PC modes that move the

ligand more significantly have higher priority in the conformational search algorithm.

6.2.2.5.2 Systematic Search

PSIM starts the conformational search from the initial conformation. It first performs the
conformational search according to the flowchart shown in Figure 6.3, and then continues

the same procedures starting from the conformations yielded from distortions along each
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internal PC mode. Until every branches of the systematic search reaches either path

output or a dead end where no PC modes can be used, the algorithm ends.

6.2.2.5.3 PC Mode Screening

In the conformational search starting from the initial conformation, both positive and
negative directions of all PC modes will be used in conformational distortion. However,
it is unnecessary to loop over all PC modes in the searches on subsequent branches. A
rule to screen the modes is implemented as schemed in Figure 6.2. First, the mode, which
has been used in the parent branch, regardless of the positive or negative direction, is
discarded in the distortion. Secondly, the negative (positive) direction of any mode is also
discarded after been used for certain number of steps. Any direction of any mode

otherwise is considered in the distortion.

6.2.2.5.4 Conformational Distortion

A stepsize is predefined to scale the eigenvectors as one step in the distortion. In each
search branch, the algorithm distorts the current conformation (X) by converting it to
internal coordinate (Q=f(X)) using the same multi-layer internal coordinate definition (f),
and adding the in-using eigenvector (dQ) to the internal coordinate for a distorted internal
coordinate (Q’=Q+dQ), and finally converting it back to Cartesian coordinate
(X°=f~1(Q")) using reported algorithm *3. The distortion undergoes the same direction of
the in-using mode and an acceptance test is evaluated at each step, until the acceptance
test rejects the distorted conformation. New conformations are proceeded to the following

modules shown in Figure 6.3.
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6.2.2.5.5 Acceptance Test

The acceptance test consists of three parts, 1) collision test, 2) bond stretching test and 3)
bond angle vibration test. The collision test is a test that checks the distance of
automatically predefined sets of atom pairs against scaled value of the sum of their vdW
radii provided in the force field 8. Any distorted distance lesser than the scaled
(COLLISION_PAIR_SCALE) sum signals the rejection of the distorted conformation.
This is a coarse approximation of the widely used LJ potential which governs the vdW
interaction of atoms. The bond stretching and bond angle vibration are designed to ensure
the behavior of those bonds and angles, which are not involved in the internal coordinate
definition, are realistic to some extend. In the two tests, every bond and angle are
calculated and compared to the equilibrium value, and a shrinking or extending greater
than a fraction defined by COLLISION_BOND_RANGE or

COLLISION_ANGLE_RANGE, the conformation is rejected.

6.2.2.5.6 Output Trajectories

When the distorted conformation passes the acceptance test, and the accumulated number
of steps reaches a predefined output length, a trajectory from the initial conformation to

the current distorted conformation along the search path will be outputted.

6.2.2.5.7 Motion Test

An RMSD based motion test is designed to ensure movement of ligand and reject
denature of the protein. It is initiated when the accumulated number of steps reaches to a

predefined value. In the motion test, three RMSD calculations are performed. First, the
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initial and current protein (host) conformations are aligned, and then the RMSD of the
two proteins (hosts) is compared against the corresponding RMSD cutoff
(RMSD_NODE_PROTEIN_RESTRAIN). If the protein RMSD goes above the cutoff,
which means the protein deforms too much, the conformation is rejected. Second, the
conformations of protein at previous node and the current node are aligned, and then the
RMSD of the two ligands is compared against the corresponding RMSD cutoff
(RMSD_NODE_LIGAND_SHIFT). If the RMSD is smaller, in the ligand case, than the
cutoff, which means the ligand does not move significantly in the current node, the
conformation is rejected. The third test is designed so that a back and forth scenario of
the ligand, which can be accepted in the second test, is ruled out. Again, the initial and
current conformations of the protein (host) is aligned, and the RMSD of the ligands at the
two conformations is compared against another node-linear-accumulative RMSD cutoff
(RMSD_CUM_LIGAND_SHIFT xnode number). If the RMSD is smaller than the
current cutoff, which means the ligand does not move as expected, again, the

conformation is rejected.

6.2.2.5.8 Conformation Correction

This module is design to reduce the artifacts induced by further distortion of the system.
It is performed only after the motion test. An mild minimization is performed with only
bond, angle, and improper terms for predefined number of steps, to eliminate the

accumulated local artifacts from fragmentation of the molecule but still hold the overall

structure of the current conformation.

223



6.2.3 Molecular Systems

The subsection includes simulation configurations such as MD setup and parameters used
in PSIM and umbrella sampling. All MD simulations were run with the Amber 14
package % and a 2 fs time step. The SHAKE algorithm was used to constrain hydrogen
atoms during the simulations. Unless otherwise stated, all systems were heated gradually
and equilibrated before the production runs. Parameters used in the PSIM search are

detailed in Table 6.1.

System Alanige Czy_ ﬂ;;ggglln Cryptophane | TRPS
Dipeptide MesN* G3P
ethanol
Output Step Number 100 4000 3000 2000
Motion Test Step Number 200 400 200 200
Step Size 0.05 0.02 0.05 0.05
Boost 1 1 20 2
Pair Distance 0.8 0.65 0.5 0.5
ACC,‘;EQ’;‘“CG Bond Stretch | 0.2 0.2 0.3 0.4
Angle Stretch 0.2 0.2 0.3 0.5

Table 6.1. The details of parameters used in the PSIM search for all systems.

6.2.3.1 Alanine Dipeptide

The alanine dipeptide was parameterized with AMBER FF14SB force field %. The
molecule was heated from 200 K to 298 K and then followed by a 10 ns molecular
dynamics simulation in implicit water by generalized Born (GB) model % saved at every
1 ps with AMBER 14 package *. We obtained the Internal PCA modes by selecting the ¢
and y angles in the molecule using all 10000 frames from MD. Because this molecule is

small enough, the whole molecule was treated as one fragment. The conformational
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search was started from minimum A (Figure 6.7) by minimizing a randomly picked MD
conformation. The motion test was disabled so that the selection of a ligand is not
necessary. The stepsize was set to 0.05. The atom pair distance cutoff was set to 0.8. The
angle and bond stretch range was set to 0.2. Output trajectory length was set to 100 steps.
Both PC modes were used in the conformational search. The trajectories thus obtained

were post processed by BFGS minimization with GB for 50 steps.

PES of alanine dipeptide in aqueous solution was obtained by rotating the ¢ and y angles
stepwise (0.5 and calculating the energy of resulting conformer with GB model *. The
original and minimized transition pathways obtained from PSIM were projected onto the

PES (Figure 6.7). Corresponding conformational transitions were also illustrated.
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Figure 6.7. The four transition path found by PSIM. The search started from Minimum A,
and leaded the transitions to different minima starting from four directions including the
positive and negative of PC mode 1 and 2. The left views of each path show the
conformational change of the original path using PC mode 1 (Green) and 2 (Yellow). The
middle views of each path are the original path (Black bordered dots) and the minimized
path (White bordered dots) on PES of alanine dipeptide. The right views show the search
path on PES with PC mode 1 in green and PC mode 2 in yellow.
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6.2.3.2 HIV Protease

A 250 ns MD simulation saved at every 100 ps of HIVp parameterized with Amber
FF99SB force field was used in internal PCA calculation. Each of the two identical
monomers was divided into exactly the same 21 fragments according to the secondary
structures followed by and error and trial process and refinement (Figure 6.6). Only ¢ and
v angles on the backbone were taken into consideration. First three low mode motions
were produced. For comparison, a dihedral PCA based on classical internal coordinate
definition and an a-carbon PCA were performed and the first three low mode motions
were produced respectively. The RMSFs of internal PCA and classical dihedral PCA

were calculated against a-carbon PCA.

6.2.3.3 Beta-Cyclodextrin-2-Naphthyl Ethanol

The structure of B-cyclodextrin was taken from Cambridge Crystallographic Data Centre
(CCDC) (PDB ID: WEWTOJ) and the structure of 2-naphthylethanol was drawn
manually with Vega ZZ . The ligand was docked into the binding site with Autodock
4.2 %, The initial structure from docking was solvated with 1736 TIP3P *° water
molecules and then parameterized with GAFF force field 1%, MD simulations were
performed with AMBER 14 package %. A water equilibrium was run at 298K in NPT
ensemble for 1 ns. Then the system was heated up to 298K and a production run of total 3
us was run at 298K in NPT. 15 dissociation events were identified from the trajectory. A
500 ns bound state sub trajectory at the initial stage of whole MD simulation was resaved

for internal PCA calculation. In internal PCA, the B-cyclodextrin was treated as a whole
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fragment. All 72 PC modes obtained from internal PCA were used in the conformational
search. The stepsize used in this example is 0.02, different from all other examples. We

collected 20 dissociation pathways from PSIM in 3.1 h.

For the 15 dissociation events from MD simulation, we evaluated the host molecule
conformation. We first smoothed the trajectories by averaging forward 100 and backward
100 frames on the concurrent frame throughout the whole trajectory. Then along the
smoothed trajectory, we calculated the average planes of each glucose by selecting the
atom on the ring and the average plane of the entire host molecule by selecting all 147
atoms. The average planes were computed with multiple regression theory. We calculated
the normal vector of the planes, and computed the 7 angles between the 7 normal vectors
of the glucose rings and the normal vector of the host molecule. These 7 angles were used
as fingerprints of the B-cyclodextrin conformation. We analyzed the conformational
changes of the host molecule by comparing the trajectories with the conformational
fingerprints. For the 20 dissociation trajectories from PSIM, we calculated the same

fingerprints without smoothing the trajectory.

6.2.3.4 Cryptophane-Tetramethyl Ammonium

The bound structure of cryptophane-Me,N* complex was taken from other works %, and
then parameterized with CHARMM22 force field 1°21%, MD simulation was performed
in the similar procedure as alanine dipeptide, except that the dielectric constant in GB %
of the solvent was set to 8.42 corresponding to the value of tetrachloroethane, and the

production run was 20 ns. In the MD run, no dissociation event happened. We performed
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Internal PCA by dividing the cryptophane into six fragments and leaving the ligand as
one. In the conformational search, the MAXSTEP was set to 3000. A STEPSIZE scaling
factor was set to 0.05. vdW radii scaling factor was set to 0.5. All 63 modes were used for
conformational search. Four pathways were found by the search in 8.3 h. The trajectories
were then post-processed by BFGS minimizer for 100 steps to remove unphysical
clashes, bond stretching and angle bending. The first trajectory was picked as example
for illustration purpose. For comparison, one dissociation pathway was also created by
pulling the ligand along one dissociation window for 200 steps. At each step, the ligand
was pulled for 0.1 A and the whole structure was minimized by fixing the distance

between the centers of masses of the two molecules.

Umbrella sampling of the search path was performed along the reaction coordinates
represented by distance between two centers of mass. Because the trajectory from the
search algorithm may be sparse for umbrella sampling, interpolation of five frames
between any two existing frames was done by using the corresponding PCA mode in the
search. From the interpolated trajectory, conformations that are closest to every 0.1 A
center of mass distance from 0 A to 19.8 A were picked from the dissociation region, as
initial conformations for 0.5 ns MD runs with the center of mass distance fixed. Umbrella
sampling was also performed on the dissociation pathway generated by pulling the
ligand. In both cases, the distance was saved every 50 ps. The umbrella force constant

was 100 kcal/mol/A%. Umbrella sampling data was process by using WHAM %
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6.2.3.5 Tryptophan Synthase

We resaved the one a-subunit with G3P from a 10 ns bound state tryptophan synthase-
G3P complex MD trajectory parameterized with AMBER FF99SB force field with one
copy of both a-subunit and B-subunit. Then we performed internal PCA on the G3P-
tryptophan synthase a-subunit complex (Figure 6.8). The tryptophan was coincidentally
divided into 42 fragments as the procedure described for HIVp. The dihedrals in residue
17410 193 210 to 217 56 to 67 232 to 242, including sidechain dihedrals were considered
in the dihedral covariance matrix, while the rest part of the protein were kept fixed. All
dihedrals in the ligand were included except those filtered out as described above. All
resulting 254 PCA modes were used for conformational search from a randomly picked
bound state from the MD. The MAXSTEP was set to 2000 step, with the STEPSIZE
equaled to 0.05 and the vdW radius scaling factor COLLISION_PAIR_SCALE equaled
to 0.5. Six consecutive search runs were performed until the ligand escaped from the
binding site. From each run the resulting path trajectories were examined by the user to
select the most plausible trajectory for continuing the next run. In this case the criteria
included 1) not significantly deformed protein, 2) more open space for ligand to
dissociate, or more specifically, more open Loop 6, 3) no tumbling motion of the ligand
in the binding site at the initial stage and 4) ligand not going to the indole tunnel to the 3-

subunit.
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Figure 6.8. Structure of the a-subunit of tryptophan synthase. Loop 6 and Loop 2 are
shown in orange and red. Bound state G3P is shown in green.

6.3 Results and Discussion

In the following section, we first illustrate the basic idea of the mechanism of the PSIM
method with a typical toy model molecule, alanine dipeptide. Then the performance of
multi-layer internal coordinate definition is evaluated by using HIVp as a model system
in comparison with a-carbon PCA and classic internal coordinate definition. The capacity
of identifying dissociation pathways is demonstrated with cryptophane-Me,N* complex
which has a slow dissociation Kinetics. To show that the dissociation pathway from P is
reasonable, the search trajectories are compared to MD conformations with 3-

Cyclodextrin-2-naphthylethanol as the model system because this system has a fast
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kinetics and MD is able to produce multiple dissociation trajectories for it. Finally this
method is applied to tryptophan synthase-G3P system to show the full capacity of this

method in large scale molecules.

6.3.1 Performance of the Multi-Layer-Internal Coordinate Definition

As discussed above, the classical internal coordinate definition leads to artifacts in the PC
motion produced by ordinary vector calculation. The multi-layer internal coordinate
definition, on the other hand, avoids the accumulated dependence of dihedral angles by
breaking the dependence and reconnecting the further dihedrals to the near region to the
primary root. In this ways, the artifact in the overall motion has been eliminated. A
comparison of a-carbon PC motion and multi-layer internal definition based internal PC
motion is shown in a) and b) Figure 6.9. By observing the corrected internal PC motions,
it successfully reproduced the overall motion of the protein backbones, and moreover, it
included the side chain details instead of only the backbone. Figure 6.10 shows the
RMSF of the first internal PCA modes from multi-layer internal coordinate definition and
standard internal coordinate definition in reference to the first mode of a-carbon PCA.
This quantifies the performance of the multi-layer internal coordinate and the artifacts
from classical internal coordinate. It can be noticed that even in the multi-layer definition,
residue 47, 48 and 49 have significant deviation from the reference (In Figure 6.10). This
is because the two monomers share the same multi-layer internal coordinate pattern while
the motions in MD are not exactly symmetric. In the flap, both ends of the highly flexible
loop are connected to the relatively rigid B-sheet, which makes the fragment motion

dependence have duality in this region and results in the deviation.
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Figure 6.9. A comparison between a) a-carbon PCA scaled by 2.67, b) dihedral PCA by
using multi-level internal coordinate definition scaled by 1.0 and c) dihedral PCA by
using standard linear type internal coordinate definition of HIVp scaled by 0.2. In a) and
b) the motions of the HIVp have very high similarity, which the two monomers have
scissoring motion with the two flaps opening and closing and the bottom part of the HIVp
mostly is stationary. However, in c), the left monomer is stationary because the primary
root of the internal coordinate is on the left monomer while the right monomer has
overall translational and rotational motion because it is defined through the mobile loops
of left monomer. The overall asymmetric behavior is the artifact from the accumulated
dependence of dihedrals in the internal coordinate.
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Residue

Figure 6.10. The RMSF of first dihedral PCA mode from multi-level internal coordinate
definition (black) and standard internal coordinate definition (gray) in reference to the
first standard a-carbon PCA mode. Residues with RMSF greater than 0.5 A are in blue,
and that greater than 1.5 is in red, in the top structure and circled in the plot.
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By limiting the view to each fragment, the motion is continuous and rigorous. Artifacts in
the connection area (bond and angles) between groups can be observed when the motion
IS exaggerated. This is because there is no real bond or angles defined in the internal
coordinates in such multi-layer definition. To minimize this artifact in the algorithm side,
it performs minimization in every node test. In the user side, an error and trial approach is
necessary in the fragmentation stage. Typically this is done by fragmenting the protein
according to secondary structure, conducting internal PCA calculation, visualizing the
motions of first few internal PCA modes with greatest eigenvalues and then modifying
the root atoms and the fragmentation. The root atoms are recommended to be located on
the a-carbon atoms to minimize the artifacts. One a-helix or B-sheet may be divided into
multiple fragments depending on the length and flexibility and the loops are more often
divided into more fragments with two to three residues in one fragment because the loops

are more flexible.

6.3.2 Pathway of Conformation Transitions for Alanine Dipeptide

Here we first use a model system, alanine dipeptide, to illustrate how the PSIM method
searches for new conformations and conformational transition pathways using internal
PC modes obtained by MD simulations. We obtained four transition pathways from the
PSIM method, starting along four directions, i.e. the positive and negative of the two PC
modes. After post-process by mild minimization, more realistic transitions were obtained.
The transition pathways and minimized pathways are shown in Figure6.7. The details of

searching modes and number of steps are summarized in Table 6.2.
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Path Mode | Direction Number of
Steps
1 + 18
1 2 - 82
1 - 61
2 2 - 39
2 + 23
3 1 - 62
2 + 15
2 - 56
4 1 + 44

Table 6.2. The details of transition pathways. Searching directions are listed in order from
top to bottom. Mode in use, its direction and number of steps are listed.

For example in 1) in Figure 6.7, by distorting along Mode 1 positive direction for 18
steps, the search hit into the green (15 kcal/mol) region. The acceptance test rejected
further distortion. Therefore the search shifted to Mode 2 negative direction, because
Mode 2 positive direction would also hit into the same energy barrier. After distorting for
another 82 steps, the accumulative step number reached 100, which was predefined in the
input file, and the search stopped near minimum C to output the transition path. The
original pathway was straight on the PES because the search goes along exactly one PC
mode at a time. It was able to cross the energy barrier in cyan (~7-8 kcal/mol) on its way
to minimum C. After mild minimization, the pathway became more realistic; it starts
from A, searching for a low energy route to regions near B, and then ends at C. Similarly,
in 2), the search started from A along negative of Mode 1. It turns to negative of Mode 1

when the search hits into the high energy barrier in red (40+ kcal/mol), and ends up in E.
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It is noticeable by comparing Pathway 1) and 2), that the acceptance does not rigorously
correspond to an energy threshold. In 1), the searching mode shifts from Mode 1 to Mode
2 before the search reaches the green region, while in 2), the searching mode shifts after it
hits slightly into the red region. This is because the acceptance is more based on

geometrical cutoff rather than energetic cutoff.

6.3.3 Comparison with MD Conformations

From the fingerprint angles, we classified the dissociation events into three groups, a) no
glucose ring flipping, b) one glucose ring flipping and ¢) multiple glucose ring flipping.
Representative dissociation trajectories from MD and PSIM and their plots of fingerprint

angles are shown in Figure 6.11.
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Figure 6.11. The comparison between MD dissociation events and dissociation events
from PSIM. Trajectories are classified by number of glucose ring flipping in -
cyclodextrin, where a) is no significant ring flipping, b) is one ring flipping and c) is
multiple ring flipping. The bound and free conformations of B-cyclodextrin are shown on
the left and in the middle of the figure. The plots of 7 B-cyclodextrin conformation
fingerprint angles along trajectories are shown on the right. Corresponding glucose ring
are labeled on the conformations using the same color as in the plots. The bound state
conformation (rectangle), free state conformation (triangle) and moment of dissociation
(hexagon) are indicated on the plots.
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PSIM is able to find dissociation pathways with the glucose rings moving physically as
MD does in all three groups, although PSIM is unable to recreate one exactly identical
dissociation pathway as the MD simulation. The similarity between PSIM and MD
trajectories is because that the motion of molecules in PSIM is under the government of
internal principal motions from the MD simulations. In Group a), both MD and PSIM can
find dissociation pathways in which the glucose rings do not flip significantly. In
addition, in both trajectories, the fingerprint angles change slightly and the cavity of the
host molecule shrinks as the ligand dissociates. In Group b), the MD and PSIM starts
from exactly the same conformation, where one glucose ring is parallel to the regression
plane of the entire molecule while other six are perpendicular to it. In both MD and
PSIM, the same glucose ring (arrowed in gray) flips in the dissociation events. In Group
c), both MD and PSIM find dissociation pathways, in which multiple glucose rings flip.
More interestingly, in the PSIM trajectory, all glucose rings flip to the pose perpendicular

to the regression plane of the entire molecule.

The PSIM evolves the trajectories in different way from the MD. In PSIM, the
conformations of molecules are moved stepwise, based on internal PC motions and the
acceptance test, which is fundamentally different from MD in which the motions are
guided by classical mechanics. Therefore, the fingerprint plots from PSIM and MD have
distinct behaviors. In MD plots, the fingerprint angles still vibrate significantly even after
the trajectories are smoothed. In PSIM, there are local vibrations but the fingerprint
angles move generally towards one defined direction without many back and forth

motions. However, the conformational transitions are still correlated with the dissociation
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event of the ligand. Therefore, the dissociation trajectories from PSIM are useful

guidance of the physically meaningful motions of the molecular systems.

6.3.4 Tetramethyl Ammonium Unbinding from Cryptophane-E. Hist: Finding the

Pathways and the Corresponding Free Energy Barriers

The cryptophane-ME4N* complex has a slow dissociation rate constant (Koff = 4.81 x 102
1/s; residence time = 14 s) 1% which is impractical to use classical MD simulations to
sample its dissociation pathways 2>-28, Using 63 PC modes constructed from a 20 ns MD
simulation for the bound complex, PSIM successfully found 4 dissociation pathways in
8.3 h wall time. The trajectories are similar to each other because of the symmetry of the
host molecule. One representative dissociation pathway is shown in Figure 6.12. The two
methoxybenzyl groups serve as a gate for ligand binding/unbinding, and the gate is
closed when the cryptophane host are in a free state and bound to a guest such as
tetramethylammonium. Our search found that the methoxy groups need to rotate away to
open the gate during ligand dissociation processes Figure 6.13. We also compare one
pathway that PSIM found with one by the hopping minima method and one by simply
pulling tetramethylammonium from the pocket (Figure 6.12). All three methods show the
gate opening for the ligand to pass through the window. Different from the pulling test
that tetramethylammonium is pulled directly toward the solvent, the pathways had
tetramethylammonium that kept contacts with the surface of the host molecule. This is
more reasonable than the pulling test because tetramethylammonium still gain

intermolecular attractions before completely leaving cryptophane. Similar association
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pathways can be found using the hopping minima method, which connects multiple local

energy minima using normal modes to build the association pathways.

PSIM Hopping Minima Pulling

Figure 6.12. The original dissociation pathways found by PSIM, Hopping Minima, and
simply pulling the ligand from one direction. The dissociation path is shown in yellow.

Figure 6.13. The post processed snapshots of crptophane-tetramethyl ammonium in the
bound state (a) and the moment when the ligand cross the dissociation window (b). The
ligand is shown in vdW representation.

To reveal the free energy barrier for ligand unbinding, umbrella sampling, together with

the weighted histogram analysis method (WHAM), were used to plot a potential of mean
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force (PMF) profile (Figure 6.14). The initial conformations were chosen based on a

dissocaition pathway found by PSIM, as detailed in Method. The energy barrier of

E:

acalc is 9.1 kcal/mol.

dissociation AG is 16.8 kcal/mol, and the association barrier AG

d,calc
The binding affinity computed from this pathway yields -7.8 kcal/mol, which is in good
agreement with experimental measurement AG°= -7.3 kcal/mol %, For protein-ligand
complex systems, significantly more dissociaion pathways are antificated to find. To
thoroughly investigate the barriers which few conformations may be available for
computing a free energy profile, methods other than umbrella sampling may need to be

utilized.

PMF (kcal/mol)

10 20
Center of Mass Distance (A)

Figure 6.14. This is the free energy plot of the dissociation pathways constructed based
on the trajectory from PSIM.
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6.3.5 Application to Protein-Ligand System

This example is to show the ability of PSIM algorithm to find the dissociation pathway in
protein systems. G3P is the byproduct of the chemical reaction happening in the a-
subunit of tryptophan synthase which consists of 266 residues. After the chemical
reaction, the major product indole undergoes the transportation through the a-f tunnel
into the B-subunit while the G3P is no necessary for further reaction and released into the

cell by the opening of Loop 6.

Figure 6.15. Tryptophan a-subunit-G3P dissociation pathway found by the Internal PCA
Search method. The protein is shown in gray with Loop 6 highlighted in orange. The
ligand is shown in green. Important residues shown in Figure 6.8 are also shown in this
figure. In the process of the dissociation path found by the search, the protein maintains
its native conformation except that the Loop 6 moves away from the native state and
opens the dissociation pathway for the G3P. The G3P escapes from the space originally
hindered by Loop 6.
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In the 10 ns MD simulation of tryptophan-synthase-G3P complex, no major
conformational change of protein was observed and the ligand remains in the binding site
stably without any observable rotation or translation. We applied the conformational
search method on the a-subunit with G3P to illustrate its ability of finding the
dissociation pathway. After six continuous runs by starting from selected conformation
from the previous run, the G3P was freed from the binding site of a-subunit of tryptophan
synthase. In the process, the protein maintained its native state because first non-relevant
portion of the protein was kept fixed in the conformational search and second the RMSD

cutoff of the protein disallowed any huge deformation.

The dissociation pathway of G3P is shown in Figure 6.15. Loop 6 moves away from its
native state towards the B-subunit, and opens up the dissociation pathway for the G3P
with the co-operation of several other a-helices and loops near the binding site. A closer
look reveals that first the T182, which serves as a wedge in the binding site, is taken out
with Loop 6, and the movement of residue 180 to 187 on Loop 6 frees some space in the
binding site, so that the hydrophobic interaction between the G3P and F211, hydrogen
bonding between the G3P and S234 are lost. As the confinement in the binding site gets
looser and looser, the G3P becomes more and more disordered with significant tumbling
in the binding site. After the Loop 6 fully opens, the G3P stays in the binding site for a
short period of time, because of the existence of hydrogen bonding between G3P and the
backbone of F211. When the G3P explores the wide-open binding site and breaks the last

hydrogen bond, it completely dissociates from the a-subunit.
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This method generates the trajectories in which the ligand moves the most from the very
beginning of the search and the relevance of the trajectories generated as time goes
decreases generally. Because the possible combinations of the internal PCA modes are
innumerous, it is unnecessary to explore all combinations of the modes. It requires the
user to examine the resulting trajectories while the search is still ongoing, and shut it
down when reasonable trajectories have been found. In this manner, the computational
time for the six runs of tryptophan synthase is counted to be 17.05 h for the effective

runs, and 146.4 h for all examined trajectories.

6.4 General Comments

This method is a PCA mode distortion based conformational search method and shares
some similarity with the normal mode based methods "®"°. PSIM method uses an
orthogonal set of searching directions which characters the intrinsic motions of the system
although this set of directions is from PCA mode instead of normal mode. New
conformations are also generated by distorting some given conformation assuming that the
intrinsic motions lead the system to new physical portions of the conformational space.
However there are also several noticeable differences that distinguishes PSIM from the
other methods. First this method does not depend on full minimization and yields
continuous non-minimized trajectories of paths. This gives it two advantages, i.e. it avoids
the computationally expensive minimization routines and thus gains efficiency, and it
readily gives the well-connected paths of the dissociation instead of discrete minima to be

connected by methods like Markov State Model °7-1% or Hopping minima %%, The second
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difference is this method is designed for identification of possible dissociation pathways

only, rather than a general purpose conformational search methods.

6.5 Conclusions

In this work, we presented an internal PCA with multiple-layer internal coordinate
definition. Internal PC motions that are comparable to Cartesian PCA are reproduced by
using this method. We also proposed a novel PSIM method based on distortion along
internal PCA modes and illustrated its capacity of finding dissociation pathways that are
physical meaningful with several examples. This method avoids frequent energy
evaluation and energy minimization by using a collision test which can be viewed as a
simplified potential, and thus gains efficiency in protein-sized complex systems. We
discussed practical aspects of the PSIM methods by application to host-guest systems and

protein-ligand system.
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Chapter 7 Conclusion and Future Directions in Protein-Ligand Dissociation

Research

7.1 Conclusion

Overall, small host-guest and protein-ligand complexes were used to study molecular
recognition. Besides that, simulations obtained from these complexes were used to
explore the roles of thermodynamics and kinetics. In addition, a novel computational tool
was designed, which was inspired from the application and comprehension of existing

methods.

To start with, a method composed of an aggressive conformational search and a free
energy calculation was used to study the binding affinity of a small bimolecular system, a
series of ligand-nanoplate complexes. The secret behind the magic surfactant citrate was
unraveled. The calculations support the experimental trends of anisotropic growth of the
silver plates from the perspective of ligand-nanoplate interactions and provide insights
into the mechanisms of the directional growth. The selectivity of surfactants on the two
silver facts was attributed to the partial charge distribution, conformational fitness,
surfactant flexibility, and entropic effects. Considering a good ligand should be flexible
but not too flexible resulting in severe entropic penalty, two ligands were designed by
mimicking the structure of trimesic acid. In this study the limitation of implicit solvent
model is demonstrated again and raises the need for a better description of the

thermodynamic properties using explicit solvent model.
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Continuing the study of binding affinity and moving to the larger scale systems, the
binding pose and binding affinity were studied with the TIM44-MitoBloCK-10 system.
Due to a larger system size, the aggressive conformational search method used in the
previous study is not efficient enough. Instead, a docking and MD approach was adopted
and the binding pose was determined which explained the experimental mutation studies.
This study demonstrates that the computational methods are able to provide atomistic and

energetic insights to complement the experimental studies.

An accurate evaluation of the binding enthalpy and entropy based in explicit solvent
model was performed on the -cyclodextrin complexes. Four trajectories for the complex,
host, guest and pure water box were simulated using GPU accelerated MD. The enthalpy
calculation was accomplished by potential energy calculation. The solute entropy change
was evaluated based population analysis of the dihedral angle while the solvent entropy
was calculated using the cell method. Other solvent entropy evaluation methods such as
PCF method, IFST, GIST and 2PT were available to be used, but due to the advantages
and ease of implementation, the cell method was chosen for this study. Beyond the
domain of thermodynamics, the association/dissociation rates were directly extracted
from the trajectories of B-cyclodextrin complexes and the kinetic-thermodynamic
relationships were discussed. For such weak binding, the driving force is not necessarily
the attraction between the host and guest but entropy played an important role. Due to the
entropic driven binding process of the weak ligands, the association pathways also differ

from the other ligands with strong attraction to the host.
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Finally, to sample the dissociation process of protein-ligand systems, a novel
conformational search algorithm was developed using a newly derived internal PCA
method. The internal PCA method differs from the dihedral PCA through the way it
constructs the internal coordinate. Also, it is able to reproduce atomistic motion of the
system which resembles the a-carbon motions in the a-carbon PCA. Then the internal
PCA search method utilizes the orthogonal set of internal PCA modes to search for the
dissociation pathways. The efficiency of this method comes from the fact that it does not
require full minimization or energy evaluation. Instead a collision test based acceptance
test was introduced to ensure physical motions in the pathways. This method provides a

new way to sampling the dissociation pathways.

7.2 Future Works

7.2.1 Cyclin-Dependent Kinase 8 (CDKS8) Dissociation Pathway

The cyclin-dependent kinase 8/cyclin C (CDK8/CycC) complex is one kinase system in
the CDK family, and regarded as an attractive drug target. Similar to other kinases, this
protein has an ATP binding site, which adopts the type | drugs that inhibit kinases non-
selectively, and an allosteric binding which allows selectivity due to structural differences
among the kinases (Figure 7.1). CDK8 has a DMG motif which functions similarly as the
DFG motif in other kinases. However, in a recent structure-kinetic relationship study !, it
was discovered that the flip of the DMG motif does not affect the residence time 2 of the
inhibitors. This drove our interest to investigate the inhibitor dissociation pathway from
CDKS8. An MD study was performed to investigate the activation loop of CDKS 2,

Considering the slow dissociation of the target inhibitor (residence time is 1626 min 1),
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conventional MD is no longer capable of sampling the complete dissociation pathway.
Therefore, the internal PCA search method can be used to generate an initial guess of the

dissociation pathway, and conventional MD can be then used to refine the pathway.

Figure 7.1. The structure of CDK8. The N-lobe is rendered in orange, the C-lobe is
rendered in green, the activation loop is rendered in purple, and the DMG motif is
rendered in blue. The ATP binding site and the allosteric binding site are on the left and
right of the DMG motif respectively.
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Figure 7.2. The dissociation pathway from internal PCA search. a) is the bound state, b)
is the moment when the ligand cross the activation loop, and c) is the final state where the

ligand stays in the allosteric binding site. The N-lobe is rendered in orange, the C-lobe is
rendered in green, and the ligand is rendered in cyan.
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Figure 7.3. The snapshots from MD resampled from the internal PCA search pathway. a)
and b) are the intermediate state from two perspectives of view. ¢) and d) are the
breathing conformation of the CDKS8 found by conventional MD from two perspectives
of view. a) and c) are aligned, and b) and d) are aligned. The color pattern is the same as
in Figure 7.2.

In the preliminary results, a dissociation pathway was found by the internal PCA search
method (Figure 7.2). In this pathway, the ligand crossed the activation loop (Figure 7.2
b), and sampled the allosteric binding site (Figure 7.2 ¢). The protein underwent
breathing motion, in which the N-lobe moved away from the C-lobe. To refine the
pathway, MD simulations were performed on a total of 62 frames. These frames were
evenly distributed along the pathway from conformational search. From the simulations,

one highly possible intermediate state was identified (Figure 7.3 a and b), in which the
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ligand partially dissociates from the binding site and stays on the activation loop while
the two lobes of the protein are closed. From the intermediate state, conventional MD

was able to sample the breathing motion of the protein (Figure 7.3 ¢ and d).

In the future, further sampling will be continued from the conformation which led the
protein to “breath”. In order to sample the complete unbinding event, the sampling will
be continued towards bound state from the intermediate state. Another set of MD runs
will be set up for the CDK8/CycC complex to investigate the effects from the partner

protein.

7.2.2 Improvement of Internal PCA Search Method

Currently this method suffers from two major drawbacks; the acceptance test is efficient
but at the same time lacks a description of attraction force between regions of the system;
the algorithm uses a single thread minimizer, which slows down the overall efficiency of

the method. These allows further improvement of the method.

To address the first drawback, a multi-level model approach will be included in the
algorithm. First, a coarse grained version # of the model will be constructed and
corresponding PCA modes will be calculated. The coarse grained PCA modes will
include the motions and amplitude of the motions, therefore these modes can be used to
capture the attraction force between regions in the system. For example, regarding the
breathing motion of CDKS8 described in the previous section, in MD simulation, the hinge

between the two lobes of CDKS8 bends naturally to open up the binding sites, while in the
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internal PCA search, the hinge is stretched exhibiting tension, even though the overall
behavior is similar to that of MD (Figure 7.4). With the coarse grained PCA as an

auxiliary acceptance test, such artifacts can be further eliminated.

Figure 7.4. The comparison between MD (a) and internal PCA search (b) conformations.
Both conformations are for the breathing motion of CDKS8. The N-lobe of CDK8 is
rendered in orange, and C-lobe in green. The hinge between the two lobes is more
stretched in the internal PCA search result but more natural in the MD simulation.

Regarding the second drawback about efficiency, a straightforward solution will be
replacing the single thread minimizer to a multi-thread. Such minimizers exist in
academically or commercially available packages including NAMD 5 and AMBER ¢, and
GPU acceleration of minimization 7 is also available. Therefore this issue is simply a

matter of technical implementation.
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