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ABSTRACT

MOLECULAR DYNAMICS SIMULATIONS OF PEPTIDE AND PROTEIN SYSTEMS

Molecular systems composed of amino acids play an important role in biological systems and
have numerous functions and applications due to their enormous chemical versatility. These systems
are usually divided into peptides and proteins based on the number of amino acids that compose
each molecule. Molecular dynamics simulations can provide molecular-level insights into the
self-assembly of peptide systems and the function of protein systems where experimental methods
fail. Peptides are utilized for their switchable and self-assembling properties for the engineering
of novel biomaterials which are responsive to external stimuli. Often, peptides are paired with
aromatic molecules to incorporate interesting optoelectronic properties into the material. Chapter 2
discusses a molecular dynamics simulation study on the self-assembling properties of the self-
complimentary (RXDX), sequence paired with an unnatural coumarin amino acid for the design
of a pH-switchable, optoelectronic, self-assembling biomaterial. Specifically, it is found that the
hydrophobicity of the peptide sequence plays a significant role in the stability and pH-switchability
of (RXDX), and coumarin-(RXDX), S3-sheet fibers. Proteins are essential to all known life and
participate in nearly every cellular process. There are many varieties of proteins with important
diverse functions. Helicase proteins hydrolyze NTP to catalyze the translocation and unwinding
of double-stranded nucleic acids such as RNA and DNA and play a critical and extensive role in
viral replication. Nsp13 is a helicase protein that is an important component of the viral replication
machinery of the severe acute respiratory syndrome coronavirus-2 and remains a promising target
for antiviral drugs. Chapter 3 presents a molecular dynamics simulation study on the ATP-dependent
translocation mechanism of the SARS-CoV-2 nsp13 helicase. Specifically, the results from the study
suggest that nsp13 may translocate using an inchworm stepping mechanism and that the binding

of ATP may cause the first step in the translocation cycle. Motifs Ia, IV, and V are identified as
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key motifs in the translocation mechanism of nsp13 and as potential targets for the development
of antiviral drugs against SARS-CoV-2. Although molecular dynamics simulation is a powerful
approach to investigate condensed phase molecular phenomenon such as protein folding, allostery,
and self-assembly, molecular dynamics is limited in the size and length of simulations that can be
performed. Implicit solvent simulation methods, such as Implicit Solvation using the Superposition
Approximation (IS-SPA), were developed to address these issues in solvated systems. The goal of
IS-SPA is to improve the efficiency of molecular dynamics simulations by removing the solvent
from the system, but still include the effect of the solvent on the solute. Chapter 4 presents the
development and optimization of an IS-SPA molecular dynamics code on a GPU using CUDA.
Specifically, the performance of three different IS-SPA CUDA algorithms are compared. The future
studies of the self-assembly of peptide systems for the design of biomaterials, the ATP-dependent
translocation mechanism of the SARS-CoV-2 nspl3, and the optimization of the GPU-capable

IS-SPA molecular dynamics code in CUDA are discussed in the final chapter.
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Chapter 1

Introduction

Amino acids are organic compounds composed of 3 parts: a basic amino group, an acidic
carboxyl group, and an organic sidechain unique to each amino acid. There are many naturally
occurring amino acids, yet only 20 are used in the genetic code of all life.! Amino acids are diverse
and have a range of varying chemical properties including size, charge, polarity, hydrophobicity,
and aromaticity.? They form polymer chains, through peptide bonds, of varying size with enormous
chemical versatility. >~ Due to the countless possible combinations and the diverse molecular
properties of those combinations, amino acids polymer chains have many potential applications
both biological and as a source of molecular engineering.

Molecules composed of amino acids are ubiquitous in biological systems and are fundamental
to life. This fact has led to a substantial interest in categorizing and gaining a fundamental
understanding of these molecules by the scientific community. In the scientific literature there is an
abundance of studies focusing on two major types of systems composed of amino acids: peptides
and proteins. The main difference between peptides and proteins are their size. Although the cut-off
number of peptides is somewhat arbitrary, peptides are smaller than proteins and generally contain
between 2 and 50 amino acids. On the other hand, proteins are much longer and usually consist of
several hundred amino acids.

Beyond understanding natural peptides and proteins there are many studies that report the
synthesis of new unnatural amino acids with distinct properties, further expanding the versatility of
proteins and peptides.*®~'° Unnatural amino acids are engineered for specific applications, such as

peptidomimetic drugs used by the pharmaceutical industry,*''~!* fluorescent probes for biological

8,9,12,14-16 4,10-12

imaging, and, in conjunction with natural amino acids, material design.
Molecular dynamics (MD) simulations are a computational tool that provide atomistic insight
into the behavior of individual molecules and play an important role in understanding protein and

peptide systems. MD simulations are performed by numerically solving Newton’s equations of



motion following the time evolution of a system.!”!® The interactions between atoms are defined by
an input model and force field which describe the interatomic forces. Each step performed gives
a configuration of the system, representing one point in phase space, and is a single frame in a
trajectory. Making use of statistical mechanics, thermodynamic quantities of the system can be
measured from the trajectories by calculating an arithmetic average over the instantaneous value of
the quantity at each frame. In the limit of infinite frames, these averages converge to the value of
the thermodynamic property. '

MD can be used to study a wide variety of important processes occurring on nanometer-length
and microsecond-time scales, without making any assumptions about the process beforehand.
Furthermore, it can provide an understanding of peptide and protein systems where experimental
methods fail. For example, crystal structures provide us with only a single static structure of a
protein, whereas MD simulations can give us information about the larger phase space available
to the protein providing details about conformational changes and structural fluctuations. !”2° The
work presented in Chapter 2 and Chapter 3 utilize MD simulations to provide an understanding of
two particular peptide and protein systems, while Chapter 4 discusses the development of an MD

model to accelerate those studies.

1.1 Peptide Systems

The bottom-up engineering of self-assembling peptide-based nanostructures has attracted a
lot of interest from researchers due to the potential applications in biomedicine and biotechnol-
ogy.}6:1221-24 Gelf-assembling peptides rely on spontaneous diffusion and the formation of a large
number of weak non-covalent and reversible interactions that lead to a highly stable and often
ordered assembly.?! Certain peptides have been labeled as "smart" or switchable as they are respon-
sive to external stimuli leading to changes in structure or function of the material. These stimuli can
be environmental, biological, or optical and can be controlled by changes in pH, temperature, ionic

strength, or enzymatic manipulation,7-2!:23.25:26



One example of a class of switchable peptides are ionic self-complimentary peptides. These
peptides are typically composed of 16 amino acids comprised of alternating oppositely charge
hydrophilic residues and neutral hydrophobic residues. This repeating pattern leads to the formation
of [3-sheets that are hydrophobic on one side and have alternating positive and negative charges
on the other.?? The formation of this 3-sheet structure is pH-sensitive as the charges on the
hydrophilic residues change under acidic and basic conditions. %%

Switchable materials are of particular interest for the design of self-assembling optoelec-
tronic materials. Peptides have been combined with a variety of aromatic molecules in efforts
to combine the self-assembling properties of peptides with the optoelectronic properties of dye
molecules. 12891431=4 Often the dye molecules are quite large, making it difficult to balance the
hydrophobic and 7-stacking interactions of the dye with the weak, self-assembling interactions
of the peptides. Unnatural amino acids with small aromatic sidechains are hypothesized to make
balancing these interactions easier. Chapter 2 seeks to answer whether or not a switchable, self-
assembling, ionic, self-complimentary peptide can be combined with an unnatural amino acid with
a small aromatic sidechain to create a pH-responsive, optoelectronic material. Furthermore, it
addresses if the switchable properties of this material can be further tuned by altering the weak
non-covalent interactions between the peptides through specific residue mutation. To answer these

questions, Chapter 2 presents a study of (RXDX), peptides and coumarin-(RXDX), conjugates

through molecular dynamic simulations.

1.2 Protein Systems

Proteins are essential to all known life and participate in nearly every cellular process. There are

many types of proteins with a variety of roles such as enzymatic proteins that catalyze biochemical

45,46

reactions,**® antibody proteins that fight diseases,* glycosylases that repair DNA,*’ transport

proteins that move molecules throughout the body,* structural and nonstructural proteins that

19,49

contribute to the replication and packaging of viral genome, and a myriad of other protein types



with crucial functions. Understanding the mechanisms by which these proteins function is of vital
importance for understanding biological processes and to be able to treat viruses and diseases.

One particularly interesting class of proteins are helicases, which use the energy of adeno-
sine triphosphate (ATP) hydrolysis to catalyze the unwinding of double-stranded nucleic acids
such as ribonucleic acid (RNA) and deoxyribonucleic acid (DNA).3** Helicases are encoded
by all cellular life as well as many viruses and are involved in virtually every step of DNA and
RNA metabolism.%>3 As a result of the critical and extensive role helicase proteins play in viral
replication, viral helicases are prominent targets for antiviral drug development.>’

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) responsible for the COVID-
19 pandemic has infected over 150 million people and has caused more than 3 million deaths
worldwide.>® The need to understand the mechanism by which this virus replicates and spreads
cannot be overstated. The SARS-CoV-2 nonstructural protein 13 (nsp13) is a helicase protein
that plays a critical role in the replication of the virus and is highly conserved across SARS
viruses.>’>° For example, SARS-CoV-2 nsp13 has a 99.8% sequence identity with SARS-CoV-1
nsp13.%7% Studies have shown that suppression of nsp13 in SARS-CoV-1 leads to inhibition of viral
replication.>®® This suggests that SARS-CoV-2 nsp13 helicase is a promising target for antiviral
drugs.® Furthermore, understanding the mechanism by which this helicase operates would aid
in the development of antiviral drugs of possible future SARS viruses as well as provide insight
into the ATP-dependent translocation mechanism of other superfamily 1 (SF1) helicase proteins.
Chapter 3 presents work characterizing the structure—function relationships utilized by SARS-CoV-2
nsp13 during ATP-dependent RNA translocation using extensive Gaussian accelerated molecular

dynamics (GaMD) simulations.

1.3 Development of Implicit Solvation Models
MD is limited in the system size and time scale of simulations that can be performed. Some
processes require large length- and time-scales that are computationally unfeasible. With continual

advances in code efficiency and the computational capabilities of hardware, the limits of MD



simulation length- and time-scales are steadily expanding.!” Still, larger system sizes and longer
simulations are needed to model many processes such as the macroscopic self-assembly of peptides.
Implicit solvent models have been developed to address these issues in solvated systems. ®?

In all-atom molecular dynamics (aaMD) simulations of solvated systems, explicit solvent
molecules constitute a majority of the atoms in the system. This means a bulk of the calculations
are being performed on the solvent, however, typically only the solute is considered during analysis
of the system. For this reason implicit solvation models have been developed to reduce the
computational cost of simulating solvated systems by removing the solvent degrees of freedom from
the simulation.%>®* One challenge associated with developing implicit solvent models is finding
a good balance between computational cost and accuracy of the model.®>%* For example, models
such as generalized Born (GB)® or constant density dielectric are computationally efficient, but fail
to accurately capture aggregation features. Inversely, models such as the Reference Interaction Site
Model (RISM)%¢47 are accurate, but extremely computationally demanding making their use for
MD simulations impractical.®

The Implicit Solvation Using the Superposition Approximation (IS-SPA) implicit solvent model
was developed to maintain a high degree of accuracy relative to other implicit solvent models and still
be computationally feasible.?*%* IS-SPA has out performed other implicit solvent approaches, such
as the GB or constant density dielectric models.?® The IS-SPA MD code was initially implemented in
Fortran and was only capable of running on central processing units (CPUs). Due to the significantly
better performance of graphics processing units (GPUs) over CPUs, development of an efficient
GPU-enabled IS-SPA algorithm is critical for increasing IS-SPA MD performance. Chapter 4

presents work on the development of an efficient IS-SPA algorithm in CUDA resulting in an

efficient GPU-capable IS-SPA MD code.



Chapter 2

The Role of Hydrophobicity in the Stability and
pH-Switchability of (RXDX) 4 and
Coumarin-(RXDX), Conjugate 5-Sheets”

2.1 Overview

pH-switchable, self-assembling materials are of interest in biological imaging and sensing
applications. Here I propose that combining the pH-switchability of RXDX (X=Ala, Val, Leu, Ile,
Phe) peptides and the optical properties of coumarin creates an ideal candidate for these materials.
This suggestion is tested with a thorough set of all-atom molecular dynamics simulations. I first
investigate the dependence of pH-switchability on the identity of the hydrophobic residue, X, in the
bare (RXDX), systems. Increasing the hydrophobicity stabilizes the fiber which, in turn, reduces
the pH-switchability of the system. This behavior is found to be somewhat transferable to systems
in which a single hydrophobic residue is replaced with a coumarin containing amino acid. In this
case, conjugates with X=Ala are found to be unstable at both pHs while conjugates with X=Val,
Leu, Ile and Phe are found to form stable [3-sheets at least at neutral pH. The (RFDF),-coumarin
conjugate is found to have the largest change in the ordering of the coumarin sidechains with pH
change. Thus, I posit that coumarin-(RFDF), containing peptide sequences are ideal candidates for

pH-sensing bioelectronic materials.

“Reproduced with permission from Weber, R., & McCullagh, M. (2020). The Role of Hydrophobicity in the Stability
and pH-Switchability of (RXDX), and Coumarin-(RXDX), Conjugate 3-Sheets. Journal of Physical Chemistry B,
124(9), 1723—-1732. https://doi.org/10.1021/acs.jpcb.0c00048. Copyright 2021 American Chemical Society



2.2 Introduction

Materials that are electronically conductive, tunable, and biocompatible are of great interest
for bioelectronic applications. Peptides have been combined with a variety of optoelectronic
materials for use in photovoltaic cells®® and other electronic applications ' to attempt to attain all of
these properties.>*%°~7® These materials combine the self-assembly, biocompatibility, and tunable

2674 with the optoelectronic properties of a dye molecule.” Stacking of highly

behavior of peptides
m-conjugated dye molecules can lead to electronic delocalization in the self-assembled aggregate
and provide the electronic property of interest. Thus, it necessary to predict macroscopic structure
from molecular details as the optoelectronic properties of the material depend on the assembled
structure.

Peptides are inexpensive, easily synthesized and provide a rich diversity of self-assembled struc-
tures, making them ideal candidates for scaffolding optoelectronic materials.”® To date, peptides

! and surfactants’® among other materi-

have been used to create molecular wires,”’ switches?
als. 2767980 Dye to the diverse set of chemical building blocks and resulting assembled structures,
peptides continue to be an active area of research in bottom-up materials engineering.’ The amino
acid sequence (RADA),, (Arg-Ala-Asp-Ala) has received a lot of attention over the past decade
for its self-assembling properties and applications in tissue engineering.®' (RADA), is a self-
complimentary peptide sequence comprised of alternating oppositely charged hydrophilic residues
(Arg and Asp) and neutral hydrophobic residues (Ala) allowing it to form highly organized 3-sheet
structures leading to nanofiber and hydrogel formation.”-2%27:28.30.76.81-87 potentially, the most inter-
esting property of (RADA), is the transformation in the self-assembled structure when the pH is
changed.?!??

Many of the proposed applications for small self-assembling peptides require the inclusion

3.88-91 and aromatic

of additional functional components. Peptides have been tethered to aliphatic
groups *2 to achieve control over assembly and additional functionality.?® Aromatic amphiphiles
are of particular interest here due to their potential use as bioelectronic and biosensing materials. !

The peptide is used as a solubilizing and scaffolding agent for the aromatic groups which act as both



agents of hydrophobic assembly and electron rich or deficient semiconducting materials. A variety

3,31733 34,35

of aromatic groups have been linked to peptides include OPV napthalene , perylene

2,36-43 8,9,14,44

diimide, coumarin, and others.! Here I focus on the use of coumarin due to its high
quantum yield, extended spectroscopic range, photostability, and general solubility in a variety of
solvents.®%!*4 Furthermore, many coumarin derivatives have been synthesized that could be used to
further tune the optical properties of the material. ®>!* Coumarins alone suffer a lack of tunability
and biocompatibility making them less than ideal candidates for bioelectronic properties, but
coumarin derived unnatural amino acids have been synthesized for biological imaging applications
allowing it to be easily incorporated into a peptide sequence. '*

The relative importance of hydrophobicity and aromaticity in the formation of 3-sheet fibrils
from self-complimentary amphipathic peptide sequences is debated.>***® Generally, a hydrophobic

23,96,97

threshold must be reached to have fibrilization in these types of systems. Some of these studies

suggest that aromatic interactions are not important for determining fibrilization rates, but do have
an impact on the self-assembly of these materials, specifically the morphology of the fibers.**% It
is even less clear how all of these factors will affect the self-assembly and pH switchability of a
peptide-dye conjugate.

In this chapter, I describe results of a systematic computational investigation of the self-assembly
and pH switchability of (RXDX), (X = Ala, Val, Leu, Ile, and Phe) and (RXDX),-coumarin peptides.
The set of five amino acids chosen for the X position have incremental change in hydrophobicity,
based on water-octanol partition coefficients,”® allowing us to probe the effect of hydrophobicity on
the properties of the materials. Phenylalanine was added to this set to study the effect of adding
a residue which is capable of m-stacking. Lastly, a single hydrophobic residue in each (RXDX),

fiber is mutated to a coumarin derived amino acid to study the stability and pH-switchability of

coumarin-(RXDX), conjugates.



2.3 Computational Methods

2.3.1 System Setup

Simulations are performed on five separate systems of (RXDX), with X = Ala (A), Val (V),
Leu (L), Ile (I), and Phe (F). #-strands of each (RXDX), sequence are created using the sequence
command in tleap within the AmberTools 18 package.® Each system contains twenty molecules of
the (RXDX), sequence arranged in two 3-sheets, forming a fiber that is ten S-strands long as shown
in Figure 2.1. The initial structure for each system is based on spacings between [3-strands provided
by Cormier et al.'® The distance between the two 3-sheets are varied based on the identity of the
nonpolar residue. For X = Ala, Val, Leu, Ile, and Phe the initial distance for (RXDX), fibers are 6.0,
7.0,9.0,9.0,and 11.0 A, respectively. Each fiber is solvated with TIP3P water and 0.1 M NaCl plus

neutralizing ions in a 143 A cubic box with periodic boundary conditions.

a) b)

Figure 2.1: Initial (RXDX),4 3-sheet sandwich fiber structure (a) without and (b) with a single hydrophobic
amino acid (X) mutated to an unnatural coumarin amino acid.

To determine the effect of pH on the stability of the fibers, I simulate each system at neutral and
acidic pH in triplicate for a total of 30 systems. The pH of the system is controlled by the protonation
state of the Asp residues; Acidic pH (2-4) is achieved by protonating the functional group of the
Asp residues while neutral pH leaves the Asp residues deprotonated giving each [-strand a total
charge of 0 and +4, respectively. The C-termini remain deprotonated at both acidic and neutral pH.

I simulate five coumarin-peptide systems to ascertain the stability and optoelectronic properties
of coumarin fibers with varying hydrophobicity. An unnatural coumarin amino acid is substituted

for the fourth hydrophobic residue in the (RXDX), sequence ((RXDX)-RXD-Coumarin-(RXDX),)



and is shown in Figure 2.2. Analogous to the (RXDX), fiber simulations, each coumarin-RXDX

fiber is simulated at both neutral and acidic pH in triplicate.

*HaN

Coy

Figure 2.2: Molecular structure of an unnatural coumarin amino acid.

2.3.2 Simulation Details

Coumarin and an unnatural amino acid coumarin are parameterized in ff15ipq using the IPolQ
method '°"192 with the wB97X-D3 functional 1°*1% and the cc-pVTZ basis set.'® Atom types and
charges are provided in the SI. QM calculations were run using ORCA 3.1.3.106

All MD simulations are run using the AMBERI18 software®” and modeled using AMBER’s
ff15ipq 1°"1%2 and GAFF force fields.!'” Comparison of fiber thickness with experimental values
provided in Table 2.1 is evidence that the force fields accurately reproduce experimental results as
both the (RADA), and (RLDL), systems are found to have thicknesses within error of experiment.
Furthermore, the calculated solubility of our coumarin model is 0.014 + 0.006 mT"l in agreement
with the solubility value of 0.01706 ™% reported by Yalkowsky ef al.'®® Hydrogen atoms are
constrained using the SHAKE algorithm. % Direct nonbonding interactions are cutoff at 12 A and
long range electrostatic interactions are modeled using the particle mesh Ewald (PME) treatment. '1°
An integration time step of 2 fs is used. MD simulations are performed in the NPT-ensemble with a
Monte Carlo (MC) barostat set to 1 atm and a Langevin thermostat set to 298 K.

The simulation protocol used for all systems is the same. Solvated systems are minimized in

two steps: 8,000 steepest descent minimization steps with harmonic constraints (force constant of

100 keal mol—* A~2) placed on all peptide atoms, followed by 12,000 conjugate gradient steps with
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Table 2.1: Height of the RXDX [-sheet sandwich.

Height (A)
RADA RVDV RLDL RIDI RFDF
Calculated 18.357(3) 20.718(3) 23.771(4) 22.170(5) 22.34(2)
Experimental | 19(1)% - 23(4)% - -

System

no constraints. The system is heated to a temperature of 298K over 50 ps with harmonic restraints
(force constant of 5 kcal mol~* A~2) on all peptide atoms. The water in the system relaxes with a
harmonic restraint (force constant of 5 kcal mol~* A_Q) on all solute atoms for 40 ps. Following the
heating protocol, the system is simulated at 298K for 10 ns allowing the pressure to equilibrate. For
the (RXDX), and coumarin-(RXDX), simulations I use simulated annealing molecular dynamics
(SAMD) due to the slow time dynamics of the fiber systems. Thirty simulated annealing cycles
with a period of 10.05 ns were performed. In each cycle, the temperature is increased from 298
to 450 K in 50 ps, then kept constant for 1 ns, subsequently lowered back to 298K in 8.0 ns, and
finally kept constant for 1 ns. The system is simulated at 298K for 200 ns from which ensemble

averages were measured. The combined simulation time for this study is 31.25 us.

2.4 Results and Discussion

Previous studies of the RXDX peptide sequence (X=A,L) have shown that the RXDX pep-
tides form (3-sheet sandwich fibers at neutral pH that dissociate in acidic and basic environ-
ments, 22308486100 Experimental studies suggest that hydrophobicity is the main driving force
for fibril formation rates and stability. It was proposed that aromaticity is not necessary for fibril
formation, but does affect self-assembly in these materials as changes in peptide and ion concen-
trations lead to different fiber morphologies that are not seen when other non-aromatic non-polar
residue were used. Here, I present a set of simulations that investigate the effect hydrophobicity and
aromaticity have on the stability and switchability of (RXDX), fibers.

I present a similar set of simulations with the addition of an unnatural coumarin amino acid to the

(RXDX), sequence as a model system for the design of switchable self-assembling biomaterials with
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interesting optoelectronic properties. These simulations probe the stability and pH-switchability of
the the -sheet sandwich structure, as well as characterize the crucial role hydrophobicity plays in
the stability of the fiber. Furthermore, I study the pH-switchability of the coumarin order which

determines the optical and electronic properties of coumarin-(RXDX), fibers.

2.4.1 pH-Switchability of (RXDX), Fibers

Changing the pH of the (RXDX), systems from neutral to acidic leads to instability within
the [-sheet fibers. Representative snapshots of the (RADA), simulations at neutral and acidic
pH are shown in the first column of Figure 2.3a. At neutral pH, the system retains the J-sheet
sandwich structure for the entire simulation other than some end fraying. Under acidic pH, the
system completely loses all S-sheet structure leading to all of the peptides being dispersed in the
solvent. This behavior is quantified for the entire simulation by measuring the percent of residues in
an anti-parallel -sheet, Figure 2.3b, determined by the define secondary structure protein (DSSP)
analysis as a measure of the stability of each of the fibers.!!! At neutral pH, 51% of residues in
(RADA), are still in a $-sheet after 500 ns of simulation while at acidic pH this percentage falls to
zero as the fiber dissociates. This demonstrates the pH-switchability of (RADA), fibers.

Mutation of the RADA peptide sequence at the alanine position with increasingly hydrophobic
residues enhances fiber stability and diminishes the pH-switchability. Representative snapshots
of the (RXDX), (X =V, L, I, F) simulations are provided in Figure 2.3a. Generally, the fibers
at neutral pH seem relatively unaffected by the identity of the hydrophobic residue in the RXDX
sequence. This is supported by the 50-70% of residues residing in a 3-sheet for the course of these
simulations as quantified in Figure 2.3b. Under acidic pH, increasing the hydrophobicity of the
sequence stabilizes the fiber, leading to a smaller variation in stability with pH change. (RFDF),
fibers show little change with pH as only the ends of the fiber become more disordered at acidic
pH. Generally, (RFDF), fibers are more structured than (RADA), fibers. Again this is further
supported by the small changes in % [3-sheet content at the two different pHs for the RFDF system

in Figure 2.3b.
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Figure 2.3: Hydrophobicity and pH control (RXDX), fiber stability. (a) Representative snapshots of the
structure of each (RXDX), (3-sheet fiber after 500 ns of simulation. The top and bottom rows show the fiber
structure at neutral and acidic pH, respectively. (b) Percent of amino acids in a S-sheet secondary structure at
the end of the simulations for each (RXDX), fiber at both neutral and acidic pH. Secondary structure was
calculated using the DSSP method as a measure of fiber stability. Fibers become more stable with increasing
hydrophobicity at both pH leading to a reduction in the pH-switchability of the fiber structure.
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Aromaticity of the nonpolar residues plays a minor roll in 5-sheet fiber stability. It has been
argued that aromaticity is unnecessary for fibrillization, instead, it is primarily hydrophobicity
that influences fibrilization; a peptide sequence needs to reach a hydrophobic threshold to fib-
rilize.®* Figure 2.3 shows that fibers containing Phe are more stable than fibers containing Ile,
even though Phe and Ile have the same hydrophobicity and Ile has a higher propensity to form
[-sheets (Table A.1). To demonstrate that aromaticity further stabilizes (RXDX), fibers due to
m-stacking interactions between aromatic sidechains I calculate the free energy as a function of
the angle between neighboring phenyl rings separated into inter-sheet and intra-sheet pairs for the
(RFDF), systems. As shown in Figure 2.4, there is a preference for the phenyl rings to 7-stack
within a 3-sheet as there is an approximately 3 kcal/mol well at an angle of 0° for intra-sheet pairs.
Interestingly, there is no intercalation of the phenyl rings between (-sheets. The phenyl rings sit
end-to-end in a T-shape configuration with an angle of 58° as shown by the inter-sheet free energy
curve. These data support the conclusion that hydrophobicity is an important factor in determining
fiber stability, but additionally suggest that the planar geometry of the phenyl ring further stabilizes
(RXDX), fibers at both neutral and acidic pH. The increase in stability for the (RFDF), fiber could
originate from aromatic interactions between phenyl rings, the packing of the phenyl rings within the
fiber, or a more favorable change in entropy during self-assembly due to the more restricted range

of motion of the Phe sidechain structure relative to the Ile sidechain structure before self-assembly.

2.4.2 The Interplay of Hydrophobic and Coulombic Interactions.

The coulombic interactions between residues within the fiber are responsible for the pH-
switchability of the (RXDX), fibers. The only difference between the neutral and acidic pH
systems is the protonation state of the Asp residue leading to a change in the coulombic interactions
stabilizing the fiber. Figure 2.5a contains the coulombic interactions of (RADA), averaged over
the first 10 ns of the simulation broken down in to residue type pairs for the initial self-assembled
structure. There are a mix of stabilizing and destabilizing electrostatic interactions. The Arg—Arg,

Asp—Asp, and X—X interactions are large and destabilize the fiber’s S-sheet sandwich structure.
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Figure 2.4: Free energy of the dihedral between phenyl rings in the (RFDF), fiber separated into intra- and
inter-sheet pairs. The free energy minima at 0° for intra-sheet pair demonstrate 7r-stacking interactions within
each [3-sheet while inter-sheet phenyl ring pairs form a T-shape configuration with a dihedral of 58°.

These interactions are counterbalanced by the Arg—Asp, X—Asp, and X—Arg stabilizing interactions.
At neutral pH, the total coulombic interactions are large and negative, stabilizing the fiber. When
the pH is lowered both the Asp—Asp and Arg—Asp coulombic interactions are significantly reduced
due to the protonation of the aspartates to aspartic acids. Since the Arg-Asp interactions are 3-4
times larger than the Asp—Asp interactions this leads to an overall 9,870 kcal/mol increase in the
total coulombic interaction energy. It is the large reduction of the Arg—Asp stabilizing interaction
energy which leads to a destabilization of the (RADA), fiber at acidic pH. Furthermore, the large
change in coulombic interaction energy is consistent for all 5 (RXDX), fibers and is independent of
the identity of the hydrophobic residue.

Increasing the hydrophobicity of (RXDX), peptides leads to an enhanced fiber stability and
a reduction in pH-switchability due to an increase in hydrophobic interactions within the fiber.
Hydrophobic molecules aggregate in water because this maximizes the number of hydrogen bonds

between water molecules and minimizes the contact area between the hydrophobic and water
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molecules. Therefore, the free energy of solvation of hydrophobic molecules is negatively correlated
to the molecule’s solvent accessible surface area (SASA). The change in hydrophobic SASA of
(RXDX), molecules during self-assembly is used as a measure of the hydrophobic interactions
within each fiber. The hydrophobic SASA is calculated as the total SASA of the hydrophobic
residues in the (RXDX), peptides. Figure 2.5b shows the total change in SASA of the hydrophobic
residues due to the self-assembly of (RXDX), peptides into S-sheet fibers. As expected, there is
a larger change in hydrophobic SASA as the hydrophobicity of the peptide is increased at both
pHs. This suggests there is a subtle balance between the coulombic and hydrophobic interactions
controlling the stability of (RXDX), fibers. For (RADA), the hydrophobic interactions are small
enough that the reduction in stabilizing coulombic interactions with pH change lead to instability
within the fiber. As the non-polar residue is mutated to a more hydrophobic residue, the balance
between coulombic and hydrophobic interactions shift such that the hydrophobic interactions are

large enough to stabilize the fiber even at acidic pH.
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Figure 2.5: Coulombic and hydrophobic interactions control the stability and pH-switchability of (RXDX)4
fibers. (a) Coulombic interaction energy decomposed into residue type pairs for (RADA), fibers at neutral
and acidic pH. The total coulombic interactions are large and attractive stabilizing the fiber. Under acidic
conditions there is a 9870 kcal/mol increase in coulombic interaction leading to instability in the fiber
structure. (b) The change in hydrophobic SASA (ASASA) during the self-assembly of each (RXDX), fiber.
ASASA is negatively correlated with the free energy of solvation of hydrophobic molecules. Increasing
the hydrophobicity of the peptide leads to a larger ASASA and therefore, larger hydrophobic interactions
stabilizing the S-sheet fiber structure at both neutral and acidic pH.
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2.4.3 pH-Switchability of Coumarin-(RXDX), Fibers

The mutation of a single hydrophobic residue within the (RXDX), sequence to coumarin leads
to changes in fiber stability, pH-switchability, and structure. Addition of coumarin leads to an
induced curvature and a destabilization of the [3-sheet fiber due to differences in the size of the
hydrophobic residue and the coumarin side chain. Figure 2.6b shows the percent of residues in a
[B-sheet. (RADA), fibers are completely unstable with the addition of coumarin making it a poor
candidate for the design of switchable electronic biomaterials. The other systems are able to retain
40-70% of the [3-sheet structure. Figure 2.6a shows each of the coumarin-(RXDX), fiber structures.
Even though the systems retain most of their -sheet content with pH change, the overall fiber
structure is unstable either breaking into smaller 3-sheets containing only a few peptide strands or
the two (-sheets that make up the fiber separate exposing the hydrophobic layers to the solvent.
Although the pH-switchability of the fibers are not shown in the -sheet metric, there is a change in
stability and structure of the fiber with pH. The fibers containing coumarin are more stable with
increasing hydrophobicity as the hydrophobic residues become similar in size to the coumarin
sidechain.

Increasing the hydrophobicity and size of the nonpolar residue decreases the curvature of the
fiber structure and increases fiber stability. Figure 2.6d and Figure 2.6e show the distribution of the
bend angle for each system at neutral and acidic pH, respectively. The bend angle is a measure of
the curvature of the fiber in the direction of fibrilization and is calculated using the method described
by Fujiwara et al. ''? At neutral pH the (RFDF), fiber has very little curvature as the bend angles are
close to zero. As the hydrophobicity of the peptide decreases, the bend angle distribution broadens
out and shifts to the right corresponding to less order in the fiber and an increase in fiber curvature.
Furthermore, lowering the pH leads to increased fiber curvature and more disorder in the fiber as
the distributions broaden and shift to higher angles.

The total SASA of the coumarin residues within each fiber provide further evidence of an
enhanced fiber stability with increasing hydrophobicity of the coumarin-(RXDX), sequence. For

an ordered fiber, the coumarin SASA is small as only the coumarins at the end of the fiber will be
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Figure 2.6: Hydrophobicity and pH control coumarin-(RXDX), fiber stability. (a) Representative snapshots
of the structure of each coumarin-(RXDX), [3-sheet fiber after 500 ns of simulation at neutral and acidic pH.
(b) Percent of amino acids in a 5-sheet secondary structure. (RADA), fiber is unstable with the addition of
coumarin, but increasing the hydrophobicity and size of the hydrophobic amino acid stabilizes coumarin-
(RXDX), fibers. (c) Average total SASA of coumarin amino acids for each coumarin-(RXDX), fiber. The
distribution of bend angles as a measure of fiber curvature and stability along the fibrilization axis at (d)
neutral pH and (e) acidic pH.
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solvent exposed, but as the fiber dissociates, more coumarins become solvent exposed. Figure 2.6¢
shows the average coumarin SASA for each fiber at both neutral and acidic pH. In agreement with
the trends observed in the bend angle analysis, there is a decrease in coumarin SASA and therefore,
an increase in fiber stability as the hydrophobicity of the peptide increases. When the pH is lowered

the coumarin SASA increases corresponding to a decrease in fiber stability.

2.4.4 Order of Coumarin Sidechains within Coumarin-(RXDX), Fibers

As part of designing a switchable material, it is important to not only have pH-switchability of
the coumarin-(RXDX), fiber structure, but also in the the optical properties of the fiber. For this
reason it is of interest to analyze the coumarin order within the fibers because it is the arrangement
of the coumarin sidechains that will dictate the optical and electronic properties of the fiber. The
addition of coumarin to the (RADA), sequence leads to instability and dissociation of the fiber
making coumarin-(RADA), a poor candidate for the design of switchable electronic biomaterials.
Therefore, I analyze the pH-switchability of the coumarin order within (RVDV),, (RLDL),, (RIDI),4,
and (RFDF), fibers to discern which of these sequences are the most optimal for these materials.
The joint probability density as a function of both the coumarin-coumarin separation distance and
the angle between the dipole moments of the two coumarin is used to measure the organization
of coumarin within coumarin-(RXDX), fibers. Furthermore, I use relative entropy to quantify the
pH-switchability of the structure of the coumarin network. Relative entropy is a measure of the
difference between two probability densities. The relative entropy between the joint probability

densities of the neutral and acidic systems for each fiber is calculated as

Y e P.(r,0) 5 .
= P, In ———= 2.1
Srel /0 /o (7,0) In B " Odrdd 2.1)

where P, (r,6) and P,(r,0) are the joint probability densities of the neutral and acidic system,
respectively.
Coumarin sidechains become more ordered within the 5-sheet fibers with increasing peptide

hydrophobicity. Figure 2.7 shows the joint probability distribution for (RLDL),, (RIDI),, and
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Figure 2.7: Joint probability densities of all coumarin sidechain dimers as a function of separation distance
and angle between their respective dipole moments for (a,d) (RLDL),, (b,e) (RIDI)4, and (c,f) (RFDF), at
neutral and acidic pH, respectively.
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(RFDF), systems at neutral and acidic pH. At neutral pH there is a high degree of coumarin order
for the (RFDF), fibers as there are large peaks near 0° that repeat out to long distances corresponding
to a bricklayer structure composed of a majority of the coumarins within the fiber. (RLDL), shows
little coumarin order as there is a broad distribution of angles between coumarin sidechain and little
density at large distances. Generally, as the hydrophobicity, size, and aromaticity of the peptide
increases there is a shift to a parallel arrangement of the coumarins and an increase in density at
larger distances corresponding to larger coumarin aggregates within the fiber. When the pH is
lowered there is a reduction in long range structure and the distribution of angles between coumarin
dimers broadens. This is most apparent in the coumarin-(RFDF), fibers where there is a significant

increase in sampling of angles near 90° and a reduction in sampling of angles near 0°.

Table 2.2: Coumarin-(RXDX), peptide sequences and relative entropy.

Sequence X Srei

(RVDV), Val 0.3047(1)
(RLDL), Leu 0.28047(2)
(RIDI), Tle  0.583(2)
(RFDF), Phe 0.884(1)

Modifying the hydrophobicity of the nonpolar residue alters the pH-switchability of coumarin
order within coumarin-(RXDX), fibers. Table 2.2 shows the relative entropy between the neutral and
acidic joint probability densities for each fiber system. Contrary to the trends in pH-switchability
of (RXDX), and coumarin-(RXDX), fiber structures, there is an increase in pH-switchability
of coumarin ordering with increasing hydrophobicity of the peptide sequence, where coumarin-
(RFDF), fibers have the largest relative entropy between the neutral and acidic probability densities.
These results suggest that for the development of switchable self-assembling biomaterials using
Coumarin-(RXDX), sequences, coumarin-(RFDF), is the most ideal as it shows the largest pH-
switchability of the coumarin sidechain order and therefore, the largest change in the optical and

electronic properties of the fiber.
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2.5 Conclusion

I simulate a series of (RXDX), and coumarin-(RXDX), (-sheet sandwich fibers to investigate
the role of hydrophobicity in the stability and pH-switchability of the fibers for the development of
switchable self-assembling biomaterials with interesting optical and electronic properties. Generally,
the fibers are shown to be pH switchable as they became destabilized at acidic pH. Increasing the
hydrophobicity of the peptide sequence leads to an increase in fiber stability at both neutral and
acidic pH resulting in a decrease in pH-switchability. Addition of coumarin to the (RXDX),
sequence results in fiber instability and induces a curvature in the fiber structure due to differences
in the size between the coumarin sidechains and the hydrophobic amino acid sidechains. These
effects are reduced at neutral pH relative to acidic conditions and with larger and more hydrophobic
sidechains. Coumarin sidechains become more ordered and showed the largest pH-switchability
with increasing hydrophobicity. Of the systems I studied the coumarin-(RFDF), sequence was the
most stable fiber with the addition of coumarin into the sequence and the fiber was most stable and
had the largest change in the organization of coumarin with pH change making it the most ideal for
these types of materials. Future work will measure the optical and electron transfer properties of

these fibers as well as investigate the self-assembly mechanism of these materials.
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Chapter 3
The Role of ATP in the RNA Translocation
Mechanism of SARS-CoV-2 NSP13 Helicase’

3.1 Overview

The COVID-19 pandemic has demonstrated the need to develop potent and transferable ther-
apeutics to treat coronavirus infections. Numerous antiviral targets are being investigated, but
non-structural protein 13 stands out as a highly conserved and yet under studied target. Nsp13
is a superfamily 1 helicase that translocates along and unwinds viral RNA in an ATP dependent
manner. Currently, there are no available structures of nsp13 from SARS-CoV-1 or SARS-CoV-2
with either ATP or RNA bound presenting a significant hurdle to the rational design of therapeutics.
To address this knowledge gap, I have built models of SARS-CoV-2 nspl3 in Apo, ATP, ssRNA
and ssSRNA+ATP substrate states. Using 30 us of GaMD simulation (at least 6 s per substrate
state), these models were confirmed to maintain substrate binding poses that are similar to other
SF1 helicases. A Gaussian mixture model and linear discriminant analysis structural clustering
protocol was used to identify key aspects of the ATP-dependent RNA translocation mechanism.
Namely, four RNA-nspl3 structures are identified that exhibit ATP-dependent populations and
support the inch-worm mechanism for translocation. These four states are characterized by different
RNA-binding poses for motifs Ia, IV and V and suggest a power stroke—like motion of domain 2A
relative to domain 1A . This structural and mechanistic insight of nsp13 RNA translocation presents

novel targets for the further development of antivirals.

PReproduced with permission from Journal of Physical Chemistry, submitted for publication. Unpublished work
copyright 2021 American Chemical Society.
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3.2 Introduction

Severe acute respiratory syndrome coronavirus 2, responsible for the COVID-19 pandemic, has
infected over a 150 million people and caused more than 3 million deaths worldwide as of May
2021.%° While antigen-based vaccines have demonstrated significant success at mitigating severe
disease and spread, the need to treat infected patients as well as the evolution of potentially vaccine
resistant mutants make the development of potent antivirals a pressing concern. Additionally, it has
been suggested that there is the potential for new coronaviruses to become infectious to humans
necessitating the development of alternative and possibly general therapeutics. To that end, the
characterization of structure-function relationship of vital SARS-CoV-2 proteins is necessary to aid
in the development of antivirals.

A promising target for antiviral drug development against SARS-CoV-2 is the nspl3, one
of 16 nonstructural proteins (nsps),!'® because it plays a critical role in viral replication and
the inhibition of which in SARS-CoV-1 has been demonstrated to lead to inhibition of viral
replication. ''*!15 Nsp13 is a helicase protein that is highly conserved across SARS viruses '3%116
and is hypothesized to be a component of the RNA replication complex with the RNA polymerase,
nsp12, and other nsps.*!13:11"-119 Nsp13 has also been implicated in viral RNA capping activity 3%
and as an interferon antagonist.'?° Viral helicases have been targets for antiviral development in
SARS, 3113121 flaviviruses 16122132 and other positive-sense RNA viruses. Further characterization
of the structure—function relationships of SARS-CoV-2 nsp13 will allow for clarification of its role
in viral replication and aid in the development of antivirals.

SARS-COV-2 nspl3 is classified as a SF1 helicase allowing for the prediction of the ATP-
pocket and RNA-binding cleft within its structure. While there is no SARS-CoV-2 nsp13 crystal
structure available in the literature, the very close homolog from SARS-CoV-1 (PDB: 6JYT),%’
has a 99.8% sequence identity with SARS-CoV-2 nsp13.% The SARS-CoV-1 nsp13 structure,
depicted with subdomain coloring in Figure 3.1(b), is composed of five domains: zinc binding

domain (ZBD)(red), stalk domain (blue), domain 1B (pink), domain 1A (green), and domain 2A

(cyan). Nsp13 has been classified as a SF1 Upf1-like helicase, a family of enzymes with similar
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sequence characteristics, such as distinct structural features, specificity for ATP, and unwinding
polarity, that are found to interact with DNA/RNA in both eukaryotes and viruses. 37133135 Ag
found in all SF1 and SF2 helicases, domains 1A and 2A, also known as the RecA-like domains,
comprise the conserved helicase region. The classification of nsp13 as a SF1 helicase allows for the
prediction of the ATP binding site in-between domains 1A and 2A as well as the RNA-binding cleft
separating the RecA-like domains from domain 1B. ATP is depicted in its predicted binding pocket
in Figure 3.1(c). Verification of these structural inferences is necessary for developing well-founded
structure—function hypotheses as well as rationally designing therapeutics.

Aspects of the structure—function relationship for nsp13 can be inferred through comparison
to sequence-similar enzymes. Upfl-like helicases utilize an NTPase cycle to provide the free
energy to unwind dsRNA and translocate along the nucleic acid substrate in a 5 to 3’ direction. 3>’
These enzymes also exhibit RNA-dependent NTPase activity.'*® A set of highly conserved motifs
including nucleoside triphosphate (NTP) binding and hydrolysis motifs (I, II), RNA binding and
unwinding motifs (Ia, Ib, IV), and motifs connecting the two binding regions (III, V and VI)
have been found to be important for the function of SF1 helicases.>*!33134137 The motifs found
in SARS-CoV-2 nsp13 are indicated in Figure 3.1(c). How all of these motifs work in concert to
allow for NTP-dependent RNA translocation remains unknown for SARS-CoV-2 nsp13, yet this
information is critical for rational design of inhibitors.

SF1 helicases are thought to translocate by either an inchworm stepping or Brownian ratchet
mechanism. '3® The inchworm mechanism has two sites that alternate between strongly and weakly
bound states such that one site is always strongly bound to RNA. The weakly bound site performs
a power stroke before strongly binding RNA one basepair forward. This behavior is dependent
on the ATP substrate state and can lead to unidirectional translocation along an oligonucleotide
substrate. The Brownian ratchet is a simpler two state model in which RNA is either strongly or
weakly bound to the protein. RNA is translocated through a power stroke when the protein enters

the short lived, weakly bound state. These mechanisms are distinguished by their ATP-dependent

RNA-binding activity and, as such, are testable based on ATP-dependent RNA-bound structures.
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Figure 3.1: SARS-CoV-2 Nsp13 helicase structure. (a) Sequence, domain structure, and motif structure of
nspl3. Nsp13 model based on the I570V mutation of SARS-CoV-1 nsp13 (6JYT), colored by (b) domain and
(¢) motif.>* The ZBD and Stalk Domains were removed in the motif structure for clarity.
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The mechanism of RNA-translocation by SARS-CoV-1 nsp13 has been examined at an ensemble
kinetics level !'* and single-molecule kinetics level '* to identify the rate of ATP hydrolysis and
translocation. H/D mass exchange data suggest the presence of at least two RNA-bound states
depending on the presence of an ATP substrate.>’ These data are insufficient, however, to distinguish
between the two proposed mechanisms and do not provide enough structural information to inform
antiviral development.

The work presented here examines the structure—function relationships utilized by SARS-CoV-2
nspl3 during ATP-dependent RNA translocation. Specifically, I focus on the effect of the presence
of ATP and RNA on the structural ensemble of the protein and elucidate the role of ATP in the

40 in combination with Gaussian

translocation mechanism. I perform extensive GaMD simulations
Mixture Model (GMM) structural clustering and characterization by Linear discriminant analysis
(LDA). From these analyses I identify four states in the RNA-binding cleft which is indicative of
nsp13 utilizing an inchworm stepping translocation mechanism. The role of ATP binding in the

translocation mechanism is also elucidated. Furthermore, I analyze the ATP-pocket of the four

states identifying key motifs that allosterically connect the ATP-pocket to the RNA-binding cleft.

3.3 Computational Methods

3.3.1 System Setup

Simulations were performed for four ligand-bound states of the nsp13 helicase: Apo, single-
stranded RNA (ssRNA), ATP, and ssRNA+ATP. The initial structure for the Apo state is based on the
1570V mutation of SARS-CoV-1 (PDB: 6JYT).” Due to the lack of ligand-bound crystal structures
of SARS nsp13s, RNA and ATP substrates were extracted from Upfl-like helicases aligned to the
mutated SARS-CoV-1 nsp13 crystal structure. For the ssSRNA and ssRNA+ATP states, polyuracil
ssRNA was extracted from the RNA-bound Upf1 helicase crystal structure (PDB: 2XZL)!'#! after
the two crystal structures were aligned using a sequence—based maximum likelihood protocol as
implement in THESEUS. '*? For the ssRNA+ATP bound state, the ATP-analog AMP-PNP and the

coordinated Mg>" ion were extracted from the AMP-PNP-bound Upf1 helicase crystal structure
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(PDB: 2GJK)!#3 after the two crystal structures were aligned using the P-loop, motif II, motif
VI, and motif V as alignment landmarks. The amide group between the - and y-phosphates in
AMP-PNP were replaced by an oxygen atom to form ATP. Furthermore, residues Gly282-Gly287
from the P-loop region in domain 2A were replaced by residues Gly430-Gly435 from the P-loop
region in the AMP-PNP-bound Upf1 helicase. The ATP state was created by taking the ssSRNA+ATP
state and removing the sSRNA.

The protein is modeled using ff14SB parameters,'** RNA is modeled using ff99bsc0,013

145146 and the parameterization files for ATP'#7 are obtained from the AMBER parameter

parameters,
database. Additionally, nsp13 has a ZBD with three non-standard zinc binding pockets. The
three zincs are parameterized in Cys-Cys-Cys-Cys, Cys-Cys-Cys-HID, and Cys-Cys-HID-HIE
environments, respectively, using the MCPB tool in AMBER.'*® Crystallographic waters are
maintained for each state and TIP3P water was added to each system with at least a 12 A buffer
yielding a cubic box of linear dimension of at least 130 A and a total of at least ~ 215K atoms. See

Table A.7 in the supporting information for specific details of the size of each system. Na* and CI

ions were added to neutralize charge and provide a 0.1 M salt concentration.

3.3.2 Simulation Details

All-atom, explicit solvent GaMD simulations for the Apo, ssSRNA, ATP, and ssSRNA+ATP
states of nsp13 are performed using the GPU-enabled AMBER18 software.®® Hydrogen atoms are
constrained using the SHAKE algorithm.'® Direct nonbonding interactions are cut off at 12 A, and
long-range electrostatic interactions are modeled using the PME treatment.''® An integration time
step of 2 fs is used. GaMD simulations are performed in the NPT ensemble with a MC barostat set
to 1 atm and a Langevin thermostat set to 300 K.

The simulation protocol used for all systems are the same. The energy of the systems are
minimized in ten stages. In all minimization stages 2000 steepest descent minimization steps are
performed with varying harmonic restraints. In the first stage there is a 500 kcal mol ! A2 restraint

on all protein and ligand atoms. In the next four stages the restraints on the protein sidechains are
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reduced to 10.0, 1.0, 0.1, and 0.0 kcal mol~! A*Q, respectively. Finally, in the last five stages there
are diminishing restraints on ATP+RNA the protein backbone and all ligands of 50.0, 5.0, 1.0, 0.1
and 0.0 kcal mol~! A~2. The system is heated to a temperature of 300K over 1 ns with a harmonic
restraint of 40 kcal mol~* A~2 on all protein and ligand atoms. Pressure equilibration is performed
in six stages. First 1 ns of NVT simulation is performed maintaining the harmonic restraint from
the heating. In the next five pressure equilibration stages the restraint was reduced to 20.0, 10.0,
5.0, 1.0, and 0.1 kcal mol~! A2 for 200 ps each. A conventional molecular dynamics (cMD) NPT
simulation is then performed for 10 ns.

Following the cMD simulation each substrate state is simulated using GaMD. For GaMD
simulations, the threshold energy for applying boost potential is set to E = Vmax and the default 6
kcal mol ! is used for both oyp and 0p. The maximum, minimum, average, and standard deviation
values of the system potential are obtained from an initial 10 ns cMD simulation with no boost
potential. Then GaMD simulations are performed with boost potential applied to both the dihedral
and total potential energy terms. Each GaMD simulation is proceeded with a 40 ns equilibration run
after adding the boost potential, followed by 2 us of production runs. The GaMD simulations of all
substrate states are performed in triplicate except for the sSRNA bound state in which six replicates

were performed yielding a total of 30 us of GaMD simulation to be analyzed.

3.3.3 Model Corroboration

Due to the lack of ATP-bound and ssRNA-bound crystal structures, the ATP, ssRNA, and
sSRNA+ATP starting structures were created from combining ATP-bound and ssRNA-bound Upf1
helicase crystal structures with a [IS70V mutated SARS-CoV-1 nsp13 apo helicase crystal structure.
The contacts between the SARS-CoV-2 nspl3 protein and the bound ATP and ssRNA ligands
for the ATP, ssRNA, and ssSRNA+ATP systems are compared to similar contacts in other SF1
helicase proteins, including the Upfl and IGHMBP?2 helicases, to show that these are suitable initial
structures that are stable during simulation. For the RNA-bound systems, contacts between motifs

Ia, IV, and V with ssRNA phosphates are determined for each frame as these motifs are highly
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conserved across SF1 helicase proteins. Similarly, the contacts between motifs I, I, III, V and VI
with ATP and Mg?" are calculated in the ATP-bound systems. A residue and ligand were considered
to be in contact if any atom of the residue is within 5 A of any atom in the ligand. The residue
identities and the percentage of frames that each residue is in contact with the ligand are shown
in the supporting information for both the ssSRNA and ATP contacts in Table A.8 and Table A.9,
respectively. These tables show that a majority of the contacts formed in the Upfl and IGHMBP2
crystal structures are maintained for 60-100% of the frames in the simulation, although, some of the
contacts are formed or broken depending on whether both or only a single ligand are bound to the

protein.

3.3.4 Gaussian Mixture Model Clustering and Linear Discriminant Analy-
sis

Variational Bayesian Gaussian mixture model '’

is a probabilistic model that effectively fits a
given set of data to a specified number of Gaussian distributions with unknown parameters assigning
each data point to a cluster. GMM is used to identify structural states in the nsp13 protein by
clustering a set of protein—protein distances calculated from the nsp13 simulations using a GMM
tolerance of 107%. The number of clusters that the data is fit to is determined by calculating the
silhouette, '*° Calinski-Harabasz (CH),'>! and Davies-Bouldin (DB)'>? scores for a range of cluster
sizes from two clusters to ten clusters. Then based on maximums in the silhouette and CH scores
and minimums in the DB score the number of clusters is chosen.

Linear discriminant analysis is a classification and dimensionality reduction tool. LDA is a
supervised algorithm (data must already be clustered) that finds the linear combination of features
that maximize cluster separation. LDA is used to identify the protein—protein distances that best
differentiate the four states identified in the RNA-binding cleft.

The GMM clustering and characterization using LDA is performed iteratively. Each iteration

uses the projection of the distance data onto the previous iterations LD eigenvectors as the input

data for the GMM clustering. The distance data is still used as the input data for LDA. The cycle
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is iterated until the distance between the current iterations projected distances and the previous
iterations projected distances is below a threshold value of 10~3. Both GMM and LDA are performed

using the machine-learning Python library scikit-learn. '>3

3.4 Results and Discussion:

The translocation mechanism of the SARS-CoV-2 nsp13 helicase is likely an important compo-
nent of the viral lifecycle and yet structural details regarding this mechanism are lacking.!" Here, I
present a set of simulations for the Apo, ATP, ssRNA, and ssSRNA+ATP bound states to provide
insight into the translocation mechanism of nsp13 along ssRNA. First, I discuss large scale changes
in domains 1A, 2A, and 1B between all four systems. I identify changes in the RNA-binding cleft
due to the binding of ATP by analyzing differences in the sSRNA and ssSRNA+ATP systems which
provide insight into the translocation mechanism of SARS-CoV-2 along ssRNA. Finally, I discuss
allostery between the ATP-pocket and the RNA-binding cleft focusing on how the presence of ATP

changes the ATP-pocket and how those changes affect the RNA-binding cleft.

Figure 3.2: Structural depiction of the distances between the center-of-mass of domains 1B (magenta), 1A
(green), and 2A (cyan). The stalk and ZBD domains are not depicted for clarity.
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3.4.1 Large-Scale Changes to Protein Structure

The interdomain distances between domains 1A, 2A, and 1B, depicted in Figure 3.2, are
calculated to investigate large-scale changes within the nsp13 protein structure due to the presence
of sSRNA and ATP. The center-of-mass of the -sheets for each domain are used to calculate the
interdomain distances due to their rigidity within each domain. The ATP-pocket sits at the boundary
between domains 1A and 2A. The average 1A-2A domain distance remains constant around 31 A,
independent of the presence of ATP and ssRNA as demonstrated by the average separation distances
shown in Table 3.1. The standard deviation of all distances are calculated from the set of average
reweighted distance values of each replicate of the system.

Although there are no large scale changes to the ATP-pocket, the presence of ATP leads to
large scale changes to the RNA-binding cleft. Domain 1B runs along the edge of both domains 1A
and 2A forming the RNA-binding cleft. The interplay of these two boundaries are important in
the translocation mechanism of nsp13. The 1A—-1B and 2A-1B domain distances provide insight
into how these boundaries change with ssSRNA and ATP binding. The 1A-1B domain distance
increases when ssRNA is bound to nsp13. Furthermore, the binding of ATP into the ssRNA-bound
state leads to additional widening of the 1A—1B distance from 36.6 A in the ssSRNA system to 38.4
A in the ssRNA+ATP state. Similar behavior is observed between domains 2A and 1B where the
presence of ATP leads to an increase in the 2A—1B distance by 3.4 A relative to the RNA-bound
state. There is more fluctuation in the 2A—1B distance relative to 1A-1B distance as demonstrated
by the larger standard deviation value of 2.0 A for the 2A—1B distance compared to 0.8 A for the
1A—1B distance for the ssRNA-bound system, which can be attributed to large fluctuations in the
tertiary structure of the 2A domain. The widening of the RNA-binding cleft for both the 1A-1B
and 2A-1B boundaries suggests a possible reduction in the binding strength of RNA within the
RNA-binding cleft due to the presence of ATP. The linear interaction energy (LIE) between each
phosphate and the surrounding protein residues and the RMSF of each phosphate were calculated
to determine the binding strength between nsp13 and ssRNA and can be found in Table A.10 and

Table A.11 of the supporting information. In both analyses the fluctuations in these values were
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too large to differentiate between the sSRNA and ssRNA+ATP bound states. One exception is
phosphate P5, labeled in Figure 3.3, in which the interaction energy is higher at -63 kcal/mol for
the sSRNA+ATP system relative to -112 kcal/mol for the ssSRNA system. The lower LIE for P5 in
the ssSRNA system can be attributed to motif Ia binding phosphate P5 in one state of the ssSRNA
simulations. The LIE values are phosphate specific but, due to the homogeneous nature of the RNA
sequence, the nature of the nsp13-RNA state is relatively agnostic to specific phosphate interactions.
In the subsequent section, we use a minimum distance analysis to overcome this concern.

Table 3.1: Average center-of-mass separation distance between domains 1A, 2A, and 1B of the nsp13

helicase Apo, ATO, ssRNA, and ssRNA+ATP ligand bound states. Error in the last digit is provided in
parentheses.

Separation Distance (A)
Domains APO ATP sSRNA ssRNA+ATP

1A-2A  31.1(6) 31.6(2) 31(1) 31.3(4)
1A-1B  34.6(6) 34(1) 36.6(8) 38.4(4)
2A-1B 30(1)  31.14) 33(2) 36.4(1)

3.4.2 Structural Changes of the RNA-Binding Cleft due to the Presence of

ATP

The presence of ATP leads to large scale changes in the RNA-binding cleft as shown by the
increase in the 1A—1B and 2A-1B interdomain distances. Motifs Ia and IV are both highly
conserved regions in SF1 helicases and it has been suggested that these motifs are involved in RNA
binding.’*!>* The structure of the RNA-binding cleft from each frame of these simulations are
clustered based on the distances between motif Ia, motif IV, and the closest RNA phosphates (P)
using a GMM-LDA approach. Table A.12 in the supporting information contains the residues used

as the position of each motif when calculating these distances. Based on the three distances, the
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GMM analysis separated the ssSRNA and ssSRNA+ATP structures into four states: S1, S2, S3, and

S4. A representative structure of the RNA-binding cleft for each state is shown in Figure 3.3.
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Figure 3.3: Representative structures of the four states identified by the GMM-LDA clustering analysis
performed on distances between motif Ia (purple), motif IV (red), and the closest ssRNA phosphates. The
phosphates along the sSRNA have been highlighted. (a) In state S1 motif Ia and IV are both strongly bound
to ssRNA phosphates and are separated by two unbound phosphates. (b) In state S2 motif Ia and IV are
separated by a two phosphate gap, but motif Ia is strongly bound to a phosphate while motif IV is weakly or
unbound to the ssSRNA phosphates. (c) In state S4 both motif Ia and motif I'V are strongly bound to ssRNA
phosphates, but are separated by one unbound phosphate. (d) In state S3 motifs Ia and IV are separated by a
one phosphate gap, but motif IV is strongly bound to a phosphate while motif IV is weakly or unbound to the

phosphates. The four states are evidence of a possible 4-step inchworm stepping translocation mechanism.
The arrows illustrate the 4-step cycle possibly utilized by nsp13 during translocation.
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Analysis of the structure of the RNA-binding cleft for S1, S2, S3, and S4 reveals that motif Ia
and motif IV independently bind and release ssSRNA at different phosphate positions. To determine
how the structure of RNA-binding cleft varies for each of the states, the three distances were

projected onto the LD eigenvectors calculated by the LDA. The coefficients of LD1 and LD2 are
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shown in the supporting information in Table A.13. Figure 3.4(a,b) show the projection of the
three distances on to the LD1 and LD2 eigenvectors for the ssSRNA and ssSRNA+ATP systems,
respectively. LD1 separates S4 from the other three states and is dominated by the distance between
motif Ia and the RNA phosphates. Table 3.2 shows the average of each of the distances used in
the clustering analysis for all clusters. S1, S2, and S3 have an average Ia — P distance around 5.5
A, while in S4 this distance increases to 9.4 A. This can be seen in Figure 3.3(c) where the ssRNA
has separated from motif Ia, causing ssSRNA to become more linear in the RNA-binding cleft. LD2
distinguishes between S1, S2, and S3 and is dominated by both the Ia — IV and IV — P distances.
The distance between motif Ia and IV is smallest for S3 at 14.1 A and largest for S2 and S1 at 18.2
and 20.2 A, respectively. The change in the Ia — IV distance between S1 and S3 can be explained
by a change in the number of phosphates between the phosphates bound by motifs Ia and I'V. In the
representative structure for S3 (Figure 3.3(d)), motif Ia is bound to P4 and motif IV is bound to P2
leaving only a single phosphate gap (P3) between them. On the other hand, in the representative
structure for S1 (Figure 3.3(a)), motif Ia is bound to P4 and motif I'V is bound to P1, leaving a 2
phosphate gap (P2 and P3) between them. This is qualitatively consistent with the linear interaction
energy of P5 as the state where motif Ia binds PS5 is an example of a conformation where there is
a two phosphate gap between motif Ia and IV as motif Ia is bound to P5 and motif IV is bound
to P2. S1 and S2 are not well separated by the Ia — IV distance, but are separated by the distance
between motif IV and the RNA phosphates. In S1, the average IV — P distance is 5.0 A, while in

S2 the average distance increases to 8.1 A as the ssRNA bends away from motif IV.

Table 3.2: Average separation distances and standard deviations between motif IV, motif Ia, and the closest
ssRNA phosphates (P) for states S1, S2, S3, and S4.

Average Distance (A)
Residues  S1 S2 S3 S4

IV-P 5.008) &) 6(1) 4.7(4)
IV-Ia 20(1) 18(2) 14.2(9) 16.3(7)
Ia-P 5505) 544) 542) 9409
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The four states identified in the GMM-LDA analysis suggest a 4-step inchworm stepping
translocation mechanism of nsp13 along ssSRNA. In this inchworm mechanism, motif Ia and motif
IV act as binding sites that independently bind and release the phosphates of ssSRNA. There is
always one of the binding sites that is strongly bound to ssSRNA, unlike in a Brownian ratchet
mechanism in which the protein as a whole, strongly or weakly binds ssSRNA. The mechanism
follows the cycle shown in Figure 3.3. Let’s assume the cycle starts in S1 where motif IV is bound
to P,, and motif Ia is bound to P,,, 5 leaving a two phosphate gap between them. In the first step of
the mechanism motif I'V and P,, unbind as the protein transitions to S2. In the second step motif IV
does a power stroke moving down one base of ssRNA and binds P,,,; resulting in the protein being
in S3. This leaves a single phosphate gap between the phosphates bound by motifs Ia and IV. In the
third step the protein transitions to S4 as motif Ia and P,,, 3 unbind. Finally, in the fourth step, Ia
performs a power stroke moving down one base of ssSRNA and binds to P,, 4 and the protein ends

up back in S1. Each 4-step cycle performed by nsp13 results in a one base pair translocation along

ssRNA.
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Figure 3.4: TThe projection of the distances between motif Ia, motif I'V, and the closest ssRNA phosphates
on to LD1 and LD2 eigenvectors from the GMM-LDA clustering analysis for the (a) ssSRNA and (b)
sSRNA+ATP systems.

Changes in the sampling of S1, S2, S3, and S4 when ATP is present in the ATP-pocket suggests
that the binding of ATP leads to the release of sSRNA by motif IV. In Table 3.3, the probability
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of being in each of the four state for the ssSRNA and ssSRNA+ATP systems is calculated to provide
insight into which of the four states the protein is in when RNA is bound and how the sampling
of the four states change when ATP binds into the RNA-bound protein. In the ssSRNA system,
both S1 and S2 are each sampled 33% of the time. With ATP bound, S1 is no longer sampled
and the sampling of S2 and S3 both increase to 51% and 33%, respectively. These probabilities
suggest that the cycle begins with a two phosphate gap between the phosphates bound by motifs
Ia and IV. The binding of ATP then increases the probability of states where motif I'V unbinds
(S2) and performs a power stroke leading to a single phosphate gap between motifs Ia and IV
(S3). These probabilities provide evidence that the binding of ATP into the ssRNA-bound state
of nsp13 causes the first step in the inchworm stepping translocation mechanism. The remaining
translocation steps most likely occur in the later steps of the hydrolysis cycle such as ATP hydrolysis
and release of adenosine diphosphate (ADP) and the inorganic phosphate (Pi). This is supported by
several studies that suggest the hydrolysis of ATP to ADP+Pi and the release of these products are
responsible for the unwinding of dsRNA and leads to the power stroke resulting in the translocation
of RNA helicase proteins. 135138155156 ]t jg necessary to perform simulations of sSRNA+ADP+Pi
and ssSRNA+ADP ligand bound systems to further elucidate the translocation mechanism of nsp13

along the ATP-hydrolysis cycle.

Table 3.3: The probability of being in each of the states identified in the GMM-LDA clustering analysis for
both the ssSRNA and ssSRNA+ATP systems.

Probability
Residues S1 S2 S3 S4

RNA 33.01% 35.39% 15.14% 16.45%
RNA+ATP 0.02% 50.78% 33.22% 15.99%

3.4.3 Structural Changes of the ATP-pocket due to the Presence of ATP

The binding of ATP to nsp13 leads to a change in the structure of the RNA-binding cleft as

shown by the change in sampling of the four states identified in the RNA-pocket and the increase
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in the 1A-1B and 2A-1B interdomain distances when ATP is bound into the ssRNA state. To
identify how the presence of ATP changes the ATP-pocket and how these changes allosterically
alter the RNA-binding cleft, LDA was performed on states S1, S2, S3, and S4 using distances
between ATP-binding motifs (IIL,VI), RNA-binding motifs (IV), and motifs that bind both ATP
and RNA (Ia,V III). Initially, all residues in all conserved motifs were included in the LDA analysis.
Iteratively, LDA was performed on these distances and the distances that received low coefficients
or contained similar information to other distances in LD1 and LD2 were removed until the eight
distances shown in Table 3.4 were chosen.

Table 3.4: Average separation distances and standard deviations between motifs I, motif Ia, motif II, motif
IV, motif V, motif VI, and the closest ssSRNA phosphates for states S1, S2, S3, and S4.

Average Distance (A)
Distance S1 S2 S3 S4

I-Ta 21.4(5) 21.7(6) 21.8(6) 20.0(6)
V-VI 11.96) 11.7(7) 11.44) 10.98)
I-V 21418 19(1) 18(1) 19.1(7)
M-V 160(7) 132) 132) 13.7(6)
V-P 6206) 6(1) 758) 8.2(6)
Ia—-V 14.08) 11(2) 10(1) 9.5(8)
IV-V  855) 10(1) 93(6) 9.509)
M-VI 182) 17(2) 18(1) 17.9(5)

Motif V is identified as a key motif for allosteric communication between the ATP-pocket and
the RNA-binding cleft due to changes in its positioning between them for the four states identified
in the GMM-LDA analysis of the RNA-binding cleft. To determine how the structure of the ATP-
pocket varies in the four states, the eight distances are projected onto the LD1 and LD2 eigenvectors
for the ssSRNA and ssRNA+ATP systems as shown in Figure 3.5(a,b), respectively. The coefficients
of LD1 and LD2 are shown in the supporting information in Table A.14. LD1 separates S4 from S1,
S2, and S3. The average distances shown in Table 3.4 are ordered based on the LD1 coefficients.
S4 has a smaller I — Ia distance relative to the other states as domain Ia unbinds ssSRNA and sits

close to the ATP-pocket. Similarly, motif V is closer to both the ATP-pocket and motif VI for S4,
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Figure 3.5: The projection of select distances between motif I, motif Ia, motif II, motif IV, motif V, motif
VI, and the closest ssSRNA phosphates on to LD1 and LD2 eigenvectors from the GMM-LDA clustering
analysis for the (a) sSRNA and (b) sSRNA+ATP systems.

Figure 3.6: Representative structures of the ATP-pocket for states (a) S1, (b) S2, (c) S4, and (d) S3 four states
identified by the GMM-LDA clustering analysis performed on select distances between motif I (orange),
motif Ia (purple), motif II (pink), motif I'V (red), motif V (yellow), motif VI (green), and the closest ssSRNA
phosphates
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leading to the largest V — P distance and smallest V — VI distance of all four states. Furthermore,
motif Ia and V sit much closer together relative to the other states. Overall, S4 has a much more
compact ATP-pocket which leads to motifs V and Ia not binding or weakly binding ssSRNA. LD2
differentiates between S1, S2, and S3 and has the largest contribution from the and I — V distance.
The I - V distance is smallest for S3 at 18 A as motif V sits closer to the ATP-pocket as shown in
Figure 3.6(c). The I — V distance increases for S2 to 19 A and increases again for S1 to 21.4 A as
motif V moves closer to the RNA-binding cleft and binds to the ssSRNA phosphates. This is further
shown by the decrease in the V — P distance for S1 and S2. Not only does motif V sit closer to the
RNA-binding cleft for these two states, but it rotates up away from motif Ia becoming more parallel
with the ssSRNA backbone as it binds one or two of the phosphates as shown in Figure 3.6(a,b). This

is evidenced by the increasing Ia — V and II — V distances.

Table 3.5: Average separation distance and standard deviation between all residues in motif V with ATP and
Mg?™ for states S1, S2, S3, and S4.

Average Distance (A)
Residues S1 S2 S3 S4

Val 533 53(8)  42)  3(1) 4
ASP534  8(1)  5(1)  6.04)  6(1)
SER535 8(1)  3(1) 47(5) 502
SER536 6.6(7) 4.3(8) 4.28) 6.9(7)
GLNS537 928) 6(1) 72(5) 8.5(@)
GLY 538 12(1)  9(1)  9(1) 12.3(8)
SER 539 12.2(7) 10.18) 10(1) 12.3(8)
GLU 540 11.04) 10.1(5) 10.06) 11.0(7)

The analysis of the ATP-pocket allows us to form a more complete picture as to how the presence
of ATP leads to a change in sampling of S1, S2, S3, and S4. As motif V moves farther from the
ATP-pocket it binds to ssSRNA phosphates closer to motif IV stabilizing the two phosphate gap
between motifs Ia and IV and, therefore, stabilizing S1. As nsp13 binds ATP there is an increase
in the sampling of S2 and S3 where motif V sits closer to the ATP-pocket due to the formation of

contacts between ATP and motif V. Table 3.5 shows the average distance between all residues in
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motif V and ATP or Mg?* for the sSRNA+ATP system. In S2, S3, and S4 Val 533, Asp 534, Ser 535,
and Ser 536 form contacts with ATP and Mg?* with an average separation distance of 3-6 A. These
contacts make it energetically unfavorable for motif V to move close enough to ssSRNA to stabilize
the two phosphate gap between motif Ia and motif IV preventing the protein from sampling S1
when ATP is bound.

These results are consistent with other studies in the literature that identify the importance
of motif V in the communication between the ATP-pocket and the RNA-binding cleft of other
SF1 and SF2 helicases. Molecular dynamics simulations of the flavivirus NS3 helicase protein
revealed motif V as an allosteric link between the ATP-binding pocket and the RNA-binding cleft
due to strong correlations between motif V and both binding pockets. !>’ Furthermore, these results
were supported by mutagenesis studies both in vitro and in silico.* SARS-CoV-2 motif V and
subdomain 2A are more dynamic than their flaviviral homologs but the mechanistic role of motif V
is conserved. This further reflects the importance of motif V in the translocation mechanism making

it an interesting target for antiviral development.

3.5 Conclusions

To provide insight into the translocation mechanism utilized by nsp13 and the role ATP-binding
plays in the translocation mechanism I performed simulations of Apo, ATP, ssRNA, and ssRNA+ATP
ligand-bound states of the nsp13 helicase. Our models were verified by comparing substrate binding
poses to crystal structure of other SF1 helicases that contain these substrates.

Interdomain distances revealed that the binding of ATP leads to an increase in the 1A—1B and
2A-1B domain distances corresponding to a widening of the RNA-binding cleft. A GMM-LDA
approach revealed the presence of 4 states in the RNA-binding cleft. These four states represent a
4-step inchworm stepping translocation cycle where motif Ia and motif IV alternate in releasing a
ssSRNA phosphate before performing a power stroke and binding a phosphate one basepair forward
along ssSRNA. The change in sampling of the four states in the ssSRNA and ssSRNA+ATP systems

suggests that the first step in the cycle occurs due to the binding of ATP by nsp13. Analysis of the
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ATP-pocket of the 4 states reveal that motif V plays an important role in stabilizing ssSRNA in states
where motifs Ia and IV are largely separated. When ATP is present, motif V forms contacts with
ATP reducing its interaction with ssSRNA. Based on the simulations that I presented here motifs Ia,
IV, and V play a crucial role in the translocation mechanism of nsp13. These motifs would be ideal
targets for antiviral drugs to inhibit the function of nsp13.

Future work will focus on performing simulations of ssSRNA+ADP+Pi and ssSRNA+ADP ligand-
bound states of nsp13 to further investigate the translocation mechanism of nspl3 in the later
stages of the hydrolysis cycle. Specifically, the role of ATP-hydrolysis, release of the inorganic
phosphate, and release of ADP in the inchworm stepping mechanism will be elucidated. Also,
enhanced sampling simulations of motif V would further clarify the ATP dependence of the structural
conformations of motif V and its role in stabilizing the two phosphate gap in states where motif Ia

and IV are largely separated.
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Chapter 4
Implicit Solvation Using the Superposition

Approximation (IS-SPA) Simulations on GPUs

4.1 Overview

Molecular dynamics simulation is an important tool that can provide molecular-level insight
into condensed phase molecular phenomenon. Often the process of interest occurs on length-
and time-scales that is computationally unfeasible to approach with MD. Implicit solvent models
were developed to reduce the computational demand of simulating solvated systems by removing
the solvent degrees of freedom. Implicit Solvation using the Superposition Approximation is an
implicit solvent model that was developed to reduce the computational demand of simulating
solvated systems while maintaining a high degree of accuracy relative to explicit solvent simulations.
Advancements in the performance of molecular dynamics simulations have recently focused on
the use of graphics processing units due to their parallel computing power. I present a GPU
implementation of the IS-SPA molecular dynamics code. Three different parallelizations of the
IS-SPA algorithm are discussed including a highly parallelized algorithm, a tiling method algorithm,
and a modified tiling method algorithm that removes the use of atomic operations at the expense of
the level of parallelization of the IS-SPA calculations. The tiling method algorithm outscales the
other two algorithms with increasing system size and the number of Monte Carlo integration points
used per solute atom. Our results demonstrate that the GPU-implementation of IS-SPA is more
computationally efficient than AMBER’s explicit solvent all-atom molecular dynamics simulations
at concentrations below 25 mM for a system of 50 alanine dipeptide molecules performed on a

GPU.
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4.2 Introduction

Molecular simulation is a powerful approach to investigate condensed phase molecular phe-
nomenon such as protein folding, allostery, and self-assembly. Many of these processes, however,
occur on time- or length-scales that are still challenging to approach using explicit solvent all-atom
simulations. A variety of methods have been developed to address this issue including enhanced
sampling protocols, particle coarse-graining, and implicit solvation. Of these methods, implicit sol-
vation is the most computationally appealing since it offers the possibility for drastic computational
savings; for many biomolecular simulations, the solvent represents ~90% of the computational cost
and yet the macroscopic properties of interest typically only depend on the solute positions. Despite
its appeal, implicit solvation has not become mainstream due to a lack of models that provide both
computational efficiency and reasonable thermodynamic consistency.

Implicit solvation is achieved by removing explicit representation of the solvent particles but
including their effect in the forces felt by the solute. A variety of theoretical approaches have been
used to determine the forms of the forces that should be applied. While certainly a simplification of
the plethora of available methods, I separate implicit solvent models into two types: those meant
for single point calculations and those meant for simulation. The single point calculation methods
are largely based on classical density functional theory and include methods such as RISM 38160

and variational implicit solvation. '®!

These methods can provide highly accurate free energies of
solvation but come at a significant computational cost and are thus not typically applicable for
large-scale biomolecular structural sampling. One common component of these accurate methods is
the consistent treatment of the polar and non-polar components of solvation. Methods designed for
molecular simulation include GB® for polar solvation and solvent-accessible surface area (SASA)
for non-polar solvation. 192164 While these methods can be utilized in a simulation their accuracy is
application, implementation, and parameterization dependent.'®* It is suggested that these methods
are insufficient for molecular aggregation phenomena. 2064

IS-SPA is a recently developed implicit solvent model that accurately captures polar?® and

non-polar® components to solvation. This method has been shown to be applicable to aggregation
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phenomena. 2*%* The non-polar model demonstrated significant computational speed-up compared
to both explicit solvent and RISM.% The treatment of both polar and non-polar solvation is more
computationally expensive but is still found to outperform explicit solvent simulations at solute
concentrations well above typical experimental concentrations for self-assembly applications.?’
While the algorithm has demonstrated impressive accuracy and performance, the applications have
been limited to relatively small systems. It is of interest, therefore, to further develop this method
for large-scale applications.

Recent performance advancements in molecular simulation have focused on GPU implementa-
tion of explicit solvent aaMD methods. The recent advancements in the AMBER implementation of
GB and SASA, in particular, demonstrate the importance of considering GPU implementation for
simulation-based implicit solvation methods. !¢ The AMBER implementation is based on a previous
implementation of GB on a GPU 7198 that used a tiling particle decomposition to distribute the
pairwise computation workload efficiently across the GPU. Recent performance results have been
impressive suggesting the importance of considering this scheme in the GPU algorithm for IS-SPA.

In this chapter, I present a GPU implementation of the IS-SPA algorithm. The entire code was
written from scratch and each force calculation is performed on the GPU. Three different GPU
parallelization algorithms are compared and contrasted. I start by briefly outlining the theory behind

IS-SPA, next I describe the three algorithms, and finally I present the results of these algorithms as

applied to systems of alanine dipeptide (AP) molecules.

4.3 Theory

The goal of IS-SPA is to accurately reproduce the mean solvent force on a given solute con-
figuration. The IS-SPA theory is described in full detail by Lake et al.?*%* For polar solutes in an
arbitrary solvent, the mean solvent force on an atom 7, given the position R" of the N solute atoms,

in the case of pairwise additive interactions is given by

(F sote = p / / Fron(r — Ry Q)g(r, 2 RY) dS2 dr @.1)
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where p is the solvent density, f is the solvent force, g is the solvent distribution function,

j,solv
and (2 represents the internal coordinates of the solvent molecule. IS-SPA makes use of several
approximations to analytically integrate over {2 such that only the position of the solvent, r, needs
to be sampled by MC sampling.

The first approximation presumes that the only important degrees of freedom of a solvent
molecule is the alignment of its dipole moment and that the molecule is axially symmetric. This
reduces the 12 degrees of freedom in €2 for a chloroform molecule to two, represented by p. The
second approximation used is the the Kirkwood superposition approximation, where the many-body

distribution function is reduced to a product of two-body distribution functions g, that also take into

account the orientation of the dipole moment. Specifically,

[1is, gx(Ir — Rel) Pu(p;m — Ry)
f Hk:l Pk(p7 r— Rk) dp

g(r,p; RY) ~ (4.2)

where P, is the probability distribution of the dipole moment of the solvent given the distance vector
r — R, from atom k.

The probability distribution of the dipole moment is approximated by the probability distribution
of a thermal ideal dipole in a constant electric field and is given as

P - (7‘ _Rk)

By(p;r — Ry) ~ exp | —

where p is the static dipole moment of a chloroform molecule, 7' is the temperature in units of
energy, and F is the radially symmetric effective mean field along its separation vector produced
by each atom.

Finally, a MC integration is used to approximate the integral of Equation 4.1. Namely,

M N
solv — M Z j solv Rj7 E H ’rl Rkl (44)
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where I represents the probability distribution from which the MC points are sampled, M is the
total number of MC points for all atoms, and F; is the sum of the electric fields produced by each
atom, Fj, which comes out of the product of the probability distributions of the dipole moments
defined in Equation 4.3. It is important to note that the MC integration is only performed inside
a defined interaction volume around each atom. The long ranged electrostatics outside of the
interaction volume are approximated by a constant density dielectric. The treatment of the long

ranged electrostatics are explained in greater detail by Lake et al.?°

4.4 GPU Architecture and CUDA Software

To better understand the IS-SPA CUDA implementations discussed in this chapter it is import to
understand the differences between GPUs and CPUs, the architecture of GPUs, and how algorithms
are implemented on GPUs using the CUDA platform. GPUs and CPUs are designed to be efficient
for different types of computational tasks. CPUs have latency-optimized cores and can handle a wide-
range of complex tasks quickly, but these tasks must be run in serial. Alternatively, GPUs contain
thousands of throughput-optimized cores making them more efficient than CPUs for computational
algorithms that process large sets of data in parallel such as in the case of IS-SPA. The NVIDIA
GPU architecture is built around a scalable array of multithreaded Streaming Multiprocessors (SMs)
that each consist of a variable number of CUDA cores or Stream Processors (SPs) which are the
most basic processing units. Both the number of SMs and SPs per SM is GPU dependent, for
example a GeForce GTX 1080 GPU card contains 20 SMs each containing 128 SPs per SM for a
total of 2560 CUDA cores.

CUDA is a general purpose parallel computing platform and programming model that utilizes
the parallel compute engine of GPUs. A function executed on a GPU is called a kernel. A kernel
is executed in parallel by an array of threads. All threads run the same code, but each thread has
a unique ID that is used to select which data to work on. A block is a group of threads which are
executed together. Blocks are dynamically assigned by the GPU scheduler to SMs giving GPUs

their scalability. An SM can execute more than one block concurrently, but the number of blocks
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that can simultaneously execute on an SM is limited by both hardware and the amount of resources
each block uses including number of threads, shared memory, and number of registers. A grid is
a set of blocks which together execute the GPU operation. The number of threads per block and
the total number of blocks can be changed to fit the needs of a kernel, but there are limits for each
that depends on the specific GPU card. Furthermore, threads are bound together in groups of 32
called warps. All threads in a single warp can only run a single set of instructions at once. For
example if one thread within a warp follows one condition of an if-else statement and another thread
in the same warp follows the other condition than all 32 threads in the warp will go down both
sides of the statement. This does not create a problem functionally as the threads that do not satisfy
the condition become inactive when following that branch of the statement, but this could cause a
reduction in performance if both sides of the statement are long. Additionally, all threads within a
warp fetch data from the memory together. Therefore, it is important to consider warps when trying
to optimize the efficiency of the code.

Another important factor to consider when creating an efficient application is the use of memory.
Due to the hierarchical nature of the GPU architecture there is also a hierarchy of memory types
in size, access speeds, and lifetimes. The smallest and fastest accessible memory type on the SMs
are registers. Registers are only accessible by and have the lifetime of a thread. The next fastest
memory type is shared memory which can be as fast to access as registers depending on a few
factors such as bank conflicts. Each block has its own shared memory that is accessible by any
thread within that block and has the lifetime of the block. Shared memory is an important factor to
consider when choosing how to divide calculations into blocks. The largest and slowest form of
memory is global memory. Global memory can be 150x slower than registers or shared memory
and has the lifetime of the application. Global memory can be accessed by both the host CPU and
the GPU device and is persistent between kernel launches. Reducing the number of calls to global

memory will typically improve code performance.
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Figure 4.1: Schematic representation of the GPU architecture, the logical hierarchy of the CUDA software,
and the GPU memory hierarchy.

4.5 CUDA Implementations

The CUDA algorithms that I use to perform IS-SPA implicit solvent simulations divide the
calculation of the IS-SPA forces into three kernels, delineated as the MC kernel, the field kernel, and
the force kernel. The MC kernel generates the positions of all of the MC points used to calculate the
mean solvent force in Equation 4.4. The user defines the number of MC points per atom, Ny¢, in
the input file. The MC kernel generates /N, MC points within the interaction volume of each atom
producing a total of M MC points (M = N - Ny;¢). At each MC point 4, the field kernel calculates
the product of the densities and the sum of the electric field, E;, produced by each atom as in
Equation 4.2. Look-up tables are used to determine the density and electric field values produced
at an MC point by each atom. Finally, the density and electric field are used by the force kernel
to calculate the mean solvent force on each atom j by each MC point ¢ using Equation 4.4. Both
the field and force kernels calculate NV - M atom—MC point interactions per step of the simulation
making them both computationally demanding. There are numerous ways in which these kernels
can be written, each with significantly differing computational efficiencies. I present three versions

of the CUDA algorithm.
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4.5.1 Algorithm 1: Highly Parallelized

The main goal of algorithm 1 is to fully parallelize the IS-SPA calculations such that each thread
is only calculating the interactions between a single atom—MC point pair so that no loops are used.
The high degree of parallelization of the IS-SPA calculations should make the CUDA algorithm
quite efficient. This parallelization is done in both the field and force kernels.

The field kernel parallelizes the calculations of the electric field and density at each MC point
such that each thread is only calculating the partial electric field and density that a specific atom is
placing onto a specific MC point. For a particular MC point, N/W warps are created, where W is
the total number of threads in a warp. If N is not a multiple of IV than this leads to some warps
having inactive threads. Since all threads within a warp are calculating the electric field and solvent
density at a single MC point, the partial electric field and solvent densities are reduced using a warp
reduction. Finally, each warp uses atomic operations to push their partial electric field and density
to the global total solvent density and electric field for each MC point. Atomic operations are used
to prevent race conditions where multiple threads may try to read and write to the same variable
simultaneously which could cause a value to be computed incorrectly. A total of M - (N/W') warps
are generated filling up M - (N/W)/S blocks, where S is the max number of warps per block.

Similarly, the force kernel parallelizes the calculation of the mean solvent forces on each atom
such that each thread only calculates the partial mean solvent force from one specific MC point onto
one atom. The electric field must be converted into polarization by each thread instead of being
calculated one time in the field kernel due to how the field kernel is organized. For a particular atom,
M /W warps are created; if M is not a multiple of TV than some warps will have inactive threads.
Since each warp is calculating the forces from various MC points onto one atom, the forces from
each thread in the warp can be reduced using a warp reduction. Atomic operations are then used to

calculate the total mean solvent force on each atom. The force kernel generates N - (M /W) warps

across N - (M/W)/S blocks.
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4.5.2 Algorithm 2: Tiling Method

In algorithm 2, I use a tiling method approach to calculate the mean solvent forces that is
similar to the tiling method used by AMBER and Friedrich et al. to calculate the non-bonded
forces between atoms in GB implicit solvent simulations in which the calculation of the interaction
between each pair of atoms is divided into warp sized tiles that the GPU scheduler distributes across
the GPU into individual blocks. !7-1% Albeit, there are a few major differences between the two
methods due to differences in how the two forces are calculated. The pairwise interactions between
MC point 7 and atom j can be represented by the matrix shown in Figure 4.2, where the atom-MC
point interactions are grouped into tiles of dimension W x WW. The reason for the division of the
calculations in this fashion is because the GPU scheduler works in terms of warps, where each warp
performs the same mathematical operation on W values simultaneously. '* Unlike calculating the
non-bonded interactions between all pairs of atoms, there is no symmetry that can be exploited in
the interactions between MC point—atom pairs to reduce the number of calculations needed to be
performed. In determining the non-bonded forces, the diagonal tiles must be treated differently
then the off-diagonal tiles and only the upper triangle of the matrix needs to be calculated due to
Newton’s third law of motion. In the tiling method used in calculating the mean solvent forces,
every tile in the matrix must be calculated and every tile is calculated in the same way. Both the
field and force kernel generate (N/W) - (M /W) blocks, assigning each tile to a block.

In the field kernel a tile assigns each thread in the block an MC points between ¢ to ¢ + W — 1.
Each thread then loops over atoms, from atom j to j + W — 1, calculating the electric field and
density produced by the atom at the MC point assigned to that thread as shown by the blue tile
in Figure 4.2. Since this kernel is calculating a per MC point quantity, this setup avoids any race
conditions within a tile. Race conditions between tiles must still be considered, therefore, atomic
operations are used to update the global electric field and densities calculated from each tile. Also,
the charge and position of atoms j to j + I/ — 1 are stored in shared memory.

Conversely, a tile in the force kernel assigns each thread in the block an atom between j to

7+ W — 1. Each thread loops over MC points between ¢ and ¢ + W — 1, calculating the partial
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Figure 4.2: Schematic representation of the of the work-load distribution for the calculation of the IS-SPA
forces using algorithm 2. Each box represents the interaction between an MC point ¢ with an atom j. These
interactions are grouped into tiles of size W x W that are each assigned to an independent warp. A tile in the
IS-SPA field kernel assigns each thread an MC point 7 and loops over W atoms as illustrated by the blue tile.
A tile in the IS-SPA force kernel assigns each thread an atom 5 and loops over MC points as demonstrated by
the green tile.

mean solvent force that the MC point produces on the atom assigned to that thread as shown by
green tile in Figure 4.2. This setup allows race conditions to be avoided within a tile because the
force kernel is calculating a per atom quantity. Similar to the field kernel, atomic operations must

be used to update the global IS-SPA forces due to possible race conditions between tiles. In this

kernel, the electric field and density of the MC points 7 to 7 + W — 1 are stored in shared memory.

4.5.3 Algorithm 3: Tiling Method with no Atomic Operations

In algorithm 3, I use an approach similar to the tiling method with changes in the size of the tile

such that all race conditions are avoided. It is suggested that atomic operations are a bottleneck in
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terms of performance in the tiling method. '*° Therefore, this approach removes all race conditions
between tiles by increasing the size of the loops performed by each tile. Tiles are still organized
such that there are no race conditions within a tile.

In algorithm 2, the field kernel assigns a warp-sized block to each MC point for a total of M
blocks. Each block then calculates the total electric field and density for its MC point 7 by looping
over all atoms as shown in Figure 4.3. The loop over all atoms is divide among W threads within the
warp, such that atoms 7 = 0 to 5 = W — 1 are assigned to a thread. Then the the loop increments j
for each thread by 17 until all atoms are considered for MC point :. At the end of the loop the total
electric field and density at the MC point assigned to the warp is calculated by warp reducing the
W partial electric fields and densities of each thread. Since each warp is considering a different MC
point, the total electric field is converted into a polarization and is then pushed to the global variable

without any race conditions.
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Figure 4.3: Schematic representation of the of the work-load distribution for the calculation of the electric
fields and densities by the field kernel using algorithm 3. Each box represents the interaction between an MC
point 7 with an atom j. These interactions are grouped into tiles of size W x N /W that are each assigned to
an independent warp. A tile in the IS-SPA field kernel assigns each warp am MC point ¢ and loops over all
atoms as illustrated by the blue tile.

Conversely, the force kernel assigns a warp-size block to each atom for a total of N blocks.
Each block calculates the mean solvent force for its atom j by looping over all MC points as shown

in Figure 4.4. The loop over all MC points is divided among all W threads within the warp. The
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total mean solvent force of the atom is calculated by warp reducing the W partial mean solvent
forces of each thread. Since each warp is calculating the mean solvent force on a single atom, no

race conditions are encountered when pushing the total force to the global variable.

MC Point i

M/ W

Atom j

Figure 4.4: Schematic representation of the of the work-load distribution for the calculation of the IS-SPA
forces by the force kernel using algorithm 3. Each box represents the interaction between an MC point %
with an atom j. These interactions are grouped into tiles of size W x M /W that are each assigned to an
independent warp. A tile in the IS-SPA field kernel assigns each warp an atom 7 and loops over all MC points
as illustrated by the green tile.

4.6 Validation

IS-SPA simulations of both Lennard-Jones ions and AP molecules are performed to validate
the accuracy of the IS-SPA CUDA code. The charged Lennard-Jones spheres are used as a simple
test case for the IS-SPA CUDA procedure and AP is chosen as a model molecular system as it
is a typical test system for solvent models. '*"-!7% In particular, these two systems were chosen so
that the results of IS-SPA CUDA code could be compared to the results presented by Lake et al.?°
The IS-SPA simulations are performed in the NVT ensemble with an Andersen thermostat with
a collision frequency of 33.33 ps~!. The mass of the hydrogen atoms is set to 12 u to reduce the
frequency of those bonds and allow the use of a 2 fs integration time step. No cutoff is used in the
calculation of the non-bonded and solvent forces in the IS-SPA simulations. N, is set to 100 MC

points per atom for the dimer IS-SPA simulations of both systems. A radial distance of 12 A defines
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the spherical interaction volume around each atom and is chosen based on when variations in the
density and polarization tend to the bulk values.?’ The external dielectric constant of chloroform is
set to 2.3473 as measured from the bulk chloroform model.!”"!”? The same IS-SPA parameters are
used for both the Lennard-Jones ions and the AP molecules as the IS-SPA parameters used by Lake

et al.

4.6.1 Lennard-Jones Sphere

To validate the accuracy of the IS-SPA CUDA code, the dimerization potential of mean force
(PMF) of a pair of Lennard-Jones particles in chloroform is calculated and compared to the Lennard-

1.2° To parallel the simulations presented in that study,

Jones dimer PMF presented by Lake et a
the Lennard-Jones ions are given charges of ¢ = 41 and ¢ = —1 and Lennard-Jones parameters
of ¢ = 0.152 kcal/mol and 7,,,;,, = 7 A. The dimer PMF calculated by Lake et al. relies on grid
integration to numerically solve the integral in Equation 4.1, where as the IS-SPA CUDA code
utilizes MC integration to the solve the integral. In both cases, the total force on the positive and
negative ions are calculated at separation distances from 3.5 A to 15.0 A at intervals of 0.1 A. The
red and blue IS-SPA PMF curves presented in Figure 4.5 are the integration of the positive and
negative ion forces, respectively. There is complete agreement between the curves produced by the
IS-SPA CUDA code and those presented by Lake et al demonstrating the accuracy of the IS-SPA
CUDA code. There is deviation from the PMF produced by explicit solvent simulations, but that is

a statement on the accuracy of IS-SPA as an implicit solvent model and not on the accuracy of the

IS-SPA CUDA code.

4.6.2 Alanine Dipeptide

Further validation of the accuracy of the IS-SPA CUDA code is performed by comparison of
the dimerization PMFs of AP molecules in chloroform presented in Figure 4.6. The dimerization
behavior along the center-of-mass separation distance is investigated using umbrella sampling
simulations performed by the IS-SPA CUDA code. Similarly, umbrella sampling simulations are

performed by the IS-SPA Fortran CPU code developed by Lake et al.?® These simulations are
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Figure 4.5: Dimerization PMFs of two Lennard-Jones ions with a charge of ¢ = +1 (blue curves) and
q = —1 (red curve) produced by the IS-SPA CUDA code (solid lines) and presented by Lake et al. (dotted
lines). Furthermore, the explicit solvent dimerization PMF is shown by the green curve.

performed every 0.5 A from 3.5 A to 16.0 A using a force constant of 20 kcal/mol/A? and each
window is simulated for 150 ns. There is complete agreement between the two PMFs as shown
by the red and blue curves in Figure 4.6 further demonstrating the accuracy of the IS-SPA CUDA
code. Again, the discrepancy between the IS-SPA PMFs and the explicit solvent PMF is due to the

accuracy of IS-SPA as an implicit solvent model and not the IS-SPA CUDA code, specifically.

4.7 Performance

Although I have developed a full MD CUDA code to perform IS-SPA simulations, the work
presented here focuses on optimizing the efficiency of calculating the IS-SPA solvent forces. Other
parts of the code, such as the non-bonded interactions, are not highly optimized and, therefore,
could provide additional increase in code performance. There are an abundance of studies in
the literature that discuss the optimization of cMD simulations performed using CUDA, with
a large focus on the non-bonded interactions which constitutes the largest bottleneck in cMD

code performance, 161:166:168.169.17LI73-177 Tpy the [S-SPA simulations the largest bottleneck lies in
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Figure 4.6: Dimerization PMFs of AP along the center-of-mass separation distance using explicit solvent,
IS-SPA performed by the IS-SPA Fortran CPU code, and IS-SPA performed by the IS-SPA CUDA GPU code.

the calculation of the IS-SPA solvent forces on the solutes. Therefore, it is not our goal to fully
optimize the entire MD code, rather, our goal is to highly optimize the calculation of the IS-SPA
solvent forces such that it could be adapted into a highly-developed MD software. For this reason
I discuss the relative code efficiency between IS-SPA algorithms, but do not compare the overall
code performance with other MD codes. For the three algorithms, I compare how their performance
scales with both the number of solute atoms and the number of MC points per solute atom. All
performance calculations were performed on a GeForce GTX 1080 GPU card.

To determine how the performance of each algorithm scales with the total number of solute
atoms I performed a series of timescaling simulations for systems of 2, 10, 25, and 50 AP molecules
in chloroform. Each system was performed with Ny, = 96 for 1000 steps. To obtain each
timescaling point the performance was averaged over 100 individual runs. The timescaling as a
function of the number of solute atoms is shown in Figure 4.7. For all system sizes, the tiling method,
algorithm 2, outperforms the other algorithms. As the system size increases the performance of
algorithms 1 and 3 declines more quickly than in algorithm 2, suggesting that algorithm 2 will

continue to outscale algorithms 1 and 3 at continually increasing system sizes. Algorithms 1 and
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3 perform similarly for the dimer AP system, but as the system size increases the performance of

algorithm 3 surpasses that of algorithm 1.

—— Algorithm 1 —»— Algorithm 2 —— Algorithm 3
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Figure 4.7: Timescaling as a function of the number of atoms, IV, for Ny;c = 96.

To determine how the performance of the three algorithms scale with the number of MC points
per solute atom I performed timescaling simulations of AP systems with 2 and 50 AP molecules
in chloroform with varying Ny;< values. Figure 4.8(a) presents the performance of the dimer AP
system with N, ranging from 8 to 256 MC points. Figure 4.8(b) shows the performance of the
system with 50 AP molecules with N, ranging from 8 to 152 MC points. In both cases Ny;c was
increased incrementally by 8 MC points. For the dimer system, at low N;;¢ values algorithm 1
and 3 outperform algorithm 2. Once N;;¢ reaches a value of 40 MC points or higher algorithm 2
begins to outscale the other two, as the performance of algorithms 1 and 3 decreases sharply with
increasing Nj;¢. Algorithms 1 and 3 scale similarly for the dimer system until /V,;¢ is greater than
96 MC points at which algorithm 1 performs slightly better than algorithm 2. For the system of 50
AP molecules, algorithm 2 greatly outperforms algorithms 1 and 3 for all Ny,¢ values, especially
when N,;¢ is small. For small N,,¢, algorithm 3 performs slightly better than algorithm 1, but the

difference between them diminishes as Nj;¢ increases. In general for both system sizes algorithm
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2 performs significantly better than algorithm 1 and 3, which both perform similarly. Also, the

performance of all three algorithms declines significantly as /N,;¢ increases.
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Figure 4.8: Timescaling as function of the number of MC points per atom, N, for (a) N = 44 and (b)
N = 1100.

These results demonstrate that fully parallelizing the calculation of the IS-SPA solvent forces
is not optimal and that grouping things into tiles leads to better code performance. Although it is
suggested that atomic operations can lead to a significant loss in performance, I show here that
removing atomic operations at the expense of higher parallelism leads to lower performance of the
code. Our results suggest that the code must strike a delicate balance between the use of expensive
operations such as atomic operations and the level of parallelization of the calculations such as in
the tiling method used by algorithm 2.

The current utility of IS-SPA lies in simulating systems of small molecules at low concentrations
due to the current requirement of a fixed number of MC points per atom.?’ Table 4.1 shows the
performance of explicit solvent aaMD of a system of 50 AP molecules in chloroform for a variety of
concentrations and, therefore, system sizes performed on a GeForce GTX 1080 card using AMBER’s
CUDA MD code. It was demonstrated that algorithm 2 is the highest performing implementation
of IS-SPA on a GPU for a system of 50 AP molecules, producing 24 ns of simulation a day.

Comparison of the performance of the algorithm 2 implementation of IS-SPA to the performance of
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the explicit solvent aaMD simulations reveals that IS-SPA begins to outperform explicit solvent
simulation at concentrations below 25 mM. At concentrations below 25 mM the systems size
becomes to large to be simulated efficiently. While this demonstrates where the usage of the current
IS-SPA CUDA MD code becomes beneficial, the performance of the IS-SPA MD code can still be

improved, further extending the utility of IS-SPA.

Explicit Solvent Performance

Concentration (mM) Number of Atoms Performance (ns/day)

5 613920 9.02
10 301125 16.33
25 118665 39.78
50 57450 84.82
100 31765 156.16
500 7215 561.00
1000 4200 744.41

Table 4.1: The performance of explicit solvent aaMD simulations of a system of 50 AP molecules in
chloroform for a variety of concentrations and system sizes. All simulations were performed using AMBER’s
highly optimized CUDA MD software on a GeForce GTX 1080 GPU card.

4.8 Conclusion

IS-SPA was developed to reduce the computational cost of simulating solvated systems by
removing the solvent degrees of freedom while still capturing the force of the solvent on the
solute. Until now, IS-SPA has only been implemented in a parallelizable CPU Fortran code. It has
been shown that the parallel computing power of GPUs can provide significant speed up in the
performance of MD simulations over CPU MD codes. Therefore, an implementation of IS-SPA in a
GPU-capable CUDA code is needed to further improve the IS-SPA simulation performance. I present
a full IS-SPA MD code with a focus on optimizing the calculation of the IS-SPA solvent forces.
Three different algorithms are developed focusing on different methods to enhance performance.

Based on the scaling of the performance of the three algorithms with the number of solute atoms
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and the number of MC points per atom, algorithm 2, the tiling method, outperforms the other two
algorithms as it strikes a balance between the use of atomic operations and parallelization of the
IS-SPA calculations.

Future work will aim at further optimizing the IS-SPA CUDA MD code. There are at least
three methods that could be utilized to improve code performance. The first is to further optimize
the current version of the CUDA code. One way to enhance the performance of the code is to
limit the use of atomic operations in a different manner than that done by algorithm 3 that still
allows for a high level of parallelization of the IS-SPA calculations. For example, this was done in
the tiling method used by AMBER in which they used buffers to avoid race conditions between
tiles and, therefore, avoided the use of atomic operations. '* Such a method could be implemented
into algorithm 2 and may provide additional increase in computational performance of the IS-SPA
CUDA code. A second way in which the IS-SPA MD code may be improved is to introduce a cutoff
for the IS-SPA interactions, although, it is not clear if this could be implemented in a way to enhance
code performance. For all three algorithms the performance decreases quickly with an increasing
Nyse value. This suggests that third possible source of optimization is reducing the number of
MC points per atom that is needed to sufficiently sample the IS-SPA solvent forces. In the current
implementation of IS-SPA, 96 MC points are uniformly chosen in a spherical volume around a
solute to estimate the integral in Equation 4.1. To reduce the value of N,;¢, various sampling
distributions of the MC points could be tested to find a distribution that reduces the variance of the
mean force on a particular test molecule allowing for smaller values of N, to be used but still
maintain a relatively low degree of error in solving the integral in Equation 4.1. This was done by
Lake et al. in the implementation of IS-SPA for the nonpolar component of solvation, but has not

been done for the extension of IS-SPA to polar solvents, %64
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Chapter 5

Conclusion

Amino acids have a tremendous chemical versatility and are the building blocks of peptides
and proteins. Both peptides and proteins play a significant role in biological systems and have a
wide array of important functions and applications. The previous three chapters have focused on the
study of peptide systems, protein systems, and the development of a simulation method. The work
that I report here has forwarded our understanding of the interplay of forces within (RXDX), and
coumarin-(RXDX), (3-sheet fibers, the role ATP-binding plays in the translocation mechanism of

SARS-CoV-2 nspl3, and the development of an efficient GPU-capable IS-SPA MD code in CUDA.

5.1 Design of Switchable Optoelectronic Materials

Peptides are prime candidates for functional material design due their large chemical diversity
and potential for switchable, self-assembling properties. For the application of peptide systems to
optoelectronic biomaterials, other molecules with interesting optoelectronic properties are often in-
corporated into the peptides. To this end, Chapter 2 investigates the pairing of an unnatural coumarin
amino acid with pH-switchable (RXDX), [3-sheet fibers elucidating the role hydrophobicity of the
peptide sequence plays in fiber stability and pH-switchability. Specifically, I perform a set of aaMD
simulations of (RXDX), fibers where the hydrophobic residue, X, was mutated to increasingly
hydrophobic amino acids (X=Ala,Val,Leu,lle,Phe). From these simulations I find that increasing
the hydrophobicity of the sequence leads to increased fiber stability, but an overall decrease in
pH-switchability of the fiber. When these simulations are compared to a set of aaMD simulations of
coumarin-(RXDX), fibers I find that the addition of coumarin into the (RXDX), sequence leads to
less fiber stability and an increased curvature of the fiber structure, although, this effect is minimized
by larger hydrophobic residues. Furthermore, increasing hydrophobicity in the coumarin-(RXDX),

conjugates leads to higher order and pH-switchability within the coumarin sidechains. This data
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suggests that coumarin can be coupled with more hydrophobic versions of (RXDX), [3-sheet fibers
for the design of switchable biomaterials with potentially interesting optoelectronic properties.

In this study I provide novel insight into the role hydrophobicity plays in the stability of (RXDX),
fibers and in the integration of an unnatural coumarin amino acid into these $-sheet structures.
Beyond this study, there are still many questions that remain surrounding this system and other
related peptide systems. Further work measuring the change in optical properties are vital from a
material design perspective. Although this study shows clear changes in the layering and ordering
of coumarin within the 3-sheet fibers, it is still not apparent what impact this would have on the
optoelectronic properties of the fiber. Computational approaches to address this question could
utilize quantum mechanics (QM) calculations to compute UV-Vis or Fluorescence spectra or to
analyze the electron transfer process within the fibers under various pH. Furthermore, spectroscopic
techniques could be utilized to measure and verify the effect pH has on the optical properties of
coumarin-(RXDX), fibers.

Additionally, experiments that examine the effect of changing the molecule associated with
(RXDX), and other peptide sequences would shed light on the types of dye-peptide conjugates that
would be ideal for optoelectronic biomaterial design. There are many studies available that look at
the self-assembly of m-conjugated peptides, but in most of these studies the aromatic core molecule
is quite large relative to the peptides and significantly control the self-assembling properties of
the molecules.?%%1431=4 Ag shown in the research presented in Chapter 2, even incorporating a
small aromatic molecule, coumarin, has a significant effect on peptide self-assembly. Although,
this can be limited by changing properties of the peptide such as the size and hydrophobicity of
certain residues. An investigation of other unnatural amino acids with a small aromatic sidechain
would be crucial from a material design perspective to find peptides which do not significantly
alter the self-assembling properties as well as to tune the optoelectronic properties of the resulting
nanostructures. A similar aaMD approach exploring pH and hydrophobic effects on fiber stability
and switchability could be used to investigate a variety of small aromatic unnatural amino acids

coupled to the (RXDX), peptide.
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In addition to investigating different aromatic molecules, studying various peptides would also
be important for material design. In Chapter 2, the hydrophobic residues were mutated to tune
the stability and switchability of the 3-sheet fibers. One could consider a similar study where the
charged residues could be mutated to other similarly charged residues to probe the effect of the
distance between the charges and the 3-sheet plane or the relative heights of the positive and negative
charges on fiber stability and pH-switchability. For example the arginine and aspartic acid residues
in (RXDX), could be mutated to histidine and glutamic acid. These mutations would maintain the
repeating positive and negative charges that are important for fiber stability and pH-switchability
but would change the height of the charges relative to the plane of the §-sheet.

Along with investigating mutations of the (RXDX), sequence, aromatic molecules such as
coumarin could be coupled with other peptide sequences that form different types of nanostructures
besides [-sheet fibers or are responsive to stimuli other than changes in pH. One example is the
coupling of the unnatural coumarin amino acid with a tetratricopeptide repeat protein (TPR). TPR
is one of the most studied repeat proteins along with the ankyrin repeat, leucine-rich repeat, and
transcription activator-like proteins. !”® TPR consists of a 34 residue repeat and forms two antiparallel
a-helices. !"8178-180 These helical motifs are modular and can stack on top of each other forming
a superhelical structure. Several studies have investigated the formation of hydrogels, films, and
fibrils using TPR proteins. '7#-'8! The formation and deformation of the hydrogel could be controlled
by the ionic strength of the solution. '®! One could envision performing aaMD studies investigating
the self-assembly of coumarin-TPR conjugates and their response to ionic strength. One interesting
aspect of using the TPR protein in particular is its larger size relative to (RXDX), which may
allow for larger aromatic molecules to be incorporated without disrupting the self-assembling and

switchable behavior of the peptide.
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5.2 ATP-dependent Translocation Mechanism of SARS-CoV-2

Nsp13 Helicase

Viral helicase proteins play a critical role in viral replication making them ideal targets for
the development of antiviral drugs. Due to the emergence of the COVID-19 global pandemic
caused by SARS-CoV-2, understanding the mechanism by which the SARS-CoV-2 nsp13 helicase
functions is of high importance. The ATP-dependent RNA translocation mechanism of nsp13 was
previously unknown, although, SF1 helicases are thought to translocate by either an inchworm
stepping mechanism or a Brownian ratchet mechanism. Chapter 3 characterizes the structure-
function relationship utilized by nsp13 during ATP-dependent RNA translocation. In particular,
through the comparison of simulations of the Apo, ATP, ssRNA, and ssSRNA+ATP ligand bound
states of nsp13, I gain insight into the translocation mechanism utilized by nsp13 and the role ATP-
binding plays in this process. Using a GMM-LDA approach I find the presence of four states in the
RNA-binding cleft which supports nsp13 utilizing an inchworm stepping translocation mechanism.
In this mechanism motif Ia and motif IV alternate between strongly and weakly bound states, such
that one site is always strongly bound to ssSRNA while the other enters a weakly bound state and
performs a power stroke before strongly rebinding ssSRNA. The presence of ATP in the ATP-pocket
changes the relative sampling of the four states such that motif IV enters into a weakly bound state
with ssRNA. This suggests that the first step in the translocation cycle occurs due to the binding of
ATP by nsp13. When the ATP-pocket of the 4 states are analyzed it is found that motif V is strongly
interacting with ssSRNA in states where motifs Ia and IV are largely separated. In the presence of
ATP, motif V forms contacts with ATP reducing its interaction with RNA. The weakened interaction
between motif V and ssRNA explains the reduction in the sampling of the states where motif IV is
strongly bound to ssRNA when motif Ia and IV are largely separated.

In this study I provide novel insight into the ATP-dependent translocation mechanism of nsp13,
yet, additional work must be conducted to fully understand it. Specifically, the later stages of the

ATP-hydrolysis cycle, including ATP-hydrolysis, the release of the inorganic phosphate, and the
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release of ADP must be analyzed to elucidate the ATP-dependence of the translocation mechanism.
GaMD simulations of the ssRNA+ADP+Pi and ssRNA+ADP ligand bound states of nsp13 could
be performed in combination with GMM clustering and characterization by linear discriminant
analysis to find any new states sampled by the RNA-binding cleft in these systems. Furthermore, the
populations of the four states already identified in the RNA-binding cleft could be measured in these
new systems and would reveal information about the ATP-dependence of the inchworm stepping
translocation mechanism during ATP-hydrolysis, release of the inorganic phosphate, and release of
ADP. Furthermore, the interactions in the ATP-pocket which allosterically cause the change in states
of the RNA-binding cleft could be elucidated in a similar fashion. Simulation and analysis of the
sSRNA+ADP+Pi and ssRNA+ADP ligand bound states in combination with the results discussed
in Chapter 3 would provide a deep understanding of the ATP-dependent translocation mechanism
of nsp13. Furthermore, the knowledge gained about the translocation mechanism of nsp13 could
be used to understand how other SF1 helicases translocate along RNA or DNA, due to the highly
conserved nature of the translocation machinery of nsp13 between SF1 helicases.

Beyond understanding the translocation mechanism of nsp13, the role of specific key motifs
could be elucidated further. One example of this is motif V; based on the simulations presented in
Chapter 3, motif V plays a role in stabilizing specific states in the RNA-binding cleft. Performing
enhanced sampling simulations such as umbrella sampling would allow us to better understand the
change in the binding affinity of motif V to ssSRNA when ATP is present. Also, umbrella sampling
simulations could be used to determine to what extent motif V stabilizes the states where motif
Ia and motif IV are largely separated. Similarly, enhanced sampling simulations could also be
performed for other important motifs identified in the sSSRNA+ADP+Pi and ssRNA+ADP ligand
bound systems of nsp13.

In addition to understanding the translocation function of nsp13 it is important to discern its role
in the RNA replication complex. Nsp13 is hypothesized to be a component of the RNA replication
complex with the RNA polymerase, nsp8, nsp12, and other nsps>%!!3117-119 Thig inference is due, in

part, to experiments demonstrating that nsp12 enhances the function of nsp13.%”!'3 MD simulations
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of nsp13 with other nsps, such as nsp12, would clarify its role in the RNA replication complex.
The specific interactions between nsp12 and nsp13 could be elucidated to provide insight into how
nsp12 enhances the function of nsp13.

After developing a more complete understanding of the ATP-dependent translocation mechanism
of nsp13 and its role in the RNA replication complex, drug binding experiments targeting the key
motifs utilized by nsp13 for RNA translocation could be performed. These experiments would
identify molecules to be used as potential antiviral drugs that would target the inhibition of the
nsp13 helicase function. Potential computational and experimental methods that could be utilized

for these experiments are MD drug docking simulations and ligand binding assays, respectively.

5.3 Development and Optimization of a GPU-enable IS-SPA al-

gorithm

Molecular dynamic simulations are a powerful tool for studying protein and peptide systems
as it provides atomistic insight into the behavior of the systems for which experimental methods
are inadequate. MD simulations are used to provide novel insight into the systems discussed in
Chapter 2 and Chapter 3. Often, as encountered many times within my own research, a process of
interest occurs on length- and time-scales outside of the current capabilities of conventional aaMD.
For this reason, implicit solvent models, such as IS-SPA, are developed to reduce the computational
cost of solvated systems by removing the solvent degrees of freedom. IS-SPA was originally
implemented in a parallelizable CPU-capable Fortran MD code. To further optimize the efficiency
of IS-SPA, an efficient GPU-enabled IS-SPA algorithm must be developed in CUDA. Accordingly,
Chapter 4 discusses the development of an efficient IS-SPA algorithm in CUDA focusing on the
optimization of calculating the IS-SPA solvent forces. Specifically, three algorithms are discussed
including a highly-parallelized algorithm, a tiling method algorithm, and a modified tiling algorithm
that removes the use of atomic operations by decreasing the level of parallelization in the code.
Comparison of the performance of each algorithm and how they scale with the number of solute

atoms and the number of MC points per solute atom reveals that a balance between the level of
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parallelization of the IS-SPA force calculations and the use of expensive operations, such as atomic
operations, must be met. An example of this is the tiling method algorithm which had the best
performance for a majority of system sizes and choice of N,¢.

In this study I present and compare the performance of three novel algorithms designed to
perform IS-SPA simulations on a GPU. Still the efficiency of the IS-SPA algorithm in CUDA
could be improved further. As shown by the results in Chapter 4, the tiling method had the best
performance of any algorithm I have developed so far. This algorithm was based on the tiling
method used by AMBER and Friedrich et al. to calculate the non-bonded forces between atoms in
GB implicit solvent simulations in which they suggest that the use of atomic operations are a serial
bottleneck that would be unacceptable in terms of performance.'%’~1% Therefore, it is a reasonable
goal to modify the tiling algorithm used to calculate the IS-SPA solvent forces to avoid the use
of atomic operations while still maintaining a high level of parallelization within the force and
field kernels. One approach that could be utilized to this end would be to introduce output buffers
to which each warp could write to its own global array removing the need for atomic operations.
Following the calculation of the partial values by each tile, the partial values in the output buffers
could be reduced to obtain the final total values. This is just one of many possible methods that could
be tested to further enhance the efficiency of the IS-SPA algorithm as it is currently implemented.

Besides making improvements to the current implementation of the IS-SPA algorithm in CUDA,
the performance of the code could be improved by modifying the distribution from which MC
points are chosen. When using MC integration to solve an integral, such as the one in Equation 4.1,
MC points can be chosen from any probability distribution as long as the domain contains the entire
domain of the integrand function.® Sampling from a different probability distribution results in
different efficiencies of converging the average. In the application of IS-SPA to nonpolar solvation,
the variance of the mean solvent force for a fixed number of sample points were measured for
three distributions. The distribution with the smallest variance, a parabolic distribution, was chosen
to reduce the number of MC points required to converge the solvent forces.®* A similar process

could be performed for IS-SPA, applied to both polar and nonpolar solvation, to find a probability
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distribution that more quickly converges the mean solvent force on each atom compared to the
current uniform probability density selected from a spherical volume. If the value of N, could be
reduced from the 100 MC points per solute atom as used by Lake et al. to less than 32 MC points, it

would provide a 3-10x increase in performance of the current implementation of IS-SPA in CUDA.

5.4 A Broad Perspective

The research presented in this dissertation demonstrates the utility of MD simulation applied to
biological processes. My research has provided a detailed understanding of how the self-assembling
properties of RXDX peptides can be tuned to allow for aromatic molecules to be incorporated for
biomaterial design and has laid the groundwork for understanding the ATP-dependent translocation
mechanism of nsp13. With continually improving MD techniques and computational capabilities
of hardware, the length- and time-scales that are computationally feasible continues to grow. This
growth allows us to form better connections between the behavior of individual molecules and
the macroscopic properties or larger functionality of a system. As system sizes and time-scales
of MD simulations expand, so does the utility and insight that MD can provide for designing
biomaterials with desirable properties and understanding the structure-function relationship of
proteins. Precisely for this reason, part of my research focuses on the development of a GPU
implementation of the IS-SPA implicit solvent model, working towards expanding the systems and
biological processes approachable by MD simulations and narrowing the gap between the length-

and time-scales accessible by MD and experimental techniques.
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Appendix A

Supporting Information

A.1 Chapter 2 SI: The Role of Hydrophobicity in the Stability
and pH-Switchability of (RXDX), and Coumarin-(RXDX),

Conjugate 5-Sheets

A.1.1 Hydrophobic Residues

I generalize the amino acid sequence to (RXDX),, where five different hydrophobic amino acids
( Ala, Val, Leu, Ile and Phe) are substituted at the X position to investigate the effect of changing
the hydrophobic group on both stability and pH-switchability of (RXDX), 3-sheet sandwich fibers.
This set of five residues is chosen due to their incremental change in hydrophobicity, based on
water-octanol partition coefficients,’® without adding additional functional groups which could
affect the self-assembled behavior of the material. These values along with 3-sheet propensity for

these amino acids are provided in Table A.1.

Table A.1: (RXDX), peptide sequences, hydrophobicity, and secondary structure propensity.

Sequence X  Hydrophobicity (m)* (3-sheet Propensity (P3)®

(RADA), Ala 0.31 0.75
(RVDV), Val 1.22 1.86
(RLDL); Leu 1.70 1.32
(RIDI), Tle 1.80 1.71
(RFDF), Phe 1.79 1.43

* Amino Acid hydrophobicity based on water-octanol partition
coefficients relative to glycine.”®

® Propensity to occur in 3-sheet secondary structures from the
PDBselect dataset. '8
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A.1.2 Force Field Selection

To support my choice in force fields I compare the thickness of each each (RXDX), fiber at
neutral pH calculated from simulation with atomic force microscopy measurements published by
Bagrov et al.,?® as shown in Table 2.1. The fiber in the simulation is aligned such that the principal
component vector that is perpendicular to the plane of the 2 S-sheets is parallel to the x-axis of the
simulation box. The thickness is calculated as the distance from the end of each central arginine
sidechain on one [3-sheet to the end of each central arginine on the other 3-sheet projected along
the x-axis. The center of mass of the NH1 and NH?2 atoms is used as the position of the end of the
arginine sidechain. Arginine residues on the outer two [-strands on both ends of each /3-sheet and
all N-termini arginines are excluded from these calculations as these parts of the /3-sheet sandwich
are less stable. The thickness is calculated every 100th frame and averaged over the entire 250 ns of
aaMD simulation. The calculated thickness of (RXDX), fibers with X=Ala and Leu are in good
agreement with experimental results.

Additionally, I simulated 100 coumarins in water for 400 ns. From these simulations the
solubility of coumarin in water is calculated to be 0.014 4 0.006 ™2, in agreement with the

solubility value of 0.01706 % reported by Yalkowsky er al. '*®

A.1.3 Coulombic Interaction Energies

The coulombic interaction energies broken down into residue type pairs was calculated for each
fiber to understand the interactions which lead to the pH-switchability of the (RXDX), fibers. Below

are the coulombic interaction energies for the (RVDV),, (RLDL),, (RIDI),, and (RFDF), fibers.
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Figure A.1: Coulombic interaction energy decomposed into residue type pairs for (RVDV), fibers at neutral
and acidic pH. The total coulombic interactions are large and attractive stabilizing the fiber. Under acidic
conditions there is a 11967 kcal/mol increase in the total coulombic interaction energy.
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Figure A.2: Coulombic interaction energy decomposed into residue type pairs for (RLDL)4 fibers at neutral
and acidic pH. The total coulombic interactions are large and attractive stabilizing the fiber. Under acidic
conditions there is a 11480 kcal/mol increase in the total coulombic interaction energy.
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Figure A.3: Coulombic interaction energy decomposed into residue type pairs for (RIDI)4 fibers at neutral
and acidic pH. The total coulombic interactions are large and attractive stabilizing the fiber. Under acidic
conditions there is a 12023 kcal/mol increase in the total coulombic interaction energy.
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Figure A.4: Coulombic interaction energy decomposed into residue type pairs for (RFDF)y4 fibers at neutral
and acidic pH. The total coulombic interactions are large and attractive stabilizing the fiber. Under acidic
conditions there is a 11077 kcal/mol increase in the total coulombic interaction energy.
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A.1.4 Coumarin Ordering
The joint probability density as a function of both the coumarin-coumarin separation distance
and the angle between the dipole moments of the two coumarin is used to measure the organization of

coumarin within coumarin-(RXDX), fibers. Below are the joint probability densities for coumarin-

(RADA), and coumarin-(RVDV), fibers.

a) (RADA), b) (RVDV),
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Figure A.S: Joint probability distributions of all coumarin sidechain dimers as a function of separation
distance and angle between their respective dipole moments for (a,c) (RADA)4 and (b,d) (RVDV), at neutral
and acidic pH, respectively.
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A.1.5 Pressure Equilibration
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Figure A.8: Timetrace of the volume of the simulation box for the coumarin-(RADA), system (replica 1).
The volume and, therefore, pressure become equilibrated after 80 ps of simulation following the heating step.

A.1.6 Atom Parameters

Below are the atom and bonded parameters used for the unnatural coumarin amino acid. The
bonds, angles, and dihedrals shown below are the parameters used for interacting atoms that are not

within the same forcefield. All other parameters are provided by the ff15ipq and GAFF forcefields.

A.2 Chapter 3 SI: The Role of ATP in the RNA Translocation

Mechanism of SARS-CoV-2 NSP13 Helicase

A.2.1 System Setup

The extent of the largest principle component of the protein was calculated to confirm that

the size of the simulation box is large enough to prevent interactions between periodic images of
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Figure A.9: Atom names of unnatural coumarin amino acid

Table A.2: Parameters for unnatural coumarin amino acid atoms.

Name Type Forcefield Charge
(0] OD ff15ipq  -0.610490
C C ff15ipq  0.701560

CA X ff15ipq  -0.146170
N N ff15ipq  -0.417020
H H ff15ipq  0.316160
HA  HI ff15ipq  0.156000
CB TA ff15ipq  -0.240850
HB2 HC ff15ipq  0.138730
HB3 HC ff15ipq  0.138730
CG c2 GAFF 0.239000
CDl1 c2 GAFF  -0.520650
HD1  ha GAFF 0.200630
CEl c2 GAFF 0.895610
OE1 0 GAFF  -0.674080
0Z1 0s GAFF -0.60182
CE2 ca GAFF 0.473750
Cz2 ca GAFF  -0.322010
HZ2  ha GAFF 0.197470
CH2 ca GAFF  -0.074560
HH2  ha GAFF 0.316160
CZ3 ca GAFF  -0.171280
HZ3 ha GAFF 0.161480
CE3 ca GAFF  -0.160930
HE3 ha GAFF 0.159950
CD2 ca GAFF  -0.155440

97



Table A.3: Bond parameters for unnatural coumarin amino acid. The parameters used in an AMBER frcmod
file.

Bond Atom Types Force Constant (%)  Bond Length (A)

mol-A2

TA-c2 17.0000 1.5100

Table A.4: Angle parameters for unnatural coumarin amino acid. The parameters below are used in an
AMBER frcmod file.

Angle Atom Types Force Constant (—£L_)  Equilibrium Angle (°)

mol-rad?

CX-TA-c2 63.0000 114.00
TA-c2-c2 70.0000 120.00
TA-c2-ca 70.0000 120.00
HC-TA-c2 50.0000 109.50

0 -Cc2-08 76.662 118.370

0s-c2-0 76.662 118.370
c2-TA-HC 50.0000 109.50

Table A.5: Dihedral parameters for unnatural coumarin amino acid. The parameters below are used in an
AMBER frcmod file.

Dihedral Atom Types Barrier Height Phase Shift Angle(®°) Periodicity

C -CX-TA-c2 -0.22262 0.0 -4.0
C -CX-TA-c2 -1.19867 0.0 -3.0
C -CX-TA-c2 -0.03841 0.0 -2.0
C -CX-TA-c2 -0.17107 0.0 1.0
CX-TA-CA-ca 0.00000 0.0 -4.0
CX-TA-CA-ca 0.11558 0.0 -3.0
CX-TA-CA-ca -0.39107 0.0 -2.0
CX-TA-CA-ca -0.50022 0.0 1.0
CX-TA-CA-c2 0.00000 0.0 -4.0
CX-TA-CA-c2 0.11558 0.0 -3.0
CX-TA-CA-c2 -0.39107 0.0 -2.0
CX-TA-CA-c2 -0.50022 0.0 1.0
N -CX-TA-c2 -0.22082 0.0 -4.0
N -CX-TA-c2 0.13006 0.0 -3.0
N -CX-TA-c2 0.01776 0.0 -2.0
N -CX-TA-c2 -0.62013 0.0 1.0
H1-CX-TA-c2 0.38033 0.0 3.0
HC-TA-c2-c2 -0.46048 0.0 2.0
HC-TA-c2-ca -0.46048 0.0 2.0
CX-TA-c2-c2 0.00000 0.0 -4.0
CX-TA-c2-c2 0.11558 0.0 -3.0
CX-TA-c2-c2 -0.39107 0.0 -2.0
CX-TA-c2-c2 -0.50022 0.0 1.0
CX-TA-c2-ca 0.00000 0.0 -4.0
CX-TA-c2-ca 0.11558 0.0 -3.0
CX-TA-c2-ca -0.39107 0.0 -2.0
CX-TA-c2-ca -0.50022 0.0 1.0
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the protein. As shown in Table A.7, the extent of the protein is 104(2) A maintaining a 16 A gap
between periodic images for the smallest simulation box size providing a large enough buffer as a

12 A interaction cutoff is used.

A.2.2 Model Corroboration

To provide support that the initial structures of the ATP, ssRNA, and ssRNA+ATP ligand-bound
states of nsp13 are suitable I compare the contacts in the simulations to the contacts in the crystal
structures of other SF1 helicases with ssSRNA and ATP bound. The ssRNA contacts are shown in

Table A.8 and the ATP contacts are shown in Table A.9.

A.2.3 ssRNA Binding Strength

Inter-domain distance analysis of the Apo, ATP, ssRNA, and ssSRNA+ATP states show that
when nsp13 binds ATP there is a widening of the RNA-binding cleft. To measure the change in
binding strength between nsp13 and ssRNA the linear interaction energy (Table A.10) and root-
mean-square fluctuation of the RNA phosphates (Table A.11) are calculated for the ssRNA and
sSRNA+ATP systems. The error in both analyses are too large to differentiate between the two
systems. Figure A.10 shows the labeling of the RNA phosphates and the highly conserved motifs of

nspl3.

A.2.4 Inter-domain Distances

The inter-domain distances between domains 1A, 2A, and 1B were calculated for the Apo, ATP,
ssSRNA, and ssSRNA+ATP ligand-bound states of nsp13. The distributions of the 1A-1B, 2A-1B,

and 1A-2A distances for each ligand-bound state are shown in Figure A.11(a-c), respectively.

A.2.5 Gaussian Mixture Model and Linear Discriminant Analysis

Figure A.12 shows the Silhouette, CH, and DB scores for cluster sizes ranging from two clusters
to ten clusters for the RNA-binding cleft distances. Based on the maximums of the Silhouette and

CH scores and minimums of the DB score a cluster size of four was chosen. Linear discriminant
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Table A.6: Dihedral parameters for unnatural coumarin amino acid. The parameters below are used in an
AMBER frcmod file.

Dihedral Atom Types Barrier Height (+2) Phase Shift Angle(°) Periodicity

TA-c2-c2-ca 1.1 180.0 2.0
c2-c2-c2-ha 1.1 180.0 2.0
c2-0 -c2-0s 1.1 180.0 2.0
ca-ca-ca-os 1.1 180.0 2.0
ca-ca-ca-ha 1.1 180.0 2.0

Table A.7: The average extent of the largest principle axis of the nsp13 protein and the size of the simulation
box for each ligand bound state.

System Length (;A) Box Length (A) Number of Water Molecules

Apo 104(2) 131.0(1) 212502
ATP 110(3) 130.6(2) 211356
sSRNA 105(2) 130.9(1) 212184
sSRNA+ATP  104(2) 120.33(8) 162858

Table A.8: Residues from motifs Ia, IV, and V in contact with RNA phosphates (< 5.0 A) for various SF1
RNA-bound helicase protein crystal structures and the percentage of frames where the corresponding nsp13
residues are in contact with RNA phosphates for both the RNA and RNA+ATP systems.

motif Upfl (2XZL)'*' IGHMBP2 (4B3G)'®  nspl3 RNA  RNA+ATP

Ia SER 461 SER 244 SER 310 83.15%  84.25%
Ia ASN 462 ASN 245 HIE 311 83.68%  83.61%
v PRO 731 PRO 540 PRO 514 17.82% 1.34%
v TYR 732 TYR 541 TYRS515 97.35%  55.16%
v GLU 793 ASN 542 ASN 516 66.49%  54.30%
v SER 761 SER 563 SER 535 0.27% 0.00%
v ALA 764 ASP 565 VAL 533 44.14% 0.12%
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Table A.9: Residues from motifs I, IL, ITIL, V and VI in contact with ATP or MG?+ (<5.0 /3;) for various
SF1 ATP-bound helicase protein crystal structures and the percentage of frames where the corresponding
nsp13 residues are in contact with ATP or MG for both the ATP and RNA+ATP systems.

motif Upfl (2GIK)!* nspl3 ATP RNA+ATP
GLY 492 GLY 282  8.93% 29.54%

)

I PRO 493 PRO 283  97.18% 99.99%
I PRO 494 PRO 284 98.28%  100.00%
I GLY 495 GLY 285 100.00%  100.00%
I THR 496 THR 286 100.00%  100.00%
I GLY 497 GLY 287 100.00%  100.00%
I LYS 498 LYS 288 100.00%  100.00%
I THR 499 SER 289 100.00%  100.00%
I VAL 500 HIE 290 100.00%  100.00%
1I ASP 636 ASP 374 60.07% 50.49%
I GLU 637 GLU 275  0.46% 30.70%
I GLN 665 GLN 404 15.39% 73.33%
v GLY 831 GLY 538  63.19% 80.30%
v ARG 832 SER 539  36.77% 19.22%
v GLU 833 GLU 540 99.27% 84.46%
VI ARG 865 ARG 567 100.00%  99.95%
VI ARG 867 LYS 569  80.17% 45.12%

Table A.10: Average linear interaction energy between each phosphate and protein residues within 12 A for
the ssSRNA and ssRNA+ATP systems.

Linear Interaction Energy (kcal - mol™1)

Phosphates  ssRNA sSRNA+ATP

PO 97(18) -94(12)
Pl -122(21) -126(17)
P2 -103(23) ~143(28)
P3 ~130(16) _144(57)
P4 -124(24) -95(44)
P5 112(24) -63(26)
P6 _48(26) -39(37)
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Table A.11: RMSF of each phosphate for the sSRNA and ssRNA+ATP systems.

RMSF (A)
Phosphates ssRNA sSRNA+ATP
PO 1.316(0.465) 2.495(1.028)
P1 1.211(0.220) 1.857(0.458)
P2 1.042(0.191) 1.520(0.606)
P3 0.849(0.178) 1.177(0.523)
P4 0.879(0.205) 1.012(0.038)
P5 1.328(0.268) 1.322(0.214)
P6 2.427(0.812) 2.204(0.994)
XD 1

4

A, ) %?

1 a8

Figure A.10: Representative structure of nspl3 with ssRNA bound. Motifs I (orange), Ia (violet), IT
(magenta), IIT (blue), IV (red), V (yellow), VI (green), and each phosphate in the ssSRNA backbone is
highlighted and labeled. The ZBD and Stalk domain are removed for clarity.
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Figure A.11: Probability density of the center-of-mass separation distance between domains (a) 1A—1B, (b)
1A-2A, and (c) 2A—1B of the nsp13 Apo, ATP, ssRNA, and ssRNA+ATP ligand-bound states. (d) Structural
depiction of the center-of-mass of domains 1B (magenta), 1A (green), and 2A (cyan)
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analysis (LDA) was utilized to differentiate between the 4 states in the RNA-binding cleft and the
ATP-pocket. Table A.12 shows the a-carbon of the residues used to represent the position of each
motif used in the LDA. The LD1 and LD2 vectors for the RNA-binding cleft and the ATP pocket

are shown in Table A.13 and Table A.14, respectively.
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Figure A.12: (a) Silhouette, (b) Calinski-Harabasz, and (c) Davies-Bouldin scores for various number of
clusters from GMM clustering of the RNA-binding cleft.

Table A.12: Residues used as the position of each motif utilized by the linear discriminant analysis in
calculating the difference between states S1, S2, S3, and S4.

Motif Residue

I GLN 281
Ia HID 311
IT ILE 375
IV~ ASNSI16
\Y% ASP 534
VI ARG 567

A.2.6 Motif V=ssRNA Contacts

Table A.15 shows the percentage of frames that motif V was in contact with each ssRNA
phosphate. If any residue of motif V was within 5 A of an ssRNA phosphate than it was considered
a contact. The phosphates are labeled relative to the phosphate bound by motif Ia. Table A.16 shows

the average separation distance between each residue in motif V and the closest ssRNA phosphate.
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Table A.13: Coefficients for each distance used in the linear discriminant analysis to describe the RNA-
binding cleft for LD1 and LD2.

LDA Coefficients
Residues LDI1 LD2

IV-P -0.424 0.335
IV-Ia -0.095 -0.657
Ia—P 1.859 -0.050

Table A.14: Coefficients for each distance used in the linear discriminant analysis to describe the ATP-pocket
for LD1 and LD2.

LDA Coefficients
Residues LDI1 LD2

I-V 0.931 -1.080
I-Ta -1.173 1427
Ia-V -0520 -0.318
Im-v  -0.765 0.207
II-vVI -0.096 0.020
IV-V  -0.373 -0.067
V-VI -1.024 0.509
V-P 0.646 0.244

Table A.15: Percentage of frames where motif V is bound (< 5.0 A) to each ssRNA phosphates. Phosphates
are labeled relative to the phosphate motif Ia is binding, where motif Ia is binding P,,.

Residues S1 S2 S3 S4

P, 0.88% 046% 0.10% 7.02%
P, 53.60% 77.07% 62.50% 44.14%
| 43.92% 12.35% 1.87% 0.39%
P,_3 0.56% 0.01% 0.00% 0.00%
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Table A.16: Average separation distance and standard deviation between all residues in motif V with ssSRNA
phosphates for states S1, S2, S3, and S4.

Average Distance (A)

Residues S1 S2 S3 S4
Val 533  16(2) 17(2) 18.6(6) 19.2(8)
ASP 534  12(2) 13(2) 14.6(7) 15(1)
SER 535 11(1) 12(2) 12.7(8) 15(1)
SER 536 6(2) 8(1) 9.909) 10(1)
GLN 537 7(1) 8(2) 10.1(5) 10.8(6)
GLY 538 4(2) 6(3) 7.4(7) 7.9(8)
SER 539 4.3(6) 4.6(9) 4.8(5) 5.1(6)
GLUS540 7.19) 712) 17909 8.6(5)
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