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ABSTRACT

Enzymes direct chemical reactions with precision and speed, making life as we know it

possible. How they do this is still not completely understood, but the relatively recent dis-

covery of subpicosecond protein motion coupled to the reaction coordinate has provided

a crucial piece of the puzzle. This type of motion is called a rate-promoting vibration

(RPV) and has been seen in a number of different enzymatic systems. It typically in-

volves a compression of the active site of the enzyme which lowers the barrier for the

reaction to occur. In this work we present a number of studies that probe these motions

in two dehydrogenase enzymes, yeast alcohol dehydrogenase (YADH) and homologs of

lactate dehydrogenase (LDH). The goal of the study on the reaction of YADH was to

probe the role of the protein in proton tunneling in the enzyme, which was suggested

to occur from experimental kinetic isotope effect studies. We did this using transition

path sampling (TPS), which perturbatively generates ensembles of reactive trajectories

to observe transitions between stable states, such as chemical reactions. By applying a

quantum method that can account for proton tunneling, centroid molecular dynamics, and

generating reactive trajectory ensembles with and without the method, we were able to

observe the change in barrier to proton transfer upon application of the tunneling method.

We found that there was little change in the barrier, showing that classical over-the-barrier

transfer is dominant over tunneling in the proton transfer in YADH. We also applied the

knowledge of RPVs to identify a new class of allosteric molecules, which modulate en-

zymatic reaction not by changing a binding affinity, but by disrupting the reactive motion

of enzymes. We showed, through design of a novel allosteric effector for human heart

LDH, applying TPS to a system with and without the small molecule bound, and analysis

of the reaction coordinate of the reactive trajectory ensemble, that the molecule was able

to disrupt the motion of the protein such that it was no longer coupled to the reaction. We

also examined the subpicosecond motions of two other LDHs, from Plasmodium falci-



11

parum and Cryptosporidium parvum, which evolved separately from previously studied

LDHs. We found, using TPS and reaction coordinate identification, that while the LDH

from C. parvum had similar dynamics to the earlier LDHs, the LDH from P. falciparum

had a earlier transition-state associated with proton transfer, not hydride transfer. This is

likely due to this LDH having a larger active site pocket, increasing the amount of motion

necessary for proton transfer, and, thus, the barrier to proton transfer. More work is nec-

essary in this system to determine whether the protein is coupled with the search for the

reactive conformation for proton transfer. Protein motion coupled to the particle transfer

in dehydrogenases plays an important role in their reactions and there is still much work

to be done to understand the extent and role of RPVs.



12

CHAPTER 1

Introduction

Enzymes are highly controlled biological catalysts that are essential for the existence of

life, unlocking crucial chemistry by reducing reaction time-scales in biological conditions

from days or years to seconds (Wolfenden and Snider, 2001). This requires enzymes to

produce rate enhancements of between 107 to 1019 (Wolfenden and Snider, 2001). While

enzymes have been studied for more than a century (Florkin, 1972), questions remain

about the mechanisms by which such an impressive rate enhancement is achieved, in-

cluding the role of protein dynamics and quantum dynamics in the chemical steps of the

reaction. A full understanding of enzymatic rate enhancement would allow for the de-

velopment of novel enzymes, and, perhaps, the application of this understanding to non-

enzymatic catalysts. Development of novel enzymes could provide economic benefits,

providing an alternative to scarce, expensive metal catalysts, or environmental benefits by

allowing reactions to occur in “greener” conditions. Other possible applications include

environmental remediation, through bioengineering of microbes to remove environmen-

tally hazardous substances. One sign that enzymatic rate enhancement is not completely

understood is the failure of catalytic antibodies (Hilvert, 2000).

Catalytic antibodies were envisioned with the idea that the main provider of rate en-

hancement in enzymes is the stabilization of the transition-state structure. This stabiliza-

tion can be understood by examining the binding affinities for transition-state analogs,

which are stable molecules which mimic the structure of the transition-state. One exam-

ple of a transition-state analog is immucillin-H, which binds to human purine nucleoside

phosphorylase with picomolar affinity, significantly stronger than the substrate of the en-

zyme, inosine, which binds with micromolar affinity (Lewandowicz et al., 2003). Com-

parison of these structures to the transition-state structure, shown in Figure 1.1, shows

how the transition-state analog has several key features which mimic the transition-state.

In particular, the linking oxygen in ribose is replaced with a protonated nitrogen to mimic
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the partial positive charge in the transition-state and a nitrogen is replaced in the purine

ring, changing the bond distribution and protonating the nitrogen as it is in the transition-

state.

O

HO OH
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Figure 1.1: Chemical structures of a substrate of purine nucleoside phosphorylase (PNP),
inosine, the transition state of PNP, and a transition-state analog for PNP, immucillin-
H. Binding affinities for human PNP are KM = 38 µM for inosine and Kd = 56 pM for
immucillin-H (Lewandowicz et al., 2003).

With the stabilization of the transition-state structure in mind, transition-state analogs

were used as an antigen to generate monoclonal antibodies that, in theory, bind the

transition-state structure. The antibodies, really biologically engineered enzymes, were

successful in that they were able to catalyze reactions. In fact, more than 100 reactions

have been catalyzed by these catalytic antibodies (Hilvert, 2000) and it seems that any

reaction that is compatible with biology and for which a transition-state analog can be

designed is able to be catalyzed by an antibody. The issue with this is that, despite the an-

tibodies targeting the transition-state, rate enhancements are usually between 103 to 105,

significantly lower than most enzymes. There are two main reasons for this disparity. One

is that the binding affinity of catalytic antibodies for the transition-state is significantly

lower than binding affinities found in enzymes (Stewart and Benkovic, 1995) Another is

that, while the antibodies are able to bind the transition-state analog, they are not opti-

mized for the dynamic portion of enzymatic turnover. This greatly reduces the rate of

substrate binding, product release, and fails to include any dynamic motion needs to be

part of the reaction coordinate.

In addition to the enzyme engineering applications, enzymes form a small but impor-

tant class of drug targets, and a better understanding could aid in drug design (Alexander
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et al., 2015; Robertson, 2005). A salient example of the importance of understanding

enzymes for drug discovery is that of 5’-methylthioadenosine nucleosidase (MTAN) (Zoi

et al., 2015). This enzyme is a crucial enzyme for many bacteria, where it hydrolyzes 5’-

methylthioadenosine and S-adenosylhomocysteine to release adenosine (Duerre, 1962;

Guranowski et al., 1981). This reaction plays a number of roles in the maintenance of

bacterial homeostasis, including methionine recycling (Sufrin et al., 1995), poly-amine

biosynthesis (Raina et al., 1982) and quorum-sensing pathways (Chen et al., 2002). Due

to the role in quorum-sensing it was thought that a drug inhibiting MTAN would reduce

the ability of bacterial colonies to form biofilms, thus making them more susceptible to

immune destruction. Biofilms are self-produced protective polymeric matrices which can

protect bacterial colonies from immune response, even with aggressive antibiotic treat-

ment (Singh et al., 2000). Another benefit of the putative drug mechanism would be

an avoidance of the evolutionary pressure that leads to drug resistant bacteria (Gutierrez

et al., 2009).

A series of transition-state analogs was developed for bacterial MTAN, MT-, EtT-,

and BuT-DADMe-ImmA. It was found that BuT-DADMe-ImmA binds MTAN from Es-

cherichia coli 1000 times more strongly than MTAN from Vibrio cholerae (Singh et al.,

2005; Gutierrez et al., 2009). This difference was surprising due to the similarity in

transition- state, both a fully dissociative SN1 transition-state (Gutierrez et al., 2009,

2007), and the similarity in active site structure (0.4 Å RMSD ) (Motley et al., 2013).

Through computational study of the reaction, it was found that the differences in bind-

ing affinity are due to differences in the transition-state ensembles (Zoi et al., 2015). It

was found that in E. coli MTAN, the transition-state ensemble was fairly narrow, with all

the transition-states being similar. On the other hand, the transition-state ensemble in V.

cholerae MTAN was found to be significantly wider. The width of the transition-state

ensemble was investigated using committor analysis, examination of important distances

in the reaction, principal component analysis and committor distribution analysis. This

was suggested to be the reason for the difference in binding; an enzyme with a narrow

transition-state will bind more tightly to a transition-state analog because it is easier for

that analog to mimic the transition-state. However a transition-state analog for a wider
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transition-state will only be able to mimic a small portion of the transition-state ensem-

ble. This shows how computational studies can help to inform experimental results by

providing information that is difficult or impossible to otherwise obtain, in this case the

width of the transition-state ensemble.

1.1 Mechanisms of Enzymatic Catalysis

Enzymes perform catalysis through static and dynamic processes. The static contribution

to catalysis involve binding the substrate or substrates in a way the encourages the reac-

tion to occur through electrostatic forces. The static contribution includes concepts such

as transition-state binding, the concept that energy gained from the transition-state/protein

interactions feeds into the reaction that is occurring (Nelson and Cox, 2008), and preor-

ganization, the concept that the protein holds the substrates in the correct orientation for

reaction and closer together than they would be in the uncatalyzed reaction (Kamerlin

and Warshel, 2010; Warshel, 1998; Gerlt and Gassman, 1993). Dynamic contributions

to catalysis happen across a wide range of time-scales, including relatively slow motions

involved in substrate binding and product release (Whittier et al., 2013; Desamero et al.,

2003) and, more controversially, faster motions involved in catalysis (Kipp et al., 2011;

Antoniou et al., 2012; Schwartz and Schramm, 2009). These faster motions, typically

subpicosecond, are called rate-promoting vibrations.

1.1.1 Rate-Promoting Vibrations

Rate-promoting vibrations (RPVs) were originally formalized to describe crystalline

phonons in benzoic acid, where symmetric vibrations of the crystal couple to the reaction

can increase the rate of proton tunneling (Antoniou and Schwartz, 1998). Application of

this theory to enzymes began with the calculation of spectral densities in enzymes, finding

specific vibrations coupled to the reaction (Caratzoulas and Schwartz, 2001; Caratzoulas

et al., 2002). To obtain atomistic detail of residues involved in these vibrations, molecu-

lar dynamics methods were then applied to study enzymatic reactions. RPVs have been

found and studied in several enzymatic systems including lactate dehydrogenases (LDHs)
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(Basner and Schwartz, 2005; Quaytman and Schwartz, 2009; Davarifar et al., 2011), hu-

man dihydrofolate reductase (DHFR) (Masterson and Schwartz, 2015), and purine nucle-

oside phosphorylase (PNP)(Núñez et al., 2004; Saen-oon et al., 2008a).

In lactate dehydrogenase, the RPV is associated with hydride transfer, and involves

a protein monomer spanning compression that brings the hydride donor and acceptor to-

gether, lowering the barrier for hydride transfer. In human heart lactate dehydrogenase,

the compression involves residues Q32, L65, M33, G32, V31 on the side of the hydride

donor, and R106 on the side of the hydride acceptor. In human DHFR the RPV is com-

plicated and involves many residues obtained from kernel principal component analysis.

In PNP, the promoting vibration involves a histidine residue which compresses oxygen

atoms in the substrate, polarizing ribose-purine bond so that it is more easily broken.

RPV are typically observed computationally by determination of the reaction coordinate

and experimentally by kinetic isotope effect or mutational studies.

1.2 Experimental Enzymology

1.2.1 Enzyme Kinetics

Computational studies of enzymes have to be in conversation with experimental studies,

which allows the details of computational work to bring light to confusing experimen-

tal studies, while experimental work ensures that computations retain a basis in reality.

Some of the most important experimental measurements are on the rates of enzymatic

reactions, called kinetics. Studies of the kinetics of enzymes are some of the most impor-

tant methods to characterize enzymes. The underlying theory behind enzyme kinetics is

called Michaelis-Menten kinetics after Leonor Michaelis and Maud Menten (Michaelis

and Menten, 2013). The foundation of Michaelis-Menten kinetics is that the substrate

binds to the enzyme before the reaction occurs, forming what is sometimes called the

Michaelis-Menten complex. Michaelis-Menten kinetics is given by,

ν =
Vmax[S]
KM +[S]

, (1.1)
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where ν is the rate of product formation, Vmax is the rate at enzyme saturation, [S] is

the substrate concentration, and KM is the dissociation constant for the Michaelis-Menten

complex (Nelson and Cox, 2008). This dissociation constant is defined as,

KM =
[E][S]
[ES]

. (1.2)

Additionally, Vmax is related to kcat, a rate-constant for catalysis by,

Vmax = kcat[E]0, (1.3)

where [E]0 is the initial enzyme concentration. Michaelis-Menten kinetics can be derived

using a few different sets of approximations, but, in practice, constants such as kcat and KM

are reported for enzymatic reaction without much regard for any underlying assumptions.

This broad application is not incorrect, as long as it is noted that some of the meaning of

these constants is lost with this methodology. The mechanisms of enzymes can be intuited

by finding these kinetic parameters under different conditions, such as with chemically

similar substrates, seen, for example, in Hammett Plots (Hammett, 1937), or with isotopic

substitutions.

1.2.2 Kinetic Isotope Effects

The effect of isotopic substitution on the rate of reaction is so important that it has its

own name, kinetic isotope effects (KIEs). KIEs are widely used in enzymatic studies and

there are a multitude of different types that provide different types of reaction informa-

tion. They are often useful for learning about the transition-states and mechanisms of

enzymatic reactions. KIEs can be classified as either primary or secondary. Primary KIEs

involve the comparison of rates where the isotope substitution occurs in an atom that is

involved in making and breaking bonds in the reaction. This generates fairly large KIEs,

which is better for the signal-to-noise ratio, especially for H/D KIEs, where the ratio of

atomic masses is particularly high. Some primary H/D KIEs have been found to be ex-

tremely high, for example soybean lipoxygenase-1 has a KIE of 81 on kcat (Knapp et al.,

2002). This has been used to argue for transfer via nuclear tunneling in this reaction. Sec-

ondary KIEs involve isotopic substitution anywhere else, most commonly in atoms that
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have reactive motion associated with atomic rehybridization. The size of the secondary

KIE can give mechanistic insight into which atoms are rehybridizing in the important ki-

netic steps of the reaction. Compared to primary KIEs, secondary KIEs are much smaller

and can require careful measurement.

Observing the change in KIE with respect to temperature can also be an educational

experiment, and can inform on changes in the reaction mechanism as a result of tem-

perature. Comparing Arrhenius plots of a reaction with H and D transfer can be used to

distinguish between symmetrical and unsymmetrical transition-states by evaluation of the

ratio of pre-exponential factors, as well as provide a test of nuclear tunneling in the ratio of

pre-exponential factors and the curvature of the plots themselves (Kwart, 1982). Calcula-

tion of the Swain-Schaad exponent is also a useful technique for learning about quantum

dynamics in enzymatic reaction (Swain et al., 1958). The Swain-Schaad exponent relates

the rate of reaction with different isotope in the following form,

kH

kT
=

(
kH

kD

)EXP

, (1.4)

where kA is the rate constant with atom A, which is protium (H), deuterium (D) or tritium

(T), and,

EXP =

(
(mH)

−1/2− (mT)
−1/2

)
(
(mH)−1/2− (mD)−1/2

) , (1.5)

which is the relation of the rates in a semi-classical framework, i.e. including zero-point

energy, but not quantum dynamics. Several studies have cited elevation of the ratio of

rates above EXP as evidence of quantum tunneling in enzymatic reactions (Cha et al.,

1989). KIEs provide information on the reaction that is otherwise very difficult to obtain,

but is unfortunately quite indirect, and can lead to improper conclusions if misinterpreted.

Computational studies can aid in these analyzes due to the atomistic detail that they pro-

vide.
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1.3 Computational Study of Enzymes

Computational study of enzymatic reactions began by studying small subsets of the reac-

tive system surrounded by a vacuum (Loew and Thomas, 1972; Umeyama et al., 1973;

Scheiner et al., 1975). This is not a very accurate as the long range electrostatic forces and

change in dielectric from solvent exclusion are both important components of enzymatic

reactions. To include the entire enzyme in the simulation required the development of a

method that could capture the chemistry of the system while still achieving a moderate

computational cost.

1.3.1 QM/MM

This method came when a technique for combining a quantum mechanical method with

molecular mechanics was developed, called QM/MM (Warshel and Levitt, 1976). This

development allowed a quantum mechanical potential to form the basis for propagating

the region of the system where the reaction is occurring, and for the rest of the protein

to be modeled using a simple molecular mechanics force-field. Since the development

of QM/MM it has become very popular for the modeling of enzymatic reactions, and for

other multiscale modeling applications.

Molecular mechanics was first developed for the simulation of protein folding and

works by simplifying the forces on the protein into a classical force-field (Levitt, 1975;

Levitt and Warshel, 1975). A modern molecular mechanics force-field is found in the

CHARMM program (Brooks et al., 1983, 2009) where the energy function is,

E = Einternal +Enon−bonded, (1.6)

where,

Einternal = Ebonds +EUrey−Bradley(UB)+Eangles +Edihedrals +Eimpropers, (1.7)

and,

Enon−bonded = Evan der Waals +ECoulombic. (1.8)
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The structure of the internal energy terms are as follows:

Ebonds = ∑
bonds

Kb(b−b0)
2, (1.9)

Eangles = ∑
angles

Kθ (θ −θ0)
2, (1.10)

EUB = ∑
UB

KUB(S−S0)
2, (1.11)

Edihedrals = ∑
dihedrals

Kχ(1+ cos(nχ −δ ), (1.12)

Eimpropers = ∑
impropers

Kimp(ϕ−ϕ0)
2, (1.13)

where Kx are the set of parameters corresponding to variable x and v0 is the minimum

energy position for variable v. The form of the non-bonded energy terms are as follows:

Evan der Waals = ∑
i,j

ε

[(
Rmini j

ri j

)12

−

(
Rmini j

ri j

)6]
, (1.14)

ECoulombic = ∑
i,j

qiq j

ε1ri j
, (1.15)

where ε is the Lennard-Jones well depth, ε1 is the effective dielectric constant and i and

j are atom indices. These energy terms, when parameterized correctly, provide a method

to quickly generate the potential surface for large systems.

Of course, the potential is only one half of dynamics. The other half is the propagator

method that describes the way the systems evolves in time on the potential. The equations

of motions are a set of differential equations which need to be numerically integrated over

time. The most common integrators used in molecular dynamics are the Verlet integra-

tor (Verlet, 1967) and the velocity-explicit versions of it, leapfrog (van Gunsteren and

Berendsen, 1988) and velocity Verlet (Swope et al., 1982; Lippert et al., 2007). These

algorithms are all symplectic integrators, so that they are invariant upon time reversal,

which is crucial for the algorithm we use to study rare events, Transition Path Sampling,

described in section 1.4 (van Gunsteren and Berendsen, 1988). In the interest of brevity,

I will only describe the leapfrog algorithm here, which is what I have used in my work.

The characteristic of leapfrog Verlet is that the velocities are calculated at time-points be-

tween the time-points at which the positions are calculated. The equations of the leap-frog
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algorithm are,

v(tn +∆t/2) = v(tn−∆t/2) + m−1F(tn)∆t, (1.16)

x(tn +∆t) = x(tn) + v(tn +∆t/2)∆t, (1.17)

where F(q, tn) is the force on the particular atom. For each atom in the system, there are

six equations that need to be solved for every step, a position and velocity equation for

each degree of freedom. This is the minimum number of equations necessary to solve

the second-order equations of motion for all particles. Since there can be upwards of

one hundred thousand atoms in an explicitly solvated enzymatic system, this makes even

classical molecular dynamics require significant computational resources.

These methods are useful for the study of the dynamics of proteins, but to study a

chemical reaction another method is required which can cope with the making and break-

ing of bonds. For this purpose, a quantum mechanical method is used. In principle, any

quantum mechanical method can be applied to enzymatic systems, but in practice, there

has to be a compromise made between the accuracy of the calculation and the amount of

time that is required. Semi-empirical methods are common, such as AM1 (Dewar et al.,

1985), PM3 (Stewart, 1989a,b) and SCC-DFTB (Elstner et al., 1998; Elstner, 2006). DFT

and ab initio methods are also used.

Another important point is that the quantum mechanical method in QM/MM is typ-

ically used only to generate the potential for the QM, dynamics is still propagated clas-

sically. If it is believed that quantum dynamics, e.g. tunneling, may be important in the

reaction, then some special techniques must be used to account for this type of motion.

One such technique is called centroid molecular dynamics (CMD) (Cao and Voth, 1993,

1994a,b,c,d; Kinugawa et al., 1997), which is a discretization of the Feynman Path In-

tegral formulation of quantum mechanics(Feynman and Hibbs, 1965). The fundamental

entity in the Feynman Path Integral formulation is the propagator, K, and it is the prob-

ability amplitude for a particle to travel along a certain path from x at t to x′ at t ′. The

propagator is defined as,

K(x, t;x′, t ′) =
∫∫

exp

(
i
h̄

Sc(x(t))D[x(t)]

)
, (1.18)
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where Sc is the classical action, and the integral is over all paths, x(t). The wave function,

the probability amplitude as a function of time and position, can be retrieved from the

propagator by the following relation,

Ψ(x′, t ′) =
∫

K(x, t;x′, t ′) dx dt. (1.19)

In classical mechanics, the minimization of the classical action, or, more accurately, find-

ing the stationary point in the action, gives the classical path. In quantum mechanics, the

probability amplitude is determined by contributions of all possible paths to the propa-

gator. Quasiclassical systems lie somewhere in between the fully quantum and classical

limits, where multiple paths need to be considered, but all paths that contribute signifi-

cantly to the probability amplitude are near the classical path.

Quasiclassical systems, such as nuclear tunneling at room temperature, are suitable for

quasiclassical quantum methods such as CMD, which was first integrated into CHARMM

by Antoniou and Schwartz (2009). CMD dynamically samples the region close to the

classical path by expressing a particle as the centroid of a necklace of small beads con-

nected by harmonic potentials. The details of the centroid formalism and its integration

into CHARMM can be found in Appendix A.

1.3.2 Transition-State Theory

To understand the benefits of transition path sampling it is important to have some un-

derstanding of the possible alternative methods. For that reason, the family of methods

which rely on transition-state theory (TST) are described here. TST was first developed

by Eyring (1935), Horiuti (1938), and Wigner (1938). TST provides an expression for the

mean residency times in two sets which partition configuration space (Vanden-Eijnden

and Tal, 2005). It is often used to calculate the rate of transition between two metastable

regions of configurations space, which are subsets of the two sets mentioned previously.

An example of this would be the calculation of the rate of a chemical reaction. This con-

version between residency times and rates is not exact as the rate counts every crossing

of the dividing surface between the sets partitioning configuration space, regardless of

whether the metastable subset is reached. The rate calculated through TST therefore pro-
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vides an upper bound on the true rate, and the constant which relates the two is called the

transmission coefficient,

ν = κ νT ST , (1.20)

where ν is the true rate, κ is the transmission coefficient and νT ST is the rate found

through TST (Truhlar, 2010). Crossing of the dividing surface that does not reach the

metastable state or crosses multiple times before reaching the metastable state is called

recrossing. The transmission coefficient is maximized at unity when there is no recross-

ing. For a set of metastable states the dividing surface can be any surface that partitions

configuration space to separate them. These dividing surfaces occur at different places

in the reaction and have different amounts of recrossing. Allowing the dividing surface

to vary to maximize the transmission coefficient is called variational transition-state the-

ory (vTST) (Truhlar and Garrett, 1980). Variational optimization of the dividing surface

is efficient when the initial dividing surface has a relatively low amount of recrossing

(Vanden-Eijnden and Tal, 2005). When the recrossing is high, the error is large compared

to the transmission coefficient and the form of the transmission coefficient with respect

to dividing surface is obscured. This causes vTST to be inefficient at calculating accurate

rates when the initial reaction coordinate has a small transmission coefficient.

In addition to recrossing, another limitation of TST is the calculation of the energy

along the reaction and the separability arguments that are generally assumed in such a

calculation. The TST rate, with dividing surface S is given as,

νS =

√
2

πβ
Z−1

∫
S

e−βE(x)dσ(x), (1.21)

where β is (kbT )−1, E is the energy, and Z is the partition function. The energy is usu-

ally calculated by performing a potential of mean force (PMF) calculation, originally

developed by Kirkwood (1935, 1936) and Onsager (1933). While a PMF calculation can

be performed on any trajectory from molecular dynamics, enzymatic reactions generally

have barriers well over kT , making them inaccessible for unbiased molecular dynamics.

One of the most popular ways to sample a reaction barrier is umbrella sampling (Torrie

and Valleau, 1977; Major and Gao, 2007). Umbrella sampling parameterizes the reac-

tion along some reaction coordinate, q, that connects the reactant and product regions.
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Then, multiple simulations are performed with a harmonic biasing potential constraining

the system to stay near a certain value of q. After obtaining these simulations, they are

combined to generate the PMF along the q path.

In umbrella sampling, as well as in other PMF calculation schemes, the motions of the

system are implicitly grouped into two sets, the motion along the defined reaction coordi-

nate and the motions transverse to this coordinate. While the motions along the reaction

coordinate are fully included in the calculation, the transverse motions are only included

through the partition functions. This presumes a separation in time-scales between the

two sets of motions, called the equilibrium solvation assumption (Hynes, 1985), which

is invalid in many systems; for example, if the defined reaction coordinate contains no

protein motion, as is typical, and the protein has a RPV that participates in the reactions

(Miller, 1976; Pineda and Schwartz, 2006). Even when vTST is used, often the divid-

ing surface is only a single, planar coordinate that is optimized, which is not enough to

capture the full range of possible reaction coordinates (Vanden-Eijnden and Tal, 2005).

In fact, in situations where a RPV is involved, TST will actually underestimate the rate,

making variational minimization of the rate fruitless.

1.4 Transition Path Sampling

Another way to study rare events, which fully includes protein motion and avoids the dif-

ficulty of knowing exactly the reaction coordinate, is transition path sampling (TPS). TPS

is a Markov Chain Monte-Carlo method which samples the reactive trajectory space of a

transition (Bolhuis et al., 2002; Dellago and Bolhuis, 2007; Dellago et al., 2001; Bolhuis

et al., 1998). This transition could be a chemical reaction, and will be in my use of the

technique, but could be any transition between stable or metastable states (Bolhuis et al.,

1998). For TPS, the configuration space of the system of interest is partitioned into two

states, A and B, and the transition between the two is parameterized by an order parameter.

The first step for TPS is to generate an initial seed trajectory to begin the reactive trajec-

tory ensemble. It is necessary to use some special technique to generate this trajectory

because rare events do not occur on their own in a reasonable time. This can theoretically
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be done using any mechanism and many methods have been used. These include tar-

geted MD, high-temperature MD and umbrella sampling. Targeted MD (Schlitter et al.,

1994; Ferrara et al., 2000) and umbrella sampling both apply constraints to the active site

of the enzyme to draw the site into the product conformation, whereas high-temperature

MD simply uses the increased thermal energy to allow high-energy barriers to be crossed

on a more reasonable time-scale. Another popular, simpler method is to simply place

constraints in the active site to pull the atoms into their reactive conformation, which is

similar to targeted MD but different in the way that the constraints are applied (Basner

and Schwartz, 2005). Any of these methods for generated an initial reactive trajectory

create a trajectory that is to some degree non-physical, but the bias is removed from the

ensemble through subsequent perturbation sampling.

Once the initial trajectory is obtained it is used to generate the next trajectory using a

perturbation technique known as the shooting move (Bolhuis et al., 1998). The shooting

move begins by first randomly selecting a time slice, t ′ in the earlier trajectory, xo. This

time slice has a set of coordinates qt ′ and a set of momenta po
t ′ . The momenta are then

perturbed by adding momenta p∗, which are chosen from a Gaussian distribution centered

at zero and scaled to achieve ideal sampling. Dynamics then proceeds forward and back-

ward in time using coordinates q′t and the perturbed momenta pn
t ′ , where pn

t ′ = λ p∗+ po
t ′

and λ is the scaling factor. This generates a new trajectory, xn. The new trajectory is

accepted or rejected based on a Metropolis criterion,

Pacc[xo→ xn] = hA[xn
0]hB[xn

τ ] × min[ 1,
ρ(xn

t ′)

ρ(xo
t ′)

], (1.22)

where Pacc[xo → xn] is the probability of accepting xn, which was generated from xo,

hA[xn
0]hB[xn

τ ] is the reactive term that is unity if xn begins at t = 0 in region A and ends at

t = τ in region B, and ρ(xt ′) is the statistical weight of trajectory x at t ′ (Dellago et al.,

2001; Metropolis et al., 1953). It is important to note that equation 1.22 is a simplification

of the full Metropolis rule for the case where the generation probabilities for phase space

modifications are symmetric. The Metropolis rule is further simplified in the case of

microcanonical sampling. In this case, an extra step is added to the shooting move where

the kinetic energy of xn
t ′ is scaled to the kinetic energy of xo

t ′ , making it so that the statistical
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weight on each ensemble is equal at t ′. This simplifies the Metropolis rule into only the

reactive term,

Pacc[xo→ xn] = hA[xn
0]hB[xn

τ ]. (1.23)

It has been shown that canonical and microcanonical TPS sampling produce similar re-

sults, which I believe would converge to even more similar results given sufficient time

(Masterson and Schwartz, 2014). Once a new trajectory is generated by the shooting

move and accepted, it is added to the reactive trajectory ensemble and used as the seed

trajectory for the next perturbation. In this way, trajectories are generated for the reactive

trajectory ensemble until sufficient sampling is achieved. A diagram of the shooting move

can be found in Figure 1.2.

Figure 1.2: Diagram of the shooting move, with an initial reactive trajectory, green, going
from the reactant to the product region. The blue trajectory is generated from perturbing
the initial momentum, pi, to the final momentum, pf, and then propagating dynamics
forwards and backwards from the point of perturbation.

1.4.1 Ensemble Analysis

Once an ensemble has been generated, the analysis of that ensemble can begin. The sim-

plest analysis techniques involve examining important distances to find reaction timings

and the order of different motions. This requires some chemical intuition about what

motions are relevant to the chemical reaction. Motions that are often examined are the
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distances between atoms that are forming or breaking bonds. In particle transfer reactions,

the distance of the donor and acceptor are another useful measure as they are directly re-

lated to the size of the barrier to transfer. Graphs of these distances can give information

on the timings of different reactive motions and an idea of the barrier to particle transfer

in different trajectories. Examples of this type of analysis can be found in work by Mas-

terson and Schwartz (2014),work by Saen-oon et al. (2008b) and all of the work I will

describe in the following chapters.

Figure 1.3: A diagram of the random shootings of committor calculation, shown here
from the configuration at time point t2. Near the middle of the trajectory, as t2 is, the
committor will be somewhere near 0.5. At the beginning and end of the trajectory, as t1
and t3 are, the committor will be near 0 and near 1 respectively.

Another technique for analysis of TPS ensembles is committor analysis. Calculation

of the committor allows for a rigorous, quantitative description of the reaction coordinate

process. The committor was originally developed to study ion-par recombination (On-

sager, 1938; Geissler et al., 1999), then repurposed for protein folding (Du et al., 1998;

Bryant et al., 2000), before being applied to the study of TPS ensembles (Bolhuis et al.,

2002).To find the committor, pB(x, t), at a point in a trajectory, t ′, dynamics is begun

using qt ′ and momenta assigned randomly from a mass weighted Boltzmann distribution

appropriate for the temperature at which the simulation is conducted. Dynamics is run to

a predetermined time point, at which the order parameter is assessed and the endpoint is

categorized as ending in region A, B, or somewhere outside these regions. This process
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is repeated until the sum of trajectories ending in A or B reaches some predetermined

number. Once the required number of trajectories have been obtained, the commitment

probability at t ′ is defined as the fraction of these trajectories that ended in B. A graphical

representation of this process is shown in figure1.3. Once the committor has been found

for a number of points in a trajectory, these can be combined to describe the reaction

progress through the trajectory. An example of a graph of committors is shown in figure

1.4. As can be seen in the graph, the committor of a trajectory for a typical enzyme,

i.e. one where the transient time is much less than the exponential relaxation time, spends

most of the time in the stable states, A and B, and a small amount of time crossing between

them. As a trajectory passes through the dynamical bottleneck, that is when pB 6= 0 or 1,

it passes through the transition-state, defined as pB = 0.5. The collection of transition-

states for trajectories within a TPS ensemble lie on the transition-state surface, called the

separatrix (Bolhuis et al., 2002; Klosek et al., 1991).
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Figure 1.4: An example committor for a single trajectory, with a full view on the left and
a close-up of the reactive region on the right.

Once several transition-states have been found for a TPS ensemble, these can be used

to test whether a speculative reaction coordinate is a good approximation of the true re-

action coordinate through a method called committor distribution analysis (Bolhuis et al.,

2002; Quaytman and Schwartz, 2007). This method involves starting constrained dynam-

ics from a transition-state with constraints chosen to restrict motion along the reaction

coordinate. When dynamics is completed, the committor is calculated throughout the



29

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Commitment Probability

0

2

4

6

8

10

12

14

16

18

20
C

o
u

n
ts

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Commitment Probability

0

2

4

6

8

10

12

14

16

18

20

C
o

u
n

ts

Figure 1.5: Example committor distributions using simulated data. On the left is an ex-
ample of a committor distribution revealing an excellent guess of the reaction coordinate.
The right panel is an example of a committor distribution revealing a poor guess of the
reaction coordinate.

constrained dynamics. If the constraints were able to restrict motion along the reaction

coordinate, then the system remained close to the separatrix, and the distribution of com-

mittors from dynamics will be a narrow distribution around 0.5. If the distribution is wide

or centered far from 0.5, the dynamics was not restricted to the separatrix and the con-

straints did a poor job of restricting reactive motion. This procedure is then done with

a number of transition-states from a TPS ensemble and the committor distributions are

combined to achieve a full understanding of the quality of the reaction coordinate. An

example of a committor distribution with a good and a bad reaction coordinate guess is

shown in Figure 1.5. This procedure can be done a number of times to get information

about the reaction coordinate and what protein motion, if any, play a role in the reaction.

We have applied these methods to three different systems to learn more about the

way that subpicosecond protein motions are coupled to the reaction. A description of the

computational resources used for the work presented can be found in Appendix B. In the

first study, we examined yeast alcohol dehydrogenase to quantify the amount of hydride

tunneling in this reaction using a quantum method that we added into our computational

toolkit. Our goal with this study was to develop new methods to compare different en-

sembles of reactive trajectories while shedding light on the degree of nuclear quantum
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dynamics in this system. In the second study, we identified a new type of allostery by

targeting protein motions in an attempt to disrupt the reactive motion and reduce the rate

of reaction. This opens the door to a new type of drug development, targeting enzymes

not with a transition-state analog, but with novel allosteric effector that modifies the rate

of chemistry instead of substrate binding. In the third study, we took two apicomplexan

lactate dehydrogenases, which evolved through a different route than previously stud-

ied lactate dehydrogenases, to see if they shared the same coupling between the reaction

and the subpicosecond protein motion. This was done by generating reactive trajectory

ensembles and using those ensembles to find the reaction coordinate in the two enzymes.
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CHAPTER 2

Particle Transfer in Enzymatic Reactions

Adapted with permission from Dzierlenga, M. W., Antoniou, D. and Schwartz, S. D.

(2015). Another Look at the Mechanisms of Hydride Transfer Enzymes with Quantum

and Classical Transition Path Sampling. J. Phys. Chem. Lett., 6(7), pp. 1177-1181.

Copyright 2015 American Chemical Society.

One of the first clues of the importance of nuclear tunneling in enzymatic reaction

was the calculation of the Swain-Schaad exponent in yeast alcohol dehydrogenase by

Cha et al. (1989). Since then, numerous enzymes have been found which contain nuclear

tunneling as part of their reaction. Reviews of tunneling in enzymes can be found in work

by Antoniou et al. (2006), Layfield and Hammes-Schiffer (2014), and Truhlar (2010).

Nuclear quantum dynamics has been found to be most important in reactions involving

the transfer of hydrogen atoms and protons, due to the small size of the hydrogen atom. As

mention in the introduction, direct experimental measures of tunneling and other quantum

effects are not available, and researches must use indirect measures, such as KIEs to try

and identify these effects. Compared to these experimental techniques, computational

techniques provide an atomistic, direct measure for analysis of quantum tunneling in these

systems, and provides an excellent complement to experiment. To add our computational

viewpoint to the oeuvre of enzyme tunneling experiments, we choose to examine the

classic enzyme yeast alcohol dehydrogenase using new computational techniques.

2.0.1 Yeast Alcohol Dehydrogenase

The alcohol dehydrogenase (ADH) enzymes from Saccharomyces cerevisiae have been

studied since the dawn of enzymology, before enzymes were even known to be proteins.

This is mainly due to the economic importance of these enzymes in the fermentation of

alcohol in brewing and wine-making, since S. cerevisiae is the yeast that is responsible
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for this process, as well as leavening bread. ADHs are part of the oxidoreductase protein

family and catalyze the interconversion between alcohols and the corresponding aldehyde

or ketone (de Smidt et al., 2008). These enzymes typically use nicotinamide adenine din-

ucleotide (NAD) or nicotinamide adenine dinucleotide phosphate (NADP) as a cofactor.

The most studied of these enzymes in this yeast is YADH-1 (when only YADH is stated,

YADH-1 is implied), which primarily is responsible for the conversion of acetaldehyde

to ethanol. The other cytosolic ADH in this yeast is YADH-2, which is repressed by

glucose. At the organism scale, it is thought that S. cerevisiae uses YADH-1 to produce

ethanol from available carbohydrates to outcompete microbes with a lower alcohol toler-

ance. Once sugars are no longer in high supply, expression changes to mainly YADH-2

which can now convert the alcohols back for use as another carbon source.
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Figure 2.1: Diagram of the YADH active site showing the active site zinc, its coordinating
ligands, part of NAD+, and the substrate, which has transferred a proton to His48 through
the pictured hydrogen bonding chain. R is a diphosphate linking to adenosine.

YADH is a homo-tetramer with 347 amino acids in each monomer (Ganzhorn et al.,

1987). Each monomer contains an active site, which binds NAD, which acts as the co-

factor, and a Zn2+ ion, which is crucial for catalysis (Coleman and Weiner, 1973). In
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each monomer there is also an additional Zn2+ in a structural motif (Bolle et al., 1997;

Yang and Zhou, 2001). A diagram of the important residues of the active site is shown in

Figure 2.1. The mechanism of YADH is an ordered bi-bi reaction, with NADH binding

first. When the alcohol binds, it displaces a water molecule at a coordination site of the

active site Zn2+, which polarizes the alcohol, shifting its pKa such that the proton can

be transferred to His-51 through a hydrogen bonding chain. The proton abstraction is an

equilibrium step, which is followed by a much slower hydride transfer from the carbon

to which the alcohol oxygen is attached to the nicotinamide ring of NAD, forming the

carbonyl and converting the NAD to NADH. It is this hydride transfer that is the focus on

this study.

2.1 Methods

2.1.1 System Preparation

As with most computational studies of biomolecular systems, the starting point for this

study was a crystal structure of YADH (PDB accession number 2HCY) (Ramaswamy

et al., 1994; Raj et al., 2014). This structure was crystallized as a dimer, with 3-

trifluoroethanol bound in both active sites and 8-iodo NAD bound in only one active

site. For the purposes of my study, 3-trifluoroethanol was converted to benzylate by

substituting the trifluoromethyl group with a phenyl group and removing the proton and

iodine atom on NAD was replaced with hydrogen.This conversion was done to replicate

the experimental studies, performed with benzyl alcohol and NAD (Cha et al., 1989). It

has been shown that benzyl alcohol exposes the chemical step in the reaction of YADH

by making the hydride transfer rate-limiting (Klinman, 1972). The computational work

was performed with the biological unit produced by the crystal structure authors. This

tetramer had NAD in two active sites and benzylate in all four active sites. The system

was then set-up for molecular dynamics within the CHARMM program (Brooks et al.,

1983, 2009). Parameters were generated for the benzylate ion using the CHARMM gen-

eral force field version 0.9.6 (Vanommeslaeghe et al., 2010; Vanommeslaeghe and MacK-

erell Jr., 2012; Vanommeslaeghe et al., 2012). Parameters for the other parts of the system
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were readily available in the CHARMM force field version 27 (Field et al., 1990). To pre-

dict the protonation states of ionizable residues, the Maestro Protein Preparation Wizard

(Schödinger Software Suite, 2012) was used, in particular histidine 48 was protonated as

the receiver of the benzyl alcohol proton . The system was then partitioned into a quantum

and molecular mechanics region, with the quantum region consisting of the nicotinamide

ring of NAD, the benzylate anion, the Zn2+ atom, and its coordinating residues, a histi-

dine and two cysteines, which were in thiolate form. The boundary atoms for this region

were the α-carbons of the coordinating residues and the C5 carbon of the NAD ribose.

These boundary atoms were treated by the generalized harmonic orbital (GHO) method

(Gao et al., 1998). A modified PM3 method (Stewart, 1989a,b) was used for the quan-

tum region, which was modified to better simulate the biological Zn2+ (Brothers et al.,

2004). The system was explicitly solvated in a 130 Å sphere of pre-equilibrated TIP3P

water molecules (Jorgensen et al., 1983) and neutralized with 20 potassium atoms that

were placed randomly in the solvating water.

Once the system was partitioned into QM and MM regions and otherwise prepared for

molecular dynamics, the system was minimized, first with the steepest descent method

for 50 steps, and then with the adopted basis Newton-Raphson method for 1810 steps,

with constraints on the protein that were gradually decreased throughout the dynamics.

Minimization was begun with the MM method applied to the entire system, but QM/MM

was used for the final 500 steps. The system was heated to 300 K in a 300 ps dynamics

run, with a time-step of 1 fs. The temperature was increased by discrete steps of 0.1 K per

100 steps for the first 1000 steps, followed by 1.0 K per 1000 steps for the following 299

000 steps. After heating, the system was equilibrated for 300 ps, again with the standard

time-step of 1 fs.

2.1.2 Transition Path Sampling

Starting from the equilibrated structure, a number of TPS ensembles were generated,

with the system partitioned into a reactant and product region based on the position of

the transferring hydride. The reactant region was defined by a donor-hydride distance of

less than 1.35 Åand the product region was defined by a acceptor-hydride distance of less
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than 1.35 Å. When the hydride was farther that 1.35 Åfrom the donor and acceptor or

in the unlikely case that the hydride is within 1.35 Åfrom both the donor and acceptor,

the system was in the intermediate, reactive region. Three different TPS ensembles were

generated with different propagation schemes as well as a an ensemble with deuterium as

the transferring particle. The first ensemble, the classical ensemble was propagated with

traditional QM/MM. The second ensemble, the CMD1 ensemble, used the CMD method

for the transferring hydride and traditional QM/MM for the rest of the system. A third

ensemble, the CMD3 ensemble, used the CMD method for the transferring hydride and

the two hydrogen which rehybridize as the hydride transfers and traditional QM/MM for

the rest of the system. A final ensemble, the CMD-D ensemble, replaced the transferring

hydride with a deuteride, and used the CMD method only on it. Microcanonical sampling

was used in the generation of the TPS ensembles and 500 fs trajectories were generated.

Eight beads were used for each CMD particle. Eight beads were chosen as they were

the minimum amount that produced reasonable results. TPS with normal QM/MM is

very time consuming, and the addition of the CMD propagation significantly increases

the computational expense, making it necessary to make CMD as cheap as possible. We

found that using a smaller time-step of 0.5 fs was necessary for the CMD to consistently

converge. Ten bead propagation time-steps of 0.05 fs occurred between each full 0.5 fs

propagation.

An initial reactive trajectory was generated using harmonic constraints to compress

the donor and acceptor carbons and the transferring hydride and acceptor carbons. One

seed trajectory was shared between all the hydride ensembles, generated with the ’classi-

cal’ method, with CMD methods, when applicable, applied for first shooting of TPS. A

separate seed trajectory was generated for the deuterium ensemble.

2.2 Results

Once the TPS ensembles were completed, they could be analyzed and the effects of quan-

tum dynamics could be seen. The number of trajectories in each ensemble, along with

the reactive trajectory acceptance ratio, can be found in table 2.1. The acceptance ratio is
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inversely proportional to the strength of perturbation used for the shooting move, which

is varied within an ensemble to achieve the best sampling. If the acceptance ratio is very

high, the trajectories in the ensemble will all be very similar, i.e. each new trajectory

is perturbed only slightly from the preceding trajectory. If the acceptance ratio is very

low, new trajectories with be significantly different from their preceding trajectories, but

most of the computational time will be spent simulating non-reactive trajectories. Studies

have shown that the ideal sampling is provided by an acceptance ratio between 50 and

25% (Dellago et al., 1999; Creutz, 1987; Jayaram, 1996). In all ensembles we were able

to keep the perturbation high enough that we were sampling new trajectories through-

out the ensemble, but, judging from the acceptance rations, in some ensembles a lower

perturbation would have sampled more efficiently with respect to computer time.

ensemble number of trajectories acceptance ratio DAD (Å)
Classical 101 21.8% 2.78 ± 0.06
CMD 35 38.9% 2.72 ± 0.09
CMD3 20 17.4% 2.69 ± 0.27
CMD-D 35 30.4% 2.70 ± 0.04

Table 2.1: Number of trajectories for each of the YADH ensembles, with the reactive
trajectory acceptance ratio and the donor-acceptor distance (DAD) at the point of hydride
transfer.

For analysis of these TPS ensembles, we included every 5th trajectory starting with the

10th in analysis. Neighboring trajectories are somewhat correlated and taking an equally

spaced subset of the ensembles reduces error due to this correlation. In some cases,

TPS ensembles provide useful things simply from examination of reaction timings and

important distances in the trajectories. In this case, it was noted that the donor-acceptor

distance (DAD) at the time of hydride transfer, determined by the point at which the

hydride was equidistant to the donor and acceptor, did not significantly change between

ensembles, shown in table 2.1. In fact, if one were to ignore the large distributions, the

distance actually decreases. It’s not clear why the CMD might produce an ensemble with

a smaller average DAD. If quantum tunneling played a significant role in the reaction, one

might expect that the CMD ensemble would be able to transfer over a longer distance, due
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to the CMD producing a similar effective barrier over a longer distance compared to the

classical propagation.

Another sign of crucial quantum dynamics effects would be a large classical barrier

for particle transfer, in the range of 10-20 kcal/mol, with a much smaller barrier for CMD

transfer. This size of classical barrier would be insurmountable typically, and one might

reasonably expect that no reactive trajectories would be obtained from sampling a system

with a barrier this high. However, because TPS samples the reactive trajectory space,

it can include trajectories that have unphysically high barriers if only unphysically high

barrier exist. To compare the particle transfer barriers between different TPS ensembles,

we used a calculation of the free energy for particle transfer by averaging the work on the

particle as the reaction occurs over the ensemble. The work on the particle as it reacts, W ,

is simply the negative integral of the force F on the particle over its path, s,

W =−
∫

F ·ds. (2.1)

Unfortunately, the forces for the particle to cross the reactive barrier and the nonreactive

forces for the particle to oscillate in its bond are the same magnitude, making it difficult

to distinguish the barrier to transfer. To isolate the reactive motions, we projected the

transferring particle motion onto the DAD which eliminates motion of the hydride that is

not associate with the barrier to reaction.

The average barriers for each ensemble are shown in table 2.2. As can be seen from

these data, the average classical barrier is much too low for tunneling to play a major role

in the reaction. The CMD ensemble has a lower barrier and the difference between the

classical and CMD ensembles is consistent with the difference from inclusion of zero-

point energy, not with tunneling. The barrier for the CMD3 ensemble is the same as the

CMD ensemble, showing that quantum coupling between the transferring hydride and the

rehybridizing hydrogen does not significantly lower the barrier to reaction.

It is important to note that the barrier presented here is not the barrier that is typi-

cally measured experimentally or computationally as the free energy barrier of reaction,

because that barrier includes much more that just the barrier to particle transfer. It in-

cludes any protein compression to reach the reactive conformation, compression of the
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ensemble barrier (kcal / mol)
Classical 0.97
CMD 0.28
CMD3 0.32
CMD-D 1.05

Table 2.2: Average barrier height for transfer of the reactive hydride in YADH with dif-
ferent propagation schemes.

substrates to lower the DAD, and rotation of the substrates into the ideal configuration for

reaction. All these play a role in the free energy of reaction and, together with the barrier

to particle transfer, for the full free energy barrier for the reaction. This free energy is

relevant for the rate of reaction, obtainable through TST, but it is not the barrier that is

relevant for tunneling. The barrier relevant for tunneling is the microscopic barrier that

the particle experiences as the reaction occurs. This barrier is the barrier that is obtained

by the ensemble average of the work done on the particle.

We computed the barrier with deuteride so that we could compare our results to an

experimentally obtainable metric, the primary H/D KIE, which is 3.4 for YADH with

benzyl alcohol (Klinman, 1976). Converting that ratio into a free energy barrier, using

the assumption that the KIE is due completely to a difference in the energy barrier for

particle transfer, produces a difference of 0.72 kcal/mol. In our study, the difference

between the CMD-D and CMD ensembles was 0.77 kcal/mol, which agrees fairly well

with the experimental value.

Additionally to confirm the validity of our barrier method, we performed a similar

calculation on human heart Lactate Dehydrogenase (LDH), the main enzyme studied in

Chapter 3, and a more detailed explanation of its reaction can be found there. Data from

this study can be found in table 2.3. In LDH, the reaction occurs by a proton and hydride

transfer that occur at relatively the same time, so both transfers are included in the TPS

ensemble. In the CMD system, both the proton and hydride are propagated using the

CMD method. Other than that detail, the reactions catalyzed by LDH and YADH are quite

similar. For the classical and CMD ensembles in LDH, 20 trajectories were generated.
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ensemble DAD (Å) barrier (kcal / mol)
Classical 2.77 ± 0.02 7.77
CMD 2.85 ± 0.03 3.61

Table 2.3: Data from the auxiliary calculation on LDH including the DAD at the point
of hydride transfer and the average transfer barrier for hydride transfer, with and without
CMD.

The classical barrier in LDH is quite a bit bigger than the barrier in YADH. It is im-

portant to note that the barrier reported is for just the barrier to hydride transfer, calculated

in the same way as in the other system; it is not some combination of the proton and hy-

dride barriers. The decrease in the average barrier when the CMD method is used shows

a moderate difference, but not higher than can be attributed to a zero-point energy effect.

This minimum DAD, however, does show an increase with quantum propagation that is

consistent with tunneling effects.
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Figure 2.2: Distribution of barriers for the transfer of hydride in YADH (left) and LDH
(right) with different propagation schemes, displayed as box plots. The middle line is the
median; the box denotes the first and third quartile; the whiskers represent the last data
point within 1.5 of the interquartile range; boxes denote data outside this range.

Examination of the width of the distribution of energy barriers is also useful for under-

standing the role of quantum dynamics in these systems. These distributions are shown in

figure 2.2. The distribution in all of the ensembles is very large, which shows the high de-

pendence of the barrier to particle transfer on the precise configuration of nearby residues.

All of barriers in the YADH are too small to be dominated by tunneling as opposed to over
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the barrier transfer. LDH, on the other hand, has barriers high enough that tunneling may

play a role and barrier low enough that they will easily classical accessible.

2.3 Discussion

We found that in YADH the barrier to hydride transfer is not high enough for tunneling

to play a significant role in the hydride transfer and the minimum DAD near the transfer

was similar in all ensembles, also evidence for a lack of quantum effects in the transfer.

The experimental barrier for the hydride transfer step has been found to be 15.6 kcal/mol

(Alhambra et al., 2000; Sekhar and Plapp, 1990; Shearer et al., 1993). Based on the

high barrier for the entire step and low barrier for the actual transfer, most of the barrier

must come from the search for the reactive conformation, not the transfer itself. In LDH,

however, we found a moderate barrier that are consistent with a system where the reaction

has participation from both over-the-barrier and through-the-barrier effects. The increase

in DAD is also evidence that quantum effects play a role in the reaction. One interesting

test we performed on YADH was to observe the barrier in a constrained system, where the

DAD for the hydride was restricted such that it was as high as possible while still being

reactive. In this system, the hydride transferred with a DAD of 3.4 Å and had a barrier

of 28.78 kcal/mol. This high barrier underscores the necessity of protein compressions in

these types of systems.

A sizable question these data leave us with is how our results can be consistent with

earlier experimental results from Cha et al. (1989) that found evidence for tunneling from

isotope effect experiments in YADH. There are a few possible explanations for this dis-

crepancy. The first is a question of the experimental design. The experimental measure-

ments were performed using a mixed labeling protocol, which complicates the interpre-

tation of the results. Additionally, calculation of the Swain-Schaad Exponent is a very

indirect method of observing tunneling (Shelton et al., 2007), and the exponent can also

be elevated due to changes in the tunneling ready state, i. e. the ensemble of configu-

rations from which the particle tunnel (Roston and Kohen, 2013). Either of these could

be at play in creating the discrepancy in our results. The fact that we well produce the
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primary H/D KIE shows that the method of barrier calculation is valid, at least for relative

rates between ensembles.
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CHAPTER 3

Allosteric Drug Design for Protein Vibrations

Adapted with permission from Dzierlenga, M. W. and Schwartz, S. D. (2016). Targeting

a Rate-Promoting Vibration with an Allosteric Mediator in Lactate Dehydrogenase. J.

Phys. Chem. Lett., 7(13), pp. 2591-2596. Copyright 2016 American Chemical Society.

Dzierlenga and Schwartz (2016)

Allostery, the process by which biochemical processes are modulated by binding in a

distant site, is complex and plays a major role in the maintenance of homeostasis in bio-

logical organisms. Examples include glutamate dehydrogenase in animals, which plays a

role in insulin homeostasis (Li et al., 2014), and some bacterial lactate dehydrogenases,

which are activated by fructose 1,6-bisphosphate (Garvie, 1980). Historically, allostery

was seen as a static effect, where an allosteric effector causes a structural change from

one form, active or inactive, to the other. (Tsai et al., 2009) One classic example is

hemoglobin, where oxygen binding shifts the protein from the T to the R state, increas-

ing oxygen affinity and leading to positive cooperativity (Nelson and Cox, 2008; Perutz,

1970). Two phenomenological (Cui and Karplus, 2008) models were developed to fit

these observations of allostery, the MWC (Monod-Wyman-Changeux) model (Monod

et al., 1965) and the KNF (Koshland-Nemethy-Filmer) model (Koshland et al., 1966)

which differ in the way that the structural change propagates through the protein: gradual

tertiary changes in the KNF model and a coordinated quaternary change in the MWC

model. These static models for allostery were derived from stable structures for which

x-ray crystal structures could easily be obtained, but the development of techniques such

as NMR have provided dynamic structural information that allows for the extension of

allostery to dynamic ensembles of states (Motlagh et al., 2014).

The first theory of dynamic allostery was put forward by Cooper and Dryden (Cooper

and Dryden, 1984) even before these dynamic structural methods were available, and pro-

vides a statistical thermodynamic basis for entropically driven allostery. The authors state
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that cooperativity can originate from ligand binding which stiffens the vibrations of the

protein, lowering the entropic barrier to the binding of subsequent ligands. Negative co-

operativity would occur if the ligand loosens the vibrations of the protein. One example of

a dynamically driven allosteric system is catabolite activator protein (CAP), which binds

cyclic adenosine monophosphate (cAMP) with negative cooperativity (Heyduk and Lee,

1989). CAP, which needs to bind two cAMP to allow for DNA binding and subsequent

transcription, does not have a observable conformational change in the second cAMP

binding site upon the first cAMP binding (Tsai et al., 2009; Popovych et al., 2009). Since

there is no change in the average structure, the negative cooperativity must arise from

entropic effects.

Some have argued that the dynamic allostery discussed here is not different from

the ’classical’ static picture (Cui and Karplus, 2008). This argument is in response to

a specific conception of dynamic allostery, which states that allostery results from an

equilibrium shift between preexisting conformations upon binding (Gunasekaran et al.,

2004; Tsai et al., 2009). This specific conception of dynamic allostery as an equilibrium

shift is really a combination of static and dynamics ideas; there is an emphasis on the

dynamic nature of macromolecular structure, but a shift in the equilibrium between states

is also a shift in the average structure. This fails to meet the purely entropic nature of

truly dynamic allostery, but is also not equivalent to a binary shift in structure. Most

systems likely have a combination of dynamic and static factors are at play in transmitting

allosteric signals.

Both static and dynamic allostery are changes in a binding affinity as a result of the

binding of a ligand in another site. In this work, we further extend the concept of dynamic

allostery, with small molecule binding that affects chemistry instead of substrate binding

affinity.This is possible because some proteins exhibit a rate-promoting vibration (RPV),

where subpicosecond protein motions play a role in the reaction coordinate (Antoniou

and Schwartz, 2001). Since bound molecules can alter the dynamics of the proteins to

which they are bound, a small molecule in the right binding site could alter the RPV and

disrupt the native reactive motions. To look for this type of new allostery, we choose

a protein with a well-characterized RPV, human heart lactate dehydrogenase (hhLDH),
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selected a binding site, docked a variety of molecules to the site, then performed TPS

with two different ensembles, with and without the bound molecule.

3.0.1 Lactate Dehydrogenase

The hhLDH enzyme catalyzes the conversion between pyruvate and lactate through re-

duction of a carbonyl, and uses NADH as a cofactor. The reaction occurs through a

proton transfer from a histidine in the active site and a hydride transfer from NADH to

the pyruvate. The reduction of pyruvate plays an important role in regenerating NAD+ in

anaerobic conditions, and serves as the terminal step of glycolysis in some bacteria and

human cells (Nelson and Cox, 2008). A diagram of the active site of hhLDH is shown in

figure 3.1. As mentioned previously, it has been shown that there is a RPV in this enzymes

using a variety of computational methods. (Basner and Schwartz, 2004, 2005; Quaytman

and Schwartz, 2009; Davarifar et al., 2011; Masterson and Schwartz, 2013; Antoniou and

Schwartz, 2016) Knowledge of the parts of the enzyme which play a role in the reaction

coordinate allows for design of a small molecule which targets those motions.
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Figure 3.1: Diagram of the active site in LDH showing the substrate, the protonated histi-
dine which acts as the proton donor, the nicotinamide ring of NADH, and some important
residues that interact with them. R is the rest of NADH, with a ribose bound to a diphos-
phate linker and adenosine.
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3.1 Methods

3.1.1 Docking

Figure 3.2: Structure of LDH with two of four monomers (red and Orange) and the three
possible binding site (black ellipse) shown. The RPV (green), reactive NAD (brown),
reactive pyruvate (blue), and reactive histidine(yellow) are highlighted.

The study began with the crystal structure for human heart LDH (PDB accession num-

ber 1I0Z) (Read et al., 2001). After choosing the site near the rate promoting vibration

and active site shown Figure 3.2, we examined the residues around the site to design com-

plementary molecules. Once designed, LigPrep (Schrödinger Release, 2015) was used

to prepare the molecules for docking which followed. Docking was performed on the

crystal structure and used Glide standard precision docking(Friesner et al., 2006, 2004;

Halgren et al., 2004; Small-Molecule Drug Discovery Suite, 2015). In total 158 different

molecules were docked to this site, and the names and docking scores of these molecules

can be found in Appendix C. Molecules were chosen based on a complementarity to the

chosen binding site in an attempt to achieve good binding characteristics. The molecule

with the best docking score, 2-chloro-N-(3,5-dihydroxyphenyl)acetamide (CPA), shown

in Figure 3.3, was then chosen for further study. Binding interactions of the molecule

with the surrounding protein are shown in Figure 3.4.
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HO OH

HN O

Cl

Figure 3.3: Chemical structure of 2-chloro-N-(3,5-dihydroxyphenyl)acetamide, the small
molecule bound to LDH as the possible allosteric effector.

Figure 3.4: Interactions between CPA and the binding pocket within a 4 Å cutoff from the
molecule. The binding pocket is at the interface between the A and B protein monomers.
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3.1.2 System Preparation

To prepare the system for molecular dynamics, the substrate in the crystal structure, oxa-

mate, was changed to pyruvate by changing the amine group to a methyl group. Hydrogen

atoms were added to the crystal structure using the built-in HBUILD command from the

CHARMM program (Brooks et al., 1983, 2009). The system was then partitioned into

quantum molecular (QM) and molecular mechanical (MM) regions. The QM region in-

cluded the pyruvate, His193, which was protonated to prepare the system for reaction, and

the nicotinamide ring of NADH. The C1 of the ribose ring of NADH and the α-carbon

of His193 were the boundary atoms for the QM and MM regions and were modeled by

the generalized hybrid orbital (GHO) method (Gao et al., 1998). The quantum mechan-

ical region was modeled using the AM1 method (Dewar et al., 1985), and the rest of

the system was modeled using the CHARMM27 force-field (Field et al., 1990). This

QM/MM scheme is similar to how our group has studied this system in previous studies

(Quaytman and Schwartz, 2007; Basner and Schwartz, 2005; Quaytman and Schwartz,

2009; Masterson and Schwartz, 2013). The oxamate in the non-reactive active sites were

also changed to pyruvate, but were modeled classically with parameters generated us-

ing the CHARMM general force-field (Vanommeslaeghe et al., 2010; Vanommeslaeghe

and MacKerell Jr., 2012; Vanommeslaeghe et al., 2012). The system was solvated in a

60 Å sphere of TIP3P water,(Jorgensen et al., 1983) in addition to the crystallographic

waters already present in the system, and neutralized with 35 potassium ions placed ran-

domly in the solvating water. At this point the system was duplicated for the preparation

of two different ensembles, one without a bound molecule and one with CPA.

For the CPA system, CPA was added to the docking site with overlapping water

molecules deleted. Both systems were minimized with 50 steps of steepest-descent, fol-

lowed by 1200 steps of adopted basis Newton-Raphson minimization with constraints on

the non-water atoms that were reduced as the minimization continued. Both systems were

heated to 300 K over 300 ps of molecular dynamics. For molecular dynamics a standard

time-step of 1 fs was used. The systems were then equilibrated for an additional 300 ps.

The potential energy of the system during the equilibration was observed to ensure that
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the system was reaching a stable state. A 0.5 ns production run followed the equilibration

to observe the short time-scale non-reactive dynamics with and without CPA. This length

was chosen to provide an idea of the dynamic perturbation of the small molecule without

allowing the structure to deviate too much from the initial equilibrated structure.

3.1.3 Transition Path Sampling

For TPS, a single microcanonical ensemble was generated for each of the systems. To

generate the initial reactive trajectory, harmonic constraints were applied to the donor

and acceptor of both the hydride and proton and to the hydride-acceptor and proton-

acceptor distances. The equilibrium distances for the harmonic constraints were 1.0

Å for the particle-acceptor distances and 2.8 Å for the DAD of each particle. The

initial force constant was set to 75 kcal/(mol·Å2) for the particle-acceptor distances and

20 kcal/(mol·Å2) for the DAD distances. These force constants were then lowered it-

eratively by 5 kcal/(mol·Å2) until the minimum reactive constraints were reached. The

minimum force constants used for the initial reactive trajectories can be found in Table

3.1.

ensemble P-A H-A P DA H DA
control 70 35 10 0
CPA 65 25 5 5

Table 3.1: Table of force constants in kcal/(mol·Å2) applied to the proton-acceptor (P-
A), hydride-acceptor (H-A), proton DA (P-DA) and hydride DA (P-DA) distances for the
initial reactive trajectories in the control and CPA systems.

For both the control and the CPA ensembles, 200 trajectories were generated, with ac-

ceptance ratios of 31.0% and 29.5% respectively. Committors were calculated for every

20 trajectories in each ensemble, with a focus on obtaining the transition-state configu-

ration for these trajectories. Committor distribution analysis (CDA) was undertaken with

three different sets of constraints. The first constrained only the quantum region of the

system. This should constrain almost all the crucial motions for the reaction, including

donor-acceptor compressions, donor-particle and acceptor-particle motions, and all his-

tidine and nicotinamide ring motion, but it does not constrain any protein motions that
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might play a role in the reaction. The second set of constraints is on the quantum re-

gion and on the residues identified as part of the rate promoting vibration. The protein

was constrained using harmonic distance constraints, R106 β -carbon to the hydride ac-

ceptor, V31 β -carbon to the hydride donor, G32 α-carbon to V31 β -carbon, and M33

β -carbon to G32 α-carbon. The third set of constraints were the alternative RPV con-

straints and were different only in that R106 was constrained to the hydride acceptor by

the ζ -carbon instead of the β -carbon. For the distance constraints, the equilibrium value

was the value at the transition-state value and the force constant for all constraints was

1 000 kcal/(mol Å2). Four different transition-state configurations were used for each

set of constraints, with the final committor distribution being a combination of the four

individual distributions. The constrained trajectories were 250 fs in length and the com-

mitment probability was calculated every 10th step.

3.2 Results

Figure 3.5: Selected residues from the equilibrated structure of the control (blue) and CPA
(green) systems, aligned according to the quantum region. The bound molecule interacts
with residues in the RPV, shifting their position and slightly shifting the position of the
nicotinamide ring.

Examining the structure of the two systems after equilibration, CPA remained bound

in the expected pocket and had somewhat altered the structure of the protein around it.

This is shown in Figure 3.5. Especially notable is a shift in the position of the nicoti-

namide ring, such that the hydride donor-acceptor distance (DAD) was 0.28 Å greater in
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the CPA system than in the control. A 0.5 ns dynamics run was performed to observe

changes in the non-reactive dynamics of the protein. Root-mean-squared fluctuations

(RMSF) for the short dynamics run were calculated and are shown in Figure 3.6. As is

shown in the figure, most regions of the reactive monomer stiffen slightly upon binding

of CPA. Major points of decreased flexibility include the regions around residues 41, 127,

152, and 178, which are all near the surface of the enzyme and distant from the active site.

Residue 41 is at the opposite end of the same α-helix as a part of the RPV and the CPA

binding site and may be directly affected by the bound molecule. The region of increased

flexibility around residue 206 through 220 is a solvent accessible loop region. Arrows on

the figure denote the three regions involved in the RPV in LDH, which consists of residues

31-33, 65-66, and 106 (Basner and Schwartz, 2005; Quaytman and Schwartz, 2007). The

regions around the RPV are not significantly different in RMSF, which raises the question

of whether the bound molecules is having an effect on the dynamics of the RPV at all.

However, since a large RMSF is indicative of a flexible region with large motions, and the

RPV is a stiff, small motion, the RPV would likely not have a large RMSF. Additionally,

the RMSF calculated is of equilibrium motions, which may be different from the protein

motions during the reaction.

A selection of relevant average values for the control and CPA reactive trajectory en-

sembles are shown in Table 3.2. As can be seen from the table, the addition of CPA greatly

increases the lag-time between proton and hydride transfer while slightly decreasing both

the proton and hydride DAD at the point of transfer. An increase in the lag time could

negatively affect the rate of that step of the chemical reaction, but decreased DADs seem

to indicate that CPA actually decreases the barrier to the independent particle transfers.

Clearly these data are not enough to discern the net effect of CPA on the reaction.

Average values for the position of the transition state relative to proton and hydride

transfer and the average transition-state DADs are shown in Table 3.3 In the control sys-

tem, the transition state of the reaction is concomitant with hydride transfer, similar to

earlier studies on LDH (Masterson and Schwartz, 2013; Quaytman and Schwartz, 2007).

In the CPA system however, the transition state is decoupled from the hydride transfer; in

fact, the transition state occurs closer to the proton transfer in this system. This could sim-
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Figure 3.6: Root mean square fluctuation of the reactive monomer of human heart LDH
during the 500 ps production run. The structure with CPA and the control structure are
shown.

ensemble lag time (fs) proton DAD (Å) hydride DAD (Å)
control 48.0 ± 30.4 2.56 ± 0.05 2.73 ± 0.03
CPA 124.7 ± 16.6 2.48 ± 0.05 2.66 ± 0.05

Table 3.2: Table of relevant average values for the two TPS ensembles, including the lag
between the proton and hydride transfer and the average proton and hydride DAD at the
point of proton and hydride transfer, respectively. The point of transfer was defined as the
point at which the particle is equidistant from the donor and acceptor.

ply be a result of the increase in time-lag between the two particle transfers, or a change in

the energetics of the system such that the hydride transfer step is no longer energetically

dominant. The DAD in the transition state ensembles are consistent the transition state

locations, a small hydride DAD for the control system, but a significantly larger hydride

DAD for the CPA system.

Distributions from CDA are shown in Figure 3.7. For the control system with the
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ensemble PT-TS (fs) HT-TS (fs) proton DAD (Å) hydride DAD (Å)
control 45.7 ± 34.1 -3.6 ± 5.6 2.68 ± 0.05 2.78 ± 0.07
CPA 20.7 ± 33.1 -108.9 ± 28.8 2.64 ± 0.17 3.79 ± 0.24

Table 3.3: Table of average position of transition-states relative to particle transfer and
the transition-state DADs from the two TPS ensembles. For the transition-state positions,
positive values are transfer before the transition state and negative values are transfer after
the transition state. As in Table 3.2, the point of particle transfer is when the particle is
equidistant from the donor and acceptor.

quantum region constrained, the distribution was peaked about 0.5, but had significant

counts in the product and near the reactant well. This shows that constraining the quantum

region is sufficient to constrain the majority of the reaction coordinate, but not all of

it. When the protein is constrained along the RPV in addition to the quantum region

constraints the distribution is significantly improved, showing that protein motion along

this coordinate plays a role in the reaction coordinate. In the CPA system, however,

constraint of the quantum region yields a distribution that is peaked about 0.5, with only

a small amount of distribution towards the product well. Additionally, constraining the

protein along the direction of the reaction coordinate yielded a distribution that had a large

amount of counts in the 0.7-0.8 region. This was surprising as, at least in theory, adding

additional constraints to a set of constraints that fixes the reaction coordinate should not

alter the distribution.

3.3 Discussion

Examination of the individual constrained trajectories sheds light on the source of the

difference in CPA committor distributions. When the RPV and quantum regions are

constrained, the end of R106, which is adjacent to the pyruvate, moves away from the

substrate. This is possible because the constraint on R106 is applied only to the β -carbon

of the residue, which is distant from the guanidinium group that interacts with the pyru-

vate. When only the quantum region is constrained the arginine also moves away, but to

a significantly smaller degree. To test the influence of the arginine on the final committor

distribution, we generated a committor distribution with the quantum region and the RPV
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Figure 3.7: Histograms generated from committor distribution analysis, showing the con-
trol (subfigure a, c, and e) and CPA (subfigure b, d, and f) systems with three different sets
of constraints. In subfigures a and b, the quantum region is constrained to the transition
state structure. In subfigures c and d, the protein is constrained along the RPV in addition
to the quantum region with R106 constrained by the β -carbon. In subfigure e and f, the
quantum region and RPV are constrained with R106 constrained by the ζ -carbon.

residues other than R106 constrained in the same way as previously, but with R106 con-

strained to the substrate by the ζ -carbon which is at the center of the guanidinium group.

This distribution is also shown in Figure 3.7.
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The distribution with these modified constraints in the CPA system recovered the dis-

tribution with just the quantum region. This shows that the distance from the guanidinium

group to the pyruvate is in fact important, at least in the CPA system. We also applied the

same modified RPV constraints to the control system, which resulted in a flat distribution.

This indicates that the original RPV is a better reaction coordinate in the control system

than the modified constraints. These distributions suggest that the small molecule changes

the reaction coordinate to exclude the participation of subpicosecond protein motions that

encompass large areas of the protein, but it does not exclude the local interactions of the

pyruvate.

The increased hydride DA distance in the equilibrated structure and removal of protein

motion from the reaction coordinate suggest that the bound molecule increases the barrier

to reaction. However, in seeming contradiction, the decreased DA distance at proton and

hydride transfer and the transition state position farther from the hydride transfer suggest

that the CPA decreases the barrier to reaction. A transition state significantly earlier than

hydride transfer suggests that the barrier to hydride transfer no longer dominates the bar-

rier to reaction. A crucial clue in understanding these data is that TPS can only produce

ensembles of reactive trajectories. It doesn’t provide information on the likelihood of the

reaction happening, only information on how it happens. Additionally, trajectories are

populated according to their statistical weight within an ensemble, but between ensem-

bles, the statistical weight of trajectories cannot be compared. This means that negative

perturbations which do not completely eliminate the possibility of reaction, will still be

able to generate trajectory ensembles.

With this in mind, the decreased minimum DA distances at transfer may not be due to

an increase in reaction probability, but is likely due to a decrease in reaction probability

eliminating trajectories with a longer distance. Here the donor and acceptor move on their

own without mediation of the protein. Additionally, the transition state shift could be due

to a lower barrier to hydride transfer, or other effects, such as an increased barrier to

proton transfer or the increased time between particle transfers. While a lower barrier to

hydride transfer lowers the total overall barrier to reaction, an increase in barrier to proton

transfer and an increased time lag increase the barrier to reaction. Looking at all the data
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as a whole, it appears that the effect of the CPA on the reaction is entirely negative; the

equilibrium structure is disrupted so that it is in a less reactive conformation, the reaction

is forced to react at a smaller distance due to the removal of protein contribution, and the

transition state is shifted with an increased time lag. This is the first representative of RPV

mediated allostery, where a small molecule disrupts the RPV of an enzyme to disrupt the

chemical reaction.
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CHAPTER 4

Evolution of Rapid Protein Dynamics

RPVs have been identified in a number of different proteins, but how they developed and

spread throughout protein families is still unknown. One possible route towards under-

standing this question would be to examine evolutionarily-related enzymes to observe

their subpicosecond motions. Studies of homologs of dihydrofolate reductase (DHFR)

found significant differences in the reaction coordinate, with a rate promoting vibration

found in the human enzyme (Masterson and Schwartz, 2014), but not in the E. coli enzyme

(Dametto et al., 2012; Loveridge et al., 2012). These enzymes have also been shown to

have differences in their millisecond time-scale motion, so it is perhaps not surprising that

the coordinated subpicosecond motion would be different (Bhabha et al., 2013). Another

study that has targeted the question of RPV evolution by targeting protein homologs was

performed by Quaytman and Schwartz (2009), who examined human heart lactate de-

hydrogenase (hhLDH) and Bacillus stearothermophilus lactate dehydrogenase (bsLDH).

These enzymes have a similar fold and 32.7% sequence identity, and were found to have

a similar rate promoting vibration. From these studies it is not clear to what extent a RPV

is shared through the homologs of an enzyme.

The lactate dehydrogenase (LDH) proteins still have some interesting enzymes to

study, especially when their relation with the similar malate dehydrogenase (MDH) pro-

teins is examined. LDH and MDH catalyze very similar reactions, reduction of a single

carboxyl group, and their substrates, oxaloacetate and pyruvate, only differ by an addi-

tional carboxylic acid group in oxaloacetate. In fact, it has been shown that substrate

selectivity can be switched from pyruvate to oxaloacetate by mutation of a single residue,

called the substrate specificity residue, which varies in LDH but is a conserved arginine

in MDHs (Wilks et al., 1988). The opposite is not true for mutation of the substrate speci-

ficity residue in MDHs, where mutation simply eliminates specificity (Nicholls et al.,

1992). Surprisingly, given that the enzymes can be converted between each other with a
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single mutation, phylogenies of MDH and LDH cluster into four major groups, cytoso-

lic MDHs, mitochondrial MDHs, “LDH-like” MDHs, which include the apicomplexan

LDHs, and the other, “canonical” LDHs (Boucher et al., 2014; Madern, 2002; Zhu and

Keithly, 2002; Golding and Dean, 1998). Given that the apicomplexan LDHs evolved

separately from the “canonical” LDHs it would be interesting to see if they share the

same RPV as the previously studied LDHs, human heart and B. stearothermophilus. n

4.0.1 Apicomplexan Lactate Dehydrogenases

Apicomplexa are a phylum of parasitic eukaryotic organisms and include human

pathogens such as Plasmodium falciparum, one of the organisms responsible for malaria,

and Cryptosporidium parvum, responsible for cryptosporidiosis. The LDHs of apicom-

plexa have been shown to originate from a lateral gene transfer of an MDH from α-

proteobacteria (Zhu and Keithly, 2002). A big difference within this group of LDHs

is that the majority, excluding the LDH from C. parvum (cpLDH), have a conserved 5

residue amino acid insertion in the active site loop compared to the “canonical” LDHs

(Boucher et al., 2014). This insertion increases the volume of the active site (Cameron

et al., 2004) and may effect the way that protein motion is transmitted to the substrate

during the reaction. The LDH from P. falciparum (pfLDH) and cpLDH have a sequence

identity of 48.7 % (Zhu and Keithly, 2002) and a comparison of the aligned structures

can be found in the study of Cook et al. (2014). Neither P. falciparum nor C. parvum

have a fully functional Krebs cycle, which makes them reliant on lactic acid fermenta-

tion to survive (Abrahamsen et al., 2004; Cameron et al., 2004). This makes the LDHs

of both enzymes possible drug targets for their respective diseases and understanding the

dynamics of each protein could help target the design of possible drugs. In this study, we

applied TPS with committor analysis and CDA to determine the role of the protein in the

reactive dynamics of cpLDH and pfLDH. This study was performed in collaboration with

Matthew J. Varga who examined the dynamics of pfLDH, while I examined the dynamics

of cpLDH.
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4.1 Methods

The crystal structure of cpLDH (PDB accession number 4ND1) (Cook et al., 2014) was

prepared for TPS by first converting the crystallized oxamate to pyruvate by conversion

of the amide nitrogen to a methyl group. All four monomers contained both pyruvate

and NADH. The system was partition into QM and MM regions, with pyruvate, a nicoti-

namide ring, and the side chain of H175 in the quantum region. This histidine was pro-

tonated to act as a proton donor to the pyruvate. The boundary atoms between the QM

and MM regions were the α-carbon of H175 and the C5 carbon of the ribose adjacent

to the nicotinamide ring and were handled by the generalized harmonic orbital (GHO)

method (Gao et al., 1998). Parameters were generated for pyruvate using the CHARMM

general force-field (Vanommeslaeghe et al., 2010; Vanommeslaeghe and MacKerell Jr.,

2012; Vanommeslaeghe et al., 2012). The AM1 method (Dewar et al., 1985) was applied

to the quantum region and the CHARMM27 force-field (Field et al., 1990) was used for

the remainder of the system. The system was solvated in a 63 Å sphere of TIP3P wa-

ter (Jorgensen et al., 1983) and neutralized with 31 potassium atoms randomly placed

throughout the solvating waters.

After the system was prepared for dynamics, 50 steps of steepest descent minimiza-

tion were performed, followed by 1,400 steps of adopted basis Newton-Raphson min-

imization. This was done initially with strong constraints on the protein and substrate

which were gradually reduced as minimization continued. Minimization was preformed

classical, with QM/MM used afterwards. Heating was performed over 300 ps to a tem-

perature of 300 K and equilibration followed for another 300 ps. For all dynamics, a

time-step of 1 fs was used. A similar system preparation was performed on pfLDH (PDB

accession number 1T2D). To generate the initial reactive trajectories for TPS we applied

harmonic constraints to the proton and hydride with their respective acceptor atoms and

to the donor and acceptor atoms for each transfer. This was done multiple times while

gradually reducing the constraints so that a minimally biased trajectory was generated.

200 reactive trajectories were generated for both enzymes in microcanonical ensembles

with an acceptance ratio of 29.8 % for cpLDH and 24.0 % for pfLDH.
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Committors were calculated for every 25t̂h trajectory within the TPS ensemble, with

an emphasis on obtaining the transition-state configuration. Committor distributions were

obtained with three different sets of constraints for three different transition-states. The

constrained trajectories were 250 fs in length and the commitment probability was calcu-

lated every 10th step. The first set of constraints were the distances between the proton

and proton acceptor, proton and proton donor, proton donor and acceptor, hydride and

hydride acceptor, hydride and hydride donor, and hydride donor and acceptor. The sec-

ond set of constraints included the first set of constraints and added the dihedrals on the

hydride donor and acceptor which rehybridize during the reaction. The third set of con-

straints included the two earlier sets of constraints and added constraints along the RPV

previously described in human heart LDH. These constraints were applied by constrain-

ing the β -carbons of the residues that were in the same positions as the hhLDH residues

in relation to the active site.

4.2 Results

ensemble lag time (fs) proton DAD (Å) hydride DAD (Å)
cpLDH 154.4 ± 74.0 2.54 ± 0.05 2.68 ± 0.14
pfLDH 146.6 ± 67.4 2.57 ± 0.07 2.67 ± 0.07

Table 4.1: Table of relevant average values for the TPS ensembles of cpLDH and pfLDH,
including the lag between the proton and hydride transfer and the average proton and
hydride DAD at the point of proton and hydride transfer. The point of transfer is defined
as the point at which the particle is equidistant from the donor and acceptor.

Select average values from the pfLDH and cpLDH reactive trajectory ensembles are

shown in Table 4.1. These data, the time between proton and hydride transfer and the

proton and hydride DAD at the point of transfer, are similar between the two enzymes and

points towards a similar reaction in both. The average DAD within trajectories, shown in

Table 4.2, shows that despite the similar minimum distance, the average distance for the

proton DAD is higher in pfLDH than in cpLDH. This is because the proton DAD starts

and ends at higher values than in pfLDH. This could be a result of the larger active site
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space in pfLDH, where the substrate can rebound to a longer distance after reaction.

ensemble proton DAD (Å) hydride DAD (Å)
cpLDH 2.98 ± 0.23 3.62 ± 0.40
pfLDH 3.35 ± 0.65 3.73 ± 0.53

Table 4.2: Table of the average DADs for reactive trajectories in cpLDH and pfLDH.

Select average values for the transition-state ensembles of the two enzymes are shown

in Table 4.3. The transition-states for cpLDH and pfLDH are very different as the

transition-state for cpLDH associated with hydride transfer, while pfLDH has a transition-

state close to proton transfer. The hydride-associated transfer is common to the previously

studied LDHs (Masterson and Schwartz, 2013; Quaytman and Schwartz, 2007). The shift

in transition-state in pfLDH is likely due to an increase in the barrier to proton transfer

so that it dominates over the barrier to hydride transfer. This may be due to the increased

initial proton DAD which must compress much more in the pfLDH than in the cpLDH

systems. An alternative explanation for the shift in transition-state would be that the

hydride barrier has significantly decrease relative to the proton barrier, but there is no evi-

dence for that in the substrate configurations. The DADs at the transition-state mirror the

position of the transition-state in each system, with the transition-states in cpLDH having

a lower hydride DAD and the transition-states in pfLDH having a lower proton DAD.

ensemble PT-TS (fs) HT-TS (fs) proton DAD (Å) hydride DAD (Å)
cpLDH 135.5 ± 68.1 -24.8 ± 21.4 2.97 ± 0.14 2.89 ± 0.24
pfLDH 12.4 ± 4.8 -117.9 ± 43.1 2.63 ± 0.06 3.63 ± 0.19

Table 4.3: Table of average position of transition-states relative to particle transfer and the
transition-state DADs from the cpLDH and pfLDH TPS ensembles. For the transition-
state positions, positive values are transfer before the transition-state and negative values
are transfer after the transition-state. As in Table 4.1, the point of particle transfer is when
the particle is equidistant from the donor and acceptor.

The committor distributions with constraints based on earlier studies with hhLDH are

shown in Figure 4.1. For cpLDH, the distribution with the reactive distances constrained

showed a distribution centered around the middle, but with little distribution actually
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at the separatrix. Adding the two dihedrals which rehybridize during the reaction into

the constraints significantly improved the distribution. Additionally including protein

residues found in the rate promoting vibration of hhLDH continues to improve the dis-

tribution, with a very well-balanced distribution centered around 0.4. These distributions

show that the RPV developed with hhLDH is a good reaction coordinate for the reaction

of cpLDH. For the distributions in pfLDH, however, the initial constraints were a poor

reaction coordinate and none of the additional constraints significantly improved the dis-

tribution. This is probably due to the focus of the constraints on the hydride portion of the

reaction, while the transition-states in pfLDH are associated with proton transfer. Work

continues with new constraints focusing on the proton portion of the reaction to see if a

good reaction coordinate can be obtained for the pfLDH transition-state ensemble.

4.3 Discussion

The results of TPS analysis shows that the reaction in cpLDH behaves similarly to the

other LDHs previously studied, hhLDH and bsLDH. Although the time between proton

and hydride transfer is longer in cpLDH than in hhLDH, the transition-state of the reac-

tion occurs at the point of hydride transfer and the reaction coordinate contains a similar

RPV. The data for pfLDH, however, show that the reaction in this enzyme is significantly

different. While the donor and acceptor distances at the point transfer are very similar

to cpLDH, the additional space in the substrate binding site in pfLDH causes the aver-

age proton DAD to be much longer. This longer distance requires the pyruvate to move

more during the reaction, and shifts the transition-state so that it is associated with the

proton transfer. As a result of the difference in transition-state, the reaction coordinate for

cpLDH is also very different, and the RPV from hhLDH, which is associated with hydride

transfer, does not play a role. Work is ongoing with different proton-targeted constraints

to see if an adequate reaction coordinate can be obtained.

Since cpLDH has a similar RPV to the “canonical” LDHs, the evolutionary path it

took through the similar MDH enzymes was not significant in altering the subpicosecond

motion of the enzymes. The differences in the pfLDH reaction, therefore, must not be a
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Figure 4.1: Committor distributions with constraints chosen from earlier studies of canon-
ical LDHs. Subfigures a, c and e are cpLDH and subfigures b, d, and f are pfLDH.
Subfigures a and b are made with the particles and donor acceptor distances constrained.
Subfigures c and d additionally have the hydride dihedrals constrained. Subfigures e and
f additionally have the hhLDH RPV constrained.

result of the evolution through MDH, but instead the 5 residue amino acid insertion that is

common to most of the LDHs found within the “LDH-like” MDHs. This insertion in the

loop that closes over the active site causes the substrate to have more space, changing the

way that the reaction occurs and the way that the protein is coupled to the reaction. This
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may have possible applications to drug design. The malarial enzymes is a drug target,

as P. falciparum is dependent on LDH for energy, and it has been shown that differing

reaction dynamics can play a role in drug binding affinities (Zoi et al., 2015). The different

dynamics and active site size could be used as a differentiating factor in designing a drug

which was able to disrupt pfLDH but not the human LDHs. This would be a great boon as

malaria is a large burden on human health and the continued appearance of drug resistance

in P. falciparum is an ongoing concern (WHO Global Malaria Programme, 2015).
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CHAPTER 5

Conclusions and Future Studies

In this work, I have detailed the experiments we have performed to learn about the role of

protein dynamics in dehydrogenase enzymes. In yeast alcohol dehydrogenase (YADH),

we showed that because of the extensive protein-mediated compression of the active site,

the barrier for hydride transfer is vanishingly small at the point of transfer. This was

surprising given the previous kinetic isotope effect (KIE) studies suggesting that tunneling

was involved in the reaction (Cha et al., 1989), but determination of tunneling from the

Swain-Schaad exponent using mixed labeling studies can be problematic (Shelton et al.,

2007; Roston and Kohen, 2013), and the good agreement between the calculated and

experimental hydrogen/deuterium KIE lent support for the method of barrier calculation.

This study shows the complementary nature of computational and experimental methods,

where computations can help to illuminate and provide atomistic detail to experimental

systems.

Another benefit of computational work is to allow for proof of concept studies that

can bypass many of the technical details of an experimental study. In this vein, we in-

vestigated a new type of allostery, with possible applications to the design of drugs that

target enzymatic reactions. This new allostery involved the binding of a small molecule

near the rate promoting vibration (RPV) of an enzyme to disrupt the protein motions that

are coupled to the reaction. In our study on human heart lactate dehydrogenase (LDH),

small molecule binding disrupted the protein motions such that they no longer played a

major role in the reaction coordinate. The binding interactions also shifted the configu-

ration of the protein towards a less reactive conformation and moved the transition-state

away from the hydride transfer. This study shows that RPVs can be disrupted by small

molecule binding and opens the door for design of drugs that target enzymes with RPVs.

Small molecule disruption could also be used as a possible experimental tool for study of

RPVs in enzymes.
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Since the motion of the enzyme has been shown to be an important factor in some

enzymatic reactions, it is worthwhile to study how it developed evolutionarily. Under-

standing the way that similar enzymes move and how that motion affects the reaction

might lead to an understanding of how RPVs developed and in which types of proteins

they exist. To gain a better understanding of the evolutionary development of the RPV

in LDH, we investigated the existence of rate-promoting vibrations within the homologs

of LDH by examining reactive dynamics of C. parvum and P. falciparum LDH, which

developed through a different evolutionary path than LDHs studied previously. We found

that in C. parvum LDH, the reactive dynamics were similar to previously studied LDHs,

human heart and B. stearothermophilis. In P. falciparum LDH, however, the extra space

in the active site causes the active site configuration to be poor for proton transfer, increas-

ing the barrier for transfer. This shifts the transition-state towards the proton transfer and

radically changes the reaction coordinate so that it is no longer associated with hydride

transfer, but with proton transfer. As a result the previously observed reaction coordi-

nate, which is associated with hydride transfer, is not active near the transition-state of

this enzyme. More work is required to fully understand whether protein motion is cou-

pled to the proton transfer in pfLDH. These studies were only possible because of the

development of transition path sampling (TPS), an unbiased Monte-Carlo method which

generates ensembles of reactive trajectories for a transition between stable or meta-stable

states.

TPS is useful because it avoids many of the issues associated with other methods, such

as those based on variational transition state theory (vTST). Particular advantages are that

TPS fully includes protein motion, avoiding the possibly invalid assumption about the

separability of the time-scales of motion along the assumed reaction-coordinate and of

the rest of the system. This assumption is not valid for any protein that has a RPV. Addi-

tionally, TPS does not require a biasing potential to be applied along the direction of the

reaction coordinate, allowing more leeway in the way that the initial reactive trajectory is

generated. In the case of vTST, if the initial reaction coordinate is chosen wisely, the vari-

ational method should eventually optimize the reaction coordinate. However, in the case

of non-variational TST, or vTST with a poor initial reaction coordinate, the system will



66

be stuck near whatever reaction coordinate was initially chosen and will never be able to

find the physical reaction coordinate (Vanden-Eijnden and Tal, 2005). TPS also provides

thermodynamic ensembles of trajectories, which allow thermodynamic quantities for the

ensemble to be obtained.

However, there do exist some pitfalls which have to be avoided in the application of

TPS to enzymatic reactions. One is the limitation of the accuracy of the potential. The

size of the systems involved in this kind of calculation necessitates that some compromise

be made in the computational method between speed and accuracy. Typical quantum me-

chanics/molecular mechanics calculations, even with more advanced density functional

theory methods applied to the quantum region, has limited accuracy due to the approxi-

mations made to make the calculation more manageable and it is always a concern that

this may have a negative affect on the result. Another major limitation involves issues of

sampling. Again, due to the size of these systems, the configuration space of the system

is very large. As a result the trajectory space of a reaction in this system is also very large.

Because of this, even after large amounts of computational time, the full breadth of the

space needing to be sampled may not be investigated and there are typically few, if any,

clues that this has occurred. This is especially likely in the case where there are multi-

ple trajectory paths with relatively low-energy separated by a high-energy barrier, which

may be the case in some reactions. It is important, as a result, to balance the size of the

shooting perturbation between generating significantly different trajectories and generat-

ing a large number of trajectories. The creators of TPS have suggested that approximately

40 % is the ideal acceptance-ratio (Dellago and Bolhuis, 2007), but the experience with

TPS in our group has shown approximately 30 % is a good target for studies on enzymatic

reactions. Despite these possible issues, TPS provides information which is difficult to

obtain through any other method, and is therefore still worthwhile to perform.

5.1 Future Studies

In the YADH system, we found that the protein-mediated compression allowed for a near

barrier-less hydride transfer, underscored by the high barrier in the system for which the
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donor-acceptor distance (DAD) was constrained. However, we did not prove the protein

participation in the reaction coordinate. This could be done relatively easily by applying

some of the techniques used in the other studies, using calculation of the committor to

obtain an ensemble of transition-states for the system, followed by determining the reac-

tion coordinate using committor distribution analysis. If the protein is participating in the

reaction as we concluded from our study, then the specific residues that are compressing

the active site can be identified. However, if the DAD compresses without a concomitant

protein compression, no protein motion would be involved in the reaction coordinate. A

good initial guess of the protein residues that might participate in a RPV would be the

analogous residues from human heart LDH (Basner and Schwartz, 2005) and from horse

liver alcohol dehydrogenase (Caratzoulas et al., 2002).

Additional further studies associated with the work on YADH might be to search for

tunneling in other enzymes, such as soybean lipoxygenase (SBL). SBL has been found to

have a H/D KIE of up to more than 80, which has been used as a convincing argument for

proton tunneling in this system (Glickman et al., 1994; Knapp et al., 2002). This system

could be analyzed using TPS with centroid molecular dynamics (CMD), as YADH was

in our study, with the expectation that the barrier and DADs would change significantly

with addition of the CMD method. This would further confirm that the calculation of the

barrier for particle transfer from TPS ensembles is a valid method and would shed light on

the role of the protein in the reaction of SBL. One possible problem with this future study

is that CMD is limited to the quasiclassical regime, which nuclear quantum dynamics

in SBL may exceed by tunneling over such a large distance that the wave packet splits.

Another further direction of study would be to apply similar barrier calculation methods

to electron transfer and proton coupled electron transfer. This application would require

a more computationally expensive quantum mechanical method that would be able to

deal with electron tunneling, and this may make the study computationally unfeasible.

Additionally, care should be taken in ensuring the barrier calculation method is still valid

in application to electrons.

With the identification of a new RPV-mediated allostery, the are many possible future

studies which can be conducted. Experimental studies would be useful to confirm the



68

findings in our study and to provide experimentally accessible values such as the rate of

reaction and the rate of chemistry. This would provide a quantitative understanding of the

amount that the RPV disruption affects the chemical step. Other useful experimental mea-

sures would be the binding affinity for the small molecule in the pocket and the change in

binding affinity for the enzyme’s substrate with the small molecule bound. As the com-

putational work was intended as a proof of concept, there may be experimental issues

that were not considered, such as solubility, that make these experimental studies difficult

or impossible. Additional computational work could be directed toward identification

of similar RPV-disrupting small molecules in other systems, or towards development of

barrier and rate methods that provide fast, experimentally-relevant results. The barrier

method presented in Chapter 2 can only inform on the particle-transfer step, not the entire

energy barrier for the reaction. This barrier would not contain the entire change from the

addition of the small molecule since the molecule perturbs many interactions besides the

particle transfer. Rate calculation methods are available, but are prohibitively expensive

in terms of computational resources. (Varga and Schwartz, 2016). Existence of an effi-

cient tool for rate calculation through TPS would provide a good quantitative tool for the

comparison of similar TPS ensembles.

In pfLDH, studies are continuing with the goal of finding a reaction coordinate for

the transition-state ensemble presented in this work by altering the constraints used in

committor distribution analysis. Since the transition-state ensemble is associated with

proton transfer, there may be a completely different set of protein residues that play a role

in the transfer. On the other hand there may be no, or only local, protein participation

in the reaction. After the proton transfer reaction coordinate is obtained, a future study

might be to investigate whether the same RPV as human heart LDH still participates in

hydride transfer. This may be able to be studied by performing committor distribution

analysis (CDA) with the intermediate state, i.e. with the proton transferred but not the

hydride, defined as a separate entity in committor analysis. This would make it so that

a transition-state associated with hydride transfer can be obtained, allowing the reaction

coordinate to be accessible to CDA. Also available within the LDHs are sequences that

have been put forward as the ancestral links between the different phylogenetic branches
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(Boucher et al., 2014). Study of the ancestor of cpLDH and pfLDH would be interesting

to see which enzyme it more closely resembled. Another worthwhile study would be to

examine the related MDH enzymes to see if they had similar RPVs to the LDHs that have

been studied. Additionally, there will always be the possibility of examining different

enzymes to identify the level of protein participation in the reaction. This would be most

interesting if the new proteins had different folds or types of reactions than previously

studied enzymes. Study of many different types of enzymes would begin to screen the

space of proteins for rate-promoting vibrations. Alternatively, in systems with RPVs,

mutational studies could be performed to further determine the extent of the RPV among

different residues and whether the RPV can be completely removed by a single mutation

or if multiple mutations are necessary.
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APPENDIX A

Centroid Molecular Dynamics

Adapted with permission from Dzierlenga, M. W., Antoniou, D. and Schwartz, S. D.

(2015). Another Look at the Mechanisms of Hydride Transfer Enzymes with Quantum

and Classical Transition Path Sampling. J. Phys. Chem. Lett., 6(7), pp. 1177-1181.

Copyright 2015 American Chemical Society.

The integration of the centroid method into CHARMM is summarized below. Initial

integration of CMD into CHARMM was performed by Antoniou and Schwartz (2009).

The motion of the ith quantum particle in the centroid formalism is described by

miR̈RRi = 〈FFF i(RRRi, ...,RRRN)〉c, (A.1)

where mi is the mass of the particle, FFF i is the force on the centroid, RRRi is the particle

position, and 〈...〉c denotes a path integral average over configurations. The centroid

position is the center of mass of a polymer chain of B beads,

RRRc
i =

1
B

B

∑
β=1

rrrβ

i , (A.2)

where rrr is the bead position. In general, particles are indexed by Latin subscripts and

beads are indexed by Greek subscripts. Each bead has mass mi/B and the average force

on all the beads is the centroid force FFF i,

FFF i(RRRc
1, ...,RRR

c
N) =

1
B

B

∑
β=1

fff β

i =− 1
B

B

∑
β=1

∂V (rrrβ

i )

∂ rrrβ

i

, (A.3)

where fff β

i is the force on the bead and is obtained from the gradient of the potential at the

bead position.

In the Eq. A.1, the path integral average is weighted by exp(−βVeff), where Veff is

Veff(rrr
β

i ) = ∑
i

∑
β

[
1
2

ki(rrr
β

i − rrrβ+1
i )2 +

1
B

V (rβ

i )

]
. (A.4)
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The effective potential contains a part from the standard potential, V , similar to standard

molecular dynamics, and a part from the harmonic connections between the beads, with

force constant ki =miB(kBT )2. To efficiently calculate the average of the force in Eq. A.1,

a normal mode transformation is applied to separate the slower centroid motion from the

motions of the beads (Cao and Voth, 1994d). The transformed effective bead potential is

Veff(RRRi;qqqi
α) =

N

∑
i=1

B−1

∑
β=i

[
1
2

mi
α(ω

i
αqqqi

α)
2 +

1
B

V (RRRi;qqqi
α)

]
, (A.5)

where the Bth mode corresponds to the centroid motion. The masses of the normal modes,

mi
α are taken to be µi(ω

i
α)

2, where µi is a proportionality constant.

The normal mode transformation allows for several approximations to be made that

simplify the computational inclusion of CMD (Kinugawa et al., 1997). First, the normal

modes are taken to be fast compared to the centroid motion, allowing a multiple time-step

molecular dynamics propagation to be used(Martyna et al., 1996). This allows for the

bead normal-mode propagation and propagation of the centroid and non-centroid to be

separated computationally. Second, Nosé-Hoover thermostats were attached to each nor-

mal mode to properly sample the accessible phase space at the temperature of the system.

Third, since the space available to the normal mode coordinates is sampled quickly, the

path integral average of the force can be replaced with the instantaneous value of the force

for propagation of the centroid variable. This is an analogous approximation to the Car-

Parrinello method of molecular dynamics (Car and Parrinello, 1985). Integration into

CHARMM was performed by the addition of the bead-propagation steps into the stan-

dard molecular dynamics algorithm. Each force calculation step of molecular dynamics

began the CMD algorithm which was inserted into the source code of CHARMM. This

algorithm performed many smaller bead-propagation steps to determine the force on the

centroid particles at the specific configuration. Then that force was returned to the main

dynamics step as the force on the centroid particle and the standard molecular dynamics

algorithm resumes.



72

APPENDIX B

Computational Resources and Costs

System preparation up to the minimization step was performed on a linux workstation

running Fedora 23, with a Intel Xeon E5607 quad-core CPU, 16 GB of RAM and a

NVIDIA Quadro 600. After minimization, all molecular dynamics was run on the SGI

Altix ICE 8400 cluster at the University of Arizona. Each node on this machine contains

a Intel Xeon Westmere-EP Dual hex-core processor, with twelve total cores per node,

and 48 GB of ram. Each computation was typically run on only one node, with multiple

nodes being used for different parallel tasks when possible. For example, multiple TPS

calculations can be run simultaneously, which each calculation forming a separate final

ensemble.

For standard QM/MM molecular dynamics run on a single node, such as the heat-

ing and equilibration phases of our studies, 4 000 steps of dynamics could be completed

in approximately 1 hr, or about 1.1 steps per second. For TPS calculations with semi-

empirical QM/MM, one trajectory was calculated every 1.2 hr. This corresponds to 415

steps per hour, approximately ten times slower that standard MD due to the overhead re-

quired in TPS. Note that, due to the fact that most trajectories calculated through TPS

are unreactive, a reactive trajectory is added to the ensemble only every 4 hr for the ideal

acceptance ratio of 30 %. For TPS ensembles with one CMD particle, a single trajectory

was calculated every 4 hr. This corresponds to 250 steps per hour, about 1.6 times slower

that standard TPS. Recall that CMD requires a 0.5 fs time-step and that trajectories are

still 500 fs, requiring twice as many steps as TPS without CMD. For TPS ensembles with

three CMD particles, a single trajectory was calculated every 5 hr.

For committor analysis, a single commitment probability requires 50 dynamics runs

for 250 steps each, resulting in 12 500 total steps of dynamics. To find the transition-state

and the time for the committor to rise from zero to one requires 12.6 points on average,

though there is significant variation between trajectories. This corresponds to 157 500
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steps or about 40 hr solely for dynamics. Committor distribution analysis requires about

300 000 steps of dynamics per transition-state for each set of constraints, or about 3 days

solely for dynamics. Like TPS, committor and committor distribution analysis have some

overhead where other steps must be taken between dynamics calculations, but to a much

smaller degree than TPS.
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APPENDIX C

Docking Results

Table C.1: Glide docking scores for the molecules which were docked to lactate de-

hydrogenase, sorted by increasing docking score. Dockings with score “Failed” were

unsuccessful in finding a binding configuration.

Molecules Glide Score

2-chloro-N-(3,5-dihydroxyphenyl)acetamide -7.167

2-bromo-N-(3,5-dihydroxyphenyl)acetamide -7.159

3,5-dihydroxybenzamide -6.941

2-hydroxy-N-(3,5-hydroxyphenyl)acetamide -6.934

1-(3,5-hydroxyphenyl)-1H-pyrrole-3-chloro-2,5-dione -6.921

3-acetamidophenol -6.859

1-(3,5-hydroxyphenyl)-1H-pyrrole-2,5-dione -6.76

1-(3,5-hydroxyphenyl)-1H-pyrrole-3-hydroxy-2,5-dione -6.748

2-bromo-N-(3-hydroxyphenyl)acetamide -6.722

2-chloro-N-(2,3,5-trihydroxyphenyl)acetamide -6.646

(2-furyl)oxoacetamide -6.607

2-acetamidothiophene -6.48

N-(3,5-dihydroxyphenyl)formamide -6.457

2-chloro-2-hydroxy-N-(3,5-dihydroxyphenyl)acetamide -6.413

N-(3-furyl)acetamide -6.394

2-chloro-N-(3-hydroxyphenyl)acetamide -6.343

2-hydroxy-N-(3-hydroxyphenyl)acetamide -6.314

2-(2-chloroacetamido)-thiophene -6.286

1-(3,5-hydroxyphenyl)-1H-pyrrole-3-methyl-2,5-dione -6.22

acetanilide -6.165
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5-ethyl-1,3-benzenediol -6.12

phenylacetamide -6.089

2-chloro-N-(3,5-dihydroxyphenyl)propanamide -6.084

gly-tyr dipeptide -6.055

2-(2-furyl)acetamide -5.957

N-(3-methoxyphenyl)acetamide -5.908

L-5-hydroxy-tryptophan -5.868

orcinol -5.819

paracetemol -5.74

N-(2-furanyl)-2-(2-furanyl)-acetamide -5.735

2-chloro-2-hydroxy-N-(3,5-dihydroxyphenyl)acetamide -5.727

2-chloro-N-(3-ethoxyphenyl)acetamide -5.622

1-(3,5-chlorophenyl)-1H-pyrrole-3-chloro-2,5-dione -5.596

N-benzylacetamide -5.579

1-(3,5-hydroxyphenyl)-1H-pyrrole-3,4-dichloro-2,5-dione -5.538

3-phenylpropanamide -5.537

5,6-dihydroxy-2-benzofuran-1(3H)-one -5.506

propylsulfonamide -5.501

isobutylsulfonamide -5.449

chlorzoxazone -5.403

N-furanylacetamide -5.378

L-tryptophan -5.342

sinapylalcohol -5.308

2-carboxy-4-acetamido-thiophene -5.305

2-(2-chloroacetamido)-3,4-hydroxythiophene -5.285

1,3,2-benzodioxaphosphol-2-ol-2-oxide -5.226

N-(3-choloro-2-furanyl)-2-(3-choloro-2-furanyl)-acetamide -5.224

furo[3,4-b]pyrazine-2,3(1H,4H)-dione -5.207

2-hydroxyl-isobutylsulfonamide -5.109

acetovanillone -5.108
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di(1,2-hydroxyethyl)sulfoxide -5.093

2-chloro-N-(3-methoxyphenyl)acetamide -5.08

6-indolinecarboxylic acid -5.069

phenyl(diethyl)phosphine -5.06

2-(2-chloroacetamido)-3,4-hydroxythiophene -5.047

isovanillin -5.027

isopropylsulfonamide -4.946

4-phenylbutanamide -4.943

trishydroxymethylisobutylsulfoxide -4.94

vanillin -4.939

isatin -4.925

phenyl(ethyl)(carbamoyl)phosphine -4.906

1H-indole-6-carboxylic acid -4.845

D-tryptophan -4.844

5-hydroxyethyl-1,3-benzenediol -4.816

4-methylhydroxy-5-hydroxyinden-1one -4.786

2,2,2-trichloro-N-(3,5-dihydroxyphenyl)acetamide -4.769

4-isopropyl-2-furanamine -1 -4.767

3-(2-chloroacetamido)-5-hydroxythiophene -4.762

actarit -4.758

diethylsulfoxide -4.755

benzylacetamide -4.738

2-chloro-3-acetamidobenzofuran -4.737

2-hydroxyl-1-(4-hydroxy-3-methoxyphenyl)ethanone -4.732

2-chloro-N-(3,5-dihydroxyphenyl)propanamide -4.695

2-furan-2-amine-3-hydroxylbutyricacid -4.685

3-(1H-Indol-3-yl)propanamide -4.682

5-(2-furyl)-5-methyl-2,4-imidazolidinedione -4.679

piperonal -4.675

4-chloro-3,5-dihydroxybenzoic acid -4.577
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trishydroxymethylbutysulfoxide -4.574

ethylsulfonamide -4.572

digallic acid -4.525

2-(2-chloroacetamido)-3,4-hydroxythiophene -4.52

gly-phe dipeptide -4.51

5-(2-furyl)-5-methyl-2,4-imidazolidinedione -4.487

phenyl(dimethyl)phosphine -4.465

3-hydroxylpropanoicacid-2-furanamine -2 -4.428

2-chloro-N-(3,4,5-trihydroxyphenyl)acetamide -4.423

N-propyl-gallate -4.421

methyl-acetovanillone -4.413

2-hydroxy-N-(3,5-dihydroxyphenyl)propanamide -4.412

oxindole -4.394

2-chloro-N-(2,3,5,6-tetrahydroxyphenyl)acetamide -4.392

safrole -4.386

N-(3-hydroxyphenyl)propanamide -4.357

eudesmic acid -4.32

2-hydroxy-N-(3,5-dihydroxyphenyl)propanamide -4.315

tetrahydroxy-1,4-benzoquinone -4.293

gallic acid -4.218

2-furan-2-amine-2-hydroxylbutyricacid -4.147

dihydroxyethylsulfoxide -4.127

chlorpropham -4.115

hydroxymethylpropylsulfoxide -4.093

diethylether -4.09

4-hydroxy-5-methylhydroxyinden-1-one -4.085

gly-phe dipeptide -4.071

inden-1-one -4.064

2-furanamine-3-butyricacid -4.046

gallic acid amide -4.007
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2-chloro-N-(2,5-dimethoxyphenyl)acetamide -3.99

N-(4-choloro-2-furanyl)-2-(4-choloro-2-furanyl)-acetamide -3.942

3-hydroxylpropanoicacid-2-furanamine -1 -3.894

2,5-bis(dimethylamino)-1,4-benzoquinone -3.888

2-(3-chlorophenoxy)-N-(2,3-dihydro-1,4-benzodioxin-6-yl)acetamide -3.859

p-tolylphosphonate -3.841

dipropylsulfoxide -3.772

2-furanamine-3-phenolylpropanoicacid -3.751

3,5-dimethoxybenzamide -3.726

p-coumaricacid -3.701

2-(2-chloroacetamido)-3,4-hydroxythiophene -3.659

p-tolylphosphonicacid -3.653

1-(3,5-hydroxyphenyl)-1H-pyrrole-3-hydroxy-2,5-dione -3.607

5,6-dihydroxy-2-benzofuran-1(3H)-one -3.588

1-(2-furyl)-2-(1H-1,2,4-triazol-1-yl)-2-propen-1-one -3.582

1-(3,5-hydroxyphenyl)-1H-pyrrole-3,4-dichloro-2,5-dione -3.579

[4-(4-chlorophenyl)-4,5-dihydro-1H-pyrazol-3-yl](2-furyl)methanone -3.493

3-hydroxylbutyricacid-2-furanamine -3.447

Clobazam -3.441

N3-(cyclopropylmethyl)-N-(3,5-dimethoxyphenyl)-N3-propyl-b-alaninamide -3.368

[4-(4-chlorophenyl)-4,5-dihydro-1H-pyrazol-3-yl](2-furyl)methanone -3.349

1-(3,5-hydroxyphenyl)-1H-pyrrole-3-chloro-2,5-dione -3.313

carbazole -3.268

1-(3,5-hydroxyphenyl)-1H-pyrrole-2,5-dione -3.235

2-(2-chloroacetamido)-3,4-hydroxythiophene -3.216

phenyl(propyl)(carbamoyl)phosphine -3.19

N-2,6-trichloroquinoneimine -3.164

2-(2-chloroacetamido)-3,4-hydroxythiophene -3.11

1-(3,5-hydroxyphenyl)-1H-pyrrole-3-methyl-2,5-dione -3.078

3,5-dihydroxybenzamide -3.009
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4-hydroxyl-2-butenoicacid -2.965

pirfenoxone -2.947

phenyl(dipropyl)phosphine -2.824

tetrahydroxy-1,4-benzoquinone -2.761

furo[3,4-b]pyrazine-2,3(1H,4H)-dione -2.701

4-chloro-3,5-dihydroxybenzoic acid -2.677

phenyl(propyl)(hydroxyethyl)phosphine -2.597

furo[3,4-b]pyrazine-2,3(1H,4H)-dione -2.536

N-propyl gallate -2.399

1,2-di(2-furyl)-2-(hydroxyimino)ethanone -2.377

5-(2-furyl)-5-methyl-2,4-imidazolidinedione -2.125

3-(2-chloroacetamido)-5-hydroxythiophene -1.524

chlorzoxazone -1.489

5-(2-furyl)-5-methyl-2,4-imidazolidinedione -1.474

2-furanamine-3-phenylpropanoiacid Failed

capsidiol Failed

2,5-diamino-3,6-dichloro-1,4-benzoquinone Failed

methyl 3-(2,5-dioxo-2,5-dihydro-1H-pyrrol-1-yl)-1-benzofuran-2-carboxylate Failed
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