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Abstract

Proteins are inherently dynamical molecules that undergo large-scale conformational changes to
exert its functions. To investigate the high anisotropic nature of protein dynamics, Molecular
dynamics (MD) simulation is an essential computational tool that can elucidate the conformational
transitions of proteins, providing time-dependent information on protein fluctuation at atomic
resolution. However, observing conformational changes relevant to biological functions remains a
challenge because these events tend to occur stochastically in a time scale longer than feasible MD
simulation time. To overcome this difficulty, many enhanced conformational sampling methods have
been proposed. However, some of the methods require an external force to enhance the
conformational transition, which does not necessarily guarantee that the obtained trajectories follow
the lowest energy pathway. Other methods do not need such external forces but may require pre-test
of simulations to determine the simulation parameters which can be cumbersome. Therefore, an
enhanced sampling method that can simulate protein conformations relevant to biological functions
without external forces and does not require cumbersome parameter setting is attractive. In addition,
a method that can simulate protein conformations starting from a single structure without the prior

knowledge of other conformational states can be valuable.

This thesis focuses on the development of a new enhanced conformational sampling method,
edge expansion parallel cascade selection molecular dynamics (eePaCS-MD), to investigate the
large-amplitude collective motions of proteins with a focus on domain motions. eePaCS-MD is an
efficient adaptive sampling method which does not require prior knowledge of the conformational
transitions or external forces to enhance the conformational sampling. eePaCS-MD takes advantage
of the fact that large-amplitude fluctuations of many proteins can be described in terms of only a few
principal components (PCs). In this method, multiple independent MD simulations are iteratively
conducted from initial structures randomly selected from the vertices of a multi-dimensional PC
subspace with new initial velocities to help the simulated system to overcome the energy barrier.
This subspace is defined by an ensemble of protein conformations sampled during previous cycles of
eePaCS-MD. The edges and vertices of the conformational subspace are determined by solving the

“convex hull problem”.

The conformational sampling efficiency of eePaCS-MD was assessed for the open-close
transitions of glutamine binding protein, maltose/maltodextrin binding protein, and adenylate kinase.
The free energy landscape of open-to-closed conformational transitions of glutamine binding protein

was obtained by constructing a Markov state model from trajectories generated by eePaCS-MD. The
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obtained free energy landscape showed an energy barrier separating the open and closed states where
the open state was suggested to be energetically more favorable than the closed state. To further
enhance the conformational sampling efficiency, eePaCS-MD was combined with accelerated MD,
where the total computational cost of observing the open-close transitions can be reduced at most
36% compared to the original eePaCS-MD method. eePaCS-MD is expected to offer 1-3 orders of

magnitude shorter simulation time compared to conventional MD simulation.

v



Acknowledgments

I would like to first thank Prof. Akio Kitao of the School of Life Science and Technology at the
Tokyo Institute of Technology. | am grateful for giving me the opportunity to come and study in your
lab. The door to your office was always open and | really enjoyed having discussions with you. |

have learned so much not just about the research field but also the attitude toward research.

I would also like to thank Dr. Takemura Kazuhiro and Dr. Duy Phuoc Tran for the thoughtful
discussions and advice throughout my research, and | am gratefully indebted to your valuable
comments on the thesis. I also thank Dr. Hiroaki Hata who always made me wanted to visit the lab. |
would like to pay my regards to Shibayama Hidemi and Iwasa Chisato for the help and support of

the document works, allowing me to concentrate on my work.

I wish to express my greatest gratitude to Prof. Munehito Arai of the Graduate School of
Science at the University of Tokyo for becoming my supervisor after Prof. Kitao moved to Tokyo
Institute of Technology during my course of PhD program. You have supported and encouraged me
throughout my years of study.



List of Figures

1.1 Typical timescale Of Protein dyNAMICS «««««««xxxrrrrrrrrrmmmrrr s 5
2.1 PDB StatiStiCal data <« «rxe-rerrrrrnrearearaeaet i ia e 29
2.2 Schematic illustration of empirica| force field ««-vrovrrrrmr 30
2.3 Schematic illustration of accelerated MD -« -« rrrrorrmmmr i it eas 31
2.4 Schematic illustration of replica exchange molecular dynamics with temperature exchange ------- 32
3.1 General concept OF PACS MDD +r v e ettt a e a s e 50
3.2 Conceptual trajectories generated by extensions 0f PACS-MD - -« e evevveiiniis 51
3.3 Procedure for conducting CEPACS-IMD i i rertaratitiiaiaiiiti ittt e e s s 52
3.4 Superposition of the open and closed X-ray structures of glutamine binding protein (QBP),
maltose/maltodextrin binding protein (MBP), and adenylate kinase (ADK): -« +vveereveienennss 53
3.5 Evolution of Ca. RMSD pinmax Of QBP obtained by eePaCS-MD:- -« e eveviviiiiiins 54
3.6 RMSDyy, profile of MBP obtained by eePaCS-MD with Ngye XEENSION -« -vxveeremreieeneeeeinne. 55
3.7 Superposition of snapshots sampled by ePaCS-MD «««+-rrverrerrrriiiinnii 56
3.8 PC projection of QBP, MBP, and ADK obtained by eePaCS-MD/aMD trajectories »«-«--«-+-x-e-e-e 57
3.9 Comparison of PC projections obtained by eePaCS-MD/aMD and aMD for ADK «:««cvevvenenens 58
3.10 PC projection of eePaCS-MD with self-determined PC axes: -« -+« erererrenmiiis 59
3.11 Number of vertex structures during eePaCS-MD for QBP ................................................ 60
3.12 CPU time for solving the convex hull problem with different npg -« -« +ovoveeeeieii 61
3.13 Comparison of evolution of Cot RMSDimax Obtained by eePaCS-MDs with different nygp--------- 62
3.14 Number of vertex structures as a function of ti, for QBP, MBP, and ADK - -+« +vveviiiiininnnnnn, 63
3.15 Similarity of PC subspaces between pairs of distinct trials of eePaCS-MD -+« vevvveieiiiniinnnns 64
3.16 PC projections of individual eePaCS-MD trajectories applied t0 QBP - +-+vvvvrveveiiiiiiiiinns 65
3.17 PC projections of individual eePaCS-MD trajectories applied t0 MBP -+« v vvvrveviieiiiiinns 66
3.18 PC projections of individual eePaCS-MD trajectories applied t0 ADK -+« -+ vvvrveveiiiiiinns 67
3.19 Evolution of inner products between distinct pairs 0f PCS -« -+ vrvevreerniiin 68
3.20 Evolution of inner products between i-th PCs with different reference cycles for OPQ -« +-+------- 69
3.21 Evolution of inner products between i-th PCs with different reference cycles for CLQ +-+-+--++--- 70
3.22 Evolution of inner products between i-th PCs with different reference cycles for OPM --+-+-----+. 71
3.23 Evolution of inner products between i-th PCs with different reference cycles for CLM --+-+-----+. 72
3.24 Evolution of inner products between i-th PCs with different reference cycles for OPA -« +-+--o-ve 73
3.25 Evolution of inner products between i-th PCs with different reference cycles for CLA -+-+-+----- 74

3.26 Comparison of unique initial structures using eePaCS-MD with random-based approach and

deterministic-based approach .................................................................................. 75

vi



3.27 Similarity of PC subspaces between pairs of distinct trials of eePaCS-MDs using random and
AeterMmiNISTIC SEIECTION =+« v v e e e s ettt s s s e s s s s s a s s a s anaanaenanns 76

3.28 Free energy landscape of QBP determined by the Markov state model -« -+« veveeeeiineinnns 77

4.1 Evolution of Cao RMSDpminmax OF ADK obtained by eePaCS-MD utilizing cPCA and dPCA ------- 93

4.2 Evolution of cumulative fluctuations covered by the first four PCs obtained by eePaCS-MD

uti"zing CPCA aNO OP C A -ttt st 94
4.3 Number of vertex structures during eePaCS-MD utilizing CPCA and dPCA -+« +vvevieeieinnnnen 95
4.4  Similarity of PC subspaces between pairs of distinct trials of eePaCS-MD utilizing cPCA

LY a1 I | O - TP 96
Al Schematic illustration of Quickhull @IGOFIthM ««««xxxeveerrrriiii 104

Vil



List of Tables

3.1 Summary of the eePaCS-MD applied to QBP, MBP, and ADK -« eeveviiiiiiis 78
3.2 Summary of t; with different Co RMSD criteria for QBP, MBP, and ADK -« +xvevvvieiiiiiininnns 79
3.3 Individual eePaCS-MD/aMD results for QBP ............................................................. 80
3.4 Individual eePaCS-MD/aMD results for MIBP -« -« croveiimmi s eaas 81
3.5 Individual eePaCS-MD/aMD results for ADK <« cerereammmi it a s asaaaenas 82
3.6 Summary of eePaCS-MD applied to QBP using deterministic-based approach:----« - -ovevvnenens 83
3.7 Summary of t;; with different Ca RMSD criteria for QBP using deterministic-based approach ---84
3.8 Individual eePaCS-MD results for QBP using deterministic-based approach «-«--«-« - evvevenennns 85
3.9 Summary of various methods related t0 eePaACS-MD - rrrrrrrrmrariiiiiiii i i ii e aaaeaes 86
3.10 Sampling efficiencies of eePaCS-MD/aMD and the other related methods -« -+« eveverevnennnns 87
3.11 Comparison of t;5 obtained by eePaCS-MD/aMD and nt-PaCS-MD applied to ADK: -« -+-vuevevees 88
4.1  Summary of the eePaCS-MD applied to ADK utilizing cPCA and dPCA -+« evevvveiininnnnns, 97
4.2 Comparison of t;; obtained by eePaCS-MD utilizing cPCA and dPCA -+ vveeiiiiiiiinnnnn, 98
4.3 Individual eePaCS-MD results for ADK utilizing CPCA and dPCA -+« vveveeiiiininn 99

viil



Abbreviations and Acronyms

ADK
aMD
cMD
cPCA
dPCA
eePaCS
ntPaCS
MBP
MD
MSM
OFLOOD
PaCS
PCA
PDB
QBP
RMSD
SACS
SDS

Adenylate kinase

Accelerated molecular dynamics
Conventional molecular dynamics

Cartesian coordinate principal component analysis
distance-based principal component analysis
edge expansion parallel cascade selection
nontargeted parallel cascade selection
Maltose/maltodextrin binding protein
Molecular dynamics

Markov state model

Outlier flooding

Parallel cascade selection

Principal component analysis

Protein Data Bank

Glutamine binding protein
Root-mean-square deviation
Self-avoiding conformational sampling

Structural dissimilarity sampling

1X



Table of Contents

List of Figures Vi
List of Tables viii
Abbreviations and Acronyms iX
1 Introduction 1
1.1 General INTrOGUCTION - -« -« v« rrreremrermemnnenerne ettt ettt rat e are et e e e st eanearerneans 1

B R T TN O 1011 110 W T PP 3

2 Methodology and Analysis of Molecular Dynamics Simulations 6
R 1011 0016 18 oL 1To) o PR R PRI 6
2.1.1 General introduction to molecular dynamics Simulations -« «««««««xoveveiiii, 6

2.1.2 Potential energy function of biomolecular SyStems -« -« vveveveeniiii 7

2.1.3 NUMEFICAl INEQAtION =« -rrvvrrsrrrrerne et 10

2.1.4 Application of MD simulations in NVT and NPT ensembles «-«-:-veveveiiiiiinn. 12

2.2 Enhanced sampling MEthOdS -« ++xreeeerrrmmnniiiiiiiiii 19
2.2 1 TArgetet IMD -+« eeevenneeeiiti et 19

.20 ACCEIETATET IMID « -+« v+ v ermeerereneenne ettt et ettt e e e st e et e s e e e et e e e e e raeeaens 20

2.2.3 MELAAYNAMICS -+ ++vvveererrrernnie sttt 21

2.2 4 Multicanonical MD SIMIUIATION ««« -« e rrreemrernrmnemnnert e reeeenes 22

2.2.5 Replica exchange molecular dynamics «««««««xeeerrremnnnnrrriiiiii 23

2.3 General analysis methods used in molecular dynamics Simulations ««-«-««veveevnnnnnenn. 24
2.3.1 Root-mean-square deviation and root-mean-square fluctuation ««-«-«-vevevevnnnnennn. 24

2.3.2 Principal COMPONENt @NAlYSIS ««+++xvxrerrrrrrmnnnnrrrii i 25

2.3.3 CIUSEEFINQ «++vvvveererrrnee it 26

2.3.4 Markov state model analysis ««««««««««xxrreerrrrmrriiiii 27

3 Edge Expansion Parallel Cascade Selection Molecular Dynamics Simulation 33

TR 81150 0 180 [0 )8 TR P 33
3.1.1 Parallel cascade selection molecular dynamics «««««««« +srreeerrmrmreinnnr, 33
3.1.2 Edge expansion parallel cascade selection molecular dynamics -« - ««-oveveveeeieneenns 34

3.2 MaterialS and METNOOS <« -+« cxrrrrrenenermnenttt ettt et ettt e e e e e 35
3.2.1 Procedure Of EPACS-IMID «:«tcerretrnteiutt ittt i 35
3.2.2 TAIGEt SYSEEIMS +++++vvrereerertunt ettt 36



3.2.3 System preparation .................................................................................. 36

3.2.4 Details OF @EPACS-IMD « -« xrexrerrrrmnenernettatert ettt ettt 37
325 ANAIYSIS +++vvvn e errrenn et 38
3.3 RESGUIES -+ + v v+ v e v e e veeemee sttt e et ettt e e et e et et e e e 39
3.3.1 Open-close transitions of QBP and the optimum number of PCS -+« -vvvevirveniinnnn. 39
3.3.2 Open-close transitions of MBP and ADK «««««-erevermemmiiiii 39
3.3.3 Combination of eePaCS with accelerated MD (eePaCS-aMD) - -« vvvermereiineniennns. 40
N BT o DI [0 o TR 41
3.4.1 OPtMAl Npg AN NMygp +++xversssssrrees sttt 41
3.4.2 Time evolution 0f PC SUDSPACES -+« «++++xrrrrrrrrrmnniiisiiiriiii 42
3.4.3 Comparison of random and deterministic selections of initial structures---«-««-«-- evevve. 44
3.4.4 Comparison with other related Methods «««««««««xxxerrrerrrrrriii 45
3.4.5 Analysis of free energy landscape in combination with the Markov state model ----------- 48
3 CONCIUSION =+ v v v v v e s e s e s e e e e et s s a e e et s st s s e s e e e s e e 49

4 Comparison of eePaCS-MD Utilizing Cartesian Coordinate PCA and

Distance-based PCA 89
B INtrOTUCTION -+ + v v v v e vt et e e et e e et e e e e e s e s e 89
3.2 Materials and MethOOs -« ceererrrm i it 90
3.3 RESUILS ANT DiSCUSSION =+ = v e rnrrnsrnsenstnsnneneensestasaastasasestaseastasnasaeaseiatarartarnneieens 91
3.4 CONCIUSION # =+ v v v v v ear e s ea s e e s et s s e e e e s e s s s e s s e e s s e s e e e 92
5 Conclusions and Perspectives 100
Appendix 103
A. Convex hull a|g0|'ithm .................................................................................... 103
Bibliography 105

x1



Chapter 1
Introduction

1.1 General Introduction

Biomolecules are essential for all living organisms which are involved in many biological functions
required to maintain life. Biomolecules include various macromolecules such as proteins, lipids,
carbohydrates, and nucleic acids, as well as small molecules represented by natural products and
metabolites. Therefore, their structural and dynamical properties are not simply important to
understand the fundamental mechanism of life, but also relevant for industrial purposes such as in

the field of therapeutic medicine, as proteins have been implicated in many human diseases.*?

Among the important biomolecules, proteins are responsible for regulating the cellular
environment, playing critical roles in the body. For example, membrane proteins can receive and
transmit signals during cell-to-cell communications and transport molecules in and out of cells to
maintain the cell environment. Messenger proteins, such as hormones, can act as chemical
messengers that aid the communication between different cells and tissues. Enzyme proteins cause
biochemical reactions necessary to coordinate our bodily functions such as digestion and muscle
contraction. Antibodies are proteins that bind to specific particles, such as viruses and bacteria, and
protect the body from harmful infections. Fibrous proteins help maintaining the shape of cells and

tissues with rigidity and elasticity.

The diverse functions of proteins are strongly correlated with their unique three-dimensional
(3D) structures. Protein chains are biopolymers composed of more than 20 different amino acids,
each of which indicates a unique structural feature. The protein structures are often referred to four
distinct structures (primary, secondary, tertiary, and quaternary structure) regarding their structural
aspects. Primary structure refers to the amino acid sequence. Secondary structure is the local
structure element or motif, such as a-helices and B-sheets, being maintained by hydrogen bonds of
local amino acids. Tertiary structure is the overall shape of a protein which is generally stabilized by
various attractive interactions, such as hydrophobic interactions and salt bridges. Quaternary

structure is a complex structure formed by several protein molecules.

Currently more than hundred thousand 3D structures of proteins in atomic resolution are solved



using various experimental methods, such as X-ray crystallography and nuclear magnetic resonance
etc., giving insights into their biological functions.** Since proteins are inherently dynamical
molecules that undergo conformational transitions which occur at a wide range of timescales (Figure
1.1), it is essential to study their dynamical behaviors;>’ especially the large-scale conformational
changes as they are relevant to biological functions.®*° The highly anisotropic nature of protein
dynamics is the key to efficiently induce the conformational change in macromolecular crowded
environments.™ Proteins exist in an ensemble of conformations around their native states that can be
characterized by a rugged-free energy landscape with many local energy minima.> Hence,
conformational change relevant to biological functions are considered as slow processes because

multiple energy barriers must be crossed to induce the conformational change.

Experimental techniques can provide insights into their dynamical properties but it may be
difficult to provide the necessary detailed information about the underlying conformational
ensembles. Molecular dynamics (MD) simulation has been widely used to elucidate the
conformational transitions of proteins, providing time-dependent information on protein fluctuation
at atomic resolution. However, observing conformational changes relevant to biological functions is
challenging because these events tend to occur stochastically in a time scale longer than feasible MD
simulation time. Furthermore, the computational cost of MD simulations will increase with the
system size. To overcome this difficulty, many enhanced conformational sampling methods have

D™ can enhance the conformational transitions of

been proposed. For example, Targeted-M
two-end states where subset of atoms is guided towards the product state via a steering force but the
obtained transition pathway may not necessarily follow the lowest energy pathway.’* In

multicanonical MD,*>

a weight function is introduced so that the probability distribution of the
potential energy is uniform, leading to a random walk in energy space. Although this method allows
the system to overcome potential energy barriers and explore a wide range of phase space, pre-test of
simulations are required to determine the optimal weight. Replica exchange MD"’ is another widely
known enhanced sampling method where independent simulations of the same system (replicas)
with slightly different ensemble conditions, such as temperatures, are periodically swapped between
replicas to efficiently overcome the energy barriers. However, the number of replicas will increase as

the system size increases and require more computer resource to achieve efficient sampling.*®

Although each enhanced sampling method has its own strength and is useful in different
situations, a method that can simulate protein conformations relevant to biological functions without
external forces and does not require cumbersome parameter setting is attractive. In addition, a
method that can simulate protein conformations starting from a single structure without the prior

knowledge of other conformational states can be valuable, for example situations where a novel



protein structure is solved and its conformational transitions are unknown.

This thesis focuses on the development of a new conformational sampling method, edge
expansion parallel cascade selection molecular dynamics (eePaCS-MD),* to investigate the
large-amplitude collective motions of proteins with a focus on domain motions. eePaCS-MD is an
efficient adaptive sampling method that does not require prior knowledge of the conformational
transitions or external forces to enhance the conformational sampling. eePaCS-MD takes advantage
of the fact that large-amplitude fluctuations of many proteins can be described in terms of only a few
principal components (PCs).*?*?! The high sampling efficiency of eePaCS-MD is achieved by
repeating multiple independent short MD simulations from structures that are rigorously located at
the edge of a multi-dimensional PC subspace with new initial velocities which helps the simulated

system to overcome the energy barrier.?

eePaCS-MD is expected to help generate new mechanistic hypotheses and support experimental
work to further validate the hypotheses. For example, one can remove a bound ligand from an
experimentally determined protein structure and then simulate the bound and unbound systems, or
replace the bound ligand with other ligands, to see how ligand binding affects the protein dynamics
and its functions.”*** Conformational sampling of proteins in their apo state can be also useful to
investigate possible protein conformations and search for novel binding sites to develop new
therapeutic drugs.”® In addition, one can mutate one or more amino acid residues in the protein to
explain or predict the effect of mutations.?*" The molecular environment of a simulated protein,
such as salt concentration and pressure, can be changed to address how protein dynamics and its

functions are affected by the molecular environment.?®%

1.2  Thesis Outline

Chapter 2 — Methodology and Analysis of Molecular Dynamics Simulations

This is the introductory chapter of the thesis and presents background information about molecular
dynamics simulations regarding empirical force fields, numerical integration, thermostats, and
barostats. It also describes enhanced sampling techniques and general analysis methods used in

molecular dynamics simulations.

Chapter 3 — Edge Expansion Parallel Cascade Selection Molecular Dynamics
This is the main chapter of the thesis where edge expansion parallel cascade selection molecular
dynamics (eePaCS-MD) is proposed as an efficient conformational sampling method.'® Cartesian

coordinate principal component analysis (PCA) is utilized to select the initial structures for



resampling. The conformational sampling efficiency of eePaCS-MD was assessed for the open-close
transitions of glutamine binding protein, maltose/maltodextrin binding protein, and adenylate kinase.
The free energy landscape of open-to-closed conformational transitions of glutamine binding protein
was obtained by constructing a Markov state model from trajectories generated by eePaCS-MD.
Furthermore, combinations of eePaCS-MD with accelerated MD can further enhanced the
conformational sampling efficiency by at most 36%. eePaCS-MD is expected to offer 1-3 orders of

magnitude shorter simulation time compared to conventional MD simulation.

Chapter 4 — Comparison of eePaCS-MD Utilizing Cartesian Coordinate PCA and
Distance-based PCA

In this chapter, conformational sampling efficiency of eePaCS-MD using Cartesian coordinate PCA
and Ca distance-based PCA (dPCA) is compared. The open-close transitions of adenylate kinase
were investigated to assess eePaCS-MD utilizing two different PCA methods. The conformational
sampling efficiency of eePaCS-MD was not affected by choice of the PCA method. Considering the
computational complexity of dPCA which quadratically scales with the number of atoms, | have
concluded that eePaCS-MD utilizing Cartesian coordinate PCA as the first choice of the PCA
method, although the optimal choice will depend on the target.

Chapter 5 — Conclusions and Perspectives
A summary of my thesis and future perspective is given about this research area.



Bond
vibrations

Molecular tumbling
Sidechain fluctuations

Collective motions (e.g. rigid domain and loop motions)

Protein folding

Triggered conformational changes (e.g. ligand binding)

Protein aggregation

Figure 1.1: Typical timescale of protein dynamics.



Chapter 2
Methodology and Analysis of Molecular
Dynamics Simulations

In this chapter, general introduction to molecular dynamics (MD) simulations and the computational
techniques widely used to analyze trajectory data are introduced. Section 2.1 introduces the basics of
MD simulations, such as empirical force fields, numerical integration and statistical ensembles.
Section 2.2 discusses enhanced sampling methods to overcome the time limitation of conventional
MD simulations where biomolecular processes of interest often exceeds the simulation time obtained
by simple brute force simulations. Section 2.3 introduces computational techniques to analyze

trajectory data.

2.1 Introduction

2.1.1 General introduction to molecular dynamics simulations

Molecular dynamics (MD) simulation is a computational approach widely used to elucidate the
conformational transitions of biomolecular systems, such as proteins and nucleic acids, providing
time-dependent information of protein dynamics at atomic resolution.** MD simulations can
capture a wide variety of important biological processes, including conformational change,®? ligand

33,34

binding,*** and protein folding.*>* The conformational sampling is driven by numerically

integrating the Newtonian equations of motion:

d*r; _

LFZL = Fi: L= 1,2,N (21)
Fo=-Y i =12,-N 2.2)

i = dril L= 1,z .

where r; and m; represent the position and mass of atom i, respectively, F is the force which is
derived from a given potential energy function U(ry,r,, -+, 7y), and N is the total number of
atoms of the system. The potential energy function is given by a set of parametrized functions called

empirical force fields which will be discussed in Section 2.1.2.



The first all-atom MD simulation of a protein was performed in the late 1970s where bovine
pancreatic trypsin inhibitor consisting of 58 residues was simulated in vacuo, for less than 10 ps.¥’
Over the past years, improvements in algorithms, software, and computer hardware have allowed
simulations of microsecond to millisecond timescales for systems with tens of thousands of atoms in
solvated conditions.”>*#3 Furthermore, simulations under cellular crowded environment provide
the new atomic insights to how biological systems dynamically behave in reality.*’ The biomolecular
system is often prepared from X-ray crystallography, nuclear magnetic resonance (NMR),
cryo-electron microscopy, or homology modeling data. Experimentally solved protein structures are
collected and distributed by the Worldwide Protein Data Bank (wwPDB),** which stores more than
160,000 structures to date and ~10,000 new structures are deposited annually (Figure 2.1). The
advances in computational and structural biological field have led the use of MD simulations in the

drug discovery industry, such as validation of ligand binding poses,** cryptic pocket predictions,**?

and protein-ligand binding free energy calculations.***®

2.1.2 Potential energy function of biomolecular systems
2.1.2.1 Empirical force fields

Empirical force fields are sets of parameterized functions of atomic coordinates used to calculate the
potential energy of a biomolecular system.*>° The force fields are parameterized by fitting and
reproducing results of quantum mechanical calculations and experimental measurements. Commonly
used force fields for biomolecular systems, such as AMBER,>* CHARMM,* and OPLS®,
incorporate a similar functional form which consists of bonded and non-bonded energy terms

(Figure 2.2). A general functional form of a force field is shown in Equation (2.3) and (2.4).

Utatal = Ubonds + Uangles + Udihedrals + Uimpropers + Uvdw + Uele (2-3)

1 1
Utotar = Z zkb(rij - To)2 + Z Eke(gijk - 90)2

bonds angles
1 1 2
+ Z Ek(p[l + Cos(n(pijkl - Vn)] + Z Ekw(wijkl - (1)0) (24)
dihedrals impropers
12 6
+ z 4¢;; (i> - <i> + Z %9,
= rij rij = 47'[807"1']'

The bonded terms describe the interaction potentials between set of atoms that are covalently
bonded, which include bond-stretching ( Uponas ), bond angle-bending (Ugngies ), dihedral

(Uginearais)» and improper torsion (Uimpropers) terms. The bond-stretching term is expressed as a



harmonic potential which corresponds to the first term in Equation (2.4), where k, is the force
constant, 7;; is the distance between two atoms i and j, and 7y is the equilibrium bond distance.
The bond angle-bending term is expressed similarly to those of the bond-stretching term. The
dihedral angle is comprised of four consecutively connected atoms. A Fourier type expansion, as
expressed as the third term in Equation (2.4), is used to characterize the dihedral potential where k,,
is the dihedral force constant (amplitude), n is dihedral periodicity, and y,, is a phase of the
dihedral angle ¢;jy,;. Unlike the bonded and angle terms, the torsion term can have multiple energy
maximum and minimum, and the torsion energies are often not so high to allow small deviations
from an equilibrium structure. An improper dihedral is a special type of dihedral term used to
maintain planarity in a molecular structure or to prevent transition to a configuration of opposite
chirality, e.g., stereochemistry of a chiral carbon atom. The improper term can be expressed similarly
to those of bonded and angle terms with a harmonic potential energy function. It is worth noting that
improper dihedral term can be treated using the dihedral term when the periodicity is n =2 and
phase is y,, = 180.

The non-bonded energy terms consist of two terms; the van der Waals interaction (U,4,,) and
the electrostatic (U,;.) interaction. The van der Waals interaction is composed of repulsive and

attractive interaction which is represented as a 6-12 Lennard-Jones potential given by:

12 6
Upaw (i) = 4€j [(%) - (%) l (2.5)

where ¢;; and g;; represents the depth of the potential well and the distance at which the potential
is zero, respectively, which are evaluated according to a mixing rule.”® For example, in AMBER and
CHARMM force fields, ¢;; and o;;are evaluated by geometric and arithmetic means, respectively.

This approach is referred to as the Lorentz/Berthelot mixing rule as shown in Equation (2.6).

1,
&ij = (eug)

(2.6)

1
0ij = z(f’ii +j)

Alternatively, OPLS force field applies the geometric mean for both ¢; and o;;, thus other
methods have been discussed elsewhere.* The r~12 describes the pauli exclusion which is a
short-range repulsion force due to the overlap of electronic orbitals, required to prevent atoms of

opposite charges from collapsing by the electrostatic attraction. The r~¢ describes the weak



attractive force between two atoms due to interactions between permanent and induced dipoles.
These interactions include the permanent dipole — permanent dipole (Keesom), permanent dipole —
induced dipole (Debye), and induced dipole — induced dipole (London). The induced dipole —
induced dipole interaction is also known as the dispersion interaction which is due to the
instantaneous dipoles arising from fluctuations in the electronic distribution. The electrostatic
(Coulomb) interaction between two charged atoms @; and Q; is expressed as:

Q:Q;

4megry;

Uele rij) = 2.7

where g, is the vacuum dielectric permittivity. In theory, multipole expansion, e.g., dipole and
quadrupole, is required to accurately represent the quantum mechanical electrostatic potential.
However, empirical force fields try to approximate this multipole expansion by assigning point
charges localized at the nuclei of atoms, in order to reproduce the same electrostatic potential that

would be given by the true electronic structure and electron density distribution.
2.1.2.2 Non-bonded exclusions

In practice, empirical force fields exclude the interactions between atoms separated by two- and
three- consecutively covalent-bonding atoms (so-called 1-2 and 1-3 interaction) because they are
redundant with the bond-stretching and angle-bending terms to reproduce the bond and angle
geometries. However, the 1-4 interactions are usually kept to better reproduce the torsion barriers,

for example by scaling down the 1-4 interaction of the van der Waals and electrostatic interactions.

2.1.2.3 Treatment of long-range interactions

The calculations of non-bonded pairwise interactions (van der Waals and electrostatic interactions)
are the most time-consuming part of the simulation. A smooth truncation scheme can be applied to
drive the non-bonded interactions to zero at a finite distance using cutoff distances to reduce the total
computational cost. This may be acceptable for van der Waals interactions because pairwise
interactions decay quickly with respect to »=® where r is the distance between the interacting
atoms. However, electrostatic interactions are fundamentally long-range and the contributions of
energies and forces in the system from such a distant range can be non-trivial, hence severe errors
can arise from neglecting electrostatic interactions beyond some cutoff distance. In practice,
electrostatic interactions are widely calculated by introducing a periodic boundary condition which

tiles repeating copies of the system. This makes it possible to include all long-range interactions by



summing over the real and reciprocal space using Particle-mesh Ewald (PME) method,> where the
periodicity is used to take into account long-range electrostatic interactions including those of

particles with their own periodic images.

2.1.3 Numerical integration
2.1.3.1 Verlet and velocity Verlet algorithms

To propagate the system, one starts with assigning an initial velocity to each atom. The initial

velocity is usually assigned based on the Maxwell-Boltzmann distribution:

3
m; 2 miviz
)= _ 2.8
Py (anBT> ex"( 2nkBT) @8)

@

() 0
Vi Lol

where m; and v; =( ) are the mass and velocity of atom i, respectively, kg is

Boltzmann constant, and T is the given temperature. After the initial velocity assignment, the
system is propagated by numerically integrating the Newtonian equations of motion. One of the
most widely used numerical integrator is the velocity Verlet algorithm® which is a modification of
the original Verlet algorithm.”” The essential idea is to divide the integration step into small steps,
each separated by a fixed time step At, and assumes that the positions and dynamics properties can

be approximated in Taylor series expansion.

The Verlet algorithm considers the sum of the Taylor expansions corresponding to forward and

reversed time steps of At.

: At? At®
ri(t + At) = r;(t) + Atr,(¢) + Trl(t) + ?rl(t) + 0(At?)
At At (29)
\ri(t — A) = r;(¢) — Atr', (1) + 71‘@(1&) - ?ﬁ(t) + 0(At%)
When these two expansions are added and rearranged, the equations give us:
At?
ri(t + At) = 2r;(t) — r;(t — At) + ?Fi(t) + 0(At?) (2.10)
i
r;(t+At) —r;(t — At
7i(t) = i ) —ri( )+ 0(At?) (2.11)

2At
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Equation (2.10) and (2.11) corresponds to the Verlet algorithm. Note that higher-order terms in the
Taylor expansion are ignored for both positions and velocities. Although the velocities can be
calculated with a second-order accuracy, i.e. 0(At?), this is inconvenient as it may introduce some

additional error in the energy and other properties which depend on the velocity. Another potential
2
drawback is that positions are obtained by adding a small term, %Fi(t), to much larger terms

which may lack numerical precision and give rise to substantial round off errors.

A related and more commonly used method is the velocity Verlet method where the positions

and velocities are given by:

2

ri(t + At) = ri(t) + Atv;(t) + ZM F;(t) + 0(At%) (2.12)

m;

v;(t) = v;(t — At) + %Fi(t) + F;(t — At)

: . (2.13)

This method is mathematically equivalent to the original Verlet algorithm, except the positions and
velocities are given at the same time. The global error associated with the velocity Verlet algorithm
is at the fourth order for the position, which is same as the Verlet algorithm. However, the precision
is not influenced by the velocity as Equation (2.13) is equivalent to Equation (2.11). The round off
errors can be minimized because the positions and velocities at nAt can be obtained by first

summing the small terms over n steps, and then add-on to the larger terms.

n

r;(t + nAt) = r;(t) + Atz v;[t + (k — DAt] +
k=1

At?
Zmi

Z Fit + (k — 1)At] 2.14)
k=1

v (t + nAt) = v;(t) +%Z Filt + (k - 1)A;f] + Fy(t + kAt)

i

(2.15)
k=1

2.1.3.2 Choice of time step

The choice of time step At is important to achieve numerical stability and efficient sampling. If a
large time step is used, the motion of molecules becomes unstable due to big errors occurring in the
integration of equation of motion. If the time step is too small, then long computational time will be
required to propagate the motion. The size of a time step is constrained by the time scale of the
highest frequency motion in the system, which is typically the bond vibrations involving the

hydrogen atoms. In general, time step of 1 fs (10™° sec) is commonly used which is a magnitude

11



lower than the fastest time scale in the system. However, for computational efficiency, longer time
step of 2 fs can be applied by constraining the hydrogen bond lengths and treating the water
molecules as rigid body using algorithms such as SHAKE®® and SETTLE.* Furthermore, recent

advances in algorithms can provide even longer time step of ~4 fs.*

2.1.4 Application of MD simulations in NVT and NPT ensembles
2.1.4.1 Statistical ensembles

In classical mechanics, a state is a specific microscopic configuration of a system in a phase space. A
certain state can be characterized by positions ¢ and momenta p variables of the system. The

Hamiltonian, H, which describes the total energy of the state is given by:

N 2
H@Pp) = ) 5 —+U() (216)
=1

where the first term is the kinetic energy and U(q) is the potential energy. A statistical ensemble is
a collection of various states of an equilibrium macroscopic system under constraint conditions such
as temperature, pressure, and volume. There exist different ensembles with different characteristics

and some of the physically important ensembles are:

Microcanonical ensemble (NVE)

Microcanonical ensemble (NVE) is the statistical ensemble where the number of particles N,
volume V, and energy E are constant. This ensemble is an approximation for an isolated system
which cannot exchange energy or particles. The probability of all microstates of an isolated

equilibrium system is considered equal and is given by:

P(q,p) x 8[H(q,p) — E] (2.17)

Canonical ensemble (NVT)

Canonical ensemble (NVT) is the statistical ensemble where the number of particles N and volume
V in the system is fixed, but the system is coupled to a heat bath (reservoir) at temperature T.
Different microstates of the system can have different energies. The probability of finding a

microstate i with energy E; is given by:

P(q,p) « exp(=BE;) (2.18)
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where = 1/kBT and kg is the Boltzmann constant. The averaged observable quantity A is given

by:

ZiAiexp(—pE;) (2.19)

() ==——

where Z = Y; exp(—BE;) is the partition function and A; is the microscopic property at state i.

Isothermal-isobaric ensemble (NPT)

Isothermal-isobaric ensemble (NPT) is the statistical ensemble where the number of particles N,
pressure P, and temperature T are fixed, and allows the volume V and the energy to fluctuate. The
isothermal-isobaric ensemble is one of most widely used ensembles as most of the real experiments
are carried out under controlled conditions of temperature and pressure. The probability of finding a

microstate i with energy E; is given by:

P(q,p) x exp{-B(E; + PV)} (2.20)

Grand canonical ensemble (uVT)

Grand canonical ensemble (uVT) is the statistical ensemble where the volume V, temperature T,
and chemical potential u are fixed, but the number of particles and energy can exchange with the
surrounding bath. This ensemble is particularly applicable to systems such as chemical reactions
where the number of particles varies. The probability of finding a microstate i with energy E; is

given by:
P(q,p) x exp(—BE; + ufN;) (2.21)
2.1.4.2 Thermostats and Barostats

Let us first consider a Hamiltonian system described by Equation (2.16). The Hamiltonian’s

canonical equation, which is the generalized form of Newton’s equations of motion, is given by:

dq; O0H i
4ai 91 _ Pi (2.22)
dt apl m;

dp; 0H au

i 27T (2.23)

dt  9q;  dq;

13



When the Hamiltonian system is simply solved using numerical integration discussed in Section
2.1.3, the generated ensemble is an NVE ensemble since Z—Ftl= 0 where the total energy is

conserved. This is not the desired ensemble for biomolecular systems because it often makes sense
to simulate systems used for experimental measurements, such as those at constant temperature and
pressure. Generally, if such conditions are to be maintained, some thermostat and barostat algorithms

need to be employed.**
Thermostats:

The temperature of a molecular dynamics simulation and the kinetic energies can be related using

the equipartition theorem which is given by:

N
1 3
(Z—miviz) = 2 NiT (2.24)
-y, 2
i=1
where the angle brackets indicate the time-averaged quantity. When the temperature is calculated
from a single snapshot, this quantity is referred to as the instantaneous temperature. The
instantaneous temperature is not always equal to the target temperature but undergoes fluctuations
around the target temperature. There are several methods employed by the thermostat algorithm to

control the temperature.

One of the simplest thermostats to implement is the velocity rescaling method.®* This method
scales the velocities so that the temperature reaches the desired temperature. However, this approach
does not allow fluctuations in temperature and the generated samples are isokinetic ensemble rather
than the canonical ensemble. Berendsen thermostat,®® also known as the weak coupling thermostat,
is similar to the velocity rescaling approach but the temperature is allowed to slowly approach the

target temperature. The velocities are scaled with a certain interval, such that the rate of temperature

change is proportional to the difference in temperature, i.e., %z —%(T—TO), where T is the

relaxation time which determines how tightly the temperature bath and the system are coupled

together and T, is the target temperature. The scaling factor is given by:

At (T,
- (20 _ 2.25
A 1+2T(T 1) ( )
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Although the Berendsen thermostat allows temperature fluctuations, the generated ensembles are not

precisely the canonical ensemble.

An alternative approach is the Langevin thermostat®™ which controls the temperature to a
reference temperature by inserting friction and stochastic terms in the equation of motion. The

Langevin dynamics is given by:

d?r; dr;
m; le =F —my; d_tl +Ri(t) (2.26)
where y; is the collision frequency which determines the strength of the coupling to the heat bath.
The stochastic force R;(t) is assumed to be uncorrelated with the positions and velocities of the

particles and to be Gaussian with a mean zero and variance given by:
(Rl(t)R] (t + T)) = ZmiyikBTé‘ijé‘(r) (227)

The Langevin equation is known to achieve isothermal condition; however, the collision frequency
is an effective friction coefficient of the system and should be carefully considered to maintain the
temperature without significantly perturbing the dynamics of the system, where the dynamics will
become microcanonical when y; = 0.

8557 which utilize an extended

Another widely known approach is the Nosé-Hoover thermostat
system to control the temperature. The general idea is to consider the heat bath as part of the system
by introducing a fictious coordinate s, associated with an effective mass Q and conjugated

momentum p, of s. The equation of motion utilizing Nosé-Hoover thermostat is given by:

2
L dri
miw = FL' - mlfﬁ (228)
dé  gkg
—_J5 — 2.2
P GORED (2:29)

where ¢ is a friction coefficient defined as ¢ = %, g is the number of degrees of freedom of the
N PP

system, T(t) is the instantaneous temperature defined as T(t) = g%zl'ﬂﬁ and T, is the target
B i

temperature. Although the Nosé-Hoover thermostat is known to produce the canonical ensemble, the
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temperature may be poorly controlled when the effective mass @ is too large, thus the dynamics of

the system will become microcanonical when Q — oo.

Barostats:

The pressure can be measured using the virial theorem:

2 Tl
P = (B — (&) (2:30)

—

where V is the volume of the system and Ej is the kinetic energy. = is the internal virial for

pair-additive potentials and is given by:

2 ij " iy (2.31)
i<j

F;; is the force on particle i due to particle j, and r;; = r; —r;. These formulas give pressure as

a time-averaged quantity and the instantaneous pressure is calculated using a single snapshot. The

pressure will not always be equal to the target pressure but undergoes fluctuations around the target

pressure.®® There are several methods employed by the barostat algorithm to control the pressure.

The simplest approach is the volume rescaling where the volume of the system is modified such
that the instantaneous pressure is exactly equal to the target pressure. This approach does not
properly generate the isothermal-isobaric ensemble. Berendsen barostat®® is analogous to the
Berendsen thermostat where the pressure is weakly coupled to a “pressure bath” which slowly
approaches to the target pressure. To maintain the system to a desired pressure, the atomic
coordinates and volume are scaled periodically. The rate of change of pressure is proportional to the
difference in pressure which is given by:

dpP 1
i _;(p - Py) (2.32)

where 7 is the relaxation time which determines how tightly the pressure bath and the system are
coupled together and P, is the target pressure. Suppose we have an isotropic system with volume
V = L3 where L represents the box length of the system. An extra term ar; is added to the
equation of motion which is given by:

16



¥, = —+ ar; (2.33)

where « is determined so that the instantaneous pressure is equivalent to the target pressure. The

coordinates of the particles are given in terms of scaled variables #;:

r; = V3F, (2.34)

and the time derivative is given by:

A T (2.35)

_y |
T 3V T, T3y

7+

With Equations (2.33) and (2.35), the volume change can be expressed as:

V =3aV (2.36)
The pressure change can be related to the isothermal compressibility g:

ap 1dV_ 3a (2.37)
a. pvdt B '
Hence, from Equations (2.32) and (2.37), the equation of motion in Equation (2.33) can be rewritten

as:

. _Dbi P
T, = "T_llz + 3. (P —Pyr; (2.38)

This represents a proportional scaling of coordinates and box length per time step from r; to ur;

and L to uL, where u isthe scaling factor given by:

1
BATt -ry=[1+P%p_ PO)]3 (2.39)

=14+— i
K +3 T
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The value of the compressibility does not have to be precisely known and the relaxation time appears
only as a ratio in the dynamics. In practice, compressibility of liquid water is often used. Many

69-71

applications can be found that utilize Berendsen barostat as this method will approach the target

pressure realistically; however the ensemble it is sampling from is not well defined and cannot be

guaranteed to be NPT ensemble.®®"

Alternatively, extended ensemble barostat methods, such as Parrinello-Rahman,” can be
applied to control the pressure. The system is coupled to a fictitious pressure bath by adding an
additional degree of freedom to the equations of motion which allows the shape of the simulation
box to change during the simulation. Although the algorithm yields the correct ensemble, it is not

recommended for equilibrium processes as it will not behave well if not near the target pressure.
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2.2 Enhanced sampling methods

Conformational transitions relevant to biological functions are challenging to observe because these
events tend to occur stochastically as rare events and the time scale of such phenomena can simply
exceed feasible computational time simulated by brute force simulations, even if significant
computational resources are employed. To overcome this difficulty, a wide variety of enhanced
sampling techniques have been proposed to capture long-timescale events, where each technique can

be useful for different situations. Some of the widely used methods are introduced.

2.2.1 Targeted MD

Targeted MD* is a class of nonequilibrium simulation which enhances the conformational
transitions of two-end states (reactant and product) where a subset of atoms is guided towards the
product state via a steering force. The force on each atom is derived from the gradient of the

potential energy which is given by:
1
Uryp = Ek[RMSD (t) — RMSDy(1)]? (2.40)

where k is the spring constant, RMSD(t) is the root-mean-square deviation (RMSD) at time step
t measured from the product structure. RMSD,(t) is the prescribed RMSD at time step t which is
slowly decreased to zero during the simulation. Although this method is convenient, the external
force should be carefully set as the transition pathway may not necessarily follow the lowest energy
pathway and yield irreversible pathways that are rarely accessible to the system at normal

temperature.™*
The free energy profile (potential of mean force) along the conformational transition pathway

can be obtained using Jarzynski’s equality’* where the transition is characterized by the amount of

work required to drive the transition.
1
AF = —Eln(e‘ﬁW) (2.41)

Here, the bracket denotes an ensemble average over multiple independent simulations, and W is the

work performed on the system by an external force. Since the exponential average can be dominated
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by small values of the work which occur rarely, the logarithm of an exponential term can be

expanded in terms of cumulants to reduce the exponential noise.”

2.2.2 Accelerated MD

In accelerated MD'’ the sampling efficiency is enhanced by increasing the escape rates from the
potential wells (Figure 2.3). This is achieved by modifying the true potential V(r) via a continuous
non-negative boost potential AV (r) while maintaining the underlying shape of the true potential

energy surface. The modified potential, V*(r) = V(r) + AV (r), is described as:

o (E-v()*
V@) =v()+ r BV’ V(r) <E (2.42)
Vi) =V(), V(ir) > E
and the boost potential AV () is given by:
2
AV(r) = (E-Vv() V(r) <E (2.43)

a+(E-V(@)

Here E is the potential energy threshold and « is the tuning parameter which determines the depth

of the modified potential energy.

The boost potential can be applied to either the dihedral potential energy, total potential energy,
or dihedral and total potential energy. The potential boost parameters associated with a can be
defined by the number of protein residues, total number of atoms, and the average dihedral and/or
total potential energies calculated from short conventional MD simulations.”®”® The canonical
ensemble distribution, p(A4), along a selected reaction coordinate A(r) can be recovered by

reweighting the probability distribution, p*(A4), sampled by accelerated MD which is given by:

(ePAV D))

pU) =p () S cmrey, (2.44)

where M is the number of bins, (e/“"(r))j is the ensemble-averaged Boltzmann factor of AV (r)
found in the j™ bin.”® The exponential term can be approximated by Maclaruin series expansion or
cumulant expansion to reduce the noise as the Boltzmann factor can be dominated by high boost

potential values. The reweighted potential of mean force can be calculated as:
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1
F(4) = —Elnp(Aj) (2.45)

2.2.3 Metadynamics

Metadynamics®® enhances the rare-events occurrence by discouraging the system from revisiting the
same phase space by introducing a repulsive bias potential to the original potential. The original
potential V() is modified by a history-dependent Gaussian potential deposited along the collective
variable (CV) space which is expected to be suitable in describing the process of interest. The

Gaussian potential is added every time interval 7, and the biasing potential at time t is given by:

_ ’ 2
Ve(s(r),t) =w 2 exp {— ls() Zsa(:zG(t 2 } (2.46)

t’=Tg,2’fg,3Tg,"'
t'<t

where w and & are the height and the width of the Gaussian. s(r) and r;(t") denote the CV
and the trajectory of the system under the modified potential V + V;, respectively. As the bias
potential accumulates and fills the potential wells, the system is able to move in a less-barrier
manner among the different states. The free energy profile along the CV can be reconstructed by

simply changing the sign of Equation (2.46).

To achieve reasonable and accurate free energy profile, the height of the Gaussians must be
sufficiently small compared to the main free energy barrier and the bias should not be added too
frequently in time. This method is effective for exploring few CVs, however the performance can
deteriorate rapidly with dimensionality because the computational effort required to discourage the
visiting phase space will increase with the number of CVs. Deciding when to terminate a
metadynamics simulation may not be straightforward as Gaussian potentials are added during the
entire course of the simulation. As a result, the system will be pushed to explore high-energy regions
and the calculated free energy will typically fluctuate around the correct value. Variants of
metadynamics have been proposed to overcome these difficulties such as well-tempered
metadyanics® where the height of the Gaussian potential decreases over time showing better

convergence.
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2.2.4 Multicanonical MD simulation

In multicanonical MD (McMD) simulation®>*°

the conformational sampling is enhanced by
introducing a weight function so that the probability distribution of the potential energy B, .(E, Ty)

is uniform.
P (E, Tp) o« n(E)e~WET) = const (2.47)

Here E is the potential energy of the system, T, is the simulation temperature, n(E) is the density
of states, and W (E,T,) is the weight function. The flat energy probability distribution leads to
random walk in energy space, allowing the system to overcome potential energy barriers and explore
a wide range of phase space. In general, temperature T, is set to a sufficiently high temperature so
that the conformation can overcome energy barriers in the conformational space. The multicanonical
distribution can be reweighted to reproduce the canonical distribution at an arbitrary temperature T,

if the weight function is accurately estimated, and is given by:
P.(E,T) Py (E,Ty)e FEXW(ET) (2.48)
Thus, the weight function is defined as
W(E) = In[n(E)] = BoE + In[P.(E, Ty)] (2.49)
P.(E,T,) is the canonical energy distribution at temperature T,. Since W(E,Ty), i.e., P.(E,Tp), is

not known a priori, the weight function is estimated and updated through iterative runs of McMD

simulations until a flat distribution can be obtained from an converged estimate value of P.(E, T,):
WD (E) = WO (E) + InPY(E, Ty) (2.50)

where the i multicanonical distribution P (E, T,) is obtained with the weight function W® (E).
In practice, it is impossible to obtain an ideal weight factor that completely flattens the potential
energy distribution. One criterion for a satisfactory weight factor is that as long as a random walk in
potential energy space is achieved, the probability distribution BP,,.(E) does not have to be strictly

flat but with a tolerance of an order of magnitude deviation.®?
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2.2.5 Replica exchange molecular dynamics

Replica exchange molecular dynamics (REMD)'’ seeks to enhance the conformational sampling by
running independent simulations of the same system (replicas) with slightly different ensemble
conditions and periodically swap replicas to efficiently overcome the energy barriers (Figure 2.4). In
temperature REMD (T-REMD), also known as the parallel tempering, replicas with different
temperatures are simulated parallel and swapping of neighboring replicas is attempted periodically
with a given probability based on the Metropolis criterion that satisfies the detailed balance for

swapping temperatures:

P, ; = min{1, exp[—(B; — B;) (E; — E1)]} (2.51)

where E is the potential energy, and subscripts i and j represent different replicas, respectively.
To achieve optimal sampling performance, distribution of temperatures and number of replicas
should be chosen with care. The highest temperature should be high enough to ensure that no
replicas are trapped in local energy minima. For efficiency, each replica should spend equal amount
of time at each temperature, suggesting that the temperatures should be chosen in a way that gives
similar acceptance ratio between adjacent replicas. It was demonstrated that exchange acceptance
probability of ~20% yields optimal performance;*** however acceptance ratios of >10% is still
acceptable.’’ Finding the optimal temperature distribution and number of replicas are non-trivial and

several suggestions for setting these parameters have been offered.®*®’

After a T-REMD simulation, unbiased populations of different substates can be obtained from
the reference temperature of replicas. In addition, it is also possible to combine information from

178889 45 optain the

multiple replicas by performing a weighted-histogram analysis (WHAM)
expectation value of any physical quantity at an arbitrary temperature. It should also be noted that
analogous to T-REMD, replica exchange can be performed with order parameters other than

temperatures, such as the use of different Hamiltonians (H-REMD).*®
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2.3 General analysis methods used in molecular

dynamics simulations

2.3.1 Root-mean-square deviation and root-mean-square fluctuation

Root-mean-square deviation (RMSD) and root-mean-square fluctuation (RMSF) are frequently used
measurements to give information on different aspects of biomolecular ensembles.”® It often makes
sense to compare the internal motions of the system; hence translational and rotation of atoms are
removed from the system by superposing to a reference coordinate in advance of the analysis.

RMSD is the average distance between the subset of atoms which is given by:

RMSD = (2.52)

where n is number of atoms, r is the atomic coordinate, and 7, is the coordinate of the reference
structure. RMSD is useful to measure the global similarity of two states and monitor the structural
change during the simulation. RMSF is analogous to RMSD, which provides information about the
local structural dynamics. RMSF is defined as the root mean-square-average distance between an

atom and its average position in a given set of structures.

m
1
RMSF, = EZ”””‘ — ) (2.53)
i=1

Here (r), is the average position of atom k over m structures. RMSF can be used to study
protein dynamics such as protein flexibility, thermal stability, and prediction of disordered regions as

it is related with B-factors in X-ray experiments which are given by:

| =

(2.54)

(o) V]
SRS
[\S)

RMSF, =
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2.3.2 Principal component analysis

Principal component analysis (PCA) is a multivariate statistical technique used to reduce the
dimensionality of a biomolecular system.”># The PCA represents a linear transformation that
diagonalizes the covariance matrix so that the instantaneous linear correlations among the variables
are removed. To obtain the internal motion of the system, translational and overall rotation from the
trajectories are removed by superposing to a reference coordinate, which is often chosen to be the
average coordinate determined self-consistently, prior to performing PCA.” Commonly, PCA of a
MD simulation is performed by diagonalizing the (mass-weighted) covariance matrix of the atomic
Cartesian coordinates, A, where the element a;; of matrix A is given by:

ajj = ((q; — (Qi))(q]' - (q]'))) (2.55)

where gq; and q; represent the Cartesian coordinates of atom i and j, respectively, and the
bracket denotes an average over ensemble of conformers. Diagonalization of matrix A, i.e.,
AV = V&, leads to eigenvectors V and eigenvalues &, which describes the direction of the motion
and the magnitude along the corresponding eigenvector (principal component), respectively. Since
the eigenvalues represent the mean-square fluctuations along the principal axes, the large-scale
fluctuations or collective motions which dominate the biomolecular motions can be corresponded to
the principal components with the large eigenvalues. The MD-generated trajectories T can be
projected onto the m™ principal component subspace by computing T'v,, where v,, is the m™

eigenvector and the prime denotes a transposed matrix.

In general, 20 modes are usually more than enough to define an essential space that captures the
motions governing biological functions.*> However, the presence of large-scale motions makes it
difficult to resolve small-scale motions because the former motion has much greater relative
amplitude in atomic displacement. Cartesian coordinate-based PCA may reflect to some extent the
dominant overall motion rather than smaller internal motion of the protein. PCA using Cartesian
coordinates may not yield the correct rugged free energy landscape due to the artifact of the mixing
of internal and overall motion, as separation of these two motions is essential to construct and
interpret the energy landscape of a biomolecular system undergoing large structural rearrangement.®®
Internal coordinates such as backbone dihedral angles and distance-based measurements may be

more advantageous as they provide natural separation of the external and internal motions.**°
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2.3.3 Clustering

Clustering is a data-mining technique which is widely used to group ensemble of conformers into
similar structures based on a chosen distance measurement, such as distances between structures
calculated via best-fit coordinate RMSD or some other Euclidean distances. A wide variety of
algorithms have been applied in many studies to cluster molecular dynamics trajectories and search
for similar structures which help gain an intuition of the biomolecular system. Clustering algorithms

can be categorized into two major classes: hierarchical and non-hierarchical methods.

Hierarchical clustering seeks to build a hierarchy of clusters by merging pairs of clusters. For
example, hierarchical clustering with the bottom-up approach (agglomerative hierarchical clustering)
first starts with each data point as a single-point cluster and iteratively merges clusters into larger
clusters until a desired number of clusters are reached. Commonly, distances between structures
calculated via best-fit coordinate RMSD values or some other Euclidean distances are used to decide
which clusters to merge. Hierarchical clustering can have different strategies to merge the data points
such as single-linkage and average-linkage. Single-linkage uses the minimum distance, whereas
average-linkage considers the average distance between members of two clusters. Average-linkage is

expected to be one of the most useful approaches among various linkage algorithms.*

K-means clustering® is one of the most popular non-hierarchical clustering methods which aim

to minimize the objective function given by:

k
1= ) =l (2.56)

i=1 x;€C;

where i is the cluster index, k is the defined number of clusters, x; is the data point belonging to
cluster C;, and y; is the centroid of cluster C;. ||x; — Mi||2 is a chosen distance measure between
point x; and w;. K-means clustering first starts with assigning k random points as cluster
centroids and subsequently all other points are assigned to the closest cluster centroid. The centroid
of each cluster is recomputed and data points are reassigned to newly defined cluster centroids to
minimize the objective function. This procedure is repeated until a stopping criterion is met, such as
when centroids of newly formed clusters do not change or maximum number of iterations is reached.
K-means algorithm does not necessarily find the most optimal solution, but instead approximates
local minima of the objective function. The algorithm is also sensitive to the initial cluster centers,

which are selected randomly, and is recommended to run multiple times with different random seeds
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to reduce the initial dependency. K-means++® which is a modification of the standard K-means

method can be applied to improve the initial guess of cluster center positions.

2.3.4 Markov state model analysis

The Markov state model (MSM)®* % is a discrete-state stochastic model which can provide insights
into biomolecular mechanisms and predict stationary and kinetic quantities of long-timescale
dynamics using a set of multiple simulations which are much shorter than the timescales of interest.
This is achieved by coarse-graining the high-dimensional configuration space into n discrete
microstates S;—q,..,, and a conditional transition probability matrix, termed the transition matrix

T = {T};}, is estimated from the simulation trajectories x.
T;;(t) = Prob(x;.. € Sj|x; € S;) (2.57)

The transition matrix describes the chance of jumping from one state to another in some time
interval T which is referred to as the lag time. The eigen-decomposition of transition matrix T
yields a set of eigenvectors and corresponding eigenvalues. The eigenvalues are related to the
relaxation timescales of kinetic processes, and eigenvectors indicate the associated structural change

occurring at these timescales. The relaxation timescale, also known as the implied timescale, is given

by:

T

ti = — ln/'{i (258)

where t; is the relaxation timescale corresponding to the ith eigenvalue A;. The largest eigenvalue,
A4, is always 1 for a model where networks are connected and satisfies the detailed balance
condition. Thus, the corresponding (left) eigenvector represents the equilibrium distribution, i.e.
stationary distribution. The equilibrium free energy of microstate i can be obtained using the

stationary distribution 7 which is given by:

F; = —%ln(ni) (2.59)

The choice of a lag time is important to construct a valid Markov model. Plotting the relaxation
timescales as a function of the lag time can give some indication of appropriate lag time.'%

According to the Chapman-Kolmogorov equation, T(nt) = T(t)", the relaxation times for a
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Markov model with a lag time of nt should be equal to those with a lag time of t. Therefore, we
can expect that the relaxation time level-off at a certain lag time if the model satisfies the Markov
assumption. However, it should be noted that the convergence of the relaxation time does not
guarantee Markovianity, as the eigenvectors would require being constant as well. One can also

perform the Chapman-Kolmogorov test to further validate the model.
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Figure 2.1: PDB statistical data of (a) overall, (b) X-ray crystallography, (c) NMR, and (d) 3D
electron microscopy experiments. Data source taken from RCSB PDB (https://www.rcsb.org/)."*
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Figure 2.2: Schematic illustration of empirical force field with bonded and non-bonded energy

terms.
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Increased threshold (E’)

Figure 2.3: Schematic illustration of accelerated MD. V(r), AV(r), and E represent the potential
energy, boost potential energy and threshold energy, respectively. The red and blue dashed lines
represent the modified potential energies using two different threshold energy, E and E’,
respectively. This figure is reprinted by Zhao B, Cohen Stuart MA, Hall CK (2017) Navigating in
foldonia: Using accelerated molecular dynamics to explore stability, unfolding and self-healing of
the B-solenoid structure formed by a silk-like polypeptide. PLoS Comput Biol 13(3): e1005446.
https://doi.org/10.1371/journal.pcbi.1005446.9011; licensed under Creative Commons Attribution

(CC BY) License < https://creativecommons.org/licenses/by/4.0/>.
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Figure 2.4: Schematic illustration of replica exchange molecular dynamics with temperature

exchange. Each arrow represents a MD simulation with a different temperature.
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Chapter 3
Edge Expansion Parallel Cascade Selection
Molecular Dynamics Simulation

In this chapter, edge expansion parallel cascade molecular dynamics (eePaCS-MD) is introduced as
a new enhanced sampling technique to investigate the large-amplitude collective motions of proteins
with a focus on domain motions. Section 3.1 introduces the motivation of eePaCS-MD and addresses
the current limitations of other related methods. Section 3.2 introduces the methodology and
procedure of eePaCS-MD, as well as detailed description of the target systems used to assess the
sampling efficiency of eePaCS-MD. The results and discussions are given in Section 3.3 and 3.4,
respectively. Finally, the conclusion of this chapter is given in Section 3.5. This chapter is
reproduced from Takaba, K.; Tran, D.P.; Kitao, A. Edge expansion parallel cascade selection
molecular dynamics simulation for investigating large-amplitude collective motions of proteins. J.
Chem. Phys. 2020, 152 (22), 225101, with the permission of AIP Publishing.

3.1 Introduction

3.1.1 Parallel cascade selection molecular dynamics

Parallel cascade selection molecular dynamics (PaCS-MD)'%

is a class of adaptive sampling method
which enhances the conformational transitions of two-end states. The PaCS-MD method
dramatically enhances conformational transitions from one state to a target state without external
perturbations using cycles of multiple independent MD simulations conducted in parallel. Each cycle
consists of two major steps. In the first step, MD initial structures are selected from past simulation
trajectories. The selected structures are the closest to the target structure defined by an appropriate
quantity, e.g., root-mean-square deviation (RMSD). The second step involves conformational
sampling by short parallel MD simulations. The selection of the initial structures considerably
increases the probability of rare event occurrences to induce conformational change toward the target
(Figure 3.1). The transition pathways obtained by PaCS-MD can be further analyzed by umbrella
sampling along the pathways'™ or by performing Markov state model (MSM) analysis to obtain the

free energy landscapes of protein conformational changes and protein-ligand bindings.'%>*%

One of the limitations of the original PaCS-MD method is the requirement of prior knowledge

33



of the product structure. Various extensions of PaCS-MD have been proposed over the past several
years using distinct selection methods.’””*"* For example, nontargeted PaCS-MD (nt-PaCS-MD)™’
selects the structures that deviate most from the average structure based on Gram-Schmidt

108 selects outlier structures based

orthogonalization, whereas the outlier flooding method (OFLOOD)
on clustering techniques. The conformational sampling efficiency is enhanced by resampling from
the edge or sparse distributions of the selected quantity, so that the probability along this quantity
increases. Note that the conformational sampling is only enhanced against the selected quantity and
not for the other coordinates (Figure 3.2). The utility of these methods has been demonstrated using
several globular proteins, such as T4 lysozyme, glutamine binding protein, and maltose/maltodextrin
binding protein. In all cases, the open-close transitions were observed within the simulation time

scale of nanoseconds.

However, current methods still require improvement. For example, inefficient sampling can
occur when the initial structures are not sufficiently distributed in a conformational space.'™
Furthermore, deterministic selection of initial structures may be problematic: we have observed the
repeated selection of similar dead-end structures, resulting in inefficient sampling. In addition, some

methods select the initial structures from all prior generated structures,

which requires keeping
all the trajectories and makes the selection process time consuming. To address these issues, a new

extension of eePaCS-MD was developed.

3.1.2 Edge expansion parallel cascade selection molecular dynamics

Edge expansion PaCS-MD (eePaCS-MD) is proposed as a new extension of PaCS-MD, which
explores the large-amplitude collective motions of proteins with a focus on domain motions.
eePaCS-MD brings together three important features: (i) conformational resampling from the
structures rigorously located at the boundary of the sampled conformational space to improve
sampling efficiency; (ii) reducing the number of candidates for the initial structures to quicken the
selection process while retaining the information of the entire conformational space sampled by the
simulation; and (iii) random selection of the initial structures to alleviate the risk of consecutively
selecting dead-end structures. The first two features are realized by introducing the concept of
“convex hull” defined as the smallest convex polygon that includes a given set of points in a

112

multi-dimensional space (Figure 3.3(a) and (b)).” The convex hull is characterized by vertices and

connecting edges. Computing the convex hull is a problem in computational geometry, which is

114,115

widely applied to computer graphics, pattern recognitions,"*> image processing, medical

7 118

simulations,"™® home range estimations,"’ and animal epidemic forecasts.*® In this study,

eePaCS-MD-generated snapshots distributed in a several dimensional principal component (PC)
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subspace determined by principal component analysis (PCA) are considered as the points
constructing the convex hull. Identifying the snapshots as vertices reduces the number of candidate
structures for selection. This procedure takes advantage of the fact that large-amplitude fluctuations
of many proteins can be described in terms of only a few PCs.**?*?! Thus, eePaCS-MD randomly
selects the initial structures from the vertices and enhances the concerted conformational transitions

along a few PCs.

Here, we demonstrate the conformational sampling efficiency of eePaCS-MD for the
open-close transitions of glutamine binding protein (QBP), maltose/maltodextrin binding protein
(MBP), and adenylate kinase (ADK). Each was successfully simulated in ~10 ns of simulation time
or less. eePaCS-MD is expected to offer 1-3 orders of magnitude shorter simulation time compared
to conventional MD (cMD). Furthermore, we show that the combination of eePaCS-MD and
accelerated MD (aMD)’’, which we call eePaCS-aMD, can further enhance conformational sampling
efficiency, reducing the total computational cost of observing open-close transitions by at most 36%.
We also compare eePaCS-MD with other related methods and conclude that the sampling efficiency
of eePaCS-MD is slightly better or comparable.

3.2 Materials and methods
3.2.1 Procedure of eePaCS-MD

A flowchart for eePaCS-MD is shown in Figure 3.3(c). First, preliminary MD simulations (cycle 0)
are performed, and the trajectories are subjected to PCA. The MD snapshots are projected onto a
subspace spanned by a few PCs and a set of structures that constructs the convex hull is identified.

112
IY

The program package Qhul which implements the Quickhull algorithm, is applied to solve the
convex hull problem (see Appendix for detail). A predefined number of initial structures are selected
randomly from the vertices as the MD initial structures. Conformational sampling from the selected
snapshots by parallel independent MD simulations (hereinafter called “replicas™) is conducted with
reinitialized velocities based on the Maxwell-Boltzmann distribution. After sampling, the MD
trajectories from each replica and the vertices of the previous cycle are subjected to PCA, where the
PCs are redefined to determine a new set of vertices and edges. Finally, the sampling process is
repeated until it reaches a predefined number of cycles. Figure 3.3(b) shows the actual evolution of

the vertices and edges for QBP.
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3.2.2 Target systems

The conformational sampling efficiency of eePaCS-MD was assessed by applying it to three target
proteins: QBP, MBP, and ADK (Figure 3.4). QBP and MBP are two-domain proteins widely studied
by other methods related to eePaCS-MD.*" ! We selected these proteins because they are suitable
for examining the sampling efficiency of eePaCS-MD compared to the sampling efficiencies of
previous studies. ADK was chosen as it has three domains and undergoes more complex

119,120

movement and thus is considered a more challenging target than QBP and MBP. Using ADK,

we demonstrate the broader applicability of eePaCS-MD.

QBP and MBP are members of a large group of periplasmic binding proteins in gram-negative
bacteria and are subunits of ATP binding cassette (ABC) transporters.*** 2> QBP and MBP move
within the periplasm and serve as the initial receptor for the active transport of L-glutamine and
maltose/maltodextrin, respectively. QBP and MBP consist of 226 and 370 residues, respectively, and
comprise two globular domains linked by a hinge composed of two (QBP) or three (MBP) short
linkers. The ligand binding site is located in the cleft between the two domains. X-ray
crystallography and theoretical studies revealed that the two domains undergo a large amplitude
domain motion upon ligand binding, from the open to closed structures.' %
form in its crystal apo state (Protein Data Bank (PDB) ID: 1GGG'?®) and takes a closed form in the
holo state (PDB ID: 1WDN'®). Similarly, MBP takes open and closed forms in the apo (PDB ID:

10MP*?) and holo (PDB ID: 1ANF'*) states, respectively.

QBP adopts an open

ADK is a nucleoside triphosphate kinase and is a monomeric enzyme that regulates the energy
of a cell by balancing the relative abundance of AMP, ADP, and ATP via catalysis of the phosphoryl
transfer reaction: Mg?* - ATP + AMP « Mg?* + ADP + ADP."”***® ADK comprises 214 residues
and three domains: the LID domain that closes upon ATP binding, the NMP domain that closes upon
AMP binding, and the core domain which shows no significant conformational change upon ligand
binding. Conformational change between the open (PDB ID: 4AKE™®) and closed (PDB ID:

1AKE'®) states occurs as a multi-step clamshell-like movement.*®

3.2.3 System preparation

The open and closed conformations of each protein were taken from the apo and holo crystal
structures and employed as the starting structures for eePaCS-MD. In the closed state, the ligand was
removed in the simulation system. The structures of the missing residues were modeled using

132-134

PyMOL.* The protonation states of the amino acid residues were determined by H++. For
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QBP, Glul7 and Aspl106 were protonated for both the open and closed states and all other residues
were treated in their general tautomer states under physiological conditions. The AMBER ff14SB
force field® was employed for all the proteins. Each system was solvated using TIP3P waters,™*
preserving crystal waters within 3.2 A of each protein. Rectangular simulation boxes were
constructed with a margin of at least 12 A between the protein and the periodic box boundaries. The
QBP system with a salt concentration of 100 mM KCI contained 11,702 and 13,159 water molecules
for the open and closed states, respectively. The solvated MBP systems were neutralized by adding 8
Na* ions and each system contained 15,378 and 15,538 water molecules for the open and closed
states, respectively. The systems for the open and closed states of ADK contained 12,534 and 10,312

water molecules, respectively, and 4 Na" ions were added to neutralize each system.

The GPU-accelerated version of AMBER14*® was used for all simulations. Electrostatic
interactions were treated with the particle mesh Ewald method® in which Lennard-Jones interactions
and real-space electrostatic interactions were smoothly switched to zero at 10 A. The systems of all
three targets were first minimized with harmonic positional restraints imposed on the protein
backbone atoms with a force constant of 10 kcal mol™ A™. The restraints were gradually reduced to
zero during the minimization procedure. Subsequently, the system was subjected to 300 ps MD
simulation with the NPT ensemble at 300 K and 1 bar, and an additional 200 ps was performed with
the NVT ensemble at 300 K. For each case, a set of five distinct simulations was performed and the
final structure was used as the initial structure for 10 preliminary MD simulations to generate the
input for eePaCS-MDs. Isothermal and isobaric conditions were realized using the Langevin

137138 \ith a friction constant of 2.0 ps * and the Berendsen barostat®® with a pressure

thermostat
relaxation time of 1.0 ps. The MD time step was 2 fs, with hydrogen bonds constrained with the

SHAKE®® and SETTLE™ algorithms.

3.2.4 Details of eePaCS-MD

The number of replicas (n.p) and the total simulation cycles (n,) were combinations of n, = 10
and 100 and n, = 10, 15, 100, and 150, respectively, depending on the target system and the case
study. The MD simulation time per cycle (t,) was fixed to 100 ps and MD trajectories were saved
every 1 ps. The eePaCS-MD simulation time (tsim = teye X Neyc) IS proportional to the actual elapsed
time or central processing unit (CPU) time, whereas the total accumulated MD time (o = Nyep X toye X
Neyc) indicates the total computational cost. For example, eePaCS-MD with ny, = 10 and ngy, = 100

requires tsm = 10 ns and t,,, = 100 ns.
To investigate the effect of the number of PCs (npc) on sampling efficiency, eePaCS-MDs were
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tested with npc = 2—5 using QBP. Based on the QBP results, we judged that npc = 4 is optimal and
this value was used for MBP and ADK. Hereafter, for example, eePaCS-MD of QBP with ny, = 10,
Neye = 100 ps and npc = 2 starting from the open (OP) and closed (CL) states are referred to as
OPQ™1%2 and CLQ™ ! respectively, and Q indicates QBP. Similar indices to distinguish the
target proteins and simulation conditions are used for MBP and ADK, as shown in the first column
of Table 3.1. Five distinct trials of eePaCS-MDs from different initial structures were performed for

both the open and closed states.

To further enhance the conformational sampling efficiency of eePaCS-MD, we also examined
eePaCS-aMD, where aMD’’ was used instead of MD. In aMD, the true potential V(r) is modified
via a continuous non-negative boost potential AV (r) while maintaining the underlying shape of
V(r). The boost potential increases the escape rates from the potential wells and enhances the
sampling efficiency. Here, dual boost aMD was applied where boost potentials were added to the
total potential energy and the dihedral potential energy. The potential boost parameters (Epot, @por)

78
l.

and dihedral boost parameters (Eyin, @4in) Were defined following the work of Pierce et al.”” using a

150 ns total MD (30 ns MD x 5 trials per state) starting from the open and closed states.

3.2.5 Analysis

The goal of these applications is to generate natural conformational transition pathways from the
open to closed states and vice versa without prior information on the other state. In this study, we
judged that the conformational transitions to the other state were successfully simulated when the Ca
RMSDs from the opposite state were within 1.5 A. To define the reference structure for the RMSD
calculation, five distinct 30 ns MDs were performed from the final structures of the aforementioned
equilibration step for each case. The last 20 ns of five trajectories in the open or closed state were
merged and subjected to agglomerative hierarchal clustering. The centroid structure of the most
populated cluster was chosen as the representative structure of the open or closed state, and used as
the reference for the RMSD calculation. Ca. RMSD was measured from both the open and closed
states to evaluate the conformational transitions with respect to ne,c. RMSD min and RMSD g refer to
the minimum and maximum Ca RMSDs measured from the opposite and initial structures,
respectively. t;s indicates the total computational cost required to reach the opposite state for the first
time with different Co RMSD criteria (3.5, 3.0, 2.5, 2.0, and 1.5 A). In addition, we denote ty, as the
eePaCS-MD time to reach RMSDp,. The eePaCS-MD trajectories were projected onto the first and
second PC coordinates, where the subspaces were defined by the merged five distinct 30 ns cMD

simulations of the open and closed states (total of 300 ns).
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3.3 Results

3.3.1 Open-close transitions of QBP and the optimum number of PCs

We investigated the optimum value of npc by performing eePaCS-MDs of QBP with ny, = 10, Ny =
100, and npc = 2-5, as summarized in Tables 3.1-3.3. For OPQ'*%?® RMSDpin and tmin Were in
the range of 1.2-1.6 A and 7.5-8.5 ns, respectively. OPQ'*%°? achieved the lowest RMSDyn (1.2 +
0.3 A) at tyi, = 8.5 + 0.8 ns, where 4/5 trials reached the closed state within ng,, = 100. OPQ'*'®*
gave results comparable to OPQ™*'®3 put t,;, was 9% shorter and the open-to-closed transitions
were successful in all five trials. For CLQ'*®?° RMSDi, and tmin were in the range of 1.3-2.5 A
and 5.8-9.5 ns, respectively. CLQ'*®* gave the lowest RMSDiin (1.3 + 0.3 A) at ty, = 8.0 + 2.2 ns,
where 4/5 trials reached the open state. In the case of OPQ, ti tended to increase with ny. against
various RMSD criteria. Similar trend was observed with CLQ; however the trend was not as clear as
OPQ since t5; could not be averaged over all five trials even for rather high RMSD criteria (Table
3.2). Although the overall performance of eePaCS-MDs with npc = 3 and 4 were comparable, we
chose npc = 4 for MBP and ADK, as the overall motions could be captured more efficiently by

considering more PCs.

In most cases, the individual eePaCS-MD trials observed the open-close transition within 10 ns
of simulation time, regardless of npc (Table 3.3). In contrast, with cMD the open-to-closed transition
was not observed during 500 ns with the AMBER ff03 force field.'® Figure 3.5 shows the average
Co RMSD (RMSDyi, and RMSDax) and standard deviation with respect to neyc. Although RMSD i
almost converged within nge, RMSDmay continued increasing. This is reasonable because higher

energy states are reached as eePaCS-MD continues.

3.3.2 Open-close transitions of MBP and ADK

The MBP simulation results for MBP (OPM and CLM) are summarized in Tables 3.1 and 3.4. With
OPM™1%4 RMSD,,, reached 1.5 + 0.3 A at ty, = 8.1 + 1.8 ns; the corresponding value for
CLM™ %4 \yas 1.4 + 0.9 A at ty, = 6.9 + 1.9 ns. Among the five trials with OPM**'®* and
CLM™1%4 three and four trials were successful in reaching the opposite state within 100 cycles (tsim
<10 ns and ty; < 100 ns), respectively. The three unsuccessful trials, two and one trials from OPM
and CLM, respectively, were able to reach the opposite state when n,. was extended to 150 cycles
(Figure 3.6). A previous study reported that a 1 pus cMD simulation with the AMBER ff03 force field

109

starting from the open state stayed in the initial state,” whereas the closed-to-open transition was

observed within 500 ns of cMD simulation starting with the closed state.*™ Similarly, one of the 30

39



ns cMD simulations performed in the current study observed a closed-to-open transition and reflects

the fact that the closed structure is stabilized by interactions with maltose/maltodextrin.

Table 3.1 and 3.5 shows the results for ADK with ne,c = 150 and npc = 4. For OPA'*"*** RMSD
and tyi, Were 2.3 + 0.6 A and 10.3 + 4.6 ns; the corresponding values for CLA™**%* were 2.4 + 0.8
A and 10.7 + 3.4 ns, respectively. One trial of OPA™**** ohserved the open-to-closed transition
(RMSDyin < 1.5 A), and two and three trials of OPA™®™%* and CLA®****  respectively, reached
structures near the opposite states (RMSDyin< 2.0 A. See Table 3.5). The lowest RMSD,i, obtained
by OPA'*%%%4 and CLA™*®* were 1.5 A and 1.7 A, respectively, which showed nice overlap with
the opposite structures as shown in Figure 3.7. These results also indicate that conformational
sampling by eePaCS-MD can almost reach the opposite state. However, compared to QBP and MBP,
simulating the open-close motion of ADK was more difficult, as expected from the aforementioned
complex nature of ADK domain motion. For example, cMD simulations from the open state with
AMBER ff03 did not approach to the closed crystal structure sufficiently within 1 ps.*® Similarly, a
10 ps cMD simulation from the open state with AMBER ff12SB remained stable.**® From the closed
state, structures near the open crystal structure (~2 A RMSD) were sometimes reached by 300—1,000
ns of cMD simulation with the AMBER ff03 force field."*® We cannot rigorously compare these
results with those of eePaCS-MD because of differences between the reference structures for the
RMSD calculation and the different force fields; however, eePaCS-MD is expected to shorten the

simulation time by 1-3 orders of magnitude compared with cMD simulation in the case of ADK.

For comparison, we also conducted five trials of 150 ns aMD for ADK. In the case of aMD
from the open state, RMSD,i, from the closed state was 3.8 + 0.5 A, which is significantly greater
than those with eePaCS-MDs, indicating that this direction is considered to be a difficult case for
aMD. RMSD,, from the closed state was 2.7 + 0.6 A, which is slightly worse than those with
eePaCS-MDs.

3.3.3 Combination of eePaCS with accelerated MD (eePaCS-aMD)

Five distinct trials of eePaCS-aMDs were performed starting from the open and closed states (Table
3.1). The overall RMSD,,, were comparable to or slightly better than those obtained using
eePaCS-MDs, with npc = 4. In addition, ty, decreased by 13-36% compared to the results of
eePaCS-MD, except for CLM (4% increase). Next, the conformational spaces sampled by
eePaCS-MDs and eePaCS-aMDs were compared, as shown in Figure 3.8. The merged cMD
trajectories of the open and closed states (30 ns x 5 trials per state) are also shown for comparison.

Broader conformational space was sampled by eePaCS-aMDs, indicating that the combination of
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eePaCS with aMD can further enhance sampling efficiency. Similarly, the conformational space
sampled by eePaCS-MD/aMDs are compared with the five trials of 150 ns aMD for ADK, as shown
in Figure 3.9, indicating the high sampling efficiency of eePaCS-MD method.

In Figure 3.8, the PC coordinates used for the projection were determined using the cMD
trajectories from both open and closed states. Practically, however, the structure of the opposite state
may be unknown. As blind prediction, we examined whether the open and closed states are both
distinguishable if we only employ the PC coordinates determined by the eePaCS-MD trajectories
starting from one of the states (Figure 3.10). Similar to the results in Figure 3.8, the PC projections
with the PC modes defined only by eePaCS-MD show that the initial and opposite states are clearly
distinguished.

3.4 Discussion
3.4.1 Optimal npc and Nyep

Choosing the optimal value of npc is a nontrivial problem. As shown in Tables 3.1 and 3.2, t, and
t1t of QBP tended to be shorter with fewer npc. This suggests that fewer npc results in fewer vertices,
increasing the probability of selecting collective motions related to open-close transitions as long as
important motions occur within the space spanned by the selected PCs. However, if there are too few
Npc, important protein motions might not be induced within the selected subspace. Figure 3.11 shows
that the number of vertices significantly increases as npc increases, indicating that the number of
vertices increases by a factor of three per dimension. To establish robust sampling corresponding to a
variety of motions, we judged that npc = 4 is a reasonable default setting but should be adjusted
depending on the target. We monitored the CPU time for solving the convex hull problem as a
function of PC dimension (npc) before conducting the production runs (Figure 3.12). From npc = 7,
the CPU drastically increased up to the order of seconds. Compared to this, 0.1 ns MD simulation
per cycle with GPU Tesla K40c took 130-210 s, and the PCA calculation took a few seconds to tens
of seconds. Therefore, eePaCS-MD up to npc = 8 is feasible in computational efficiency but higher
dimension may be less efficient in computational time. If eePaCS-MD trial with npc = 4 is not so
good, we would suggest to conduct one or two trials of eePaCS-MD by increasing npc up to 7 or 8.
However, it should be noted that the number of vertex structures gradually increases as ney. evolves
(Figure 3.11), meaning that the CPU time for the convex hull will also increase as nc, evolves.
Therefore ny, should be carefully adjusted to achieve sufficient selection rate of the vertex structures,

i.€., Nrep/Nyertex, as discussed below.
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Increasing ne, is likely an efficient way to reduce simulation time and accelerate
conformational transitions because the probability of rare event occurrence increases, as stated in an
earlier paper.!® To examine Nrep dependence, eePaCS-MDs with (nep, Npc) = (100, 4) were also
performed with neyc = 10 for QBP and MBP and 15 for ADK, so that ty is equal to that obtained with
(Nrep, Nec) = (10, 4), performed earlier. Five distinct trials were conducted starting from the open
(OPQ100’10'4, OPM100’10'4, OPA100,15,4) and closed states (CLQ100’10'4, CLM100’10’4, CLA100‘15‘4. See
Table 3.1). For all three targets, RMSD;, obtained with (nrp, Npc) = (100, 4) were higher than that
with (10, 4). In these cases, 77% (23/30) of the individual simulations showed RMSDp, > 2.0 A,
indicating that the opposite state was not visited within the cycle limit (Tables 3.3-3.5). Next, we
compared the evolution of RMSD,i, and RMSD,s« as a function of ty (Figure 3.13). Although
eePaCS-MD with (nyp, Npc) = (100, 4) did not necessarily reach the opposite state as efficiently as
(10, 4), it should be noted that the simulation time is one order of magnitude less than the latter case.
The number of vertices with (100, 4) increased more rapidly compared to that with (10, 4) (Figure
3.14), indicating that the initial structures are more densely situated in the conformational space.
Since the selection rates of the vertex structures, i.e., Nrep/Nvertex, With (Nrep, Npc) = (100, 4) were
several times higher than with (nrp, Nec) = (10, 4), more intensive sampling of the vertex structures
was conducted using the former conditions. Here we have extended Ny of CLA™** to n,, = 50,
i.e. CLAgend"*"* and achieved RMSD.;, comparable to those obtained by CLA™*%* put was
able to reduce tyin by 64% (Table 3.1). As stated earlier, increasing n, is an efficient way to improve
sampling efficiency; however, ten replicas were still adequate to promote the collective

conformational transitions observed in this study.

In addition to the optimal npc and nyp, it might be nontrivial to judge the convergence of the
conformational sampling, because the conformational space will keep expanding as sampling is
repeated from structures that are situated at the edge of the sampled conformational space. From our
experiences, we recommend to use RMSD,x as a criterion to stop the simulation, avoiding too
much distortion from the original conformation. In the case of proteins similar to QBP, MBP, and

ADK in size, we suggest to stop the simulation when RMSD .., exceeds 8 A.

3.4.2 Time evolution of PC subspaces

To examine the time evolution of the subspace spanned by the first few PCs, we introduced a
quantity Rep(t) = % Y (va@® vﬁj(t))2 where v,;(t) is the eigenvector of the i-th PC at
cycle tin trial a. Rqp(t) is unity if the subspace of trial  spanned by the first four PCs perfectly

matches with that of trial g while this value vanishes if there is no correlation. The result with n =4
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is shown in Figure 3.15. In the beginning of eePaCS-MD, R,z(t) of cycle 0 that was determined
from the PCs of independent preliminary MDs ranged around 0.3-0.6, which indicates that the first
four PC coordinates had some amount of correlation with those of the other trials from the beginning.
This also shows that intrinsic anharmonic nature of the proteins can be partly captured during the
short preliminary MDs. R,z(t) converged to 0.6-0.7 and did not completely approach to unity,
showing that there is some dependence on the initial conditions; thus the sampled conformational
space differed among eePaCS-MD trials (Figures 3.16-3.18). Therefore, multiple trials of

eePaCS-MD are suggested as we performed in this work.

Next, the inner products between distinct pairs of PCs from individual trials of eePaCS-MD
simulations were calculated to investigate how PCs behaved during the simulation. Here we
introduce a quantity S;;(t) = (v;(t) - v;(t — 1))2 where v;(t) is the eigenvector of the i-th PC at
cyclet. S;;(t) represents how much the subspace spanned by the j-th PC at time t — 1 is included in
the i-th PC at cycle t. For example, S;,(t) = 1 means that the first PC at cycle t and t — 1 share the
same PC subspace, whereas S;,(t) = 1 indicates that the second PC at cycle t — 1 changed to the
first PC at cycle t. As a representative result, analysis of PC pairs of i,j < 4 applied to CLQ'*'%*
(trial 1 and trial 3) are shown in Figure 3.19. S;;(t) with i = j tended to fluctuate throughout the
simulation where the i-th PC at cycle t was partially captured by its neighboring PCs at cycle t — 1;
suggesting that the PCs flexibly change during eePaCS-MD to capture the large-amplitude

fluctuations of proteins. In the case of CLQ'*'®*

(trial 1), S;;(t) ranged around 0.8-1.0, meaning
that the first PC did not change much during the simulation, whereas CLQ'**®* (trial 3) showed
more fluctuations during the simulation. Interestingly, the RMSD, of the two trials (trial 1: 1.3 A,

trial 3: 1.9 A) seems to differ respect to the behavior of S, (¢).

We further examined whether successful eePaCS-MD trials that achieved low RMSDi, can be
related with certain PC behaviors during the simulation. Here another quantity T, (t +17) =
(v;(7) - v;(t + 1))? is introduced where v (t + T) is the eigenvector of the i-th PC at cycle t + ¢
and 7 is a given fixed cycle. T;;(t + 7) measures how much the i-th PC at cycle t + 7 have change
compared to those observed at t = z. The results with z = 0, 10, 20, 30, 40, and 50 for eePaCS-MDs
(npc = 4) applied to OPQ, CLQ, OPM, CLM, OPA, and CLA are shown in Figures 3.20-3.25,
respectively. The relation between eePaCS-MD trials that achieved low RMSDi, and T;; were not
obvious for PCs higher than or equal to two (i > 2); however a slight trend was observed for the first
PC (i = 1). In the case of eePaCS-MDs that showed high RMSDi,, such as trial 3 of CLQ (Figure
3.21(c): 1.9 A) and trial 2 of CLM (Figure 3.23(b): 3.1 A), T;; with i = 1 showed large fluctuations
for various z, indicating that the first PC was not clearly determined during the first 50 cycles of

eePaCS-MD. In contrast, for eePaCS-MDs that were successful to achieve low RMSDin, Ty With i
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= 1 tended to behave more continuously, meaning that the first PC is determined in a certain
direction or changes gradually respect to eePaCS-MD cycles. In eePaCS-MD, the conformational
sampling is enhanced toward the selected quantity by increasing the probability along that direction.
Therefore, eePaCS-MDs that are successful to determine the first PC which associates the largest
amplitude motion after few tens of cycles is important to achieve efficient sampling. However, the
conformational sampling could be inefficient even if the first PC is firmly defined as the PC may be
irrelevant to the biological conformational change as seen with the third trial of OPA (Figure
3.24(c)).

3.4.3 Comparison of random and deterministic selections of initial
structures

As mentioned in Section 3.1, the random selection of initial structures is one of the important
features of eePaCS-MD. Here we show the pretest results of eePaCS-MD where initial structures are
selected deterministically during the simulation. The procedure is similar to those described in
Figure 3.3(c) except for step (iii), where the vertex structures were clustered into M = 10 clusters
using agglomerative hierarchical clustering, and the largest RMSD snapshot with respect to the
average structure from each cluster was selected as initial structures. Hereafter, we refer to this
approach as deterministic-based approach and the original method which selects initial structures
randomly as random-based approach. Since the simulation presented in Section 3.4 was one of the
pretests, the simulation conditions of eePaCS-MD was slightly different from those described in
Section 3.2, where 200 ps NVT simulation during equilibration was considered as the preliminary

eePaCS-MD cycle, i.e. cycle 0, and MD trajectories were saved every 2 ps.

The performance of eePaCS-MD using deterministic-based approach, was investigated for QBP
with Ny, = 10, ne,e = 100, and npc = 2-5, as summarized in Tables 3.6-3.8. For OPQ'**%%°
RMSDpi, and tn, were in the range of 1.2-1.3 A and 53-7.0 ns, respectively. The
deterministic-based approach gave comparable or slightly lower RMSD,i, values than random-based
approach, thus tyi, Was 16-38% shorter. For CLQ**'%#®  the RMSDi» and tyi, Were in the range of
1.5-2.7 A and 6.6-8.8 ns, respectively. Furthermore, the deterministic-based approach showed lower
ti¢ than the random-based approach against various RMSD criteria for most cases (Table 3.7).
However, the random-based approach tended to show better results than deterministic-based
approach for eePaCS-MDs using npc > 4 regrading RMSD,i, (Table 3.6).

In Figure 3.26, the initial structures from (i +1)" cycles were compared with the previous cycles

to see how many replicas were subjected to sampling with different initial structures. eePaCS-MD
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with random-based approach tends to select unique initial structures during the entire simulation. In
deterministic-based approach, the number of unique initial structures rapidly decayed as n,. evolved
and converged to 3-5, suggesting that similar initial structures were repeatedly selected for
resampling. The same structures could be repeatedly selected for more than 20 cycles, as this was the
case for CLQ™'° This could result in inefficient sampling and expose risk in sampling
energetically unfavorable structures. The simplest way to alleviate such risk is to select initial
structures randomly as demonstrated in this study. Alternatively, application of reinforcement

h** and multi-armed bandits,**?

learning algorithms, such as Monte Carlo tree searc can be applied to
avoid being trapped in local states. In fact, the random selection of initial structures presented in this
study can be regarded as an application of e-greedy with &€ = 1 which is one of the most famous and

simplest multi-armed bandit algorithms.

In Figure 3.27, the time evolution of the subspace spanned by the first four PCs, i.e. Rz3(t),
using random- and deterministic-based approaches are compared. In the case of deterministic-based
approach (Figure 3.27(b)), R,pz(t) converged to 0.65-0.80 (OPQ) and 0.25-0.65 (CLQ) depending
on the individual simulation trials, whereas R,z (t) converged to ~0.65 for both OPQ and CLQ
using the random-based approach (Figure 3.27(a)). Convergence to different R,z(t) indicates that
each individual trial samples different subspace regions and exhibits strong initial condition

dependency.

3.4.4 Comparison with other related methods

The methodological features of eePaCS-MD are compared with those of other related methods in
Table 3.9. In eePaCS-MD, the samplings are repeated from widely distributed structures that are
rigorously located at the boundary of a conformational space to improve sampling efficiency. In
contrast, SACS (Self-Avoiding Conformational Sampling)'®® and OFLOOD (Outlier FLOODing)'*®
do not necessarily select the next starting structures from the edges but rather from near neighbors.
In SACS, the initial structures are selected from unvisited PC subspaces from past cycles. The
probability of selecting important motions is proportional to the ratio of the number of structures
selected as initial structures versus the structures from unvisited PC subspaces from prior cycles.
Sampling can be inefficient when this ratio becomes too small. In OFLOOD, the initial structures are
randomly selected from sparsely distributed conformational spaces determined by clustering
techniques. The second important feature of eePaCS-MD is its randomness in selecting the initial
structures. The random selection of initial structures from the vertex structures used for resampling
alleviates the risk of consecutively selecting unfavorable structures. SDS (Structural Dissimilarity

Sampling)™® and extended SDS™! select the initial structures systematically based on inner products
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among PCs. Another important feature of eePaCS-MD is that the information on the entire sampled
conformational space is preserved with the minimal number of structures to accelerate the selection
process. The vertex structures are the only structures stored throughout the simulation. In contrast,

108-110

several related methods select the initial structures out of all prior generated structures, which

might require more storage, memory, and time for selection.

Next, we compared the sampling efficiency of eePaCS-MD and eePaCS-aMD (npc = 4) to those
of other related methods for QBP, MBP, and ADK (Table 3.10). The results for QBP and MBP
obtained by the related methods with reference numbers were taken from the original papers where
the results are considered to be the best after parameter tuning, but each simulation was performed
only once. We judged that we cannot reproduce the other methods exactly except for nt-PaCS-MD
because the software to conduct them is not available. nt-PaCS-MD does not require any parameter
tuning except for ne,. Therefore, we conducted five trials of nt-PaCS-MDs for ADK from the open
and closed states with ne, = 10, which is the best parameter for both original nt-PaCS-MD and
eePaCS-MD. We selected ADK because this target is the most challenging among the three targets

investigated in this study and we expected that difference between the methods is more evident.

More than 3/5 eePaCS-MD trials were successful in observing the open-close transitions
(RMSDpin < 1.5 A) within t < 100 ns for QBP and MBP (Tables 3.3 and 3.4). The RMSDin
averaged over five trials of eePaCS-MDs for OPQ, CLQ, OPM and CLM simulations were 1.3 £ 0.2,
1.3+0.3,1.5+0.3,and 1.4 + 0.9 A, respectively; the corresponding results for eePaCS-aMDs were
1.3+0.1,1.3+0.1, 1.2 + 0.1, and 1.3 + 0.1 A, respectively (Table 3.1). In contrast, the lowest
RMSDni, of QBP observed using other related methods (nt-PaCS-MD and OFLOOD) was no better
than 1.7 A for both OPQ and CLQ, despite requiring over twice the total computational cost as
eePaCS-MD, i.e., ti;= 200 ns. For MBP, RMSD;, of OPM and CLM simulated by SACS, SDS, and
extended SDS were in the range of 0.8-2.0 A and t, ranged from 50-1000 ns. Several results from
SDS and SACS showed lower RMSD,,, than eePaCS-MDs, but in most cases the simulations
required a longer computational time. Among five trials of eePaCS-MD for ADK, two and three
trials of OPA and CLA were successful in reaching the opposite state (RMSDpin < 2.0 A),
respectively. In contrast, nt-PaCS-MD succeeded only once in both cases. In addition, average
RMSD,i, of eePaCS-MDs for OPA and CLA were 2.3 + 0.6 and 2.4 + 0.8 A, respectively, which
were smaller than the corresponding results of nt-PaCS-MDs (2.7 + 0.8 and 2.7 + 0.4 A). Therefore,
we judged that eePaCS-MD is more efficient than nt-PaCS-MD at least for this particular target.

The open-close transition of MBP is a large amplitude motion of two domains and is likely
governed by the first two PCs. As anticipated, SACS employing the first two PCs (SACS™?, t,o =
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100 ns) applied to OPM showed lower RMSD,, than eePaCS-MD with npc = 4. When SACS was
compared under the similar simulation condition as eePaCS-MD, i.e., SACS™“*™ (to = 100 ns),
eePaCS-MD showed lower RMSD,,, than SACS. Extended SDS showed lower RMSD;, and
required less computational time than eePaCS-MD. This is expected because the former method
samples from structures that deviate far from the initial structure promoting the open-close
conformational change more intensively than the latter method. However, we speculate that the
conformational space sampled by eePaCS-MD is much broader than that of extended SDS, as the
latter method is more focused on enhancing sampling toward a certain direction in conformational

space.

Table 3.10 also shows the comparison of ti. To estimate t;; of QBP and MBP, we used the
same RMSD criteria as those in the literatures (2 and 1 A for QBP and MBP, respectively), so as to
make a better comparison with the results of the other methods. As far as in the successful cases,
eePaCS-MD/aMD tended to show shorter t;; compared to the other methods except for CLQ and
OPA.. In the case of CLQ, average t; for eePaCS-MD/aMD were longer than that of nt-PaCS-MD,
but the latter was conducted only once. The shortest t;5 for eePaCS-MD and eePaCS-aMD were 19
and 24 ns, which are shorter than that of nt-PaCS-MD (27 ns). OPM can be considered as a
relatively difficult target because many of the other methods, as well as eePaCS-MD, did not reach

the opposite state. Even in the successful cases, it took 89-660 ns in ty.

Table 3.11 summarizes the ts results of eePaCS-MD/aMD and nt-PaCS-MD against various
RMSD criteria. For OPA, eePaCS-MD/aMD and nt-PaCS-MD required similar t;5; (~20 ns) to reach
RMSD = 3.5 A, where all five trials of each method were successful to satisfy the RMSD criteria.
However, nt-PaCS-MD took ~60 ns in t;4 to reach RMSD = 3.0 A which is twice as much
computational time compared to eePaCS-MD/aMD (~30 ns). For CLA, 4/5 trials of eePaCS-MD and
nt-PaCS-MD were successful to reach RMSD = 3.5 A but t;; was ~8% shorter for the former case.
In the case of eePaCS-aMD, only 2/5 trials reached RMSD = 3.5 A. Since the true potential of the
system is artificially modified with a boost potential, eePaCS-aMD may had difficulty in capturing
the PC subspace relevant to the conformational transitions toward the opposite state. The required tig
to reach other RMSD criteria are difficult to estimate as less successful trials of eePaCS-MD/aMD

and nt-PaCS-MD are observed as the criteria becomes stricter.

Although we cannot rigorously compare the eePaCS-MD results with those obtained using the
other related methods, the conformational sampling efficiency of eePaCS-MD is expected to be
better or comparable to that of the other related methods. It should be also noted that, for comparison,

multiple trials of simulations are necessary because the sampled conformational space can depend on
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the trial. In practice, several trials of eePaCS-MD are recommended.

3.45 Analysis of free energy landscape in combination with the
Markov state model

Analysis of the free energy landscape can be performed by using the Markov state model (MSM)
constructed from the trajectories generated by PaCS-MD.'%1%14314 The first approach only

employed the PaCS-MD-generated trajectories™™>'%

while the second approach also used additional
MD trajectories together with the PaCS-MD trajectories so as to increase the statistics.****** In this
work, we used the second approach because eePaCS-MD tends to sample higher energy
conformations so that statistics of low energy conformations was not sufficient without additional

MDs.

We first performed the clustering of merged eePaCS-MD trajectories of OPQ***°* in the space
spanned by the first 10 PCs and identified 496 highly-connected microstates from 500 clusters. Then,
496 cMD simulations started from the conformations of the cluster centers were independently
conducted for 1 ns. After merging the trajectories obtained by eePaCS-MD and additional MDs,
re-clustering into 496 microstates was conducted. Free energy landscape was calculated from the
probabilities of the stationary distribution of the microstates obtained by MSM. The clusters were
discretized by 100 trials of K-Means clustering® into clusters with K-Means++% for an initial guess
of cluster center positions, ensuring the convergence of the clustering. We used the maximum
likelihood estimator to build the Markov State Model with detailed balance condition by utilizing the
PyEMMA package.'*

The obtained free energy landscape of QBP is shown in Figure 3.28. We found that the global
free energy minimum was situated in the open state as expected. Another free energy minimum was
found in the closed state, and the transition state was located between the open and closed states. The
positions of these energy minima are very close to those of the representative cMD structures of the
open and closed states marked by the cross and square in Figure 3.8. Free energy of the closed state
is 2.6 kcal/mol higher than that of the open state (global free energy minimum). Compared to the
global minimum, the energy height of the transition state is 4.1 kcal/mol. The free energy difference
between the two states and the barrier height determined with AMBER ff03 force field were reported
to be ~2.6 and 5 kgT (1.6 and 3.0 kcal/mol), respectively,'®® both of which are slightly lower by ~1.0
kcal/mol. Overall features of the 2D free energy landscape shown in the literature'* are similar to
that of Figure 3.28 but fee energy differences were not explicitly described in the paper. The MSM

results indicate that eePaCS-MD can be combined with MSM to analyze the free energy landscape.
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3.5. Conclusion

In this chapter, we proposed eePaCS-MD as an efficient adaptive conformational sampling method
to investigate the large-amplitude motions of proteins. eePaCS-MD accelerates conformational
sampling along a few large-amplitude PC modes by limiting the conformational space to be sampled
at low dimensions. This treatment is expected to be efficient in exploring large protein motions such
as domain motions but presumably not suitable for sampling more localized motions like loop
flapping motion. We have demonstrated that eePaCS-MD can simulate open-close transitions along
several collective degrees of freedom without prior knowledge of the opposite structure. In
eePaCS-MD, resampling is repeated from the randomly selected initial structures that are rigorously
located at the boundary of the conformational spaces identified as vertices of a convex hull spanned
by several PCs. This resampling increases the probability of rare event occurrences, inducing
conformational transitions to new conformational states, thus enhancing sampling efficiency. The
information of the entire conformational space sampled by the simulation is stored as a set of vertex
structures and is updated every cycle, which speeds up the selection process and improves the
robustness of the method. We showed that eePaCS-MD successfully observed the open-close
transitions of QBP, MBP, and ADK, requiring ~10 ns of simulation time on average, which is 1-3
orders of magnitude faster than conventional MD. Furthermore, we showed that the combination of
eePaCS-MD and aMD (eePaCS-aMD) further enhances conformational sampling efficiency, with
the total computational cost of observing the open-close transitions being reduced by 13-36%,
except for one case where the cost increased by 4%. We also compared eePaCS-MD with other
related methods and concluded that the sampling efficiency of eePaCS-MD is slightly better or
comparable.
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Figure 3.1: General concept of PaCS-MD. P is a selection quantity defined by the user.
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Figure 3.2: Conceptual trajectories generated by extensions of PaCS-MD that does not require the
prior knowledge of the product structure. The filled circles indicate the starting point of each
trajectory. The trajectories are sequentially generated in the order of blue, brown, green, magenta,

and orange.
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Figure 3.3: Procedure for conducting eePaCS-MD. (a) Schematic illustration of the convex hull.
Each circle indicates a protein structure projected onto a subspace spanned by a set of PCs (PC1 and
PC2). (b) The evolution of the vertices and edges, represented as colored markers and connecting
black lines, respectively, for QBP. The vertices and edges are shown every 20 cycles (white: cycle 0,
gray: 20, cyan: 40, magenta: 60, orange: 80, and green: 100). Cycle O refers to the preliminary MD
which was initiated after the equilibration step (Section 3.2.3.). The red (open state) and blue (closed
state) points represent five distinct 30 ns ¢cMD simulations which were extended from the
equilibration step. The yellow cross and square markers denote representative structures of the open
and closed states which were defined by the extended 30 ns cMD simulations (Section 3.2.5),
respectively. Note that the PCs used to obtain the vertices and edges are different from those used for
projection. The vertices and edges were obtained from PCs that were redefined every eePaCS-MD
cycle, and subsequently projected onto the first two PCs defined by the five distinct 30 ns cMD

simulations starting from the open and closed states. (c) Flowchart for eePaCS-MD.
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(a) Glutamine binding protein (QBP)

(b) Maltose binding protein (MBP)

Figure 3.4: Superposition of the open and closed X-ray structures of (a) QBP: glutamine binding
protein (open: PDB ID 1GGG, closed: 1WDN), (b) MBP: maltose/maltodextrin binding protein
(open: 10MP, closed: 1ANF), and (c) ADK: adenylate kinase (open: 4AKE, closed: 1AKE). The
open and closed structures are depicted in red and blue, respectively, and the domains used for

superposing the two states are shown in gray.
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Figure 3.5: Evolution of Ca RMSD of QBP (RMSDgi, and RMSD.) as a function of ng.

eePaCS-MD starting from (a) the open (OPQ) and (b) closed states (CLQ) are shown. Blue and

green lines represent RMSDpin and RMSD ., respectively. The error bars indicate the standard

deviations.
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Figure 3.6: RMSDy,, profile of MBP obtained by eePaCS-MD with ng. extension. The three trials
which were unsuccessful to reach the opposite state within 100 cycles were extended to 150 cycles.

The trial number corresponds to individual trials described in Table 3.3.
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Figure 3.7: Superposition of the snapshots sampled by eePaCS-MD (gray) with the representative
open and closed structures; and the corresponding Ca RMSD values. Representative closed structure
(blue) and the closest snapshot to the representative closed structure sampled by eePaCS-MD
starting from the open state of (a) QBP, (b) MBP, and (c) ADK are shown. Similarly, representative
open structure (red) and the closest snapshot to the representative open structure sampled by
eePaCS-MD starting from the closed state of (d) QBP, (e) MBP, and (f) ADK are shown.
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Figure 3.8: The eePaCS-MD/aMD trajectories (pale green) of (a) QBP, (b) MBP, and (c) ADK
projected onto a subspace spanned by the first and second principal components (PC1 and PC2). The
five distinct 30 ns ctMD simulations starting from the open (red) and closed state (blue) are shown.
The yellow cross and square markers denote representative structures of the open and closed states,

respectively.
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Figure 3.9: The eePaCS-MD/aMD trajectories (pale green) of ADK compared with five distinct 150
ns aMD (purple) simulations starting from the (a) open and (b) closed state. Trajectories were
projected onto a subspace spanned by the first and second principal components (PC1 and PC2),
similarly to those described in Figure 3.8.

58



T | T T T T T T T T T T T T T T T
- oPQ T cLq ]
S50 T 7
of & + 5
—50 T B
1 | 1 1 ‘ 1 Il Il Il ‘ Il L 1 1 1 | 1 1 1 1 |
- 0 5 -5
| T T T T | T T T ‘ T T T | T T T | T
3-oPMm —CLM —
g B 1 |
N O- — E
O B 1 |
& - . . -
=30 | | | | L
— 5\ 1 1 1 0 1 1 5 Il |_5| Il 1 0 1 1 1 5 1
_T T I TTT7T1 ] ] 550 W O l TT 17T [ ¥ T I T__ T I l' T “ T ] T
- OPA + cLa :
D T =
o + :
—5F ;% _
Vl L | Ll 1 Ll | Ll Ll [ Ll l J I 1

u F L | !
-10-5 0 5 10 -10-5 0 5 10
PC1 [A]

Figure 3.10: This figure is equivalent to Figure 3.8 but shows the trajectories projected onto a
subspace spanned by the first two PC axes determined only from the eePaCS-MD trajectories. The
five distinct 30 ns cMD simulations starting from the open (red) and closed state (blue) are shown.
The yellow cross and square markers denote representative structures of the open and closed states,

respectively.
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Figure 3.16: The five individual eePaCS-MD trajectories (pale green) of (a) OPQ and (b) CLQ
projected onto a subspace spanned by the first and second principal components (PC1 and PC2). The
five distinct 30 ns cMD simulations starting from the open (red) and closed state (blue) are shown.
The yellow cross and square markers denote representative structures of the open and closed states,

respectively.
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projected onto a subspace spanned by the first and second principal components (PC1 and PC2). The
meaning of the figure is same as those described in Figure 3.16.
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Figure 3.19: Evolution of inner products between distinct pairs of PCs. The results of CLQ™*'%* for

(@) trial 1 and (b) trial 3 are shown. The numbers in brackets, (i, j), represents the inner products
between the i-th PC at cycle t (blue: 1% PC, red: 2™ PC, green: 3 PC, and magenta: 4" PC) and j-th

PC at cycle t — 1. RMSDni, and ty,in are shown for references which were taken from Table 3.1.
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Figure 3.20: Evolution of inner products between i-th PCs with different reference cycles z (0, 10, 20,
30, 40, and 50) for OPQ™*®* PC inner products of the first (blue), second (red), third (green), and
fourth (magenta) PCs at cycle t + z and ¢z are shown. RMSD,i, and ty;, are shown for references
which were taken from Table 3.1.
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Figure 3.21: Evolution of inner products between i-th PCs with different reference cycles
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Figure 3.22: Evolution of inner products between i-th PCs with different reference cycles z (0, 10, 20,
30, 40, and 50) for OPM'*'%°* The meaning of the figure is same as those described in Figure 3.20.
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Figure 3.23: Evolution of inner products between i-th PCs with different reference cycles (0, 10, 20,
30, 40, and 50) for CLM**!®* The meaning of the figure is same as those described in Figure 3.20.
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Figure 3.24: Evolution of inner products between i-th PCs with different reference cycles z (0, 10, 20,
30, 40, and 50) for OPA™***** The meaning of the figure is same as those described in Figure 3.20.
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Figure 3.25: Evolution of inner products between i-th PCs with different reference cycles z (0, 10, 20,
30, 40, and 50) for CLAX®**%* The meaning of the figure is same as those described in Figure 3.20.
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Figure 3.26: The number of unique initial structures found in (i+1)™ cycle of eePaCS-MD with
respect to the previous cycle using random-based approach and deterministic-based approach.
eePaCS-MD results of (a) OPQ™*'%? (b) CLQ™ ™2 (c) OPQ '3 (d) CLQ™ ™3, (e) OPQ™1??
(f) CLQ™4 (g) OPQ™!®* and (h) CLQ™ 5 are shown. The lines in red and blue represents the
results of OPQ and CLQ, respectively, with the random-based approach. The results from

deterministic-based approach of OPQ and CLQ are both shown in green lines. Filled transparent

areas represent the standard deviations.
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Figure 3.27: Similarity of the PC subspace spanned by the first four PCs between a pair of distinct
eePaCS-MD trials at cycle t using (a) random- and (b) deterministic-based approach. The results for

QBP from the open (red) and closed (blue) states are shown. The thin lines show the individual

results and the thick lines indicate the average.
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Table 3.1: Summary of the eePaCS-MD simulations applied to QBP, MBP, and ADK. The meanings
of the simulation indices are described in the main text. Subscript “aMD” represents the simulation

results of eePaCS-aMD. Average and standard deviations (values after ) over five trials are shown.

Simulation index Nrep Nge  Nec RMSDyin [A] RMSDynax [A] tin [NS]
QBP
opQ!o102 10 100 2 1.6+05 9.3+18 75+20
opQto103 10 100 3 1.2+03 72405 85+0.8
OopQ0104 10 100 4 1.3+0.2 6.5+0.7 7.7+21
opQto.104 100 10 4 19+04 42+05 1.0£0.0
OPQ,p1*1004 10 100 4 1.3+01 79408 49+15
OPQ™0105 10 100 5 1.5+04 5.4+0.9 83+16
cLQlo1002 10 100 2 25+16 72+26 5.8+3.0
cLQ'o03 10 100 3 1.7+1.0 7.3+08 7.0+21
cLQ'oos 10 100 4 1.3+0.3 6.0+1.2 80£22
cLQ'oo04 100 10 4 33+£08 3.3+0.6 1.0£0.0
CLQqup 1004 10 100 4 1.3+0.1 8.5+0.9 6.4+1.9
CLQ01005 10 100 5 19+1.2 50+1.2 9.5+0.6
MBP
OPM?01004 10 100 4 15+0.3 42+04 8118
OPM?I0104 100 10 4 22%05 32+06 0901
OPMp 1004 10 100 4 12+0.1 54+04 6.7%1.0
CLM01004 10 100 4 14+09 51+1.3 69+1.9
CLM™0104 100 10 4 23+06 3.0£07 1.0£0.0
CLMjgyp 01004 10 100 4 1.3+0.1 59+0.5 72+18
ADK
OPA01504 10 150 4 23+06 9.3+08 10.3+4.6
OPAL00.154 100 15 4 26+06 6.7+03 1.4+01
OPA p %1504 10 150 4 1.9+04 129+17 8.9+33
CLA0504 10 150 4 24%08 82+1.3 10.7+3.4
CLA0154 100 15 4 54%0.8 45+0.1 1.5+0.0
CLAgyteng™ 20 100 50 4 24+08 10.9+0.9 39408
CLA p 1504 10 150 4 32%08 126+25 9.3%3.1
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Table 3.2: Summary of the total computational cost, tys in ns, with different Ca. RMSD criteria (3.5,
3.0, 2.5 20, and 1.5 A) measured from the opposite structure. The results of eePaCS-MD

simulations applied to QBP, MBP, and ADK are shown. Average and standard deviations (values

after £) over the number of successful trials which are shown in brackets are computed for each

RMSD criteria. NA means that one of the eePaCS-MD trials at the beginning satisfied the given

RMSD criteria; hence t;g is not shown.

Simulation index
QBP
OPQlO,lOO,Z
OPQ10,100,3
OPQ10,100,4
OPQ10,100,5
OPQavp
CLQlO,lOO,Z

10,100,4

CLQ10,100,3
CLQ10,100,4
CLQ10,100,5
CLQaMDlO,100,4
MBP
OPM10,100,4
OPMaMDlO,100,4
CLM10,100,4
CLMaMDlO,100,4
ADK
OPA10,150,4
OPAaMD10,150,4
CLA10,150,4

CLAaMDlO,150,4

35[A]

7.8+16 (5)
7.4+ 48 (5)
9.0+32(5)
11.6 £ 6.2 (5)
7.4%6.1(5)

353+10.9 (3)

443 +19.8 (4)

53.8+24.7 (5)
405 +59 (4)

39.0 £215 (5)

NA
NA
20.4£19.9 (5)
7.0£6.3 (5)

204 +9.2 (5)
22.0+12.9 (5)
73.8 +27.5 (4)
95.0 +44.0 (2)

3.0[A]

14.0 +5.4 (5)
15.6 +7.2 (5)
23.4+16.4 (5)
29.4 +16.1 (5)
10.8 £6.8 (5)
38.7+12.4 (3)
51.0 +22.5 (4)
57.0+25.7 (5)
55.8+9.0 (4)
41.4 +20.38 (5)

100 £7.7 (5)
5.8+5.1 (5)
195+9.7 (4)
16.4 £ 8.4 (5)

31.0 +17.6 (4)
28.8+11.2 (5)
81.5 +28.7 (4)
96.0 +44.0 (2)
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2.5 [A]

32.4 +28.9 (5)
32.0+16.6 (5)
36.4+18.3 (5)
44.6 +22.4 (5)
14.4 £6.7 (5)
443 +165 (3)
54.8 +22.3 (4)
60.6 % 28.0 (5)
67.8+8.5 (4)
44.2 +19.4 (5)

23.8+9.0 (5)
138 6.2 (5)
27.0+7.7 (4)
24.2 +10.8 (5)

473 +245 (3)
428 +10.5 (4)
77.7 +26.0 (3)
108.5 +38.5 (2)

2.0 [A]

415+338 (4)
50.6 +21.2 (5)
48.4+22.8 (5)
67.0£25.1 (5)
28.0£10.8 (5)
48.7£20.9 (3)
57.5+22.2 (4)
64.8 +28.4 (5)
75.0+12.9 (4)
47.4%19.0 (5)

492 £25.9 (5)
24.0 £9.6 (5)
31.0+10.1 (4)
332+8.8(5)

102.0 +46.0 (2)
76.3 +24.0 (4)
92.3+38.0 (3)

-(0)

1.5[A]

34.0+45 (3)
56.0 +19.8 (4)
67.8£22.7 (5)
70.0 +15.6 (3)
40.4 +16.1 (5)
36.0£7.0(2)
61.3 £23.6 (4)
59.3 24.0 (4)
89.0 £135 (4)
52.8 £17.6 (5)

53.7+15.2 (3)
41.6+13.1 (5)
37.0+£9.9 (4)
49.4 %202 (5)

131 (1)
114 (1)
-(0)
-(0)



Table 3.3: Individual eePaCS-MD/aMD results for QBP. The unbracketed values from the upper and
lower rows represent RMSDp,i, and RMSD gy in A, respectively; and the values in brackets

correspond to the number of cycles (nyc) required to reach RMSD i, and RMSD pay.

Index Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
opQ!i02 1.3 (45) 1.4 (83) 1.0 (59) 1.7 (100) 2.5 (90)
12.1 (100) 8.7 (96) 7.7 (91) 10.5 (98) 7.5 (100)

opQ!1003 1.1 (85) 0.9 (92) 1.0 (95) 1.2 (76) 1.7 (78)
6.3 (97) 7.1(97) 7.2 (99) 7.7 (98) 7.8 (77)

opQt01004 1.5 (37) 1.1 (75) 1.1 (88) 1.4 (94) 1.5 (93)
7.4 (88) 6.5 (85) 6.1 (93) 5.6 (100) 7.1(94)

opQt104 1.8 (10) 1.8 (10) 2.1 (10) 1.3 (10) 2.6 (10)
4.4 (10) 4.2 (10) 4.1 (10) 5.0 (10) 3.4 (10)

OPQgup 2 1.3 (60) 1.3 (38) 1.2 (30) 1.4 (45) 1.3(72)
7.5 (100) 8.0 (69) 8.4 (91) 9.0 (100) 6.6 (86)

opQ!100s 1.1 (56) 1.4 (72) 1.1 (95) 1.9 (92) 2.0 (99)
6.7 (99) 5.4 (65) 5.4 (95) 5.3 (95) 4.0 (91)

cLQo02 1.8 (80) 4.2 (99) 1.0 (48) 0.9 (52) 4.8 (10)
9.1 (100) 4.5 (100) 8.3 (94) 10.4 (96) 3.9 (94)

cLQo0s3 1.5 (96) 1.0 (37) 1.1 (56) 1.0 (76) 3.7 (83)
6.1 (97) 8.0 (95) 8.2 (99) 7.2 (100) 6.8 (99)

cLQo1004 1.3 (95) 1.1 (64) 1.9 (100) 1.0 (98) 1.1 (45)
5.6 (96) 6.9 (96) 4.0 (100) 6.3 (92) 7.4 (98)

cLQo104 4.3 (10) 2.2 (10) 4.2 (10) 3.3 (10) 2.6 (10)
2.8 (9) 4.1 (10) 2.5 (9) 3.2(9) 3.7 (10)

CLQaup 1004 1.4 (91) 1.2 (52) 1.4 (64) 1.1 (77) 1.2 (36)
6.9 (100) 9.3 (97) 8.7 (99) 8.3 (99) 9.5 (99)
CLQ! 105 4.3 (91) 1.5 (98) 1.1 (85) 1.4 (100) 1.4 (100)
3.0 (84) 4.9 (96) 6.2 (93) 4.8 (99) 6.2 (98)
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Table 3.4: Individual eePaCS-MD/aMD results for MBP. The meaning of the table is same as those
described in Table 3.3.

Index Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
OPM01004 1.8 (97) 1.5 (52) 1.2 (88) 1.2 (68) 1.9 (99)
3.8 (83) 4.6 (99) 4.2 (85) 4.7 (91) 3.6 (96)
OPM 00104 2.8 (8) 2.2 (10) 2.6 (9) 1.5 (10) 1.7 (10)
2.4 (5) 3.2 (10) 2.6 (9) 4.1 (10) 3.6 (10)
OPMaup 1004 1.3 (65) 1.2 (82) 1.2 (52) 1.0 (74) 1.3 (64)
5.0 (68) 5.6 (93) 5.6 (89) 5.9 (96) 4.9 (91)
CLMm10004 1.0 (62) 3.1(98) 0.9 (40) 0.9 (71) 1.0 (75)
5.5 (92) 2.5 (88) 5.6 (65) 5.7 (98) 6.3 (95)
CLM100104 3.1(10) 2.6 (10) 1.5 (10) 2.5 (10) 1.7 (10)
2.1 (10) 2.6 (10) 3.7 (10) 2.8 (10) 3.8 (10)
CLMgyp 204 1.4 (85) 1.1 (86) 1.3 (88) 1.2 (54) 1.3 (46)
5.4 (98) 5.5 (89) 5.8 (77) 6.2 (99) 6.7 (99)
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Table 3.5: Individual eePaCS-MD/aMD results for ADK. The meaning of the table is same as those
described in Table 3.3.

Index
OPA10,150,4

OPA100,15,4

10,150,4
OPAMmD

CLA10,150,4

CLA100,15,4

10,150,4
CLAMmD

Trial 1
2.4 (55)
8.9 (147)
2.2 (12)
6.2 (15)
1.5 (114)
14.2 (140)
1.8 (63)
9.1 (150)
4.1 (15)
4.7 (15)
3.7 (60)
13.7 (140)

Trial 2
2.9 (40)
9.9 (150)
2.2 (15)
6.4 (14)
2.6 (40)
13.2 (149)
3.7 (105)
6.6 (137)
6.4 (15)
4.4 (15)
3.7 (97)
12.1 (149)
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Trial 3
3.1(142)
10.4 (148)

3.8 (14)

6.9 (15)
1.6 (133)
15.1 (149)
1.9 (146)
7.2 (149)

5.5 (15)

4.4 (14)

2.3 (70)
16.0 (148)

Trial 4
1.8 (148)
8.2 (143)
2.3 (14)
7.0 (13)
2.0 (71)
10.9 (146)
1.7 (77)
10.3 (142)
5.0 (15)
4.4 (14)
4.2 (88)
12.8 (149)

Trial 5
1.5 (131)
9.1 (147)
2.3 (15)
6.8 (15)
1.8 (86)
11.1 (147)
2.7 (145)
8.0 (147)
6.0 (15)
4.7 (15)
2.2 (149)
8.4 (147)



Table 3.6: Summary of the eePaCS-MD simulations applied to QBP using deterministic-based
approach. The meaning of the table is same as those described in Table 3.1. eePaCS-MD results

using random-based approach are shown for comparison which were taken from Table 3.1.

Simulation index Neye Nrep Npc RMSDyin [A] RMSDyna [A] tin [NS]
Random
opQ10.1002 100 10 2 1.6+05 93+18 75+20
opQ101003 100 10 3 1.2+03 72+05 85+0.8
opQo-L004 100 10 4 1.3+0.2 6.5+0.7 77+21
opQo1005 100 10 5 15+04 5.4+0.9 83+1.6
cLQlo1002 100 10 2 25+16 72+26 58+3.0
cLQlo1003 100 10 3 1.7+10 73+0.8 7.0+2.1
CcLQo1004 100 10 4 1.3+0.3 6.0+1.2 8.0+2.2
CLQ01005 100 10 5 19+1.2 50+1.2 95+0.6

Deterministic

opQ!o102 100 10 2 1.2+0.1 86+1.1 57%05
opQto03 100 10 3 1.2+0.2 76+18 53+23
opQto.1004 100 10 4 1.2%0.2 8.1+1.0 58x1.1
OoPQ™010s 100 10 5 1.30.2 77420 7.0£15
cLQto002 100 10 2 1.9+15 79x24 6.6+2.6
cLQ'o0s3 100 10 3 1.5+08 6.1+15 88+12
cLQt01004 100 10 4 26+19 6.0+18 73%15
CLQ!01005 100 10 5 27420 6.2+22 85+19
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Table 3.7: Summary of the total computational cost, tys in ns, with different Ca. RMSD criteria (3.5,
3.0, 25 20, and 1.5 A) obtained by eePaCS-MD simulations applied to QBP using
deterministic-based approach. The meaning of the table is same as those described in Table 3.2. The

results using random-based approach are shown for comparison.

Simulation index 35 [A] 3.0 [A] 2.5 [A] 2.0 [A] 1.5[A]
Random
opQlot0z2 7.8+ 1.6 (5) 14.0 +5.4 (5) 324+289(5) 415+33.8(4) 34.0 £4.5(3)
opQto103 7.4+48(5) 15.6 7.2 (5) 320£16.6(5) 506x212(5) 56.0+19.8(4)
opQto1004 9.0+3.2(5) 234+164(5) 364+183(5) 484+228(5) 67.8+227(5)
OopQ!01005 116 6.2 (5) 294+16.1(5) 446+224(55) 67.0x251()  70.0+15.6(3)
cLQt0002 353+109(3) 387+124(3) 443+165(3)  487%209(3) 36.0+7.0(2)
CcLQt01003 443+198(4) 51.0+225(4) 548x223(4) 57.5£222(4) 61.3+23.6(4)
cLQt01004 53.8+247(5) 57.0+257(5) 60.6+280(5) 648%284(5)  59.3+24.0 (4)
CLQ!01005 40.5+5.9 (4) 55.8 +9.0 (4) 67.8+8.5 (4) 750+129(4)  89.0+135 (4)
Deterministic

opQ!o102 6.2+1.2(5) 120+ 1.8(5) 17.4+3.4(5) 31.0£8.8 (5) 478 £11.1 (5)
opQto03 8.2 £6.1(5) 15.8+9.8 (5) 236+16.6(5)  40.0+29.1(5) 33.5+6.3(4)
opQto.1004 3.6+1.4(5) 10.0+2.8 (5) 16.8 5.3 (5) 23.0+9.1(5) 405+ 7.4 (4)
OpQ!0.1005 6.4 +3.3(5) 15.2+6.0 (5) 278+128(5) 36.8+10.1(5) 46.5+18.3(4)
cLQto002 41.0+£230(4) 450+245(4) 500x235(4) 53.0£238(4) 56.8+27.2(4)
cLQt0003 484+29.4(5) 528+303(5) 440%220(4) 525+27.8(4) 58.8+27.1(4)
cLQt01004 39.3+143(3) 447+133(3) 51.0+140(3) 543+127(3) 57.7+11.1(3)
CLQ!01005 34.0+9.1(3) 38.0+8.3(3) 40.0+7.8 (3) 41.3+7.8(3) 43.3+8.2(3)
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Table 3.8: Individual eePaCS-MD results for QBP using deterministic-based approach. The meaning

of the table is same as those described in Table 3.3.

Index Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
opQ!i02 1.2 (55) 1.3 (61) 1.1 (54) 1.4 (64) 1.2 (51)
7.9 (96) 9.5 (100) 6.9 (98) 9.8 (97) 8.7 (97)
opQ!1003 1.2 (53) 1.1 (38) 1.7 (98) 1.0 (44) 1.2 (34)
9.9 (94) 7.0 (95) 4.8 (98) 9.1 (95) 7.1(73)
opQt01004 1.2 (46) 1.1 (76) 1.0 (65) 1.2 (48) 1.7 (53)
7.8 (100) 7.4 (100) 9.5 (97) 6.7 (96) 8.9 (93)
opQ!100s 1.2 (52) 1.7 (67) 1.1 (96) 1.2 (63) 1.2 (73)
7.1 (100) 11.4 (100) 5.7 (98) 6.6 (97) 7.7 (100)
cLQo02 1.5 (100) 1.1 (44) 4.8 (91) 1.1 (61) 0.9 (34)
6.0 (99) 8.7 (93) 4.3 (86) 9.4 (99) 11.1 (96)
cLQo1003 3.0 (100) 1.0 (69) 1.1 (78) 1.5 (100) 1.0 (93)
4.2 (100) 8.1 (99) 6.4 (100) 4.8 (100) 7.2 (94)
cLQo1004 5.1 (68) 1.1 (92) 1.1 (73) 4.9 (85) 0.9 (49)
4.4 (91) 6.2 (99) 8.4 (96) 3.6 (99) 7.2 (100)
cLQ01005 5.1 (99) 1.1 (100) 1.1 (48) 5.2 (95) 1.1 (83)
3.3 (94) 8.9 (99) 7.6 (98) 3.7 (88) 7.3 (100)
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Table 3.9: Summary of various methods related to eePaCS-MD.

Method Selection method Collective  Character of the  Selection process
variable initial structure

eePaCS-MD Convex hull PCA Edge Random
nt-PaCS-MD" Gram-Schmidt RMSD Non-edge Random
orthogonolization

OFLOOD® Clustering PCA Non-edge Random
SACS™® Histogram PCA Non-edge Random
SDSM? Inner product PCA Non-edge Deterministic
Extended Inner product PCA Non-edge Deterministic
SDslll
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Requirement of full
trajectory search for
resampling

No

No

Yes
Yes
Yes
No



Table 3.10: Sampling efficiencies of eePaCS-MD/aMD and the other related methods described in
this chapter. The results of eePaCS-MD/aMD with npc = 4 are shown as a reference. The SACS and
SDS superscripts show the number of PC dimensions applied in the method. The column of ‘Ref’
shows the reference number. tys is defined based on different Ca RMSD criteria (OPQ/CLQ: 2,
OPM/CLM: 1, OPA/CLA: 2 A) used in the references, and the numbers in the parentheses indicate
the number of trials that satisfied the RMSD criteria. NA means that no information is provided in

the original paper.

Target Method Ref #trials toc[PS] Nep  Nee  tot [NS] RMSDpmin [A tyst [NS]
OPQ  eePaCS-MD 5 100 10 100 100 1.3£0.2 48.4 +22.8 (5)
eePaCS-aMD 5 100 10 100 100 1.3+0.1 28.0 +£10.8 (5)
nt-PaCS-MD 107 1 100 10 200 200 1.7 121 (1)
OFLOOD 108 1 20 100 100 200 1.7 NA
CLQ  eePaCS-MD 5 100 10 100 100 1.3+03 64.8 + 28.4 (5)
eePaCS-aMD 5 100 10 100 100 1.3+01 47.4+19.0 (5)
nt-PaCS-MD 107 1 100 10 100 100 1.9 27 (1)
OPM  eePaCS-MD 5 100 10 100 100 1.5+0.3 —(0)
eePaCS-aMD 5 100 10 100 100 1.2+0.1 74 (1)
SACS™2 109 1 100 10 100 100 1.0 89 (1)
109 1 100 50 50 250 1.0 125 (1)
109 1 100 100 50 500 0.9 260 (1)
SACS™3 109 1 100 10 100 100 2.0 —-(0)
109 1 100 50 100 500 1.4 —(0)
109 1 100 100 100 1000 1.0 660 (1)
SACS™ 109 1 100 10 100 100 1.9 -(0)
109 1 100 50 100 500 1.3 —(0)
109 1 100 100 100 1000 1.0 —(0)
SDS"M0 110 1 100 100 50 500 ~1.0 ~110 (1)
SDSPM 110 1 100 50 50 250 ~1.0 ~125 (1)
110 1 100 100 50 500 0.8 ~150 (1)
Extended SDS 111 1 100 10 50 50 ~1.1 —(0)
111 1 100 50 50 250 ~1.0 ~200 (1)
111 1 100 100 50 500 ~1.2 —(0)
CLM  eePaCS-MD 5 100 10 100 100 14409 57.5+17.7 (4)
eePaCS-aMD 5 100 10 100 100 1.3+0.1 —(0)
SDSPMI0 110 1 100 100 50 500 <1.0 ~60 (1)
SDSPM 110 1 100 100 50 500 0.9 ~100 (1)
OPA  eePaCS-MD 5 100 10 150 150 23+06 102.0 + 46.0 (2)
eePaCS-aMD 5 100 10 150 150 1.9+04 76.3+ 24.0 (4)
nt-PaCS-MD 5 100 10 100 150 27+04 44 (1)
CLA  eePaCS-MD 5 100 10 150 150 2.4+08 92.3+38.0 (3)
eePaCS-aMD 5 100 10 150 150 32+0.8 —(0)
nt-PaCS-MD 5 100 10 100 150 27407 149 (1)
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Table 3.11: Summary of the total computational cost, t; in ns, with different Ca. RMSD criteria (3.5,
3.0, 2.5, 2.0, and 1.5 A) obtained by eePaCS-MD/aMD and nt-PaCS-MD simulations applied to OPA
and CLA. The meaning of the table is same as those described in Table 3.2.

Simulation index

OPA
eePaCS-MD
eePaCS-aMD
nt-PaCS-MD

CLA
eePaCS-MD
eePaCS-aMD
nt-PaCS-MD

35[A]

204 +9.2 (5)
22.0+129 (5)
204+ 153 (5)

73.8+275 (4)
95.0 +44.0 (2)
80.3 +40.6 (4)

3.0[A]

31.0+17.6 (4)
28.8+11.2 (5)
60.8 + 38.7 (4)

81.5+28.7 (4)
96.0 +44.0 (2)
65.0 +27.2 (3)
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2.5 [A] 2.0 [A] 1.5[A]
47.3+245(3) 102.0 £46.0 (2) 131 (1)
428+105(4)  76.3+24.0(4) 114 (1)

27 (1) 44 (1) -(0)
77.7+260(3) 92.3+38.0(3) —-(0)
108.5 + 38.5 (2) -(0) -(0)
77.7£24.2 (3) 149 (1) -(0)



Chapter 4
Comparison of eePaCS-MD Utilizing Cartesian
Coordinate PCA and Distance-based PCA

In this chapter, the conformational sampling efficiency of eePaCS-MD utilizing Cartesian coordinate
PCA and distance-based PCA are compared. Section 4.1 introduces the motivation of using
distance-based PCA in eePaCS-MD. Section 4.2 describes the procedure of eePaCS-MD utilizing
distance-based PCA and the target system used to assess its performance. Section 4.3 discusses the
results obtained by eePaCS-MDs utilizing Cartesian coordinate PCA and distance-based PCA, and
compares the conformational sampling efficiency of the two methods. Finally, the conclusion of this

chapter is given in Section 4.4.

4.1 Introduction

As described in Section 2.3.2, principal component analysis (PCA) is a powerful technique to reduce
the high-dimensional MD trajectory data to a low-dimensional reaction coordinate. While various
PCA methods have been proposed, probably the most commonly used PCA method is the Cartesian
coordinate PCA.**?! To observe the internal motion of a system, it is required to first remove the
external motion, i.e., overall translation and rotation, from the system which is usually achieved by
instantaneously fitting each coordinates from the trajectory to a reference coordinate. Separation of
external and internal motion is essential to achieve a well-resolved free energy landscape. However,
such separation can be difficult even for relatively rigid systems.”**” Apart from Cartesian
coordinates, internal coordinates, such as dihedral angles93 and distance-based measures,” can be
used as input data in a PCA. It has been shown that PCA utilizing internal coordinates can yield

better-resolved energy landscapes than applying Cartesian coordinates.** %

Given the above fact, it is debatable how the conformational sampling efficiency of
eePaCS-MD can be influenced by the choice of internal coordinate PCA. In this study, the
performance of eePaCS-MD utilizing Cartesian coordinate PCA (cPCA) and distance-based PCA
(dPCA) are compared. While the optimal choice of internal coordinate PCA will depend on the
specific molecule, dPCA was suggested as a versatile approach that balances the number of PCs

required to show good convergence of the cumulative fluctuations of protein motions and to achieve
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well-resolved free energy landscapes.*

Here, we show that the conformational sampling efficiency of eePaCS-MD for the open-close
transitions of adenylate kinase (ADK) is not affected by the choice of the PCA method. eePaCS-MD
utilizing dPCA gave similar performance as those obtained by cPCA.

4.2 Materials and methods

The conformational sampling efficiency of eePaCS-MD utilizing dPCA was assessed for the
open-closed transitions of ADK. This target was chosen because it is the most challenging among the
three targets (QBP, MBP, and ADK) investigated in the previous study and expected that differences
between cPCA and dPCA will be more evident.

The procedure of eePaCS-MD utilizing dPCA is the same as those described in Section 3.2.1
where cPCA was simply replaced with dPCA. In dPCA, distances of all Ca atom pairs except for the
first few atoms from the N- and C-terminals were excluded. The element of the covariance matrix,
0, in dPCA is given by o, = (D, — (D,))(D, — (D,))) where y, v represents the atom pairs
and D is the Co distance of those pairs. dPCA was calculated utilizing MDTraj package.'”® The
parameters of eePaCS-MD utilizing dPCA were chosen so that it matches the conditions with those
simulated with cPCA described in Section 3.2.4. The number of replicas (n.p), the total simulation
cycles (neyc), and number of PCs (npc) were fixed to ngp = 10, neye = 150, and npc = 4 respectively.
The MD simulation time per cycle (t;,c) was fixed to 100 ps and MD trajectories were saved every 1
ps. Five distinct trials of eePaCS-MD from different initial structures were performed for both the
open and closed states of ADK. The initial structures were taken from the final structures obtained
by the five individual equilibration simulations described in Section 3.2.3 and were used to perform
the preliminary eePaCS-MD cycles, i.e. cycle 0. To analyze the performance of eePaCS-MD, we

introduced the same quantity measures as described in Section 3.2.5 such as RMSD i, and tyin.

Hereafter, for example, eePaCS-MD utilizing cPCA and dPCA are referred to as
eePaCS-MDpca and eePaCS-MDgpca, respectively. Similar indices are used for simulations of ADK
starting from the open (OP) and closed (CL) states; for example, ADK starting from the open state
utilizing dPCA is denoted as OPAgpca Where A indicates ADK.
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4.3 Results and Discussion

The eePaCS-MDgpca results for ADK (OPAgpca and CLAgpca) are summarized in Tables 4.1-4.3.
For OPAgpca, RMSDiin reached 2.6 + 0.5 A at tyn = 11.3 + 2.3 ns where RMSDyyy is 0.3 A higher
than OPApca. In the case of CLAgpca, RMSDyyi, reached 2.0 + 0.5 A at tyi, = 13.1 + 1.3 ns where
RMSDyi, is 0.4 A lower than CLApca. For both OPAgpca and CLAgpcA, tmin increased by 10% and
22% compared to OPApca and CLA pca, respectively. In addition, eePaCS-MDpca tended to show
lower t;5; than eePaCS-MDgpca against various RMSD criteria; although meaningful comparison is
somewhat difficult to make since t;5; was averaged over less successful trials as the RMSD criteria
became stricter (Table 4.2). Among the five trials of OPAgpca, the open-to-closed transitions
(RMSDyin < 1.5 A) were not observed within 150 cycles, whereas one trial was successful in
reaching the opposite state for CLAgpca (Table 4.3). In contrast, for OPApca, One trial was
successful to observe the open-to-closed transitions but all five trials failed to reach the opposite
state for CLApcA.

Next, the Ca. RMSD pinmax profiles of eePaCS-MDpca and eePaCS-MDgpca Were compared as
shown in Figure 4.1. The RMSD,;, of eePaCS-MDpca tended to decay faster than eePaCS-MDgpca
for both OPA and CLA during the first ~90 cycles. The cumulative fluctuations obtained by the first
four PCs of cPCA covered slightly larger fraction of the collective variance than dPCA during the
first few tens of cycles, but no significant difference was found among the two PCA methods (Figure
4.2). The cumulative fraction at cycle 0 for OPA¢pca, OPAgrca, CLApcA, and CLAgpca Were 0.52,
0.52, 0.34, and 0.31, respectively, showing no remarkable difference. These results suggest that
eePaCS-MD utilizing cPCA and dPCA captured the same amount of overall motion of ADK during
the eePaCS-MD simulation.

The number of vertex structures obtained by eePaCS-MDgpca and eePaCS-MDgpca are
compared as shown in Figure 4.3, suggesting that the selection rates of the vertex structures, i.e.,
Nrep/Nvertex, are not affected by the choice of the PCA method. In Figure 4.4, the time evolution of the
subspace spanned by the first four PCs, i.e., R,z(t), obtained by eePaCS-MDcpca and
eePaCS-MDgpca are compared. In the beginning of eePaCS-MDcpcaigrca, Rqp(t) of cycle 0O that
was determined from the PCs of independent preliminary MDs were 0.47, 0.38, 0.26, and 0.22 for
OPApca, OPAgpca, CLApca, and CLAgpca, respectively, indicating that the first four PC
coordinates from cPCA had higher correlation with those of the other trials from the beginning
compared to dPCA. R,z(t) converged to ~0.70 and ~0.55 for OPAcpcapca and CLAcpcadrcA,

respectively, indicating that there are initial condition dependencies regardless of the PCA method.
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The computational complexity of dPCA may be problematic for large biomolecular systems
because of the quadratic scaling of the number of distances with respect to the size of the molecule.
It has been shown that it is sufficient to include only relatively few selected distances in dPCA.
Similar free energy landscapes were obtained using all Ca distances and selected distance pairs that
are less than 8 A apart in the reference structure.*® Based on this fact, eePaCS-MDs utilizing dPCA
with Co atom pairs that are less than 8 A apart from the initial structures of eePaCS-MDs were
additionally simulated which are denoted as eePaCS-MDgpcacutofn. Contrary to the expectation,
eePaCS-MDgpcacutofry Performed worse than the original eePaCS-MDgpca, as shown in Tables 4.1
4.3. This suggests that it is important to include all Ca distances in dPCA to capture the intrinsic

anharmonic nature of proteins during eePaCS-MD simulations.

4.4 Conclusion

In this chapter, eePaCS-MDs utilizing cPCA and dPCA were compared for the open-close
conformational transitions of ADK. The above results suggest that the conformational sampling
efficiency is not affected by the choice of the PCA method, at least for this particular target.
Furthermore, dPCA with Ca atom pairs that are less than 8 A apart from the initial structures of
eePaCS-MDs were considered, suggesting that it is important to include all Ca distances in dPCA to
capture the intrinsic anharmonic nature of proteins during eePaCS-MD simulations. cPCA and dPCA
both have their own problems. In cPCA, separation of external and internal motion is not
straightforward even for relatively rigid systems, whereas the computational complexity of dPCA
scales quadratically with the number of atoms, which makes it unfeasible for large biomolecular
systems. Considering the results obtained in this study, eePaCS-MD utilizing cPCA is recommended
as a first choice of the PCA method, although the optimal choice of PCA method is expected to

depend on the target system.
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Table 4.1: Summary of the eePaCS-MD simulations applied to ADK utilizing Cartesian coordinate
PCA (cPCA) and distance-based PCA (dPCA). The subscript “cutoff” represents dPCA with Ca
atom pairs that are less than 8 A apart from the initial structures of eePaCS-MDs. The meanings of
the simulation indices are described in the main text.

Simulation index Neye Nrep Npc RMSDyin [A] RMSDyna [A] tin [NS]
ADK

OPAca 150 10 4 23406 9.3+0.8 103+4.6
OPAgrca 150 10 4 2605 8.0+£1.2 11.3+£23
OPA jpca(cutof) 150 10 4 3.0x05 5206 8.0+35
CLApcA 150 10 4 24+£08 8.2+13 10.7+34
CLAgpcA 150 10 4 20+£05 9.9+£0.6 13.1+13
CLAgpcAuof 150 10 4 43+11 71413 123+0.9
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Table 4.2: Summary of the total computational cost, t;; in ns, with different Ca RMSD criteria (3.5,
3.0, 2.5, 2.0, and 1.5 A) obtained by eePaCS-MD simulations applied to ADK utilizing Cartesian
coordinate PCA (cPCA) and distance-based PCA (dPCA). The subscript “cutoff” represents dPCA
with Co atom pairs that are less than 8 A apart from the initial structures of eePaCS-MDs. The

meaning of the table same as those described in Table 3.2.

Simulation index

ADK
OPAceca
OPAgpca
OPApca(cutoff)
CLAccA
CLAgpcA

C LAdPCA(cutoff)

35[A]

204 +9.2 (5)

32.8+283(5)

40.3 +355 (4)

73.8 +27.5 (4)

81.4 + 252 (5)
76 (1)

3.0[A]

31.0+17.6 (4)

17.3+£7.7(3)

66.3£29.2 (3)

81.5+28.7 (4)

91.6 +26.3 (5)
77 (1)
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2.5 [A]

473 +245 (3)
87.7 +52.6 (3)
68 (1)

77.7 +26.0 (3)
107.3+21.2 (4)
83 (1)

2.0 [A]

102.0 +46.0 (2)
117.0 (1)
-(0)
92.3+38.0 (3)
109.7 + 14.8 (3)

-(0)

1.5[A]

131.0 (1)
-(0)
-(0)
-(0)

120 (1)
-(0)



Table 4.3: Individual eePaCS-MDs utilizing cPCA and dPCA for ADK. The meaning of the table is
same as those described in Table 3.3.

Index Trial 1 Trial 2 Trial 3 Trial 4 Trial 5
OPAwca 2.4 (55) 2.9 (40) 3.1 (142) 1.8 (148) 1.5 (131)
8.9 (147) 9.9 (150) 10.4 (148) 8.2 (143) 9.1 (147)
OPAgpca 1.8 (128) 3.2 (79) 3.2 (112) 2.4 (145) 2.5 (100)
7.3 (141) 8.1 (150) 8.0 (150) 6.5 (141) 10.1 (141)
OPAgpcAeutoft 2.9 (69) 3.4 (20) 2.9 (107) 3.6 (121) 2.2 (84)
5.1 (147) 4.7 (108) 4.6 (116) 6.1 (112) 5.6 (124)
CLAGcA 1.8 (63) 3.7 (105) 1.9 (146) 1.7 (77) 2.7 (145)
9.1 (150) 6.6 (137) 7.2 (149) 10.3 (142) 8.0 (147)
CLApcA 2.0 (123) 2.3 (145) 2.6 (149) 1.7 (118) 1.3 (120)
10.4 (140) 9.1 (150) 10.6 (148) 9.3 (139) 9.9 (147)
CLAgpcAutof 5.0 (111) 4.0 (116) 5.3 (124) 2.2 (131) 4.8 (134)
8.7 (141) 5.9 (150) 7.0 (144) 8.4 (150) 5.6 (149)
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Chapter 5
Conclusions and Perspectives

Proteins are inherently dynamical molecules that undergo large-scale conformational changes to
exert its functions.®*° To investigate the high anisotropic nature of protein dynamics, MD simulation
is an essential computational tool that can elucidate the conformational transitions of proteins,
providing time-dependent information on protein fluctuation at atomic resolution. However,
observing conformational changes relevant to biological functions is challenging because these
events tend to occur stochastically in a time scale longer than feasible MD simulation time. To
overcome this difficulty, various enhanced methods have been proposed.**"""8 However, some of
the methods require an external force to enhance the conformational transition, which does not
necessarily guarantee that the obtained trajectories follow the lowest energy pathway. Other methods
do not need such external forces but may require pre-test of simulations to determine the simulation
parameters which can be cumbersome. Therefore, an enhanced sampling method that can simulate
protein conformations relevant to biological functions without external forces and does not require
cumbersome parameter setting is attractive. In addition, a method that can simulate protein
conformations starting from a single structure without the prior knowledge of other conformational
states can be valuable, for example situations where a novel protein structure is solved and its

conformational transitions are unknown.

In this thesis, | have proposed edge expansion parallel cascade molecular dynamics
(eePaCS-MD)™ as an efficient adaptive conformational sampling method to investigate the large
amplitude motions of proteins, which is an extension of the original PaCS-MD method.'
eePaCS-MD can simulate open-close transitions along several collective degrees of freedom without
the prior knowledge of the conformational transitions or external forces to enhance the
conformational sampling. eePaCS-MD can help generate new mechanistic hypotheses and support
experimental work to further validate the hypotheses. For example, one can remove a bound ligand
from an experimentally determined protein structure and then simulate the bound and unbound
systems to see how ligand binding affects protein dynamics and its functions.”*?* Similarly, one can
mutate one or more amino acid residues in the protein to explain or predict the effect of
mutations.?®%’ Simply simulating a protein in their apo state to reveal possible protein conformations
can be also valuable as it can lead to the discovery of novel binding sites and development of new

therapeutic drugs.”®
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In Chapter 3, | have introduced the general concept and methodology of eePaCS-MD. In
eePaCS-MD, sampling is repeated from randomly selected initial structures that are rigorously
located at the boundary of the conformational spaces identified as vertices of a convex hull spanned
by several principal components (PCs). This resampling increases the probability of rare event
occurrences, inducing conformational transitions to new conformational states, thus enhancing
sampling efficiency. In addition, each sampling is assigned with new initial velocities which help
overcome the energy barriers. The information of the entire conformational space sampled by the
simulation is stored as a set of vertex structures and is updated every cycle, which speeds up the
selection process and improves the robustness of the method. The random selections of the initial

structures alleviate the risk of consecutively selecting dead-end structures.

The conformational sampling efficiency of eePaCS-MD was demonstrated for the open-close
transitions of glutamine binding protein, maltose/maltodextrin binding protein, and adenylate kinase.
Each was successfully simulated in ~10 ns of simulation time on average which is expected to offer
1-3 orders of magnitude shorter simulation time than conventional MD. The free energy landscape of
the conformational transitions can be obtained by constructing a Markov state model (MSM) using
trajectories generated by eePaCS-MD, as demonstrated for the open-to-closed transition of
glutamine binding protein. The obtained free energy landscape showed an energy barrier separating
the open and closed states where the open state was suggested to be energetically more favorable

than the closed state.

The simplicity and generality of eePaCS-MD is particularly appealing. This method can be
implemented with any MD program by simple scripts and is available for any computational
resource, such as supercomputers and cloud computing. As a demonstration, I have combined
eePaCS-MD with accelerated MD and showed that the conformational sampling efficiency can be
further enhanced, where the total computational cost of observing the open-close transitions was

reduced at most 36% compared to the original eePaCS-MD method.

In Chapter 4, the conformational sampling efficiency of eePaCS-MD utilizing Cartesian
coordinate PCA (cPCA) and distance-based PCA (dPCA) were compared for the open-close
conformational transitions of adenylate kinase to investigate whether the choice of the PCA method
affect the performance of eePaCS-MD. In dPCA, all Ca distance pairs and Ca distances of
pre-selected atom pairs were considered. In the latter case, atom pairs with Co distances less than 8
A apart from the initial structures of eePaCS-MD were selected. In this study, it was suggested that
considering all Ca distance pairs in dPCA is essential to capture the intrinsic anharmonic nature of

proteins during eePaCS-MD simulations to promote the conformational sampling. The sampling
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efficiency of eePaCS-MD utilizing cPCA and dPCA (all Ca distances) showed comparable results.
Considering the computational complexity of dPCA which scales quadratically with the number of
atoms, | have concluded that eePaCS-MD utilizing cPCA as a first choice of the PCA method,

although the optimal choice is expected to depend on the target.

The current framework of eePaCS-MD, as well as other related methods, cannot directly
calculate the free energy because the relationships among the generated trajectories are not obvious.
Therefore, additional calculations such as umbrella sampling and MSM are required to obtain the
free energy landscape. This two-step process is not necessarily a drawback, as insights into possible
conformational changes can be obtained efficiently with a low computational cost. In some cases,
the free energy landscape could be calculated by directly analyzing the PaCS-MD-generated
trajectories by MSM without any additional simulation.'®>'® However, a concrete workflow and
theoretical background in constructing reliable MSM with PaCS-MD-generated trajectories remain
to be established.

The selection of initial structures that has the potential to exhibit new metastable states is the
key to achieve efficient conformational sampling in eePaCS-MD. To this end, the application of

h'** and multi-armed bandits,**?

reinforcement learning algorithms, such as Monte Carlo tree searc
may be worth considering to improve the process of selecting the initial structures. Such algorithms
can be used to avoid initial structures that are trapped in local states and allocate computer resources
to other initial structure candidates. In fact, eePaCS-MD proposed in this study which selects initial
structures in a complete random fashion can be regarded as an application of e-greedy with ¢ = 1

which is one of the most famous and simplest multi-armed bandit algorithms.
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Appendix

A. Convex hull algorithm

When given a set of points, a convex hull is defined as the smallest convex which includes all the
points. The points that construct the convex hull and its boundary lines are called vertices and edges,
respectively. Computing the convex hull is a problem in computational geometry, which is widely

114,115

applied to computer graphics, pattern recognitions,™ image processing, medical simulations,*'®

home range estimations,"*’ and animal epidemic forecasts.™® Various algorithms have been proposed

9

to solve the convex hull problem,**® such as Graham’s scan,®****! Jarvis’s march,****** and

Quickhull.™>***® Here the two-dimensional Quickhull algorithm is described.

Let us start with a set S containing n points (Figure Al(a)). First, the points with the minimum
and maximum x coordinates, a and b, are determined where these points are one of the vertices of
the convex hull (Figure Al(b)). The line formed by points a,b subdivides S into subsets S1 and S2,
which will be processed recursively. As an example, let us focus on S1.The next step is to find point
¢ in S1 such that the area of the triangle abc is maximized (Figure Al(c)). This process is equivalent
to finding a point that has the furthest distance from line ab. Since the points lying inside the triangle
abc cannot be part of the convex hull, these points are ignored in the latter steps (Figure Al(d)). To
determine whether the point is inside the triangle, one can evaluate the orientation of an ordered
triple of points (p, g, r), that is, if the points (p, g, r) form a clockwise cycle or not. The point

orientation can be evaluated by calculating the determinant of a 3 X 3 matrix given by:

1 px py
Orient(p,q,r) =det| 1 qx qy (A.1)

1 o n

where the sign is negative if (p, g, r) forms a clockwise cycle, positive if counterclockwise, and zero
if they are collinear. Since the determinant gives twice the signed area of the triangle formed by
points (p, g, r), Equation (A.1) can be used to compute the furthest point from line pg. After point ¢
is determined, S1 can be further subdivided into S11 and S12 by lines ac and bc, respectively (Figure
Al(d)). The next vertices, which are the furthest points from lines ac and bc, can be searched

following the procedures described above until no more points are left.
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Figure Al: Schematic illustration of Quickhull algorithm. (a) Set S containing n points are shown as
gray circles. (b) The points above and below line ab correspond to subsets S1 and S2, respectively.
(c) Point ¢ represents the furthest point from line ab. (d) The points located outward from lines ac

and bc correspond to subsets S11 and S12, respectively.
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