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ABSTRACT

TARGETED CONFORMATIONAL TRANSITION
PATHWAYS OF LARGE PROTEINS BY INTEGRATING
ELASTIC NETWORK MODELING WITH MONTE
CARLO SIMULATIONS

ANM-MC is a coarse-grained simulation technique, in which the anisotropic net-
work model (ANM) generates the collective modes for deforming the protein structure
towards target direction, and Monte Carlo (MC) algorithm minimizes the energy of
the deformed structure. ANM-MC was modified in this thesis for the exploration of
conformational transition pathways of large protein systems. The analyzed dataset
consists of 13 large proteins that present either hinge-bending, DNA-binding or shear-
type conformational transitions. All proteins contain multiple chains with 600 to 8000
residues in total. The distance (RMSD) between initial and final conformations spans
a broad range of 2.1 - 20.6 A. Initially, the adjustment of ANM-MC parameters to
large proteins was performed using adenylate kinase and calmodulin. Later, detection
of local implausible geometries for some large proteins lead to a modified version of
ANM-MC with variable ANM deformations. As a result, all the proteins in the dataset
approach the target structures successfully following suitable potential energy paths.
Some of the proteins need more than the slowest 10 modes to approach the target
better, specifically 50 to 150 modes may be necessary. For such proteins, relatively
lower indexed modes still play a dominant role during initial stages of the simulation
with higher indexed modes chosen in later stages. Furthermore, coarse-grained inter-
mediates along the transition pathway are reverse-mapped to full-atomistic structures
by energy minimization. ANM-MC program is highly efficient based on the reported

computational cost for each protein in the dataset.



OZET

KOLLEKTIF AG MODELLEMESI VE MONTE CARLO
SIMULASYONLARI IiLE BUYUK PROTEINLERIN
HEDEFLI KONFORMASYONEL GECISLERI

Kaba 6lgekli bir simiilasyon teknigi olan ANM-MC’de anizotropik ag yapi mod-
eli (ANM) protein yapilarim hedefe dogru deforme etmek igin gerekli kolektif mod-
lar1 saglar ve Monte Carlo (MC) teknigi ise deforme edilen yapinin enerjisini azaltir.
ANM-MC bu tezde biiyiikk proteinlerin kon-formasyonel gegig yollarimin incelenmesi
amact ile diizenlenmistir. Incelenen veri kiimesi, DNA’ya baglanan, mentese ve kayma
tiuri hareket yapan 13 biiyiik proteinlerden olugsmaktadir. Biitiin proteinler coklu zin-
cirli olup toplam rezidi sayilar1 600 ile 8000 arasinda degismektedir. Baglangic ve
hedef deneysel yapilarin arasindaki kok ortalama kare sapma degerleri 2.1 - 20.6 A
araligindadir. ANM-MC parametrelerinin biiytlik proteinlere uygulanabilmesi icin, ade-
nilat kinaz and kalmodulin tizerinde bir 6n caligma yapilmigtir. Daha sonra, bazi
biiyiik proteinlerin geome-trilerinde makul olmayan yerel deformasyonlarin saptan-
masiyla, degisken ANM deformasyonlarinin kullanildigi yeni bir ANM-MC versiyonu
onerilmigtir. Bunun sonucunda verisetindeki biitiin proteinler hedef yapilarina bagaril
bir sekilde ulagmigtir. Bazi proteinler hedefe ulagmak i¢in en yavag 10 moddan fazlasina,
ozellikle 50 ile 150 arasindaki modlara ihtiya¢ duymustur. Bu proteinler i¢in, nispe-
ten daha diigiik endeksli olan modlar simulasyonun baslangic agamasinda baskin bir
rol oynamis, ilerleyen asamada ise yerini yiiksek indeksli modlara birakmigtir. Ayrica,
gecig yolu iizerindeki kaba olcekli yapilar, enerji minimizasyonu ile atomistik detayda
yapilara geri doniigtiiriilmiistiir. Verisetindeki her bir proteinin hesaplama maliyeti

rapor edilerek, ANM-MC programinin verimliligi gosterilmistir.
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1. INTRODUCTION

Proteins are generally not static systems and populate ensembles of conformations. Un-
derstanding of protein dynamics requires the study of transitions between different confor-
mational states occurring on a variety of length and time scales. Highly populated states and
the transitions between them can be described by the phenomena of energy landscape, which
provides the characterization and classification of protein motions. Basically, an individual

protein molecule explores the energy landscape [1, 2].

Many biomolecules visit more than one conformation in order to perform their biological
function. Some dynamic processes such as enzyme activity, ligand binding, and signal trans-
duction involve essential conformational changes of entire domains. Information on confor-
mational changes, by which the protein travels from one state to another, is essential for a
complete molecular understanding of a biological process. Identification of intermediate
conformations along the pathways as a function of time may elucidate the molecular mech-
anism of a specific biological process. Experimental techniques have capability to provide
the average structures of important macromolecular systems [3, 4]. Many structures have
been resolved based on the long-lived stable functional states under different conditions or
with different ligands. However, experimental data mostly do not exist for the intermediate
structures along the conformational transition pathway. Namely, it may not be possible to
obtain a full mechanistic description to see both structures and energy at the atomic level of
interactions by experiment alone even if atomic force microscopy (AFM) has a capability
for such information to some extent. Moreover, the disproportion between the total number
of known structures in Protein Data Bank (120 thousand proteins) [5] and in the RefSeq
database (84 million sequences) [6] clearly demonstrates that experimental procedures for
protein structure determination are very expensive and time-consuming. On the other hand,
computational techniques are able to elucidate the intermediate transient or short-lived con-
formational states [7]. In other words, current experimental methods quite often seek support

from accurate theoretical model predictions.

The limits of in-silica methods for determining pathways in large complex molecules

could be overcome with the development of efficient methods such as path sampling; namely



the sequence of the conformational states within double-ended paths [8-11]. Simulation of
some particular dynamical events can also be described by some statistical mechanical meth-
ods [12-15]. On the other hand, some other sampling methods are not utilized two known
endpoints for the study of the transition pathways [16-18]. In particular, development of
efficient, coarse-grained approaches is necessary for the simulation of large biological sys-

tems and/or long-time scale phenomena, such as conformational transitions.

The anisotropic network model (ANM) [19, 20] is a coarse-grained normal mode ap-
proach, in which the protein molecule is represented by a set of nodes placed at the positions
of alpha carbon atoms. The energy of the protein system is described a harmonic potential
calculated by summing over harmonic interactions between close-neighboring residues in
the structure. ANM has been reported successful by some computational studies in repro-
ducing collective modes that conform with the conformational transition directions [21] and
predicting atomic fluctuations for even large biological systems. Doruker et al. indicated that
the equivalent cooperative motions can be obtained upon further coarse-graining of the pro-
tein structure along the backbone, which reveals that hierarchical levels of coarse-graining
considerably reduce the computational time [22]. Accordingly, very large biological systems
such as GroEL-GroES complex, restriction endonuclease EcoRI-DNA complex, tri-

osephosphate isomerase, ribosome complex, RNA polymerase have been analyzed [23-29].

A computationally efficient algorithm, ANM-MC [30], has been proposed to investi-
gate the conformational transition pathways of proteins; which incorporates the collective
deformation directions obtained from ANM into an MC simulation technique, based on the
knowledge-based potentials of proteins [31-33]. ANM-MC is an iterative methodology
composed of ANM and MC cycles to approach the target conformations. The normal modes
are updated iteratively based on the deformed structure. At each iteration the structure is
deformed along a slowest mode that overlaps best with the desired transition. Then, energy
minimization is performed on the deformed structure by the MC technique. This approach
can generate a feasible targeted pathway between two conformations along collective modes
within short computational times. The method has been validated with its application to ad-
enylate kinase and hemoglobin, for which a large variety of studies are available in the liter-

ature [30]. Later, ANM-MC algorithm has been used for the construction of successful path-



ways for a diverse set of proteins consisting of hinge-bending proteins, DNA-binding pro-
teins, enzymes with loop closure, and proteins with shear-type conformational transitions
[34]. Closer predictions between experimental and computational targeted closed states us-
ing the initial structure have been achieved efficiently with the improvement of ANM-MC

parameters.

The construction of targeted pathways between open and closed states by ANM-MC
has shown success. However, the current method needs further developments for the effi-
cient calculations of pathways for large systems by addressing the scalability problem. In
the current thesis, the ANM-MC parameters have been analyzed and further optimized to
obtain plausible intermediate coarse-grained protein structures along the conformational
transition pathway. Accordingly, the new efficient and optimized ANM-MC method is ap-
plied to large molecules. Finally, reverse-mapping of all intermediate/snapshots back to an
atomistic system is employed for the construction of the full atomistic 3-D structure of large

proteins.

In the following chapter, the experimental and computational methods are provided for
conformational transition pathways of large proteins. The detail explanation of the optimi-
zation of ANM-MC method and its applications to a set of large molecules is provided in
Chapter 4 and 5, and reverse mapping of their trajectories are given in Chapter 6, respec-

tively. The conclusions and recommendations are summarized in Chapter 7.



2. LITERATURE REVIEW

2.1. Protein Structure Determination

Macromolecules are constructed by linear sequences of amino acids linked via peptide
bonds by forming a polypeptide chain. Amino acids are naturally occurring with different
side chains, sizes, shapes, charge distributions and hydrogen bonding capabilities which en-
able proteins perform many functions essential to life. The discovery of the tertiary structure
of a protein chain, or the quaternary structure of its complexes give an insight about its
structure, dynamics and function relationship, which may be examined in vitro, in vivo, and

in silico.

2.1.1. Experimental techniques

The major experimental methods used in tertiary protein structure determination are X-
ray crystallography and nuclear magnetic resonance. X-ray crystallography has made the
largest contribution to the protein structure determination, which can produce information at
atomic resolution. The rapid growth of protein structure data can be attributed to the techno-
logical advances in X-ray crystallography, although the solution of crystal structures of mul-
ticomponent systems and membrane proteins have been remained still challenging. For-
mation of crystals to collect high-resolution data for structure determination may not have
sufficient quality due to the poor protein quality [35]. However, X-ray crystallography is
still the most powerful technique for structure determination and analysis of proteins. In
particular, globular proteins are comparatively easier to crystallize in preparation for X-ray
crystallography while crystallization of membrane proteins are difficult [36]. Up to current
date, nearly 75000 X-ray crystal structures of proteins have been deposited in Protein Data

Bank (PDB) which are consisted of 70% of all X-ray structure of all compounds in PDB.

Alternatively, Nuclear magnetic resonance (NMR) spectroscopy is a powerful technique
to determine the three-dimensional (3D) structures of biological macromolecules at atomic
resolution. NMR is currently the only method that can accurately define atomic structures in

solution by estimating more accurate information between pairs of atoms and providing the



final possible conformations of solvated proteins. Solved NMR structures of proteins depos-
ited in the Protein Data Bank (PDB) obtained in the form of Cartesian coordinates for each
atom in the protein [37] have reached over 10,000 protein structures containing 350 or more
residues whereas the first deposited structures date back only to 1989. Another advantage of
NMR spectrum is these structures have been mostly determined in solution, similar to their
natural conditions. However, the degree of sensitivity of all the parameters measured by
NMR spectroscopy to molecular structure and dynamics can restrain to construct models of
the three dimensional structures of proteins. Besides, the NMR spectra are highly congested
with the size of the protein, particularly a small protein of 100 residues containing approxi-
mately 800 protons, which makes the spectral assignment easily deformed or structure de-

termination impracticable [38].

The other methods could be cryo-electron microscopy and small-angle X-ray scattering
(SAXS). The former one is suitable to large and stable proteins like ribosomes which are
braced by rigid twists of RNA Ribosomania has been focused by cryo-EM researchers in the
past couple of years [39]. Dozens of cryo-EM structures of ribosomes from a multitude of
organisms have been quickly published. Especially, the first high-resolution models of hu-
man ribosomes have been determined [40, 41]. As both ordered and disordered proteins in a
broad range of molecular sizes are the case, SAXS comes a powerful method for the struc-
tural characterization in solution under various experimental conditions varying from ex-
treme to nearly native. It helps to determine the sizes and shapes of proteins and complexes
[42].

2.1.2. Computational techniques

Protein structure determination from amino acid sequence has been regarded as a funda-
mental scientific grand challenge in computational biology and chemistry. Computational
techniques can attempt a prediction of a protein structure by providing a means of generating
a plausible structure for proteins whose structures have not been experimentally determined
[43]. Even though, over the last decades, many experimental techniques have been applied
for determination of the protein structures, and consequently, the determined structures of
several proteins have been added to libraries; accessing the ligand binding and conforma-

tional changes of proteins are still limited both for technical and economic reasons. In this



regard, protein libraries, i.e. Protein Data Bank, constructed by experimental/lab data are too
limited, expensive, and slow to build libraries of even thousands of conformations or ligand

binding proteins, which makes the understanding functions of proteins still largely unknown.

2.1.2.1. MD Based Studies. The most realistic and plausible structures of biomolecular

systems are represented by full atomistic molecular dynamics (MD) simulation which could
be challenging and daunting task for the exploration of large scale conformational transitions
in biological macromolecules. Many methods including transition pathway sampling and the
original spring method have been proposed to obtain the plausible transition pathways be-
tween stable states [9, 10, 12, 44-51]. Specifically, this string strategy has been based on the
full atomistic MD simulations and applied successfully on many biological systems to ex-

plore only their particular conformational transitions [11, 52-59].

2.1.2.2. Reduced Models. The reduced or coarse-grained models are designed to study

biomolecule behaviors, such as large internal motions or conformational changes in order to
reduce the number of degrees of freedom by building models in which some of the atoms
are ignored or groups of them are treated as united pseudo-atoms without losing its important
features, such as structural details, internal dynamics and characteristic interactions. Coarse-
grained model simplifies the atomistic structure and adopts a simple potential function that
uses knowledge of resolved structures which makes it an uncontroversial one to escape the
computational cost in protein structures. The Ca atom is explicitly defined and serves as the

most important point within a residue in most cases.

2.1.2.3. Monte Carlo Energy Minimization Method. Optimization procedures are required

for a comprehensive understanding of interatomic interactions leading to the most-stable
conformations of a protein from a linear polypeptide chain. The energy surface is so strongly
anharmonic that there are many local minima within the range of thermal fluctuations alt-
hough proteins appear to have apparent dual harmonic and anharmonic aspects while they
behave in a way where the energy surface are harmonic [60, 61] The existence of confor-
mations of a protein in many local minima in the multidimensional energy surface is chal-
lenging in locating the global minimum of the empirical potential function and becomes
aggravated as the size of the protein increases [62]. MD calculations are free from the as-

sumption of harmonicity and very challenging whenever complexity appears. An efficient



global optimization procedure which is capable of finding an appropriate local minimum is
required for a successful prediction of the three-dimensional structure of proteins while it is
computationally inexpensive enough to be used in the search procedure, yet sufficiently ac-
curate to ensure the uniqueness of the conformation. In this perspective, Monte Carlo method
Is a cost alternative method to simulate the protein dynamics free from the assumption of
harmonicity. The existence of corresponding multiple conformational substates experimen-
tally [63] shows the validation of motions associated with normal modes with medium and
high frequencies with the assumption of harmonicity of the energy surface [64]. The Monte
Carlo approach basically combines the power of conventional energy minimization and the
Metropolis criteria [65] to find local minima.

2.1.2.4. Large Proteins. The interest in studying large proteins in detail are still a missing

part in literature due to the lack of enough structure information. It is not feasible to explore
the molecular motions of proteins by fully atomistic MD simulations and normal mode anal-
ysis (NMA). It appears important in order to classify repeating structural patterns of proteins
and to understand the relations between structure and functions. As the coarse grained ap-
proaches have been useful in elucidating the functionally important collective motions of
large proteins [66, 67], the investigation of large quaternary structures and biomolecular
complexes have become possible computationally with the representation of protein struc-
tures as elastic networks [68-70]. Doruker et al. investigated the collective motions extracted
by the coarse-grained ANM calculations performed on influenza virus hemagglutinin, a ho-
motrimeric enzyme composed of 1509 residues as a large molecule by eliminating the par-
ticular Ca atoms along the backbone structure repeatedly on the protein pattern and success-
fully obtained the equivalent cooperative motions [22]. Hinsen et al. analyzed the domain
motions of large proteins with around 2700 residues and indicated that the advantage of
Normal mode analysis as providing the same domain identification and a more detailed pic-

ture of domain movements with one experimental structure.

2.1.2.5. Reverse-Mapping Studies. Thanks to the coarse grained methods, the simulation

of molecular systems, and especially the exploration of the behavior of larger systems have
offered steps forward in future studies; which also allows beyond the time scale readily ac-
cessible at atomistic level [71]. Although the ideal method for protein structure prediction is

to search through the conformational space and identify the lowest free-energy states under



given force fields, it is usually not feasible to search even medium size proteins in full atomic
representation due to the astronomical number of possible conformational states. Recon-
structing 3D coordinates of every atom in protein molecules from coarse grained structures
is the central theme in structural biology. However, the sufficient investigation of properties
of even large length of proteins requires the preparation of full atomistic well structures ob-
tained by computer simulations as the information on some of the atomic positions are
missed depending on the degree of coarse-graining. Nevertheless, most of the protein struc-
ture prediction methods provide protein chains in a reduced model by different representa-
tions. While UNRES [72] represents a residue by three points of C-alpha (Ca), side-chain
center, and a virtual peptide group, ROSETTA [73] uses backbone heavy atoms and C-beta
(CB). TASSER [74] and I-TASSER [75] represent a residue by two points of Ca and the
side-chain center of mass. In these models, the coarse-grained structural implications are
lack of the properties of absolute configurations or orientations of atoms which demonstrates
the dynamics of proteins in detail. Consequently, the coarse grained structures needs to be
transformed into an appropriate full atomistic representation which is denoted as back map-
ping, inverse mapping or reverse mapping. The usual method in reverse mapping procedure
is first to relax and equilibrate the coarse grained structure before performing the transfor-
mation of the structure back. Secondly, the resulting full atomistic structure is relaxed by
short molecular dynamics runs or other alternative methods to correct the new structure.
Needless to mention that the coarse grained schemes refer the same properties in the reverse

mapping structures.

Doruker et al. demonstrated the successful application of reverse mapping method on
specific snapshots of coarse-grained PE melt over two different lattices to obtain the fully
atomistic representation [76]. There are also some online programs capable of transferring
reduced models to full atomic coordinates such as PULCHRA [77], NEST [78],
MAXSPROUT [79], MODELLER [80] and REMO [81].

2.1.2.6. NMA Based Techniques. A better suited technique to study large structural rear-

rangements than MD is Normal mode analysis (NMA). Although it is more expensive in
terms of memory, it takes much less demanding in terms of CPU time. NMA is designed to

investigate the vibrational motion of a harmonic oscillating system which are of small am-
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plitude in a potential energy in the immediate vicinity of its equilibrium [82]. The funda-
mental hypothesis is that the largest and functionally relevant movements in a protein are
described by the vibrational normal modes exhibiting the lowest frequencies. A variety of
successful techniques have been developed with the help of NMA on proteins for the pre-
diction of collective, large amplitude motions proteins and protein assemblies [64, 66, 83-
91]. The study of the slow dynamics of biomolecules with the use of normal mode analysis
have been prevalent. The applications of normal modes have been utilized on a range of
small proteins to molecular machines like lysozyme, HIV1-protease, aspartate transcarbam-

ylase, myosin, integrins, Ca-ATPase, F1-ATPase, Chaperonin GroEL, ribosome [92-105].

2.1.2.7. ENM Based Studies. The elastic network model (ENM) [106-108] has been em-

ployed broadly as a coarse grained structure based model in conjunction with NMA [85, 91,

109]. It is a simple model and method resulted which provides a satisfactory description of
the correlations between atomic fluctuations within computation times at least one degree of
order less than commonly used molecular approaches. ENM models basically focus on the
deformation of the system along the low frequency normal modes by utilizing the Hessian

matrix of the potential built with the experimental structure.

The network model is a major determinant of accessible modes of function could be
concluded by the utilization of collective motions relevant to function occurring along the
low energy normal modes of motions predicted by ENMs [21, 100, 102, 110-113]. ENMs
coupled with NMA have explored successful conformational transitions by searching an en-
ergy minima on conformational energy landscape in a given neighborhood. Indeed, they are
very precursor in the advances of proceeding methods providing plausible intermediate
structures along a transition whereas they are insufficient in building a transition pathway
between two states [7]. Kim and Jernigan et al. developed a computationally efficient
method based on a coarse grained ENM for searching of the transition of a protein between
two conformations very successfully and reliably; which interpolates the distances between
amino acids within the range of two end structures within the defined cutoff distance [98,
114]. This study particularly indicates the application of NMA into the large systems by
dividing the system into pieces and carrying out NMA calculations for each of them [115-
117].
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Maragakis employed the plastic network model (PNM), an extension of ENM, which
uses the driven molecular dynamics methods in conjunction the minimum energy pathway
within two known end structures and the intermediates structures if available. ENM is ap-
plied to the each end side of the pathway and the intermediate structures are determined for
the construction of the pathway of Escherichia coli adenylate kinase with an energy mini-
mization method [118]. Two ENM surfaces by using the minimum potential search on the
surface to construct a pathway have also been investigated by the other studies [53, 119-
121].

Bahar and Haliloglu et al. introduced the Gaussian Network Model (GNM) [85, 109] for
investigating the dynamics of proteins and their complexes. A broad range of applications
of GNM validates that it successfully provides information on the size of fluctuations away
from the mean positions and on the structural elements providing adequate flexibility to en-
able conformational changes [122-126]. Li et al. serves the latest version of GNM which
covers more than 95% of the structures currently available in the Protein Data Bank (PDB)
with the ability of being a useful resource on their biological assemblies for establishing the
bridge between structure, dynamics and function [127].
2.1.2.8. ANM Based Studies. ANM is a promising tool as a simple ENM for describing the

collective dynamics of a broad range of biomolecular systems. Eyal and Bahar et al. exam-
ined the performance of ANM on a large set of proteins as a function of its optimal model
parameters with a highest agreement with experimental data and provided and its limits of
accuracy and applicability of prediction for different residue types and secondary structures.
As a conclusion, better correlation is observed with increase in the resolution of the structure
of interest. Additionally, residue fluctuations in globular proteins are more accurately pre-
dicted with ANM than those in nonglobular proteins [128].

Another approach, adaptive ANM (aANM), based on ANM has been proposed and
applied to the allosteric transitions of the GroEL-GroES complex. It is based on the simul-
taneous generation of pairs of intermediate conformations, starting from the known end-
points to create a series of intermediate conformers iteratively until the two intermediates

are close enough within a predefined root-mean-square-deviation (RMSD) [28].
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Das et al. has proposed a simple and efficient method, ANMPathway, to investigate
gives physically meaningful conformational transitions of globular and membrane proteins.
Similarly, each of the end-states are represented by ENM to construct two-state potential by
mixing these two ENMs. The transition state is searched as a minimum energy structure and
two separate steepest descent minimizations are performed to connect the end-states along

with the transition state or a constructed pathway [7].

Eyal et al. introduced a user friendly ANM server with an indentation to serve the
researchers with little background in computational biology which requires only the PDB
file of the structure of interest as an input and gives the output structures with collective
modes with the option of controlling model parameters [128]. The same group presented an
improved version including upgraded functionals and capabilities by providing protein struc-
tures with the other extension parts or namely biomolecular complexes and assemblies with
DNA, RNA and ligands [129].

Kantarci et al. introduced ANM-MC methodology in which collective modes are
obtained from ANM and combined with MC simulations for energy minimization and pro-
duce conformational transition pathways as an output. This methodology was carried out on
AK and hemoglobin structures successfully. Uyar et al. developed the ANM-MC algorithm
for the successful transition pathways for a set of 26 proteins with different protein dynamics
features. Then they applied ANM-MC technique to a membrane protein with set of modeled
structures of human beta-2-adrenergic receptor for the exploration of conformational transi-

tion between active and inactive states [130].

Additionally, Uyar et al. developed a further technique Rg-ANM-MC to predict possible
unknown conformations of closed/bound structures [34] and even utilize Rg as a constraint
in the ANM-MC technique to predict apo/unbound form of the protein of homodimer p50
nuclear factor-kappa B (NF-xB) [131].

2.1.2.9. Other Studies. One of the different performance of successive normal mode calcu-

lations by moving a stable initial structure along the intermediate structures with the overlap
best with the target structure with the help of reparameterization of the network along the
pathway [132].
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One of the different approaches termed as tCONCOORD method, a reimplementation of
the CONCOORD approach, is proposed which provides fast and accurate prediction of pro-
tein flexibility on experimentally known conformational transitions by allowing a computa-
tionally efficient sampling of conformational transitions of a protein based on geometrical

considerations [133].

Additional methods such as the weighted ensemble method [103, 134-136] and the dy-
namic importance sampling [137-139] could be noteworthy for the determination of confor-
mational transitions. Huber et al. [136] introduced a path sampling method guaranteed to
controlled binding of a ligand to a receptor statistically, which was developed further for the
configurations coarse-grained folded proteins [140]. Zhang et al. demonstrated later that the
method based on standard Brownian dynamics can also statistically comprise the Markovian
and non-Markovian dynamics. The application of the similar strategy is later preferred in the
“forward flux” sampling [141, 142].
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3. MATERIALS AND METHODS

3.1. Anisotropic Network Model

The Anisotropic Network Model (ANM) is a simple yet powerful tool introduced by
Atilgan et al. [19] and Doruker et al. [22]. ANM provides the relation between function and
intrinsic dynamics of biological macromolecules rooted in Normal Mode Analysis. It is ba-
sically an Elastic Network Model in which the protein is represented as an elastic mass-and-
spring network, where the interaction among the Ca atoms of residues are described by har-

monic springs.

The network of Ca atom interactions is generated within a predetermined cutoff distance
and defined with the Force constant matrix, Hessian matrix (H). H is 3Nx3N matrix com-

posing of super elements represented as

Hl,l H1,2 Hl,N
H = H2,1 : HZ,Z . HZ:,N (31)
HN,l HN,Z HN,N

where the off-diagonal super elements are,

9V 9V 9%V ]
9X;0X; 0X,0Y, 0X,0Z;
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In practice the off-diagonal super elements are calculated by
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where Rjj is the distance between sites i and j, y is the universal force constant. H is the

second derivate matrix of the overall potential function which is given as

(g) z Z h(r, — Rij)(AR; — AR;)? (3.4)
Jj

i

|4

where h(x) is the heavyside step function (h(x)=1 if x > 0, and zero otherwise) and AR; is
the fluctuation in the position vector R; of site i (1 <1 < N). It can also be represented in a

matrix form as:
v = (1/,)ARTHAR (3.5)
where AR is position fluctuations vector.

Eigenvalues and eigenvectors of the Hessian matrix are extracted to obtain modes,
namely motions of the protein. The decomposition of Hessian matrix yields 3N-6 non-zero
eigenvalues where the 6 zero eigenvalues indicate three translation and three rotation mo-
tions of the protein (i.e. rigid body motion). After the 6 zero eigenvalues are discarded, the
corresponding eigenvectors of remaining (non-zero) eigenvalues determine the respective

frequencies and deformation directions of the motions, called modes.

The cutoff distance defines the maximum pairwise interaction range between Ca atoms.
It is the only predetermined parameter in the model and usually differs from 5 to 30 A.
Atilgan et al. [19] shows that ANM uses a cutoff value of 18.0 A after calibration with ex-
perimental fluctuations. Eyal et al. examined the performance of the model on a single pa-



15

rameter (i.e. cut-off) and concluded that the large cutoff in ANM does not mask the topolog-
ical differences between residues [128]. More realistic anisotropic displacement parameters
are obtained using lower cut-offs in another study of Eyal et al. [143]. Globular proteins are
defined best for cut-offs of 15-21 A on average whereas individual proteins are better with
smaller cut-offs of 12-15 A [144]. Uyar et al. benchmarked cutoff values on the dataset
diverse in terms of folds and number of domains and recommended the cut-off value of 10
A for ANM [34]. Besides, the sparsity of Hessian matrix increases with smaller cut-offs
which offers higher performance and lower memory usage. Considering both theoretical and

computational aspects, the value of 10 A for distance cut-off is chosen in this thesis.

3.2. Monte Carlo (MC) Simulation

The Monte Carlo simulation/Metropolis technique is a simplified and an efficient yet
realistic simulation method developed to simulate biological macromolecules [32]. It is an
energy function based on a reduced model for protein structures. Its predictions has been
shown to be in agreement with residue order parameters [31] and hydrogen exchange data

[33] from NMR measurements.

In this present study, this coarse grained MC technique is utilized to minimize the energy
of the protein structure after the perturbations along the normal modes. In this reduced
coarse-grained model, the protein structure is represented by two interaction sites, Co atom
and side chain centroid (SC) for each residue (i.e. only Ca atom is taken into account for
Glycine amino acid). A schematic representation of a protein segment between €, and C{% ,
is given in Figure 3.1. Needless to mention, for a protein with N residues, the conformation
of the backbone has 3N-6 variables including N-1 backbone virtual bonds [;, N-2 bond an-
gles 6;, and N-3 torsional angles ¢;. Sidechain attached to the C{* is designated as Si. [; is
the i virtual bond extending from C/* , to C*. ¢; is the rotational angle of the bond [; defined
by the respective locations of the four backbone units C*,, C*,, C{* and Cf, ;. 6; is the bond

angle between bonds [; and [; 4.

The conformational space of a residue in the available template coarse grained struc-
ture is predicted by the energy of two effective interaction sites (Ca atom and SC) of a resi-

due evaluated depending on the distance in between, and the type, of amino acid that the
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sites belong to. The interresidue interaction energy based on distance-dependent potentials
are taken from Bahar and Jernigan et al. [145] obtained by the derivation of 302 reference
structures at different environments [146, 147]. These knowledge based potentials are not fit
to functions, and are discrete instead, at 0.4 A resolution (i.e: mesh sizes are taken into ac-
count for the determination of background probabilities in the discrete state formalism). The
set of parameters are driven from the potentials with these reference states. Besides Bahar
and Jernigan et al. presents effective contact potentials obtained from the integration of ra-
dial distributions over different distance ranges [148]. The overall interaction energy is ob-

tained by the summation of the interaction energies over N residues as

N-3 N N-4 N N-5 N
E () = Z Z ESS(’”ij)"‘Z Z Ess(’"ij)"‘z Z EBB(rij) (3.6)

i=1 j=1+3 i=1 j=1+4 i=1 j=1+5

where SS, SB, and BB are the potentials between side-chain sites, side-chain and backbone
sites, and backbone sites and rij is the distance between the residues i and j in conformation

®, respectively.

Figure 3.1. Schematic representation of the virtual bond model.

The conformations of the individual residues, both Ca atoms and SCs, contribute to
the total energy of the virtual model system. Formerly, the conformational energy of Ca
atoms are formed due to the changes in bond angle and bond torsions, and expressed as
statistical potential [149]. Specifically, the bending of bond angles and rotational angles ®i-

and ®i* of the virtual backbone bonds and the pairwise interdependence of these torsion
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and/or bond angle bending. Latterly, the short-range potential energy of backbone and side

chains is expressed as based on the virtual bond model given by Bahar et al. [149] as:

N

N N [E@D | EGD
Esp(®) = E<zi>+zE<9i>+Z[ S AE(HT, 9]
2 i=2 i=3

i=

(3.7)

N-1

+ ) [AE(6;, ¢;7) + AE(6;, ¢)]
3

i=
The potential energy for the bond length (I5), bond angle (6;), and torsion angle (¢?)

of side chain i is as below:

N N N
E5(®) = ) E() + ) E05) + ) E(9D) (38)
i=1 i=2 i=3

The distance dependent potential of the protein structure is simply summation of short-
range backbone energies (Esg), side-chain conformational energies (E3%) and long-range in-

teraction energies (E,z) of its individual residues from Eqgns. 3.7, 3.8, and 3.6, respectively.

N
E(®) = ) Esa(®) + ESe(®) + Fya(®) (39)

=2

The Monte Carlo minimization process is used in various studies [32, 33, 130, 131,
149, 150]. Individual residues are moved by randomly choosing a Ca. atom or SC interaction
site and iteratively generated random conformation is accepted or rejected according to the
Metropolis criterion [65]. At each iteration, the Cartesian coordinates of each residue are
perturbed N times for a protein structure with N residues by a random generated number, &,

between 0 and 1 as:

Xnew = Xota + (2§ — 1)6Tnax
Ynew = Yoia T (2§ — 1)6Tpax (310)
Znew = Zoia + (2§ — 1)6Tpax
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where 61,4, IS a proportionality factor controlling the limits or strength of perturbation. The
Metropolis criterion simply controls the acceptance of each move in accordance with the
overall knowledge based potential of the system. If the new configuration has lower energy

than its predecessor, then the starting point of the next iteration is the configuration already

on hand. Otherwise, if the Boltzmann factor, exp (;—NT/) is larger than the random number
B

between 0 and 1, then the new configuration is accepted; if not it is simply rejected, and the

initial configuration is examined further.
3.3. ANM-MC Technique

Transition conformations are deformed by ANM along the collective deformation direc-
tions within a cutoff distance iteratively followed by MC runs to correct the deformed con-
formations by minimizing the overall knowledge based potentials of the system. Coarse
grained biomolecular structures are employed and each residue has two nodes: the Ca atom
and SC while only Ca atom is taken into account for Glycine amino acid which is a very
unique amino acid as it contains a hydrogen as its side chain rather than a carbon as is the
case in all other amino acids. Schematic flowchart of the method developed is provided in

Figure 3.2.

The algorithm [30] is as follows: It takes crystal structures of initial and final/target states
as inputs and reduces them to coarse-grained structures in Step 1. Deformations are given to
the initial/apo/open structure along the slow mode direction of its aligned tar-
get/bound/closed structure by superimposed technique [151] within a predetermined cutoff
distance in Step 2. Lowest number of eigenvalues and corresponding eigenvectors are ex-
tracted, which gives frequency eigenmodes for each generated structure in Step 3. Dot prod-
uct of the eigenvectors provides the highest overlap in the target direction in Step 4. Defor-
mation is given along the selected mode direction with highest overlap in Step 5. The de-
formed structure is the generated structure with the equation below

Ryew =R+ U X DF (3.11)

where DF is a specified deformation factor and R and Rnew are the previous and new position
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vectors, respectively in Step 5 which is the last step of ANM. The same deformation deter-
mined for the Ca atoms by ANM is then applied to the corresponding SC atoms in which
MC takes into account. The deformed conformation is allowed to relax by efficient MC
energy minimization runs utilizing the knowledge based potentials, in Step 6. The target
vector is updated in Step 7 based on the modification of the previous state. This procedure

is iterated until the very initial structure overlaps the target structure most.

RMSD is used in this study as a parameter to determine the extent of convergence of the
initial structure over the target structure. ANM-MC trajectories for the dataset are presented
in Section 5 for the following parameters: DF = 0.3 A, Rc = 10 A, MCs = 15 and MC PS =
0.15 A.

3.4. Reverse-Mapping Technique

The coarse-grained snapshots coming from ANM-MC simulations are reverse mapped
and subjected to energy minimization (Figure 3.3). In this particular study, the coarse grained
structures are constructed of the Ca atoms and side chains as representing each residue of
protein chains. The present contribution of atomistic details into a coarse grained scheme in
the framework of Monte Carlo (MC) simulations utilizes a convenient reverse mapping pro-
cedure, specifically by introducing the side chains with the same amount of position shifts
of the Co atoms. For mapping at each iteration, the reference full-atomistic structure is the
full atomistic structure minimized at previous iteration. In detail, the position changes in Ca
atoms of residues are determined and following the side chain atoms of each corresponding
residue are relocated with the same amount of position shifts of Carbon alpha atoms. Then,
the obtained full atomistic scheme is corrected by minimizing energy of the system with
CHARMMZ22 all-hydrogen protein force field [152], one of the widely used force fields. The
process of energy minimization is performed explicitly with non-periodic boundary condi-
tions. Structure is first immersed in a sphere containing water molecules using VMD soft-
ware [153]. Protonation states for histidine residues are assigned based on hydrogen bonding
opportunities. NAMD software [154] is used to minimize the system energy along
CHARMMZ22 all-hydrogen protein force field. Energy minimization is carried out using
steepest descent method by 10000 steps.
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INPUT: initial and target structures OUTPUT: snapshot
A

If RMSD = Reemired

STEP 1:
coarse grained structures

l

STEP 2: IFRMSD > Rioquired

target direction is defined by A ———————
aligning initial and target structures

STEP7:
RMSD between current and target
structure is calculated
STEP 3: 1
lowest frequency eigenvectors for
initial structure are obtained using STEP 6:
ANM Energy minimization is performed by
MC
STEP 4: STEP5:
overlap between eigenvectors and — m————f  deformation is given along the mode
target direction is calculated with highest overlap

Figure 3.2. Flowchart of ANM-MC algorithm.

Figure 3.4 depicts the procedure on a coarse-grained snapshot of a protein in the da-
taset. In Figure 3.4a, the coarse grained segment of 5-enolpyruvylshikimate-3-phosphate
synthase (ESPSPS) is shown, taken from the 1% snapshot in its ANM-MC trajectory (Chain
A, residue 3-10). The reference full-atomistic structure is the structure minimized at previous
iteration. Figure 3.4b illustrates its reverse-mapped version, where red circles indicate the
Co atoms. As a preparation to energy minimization step, water molecules are placed by
VMD (Figure 3.4c), then it is optimized (Figure 3.4d). This mechanism is repeated along the
327 iterations of ANM-MC trajectory of EPSPS.
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INPUT: initial and target structures
& REVERSE MAPPING
+
ANM + MC ENERGY MINIMIZATION
OUTPUT: Trajectory OUTPUT: Trajectory
(coarse-grained snapshots) (full atomistic snapshots)

Figure 3.3. Flowchart of reverse-mapping procedure.

Several issues need to be addressed in the full atomic model reconstruction such as
plausibility of geometries. Physical full atomic models with regular bond-length and bond-
angle need to be constructed. What is a significant challenge is to move the Ca atoms in a
correct direction. Most of the virtual points (Ca atom and SC) are moved around in the con-
formations generated in reduced representation by MC method so that the global topology
of full atomic models is at least not worse than the initial reduced model. Additionally, the
local structures of the models of the full atomic models should be constructed in a way that
the correct hydrogen-bonding networks and the native-like secondary structures are kept op-

timal.

The coarse grained trajectories obtained by ANM-MC program are investigated
whether the generated coarse grained protein structure have plausible geometry in Section
5. The reverse mapped models at each iteration are built with the geometry at previous iter-
ation in order to keep the regular molecular geometry. The three-dimensional constructed
conformations are followed by energy minimization runs as to relax both the global body
and the local parts of the reverse mapped structures in Section 6.

3.5. Computational Details

In this section, some practical information on the use of the ANM-MC program will
be provided. The algorithm is implemented in Python 2.7 and can be run on any computer
system. All ANM-MC runs are performed on a local server with an Intel (R) Xeon (R) Model
X5670 12-core CPU, clocked at 2.93 GHz with 48 GB RAM.
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Figure 3.4. Reverse mapping procedure of 1% snapshot of EPSPS. A) Coarse-grained (rib-
bon) structure of A3-10. B) Atomistic structure of A3-10. C) Atomistic structure of whole
enzyme with water molecules around. D) Atomistic structure of whole enzyme after opti-

mized.

The biggest challenge in ANM is obtaining the most significant eigenvalues within
applications to large proteins. For a large protein with N residues, Hessian becomes a large
3N-by-3N matrix with a majority of zero-valued elements. To take advantage of this, Py-
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thon’s sparse-type matrix is used in the construction of the Hessian. Sparse data-type in Py-
thon (‘and similarly in other programming languages ) are designed to efficiently store data,
save a significant amount of memory and enable speed up in the data processing of matrices
that contain a large number of zero-valued elements. In ANM with the use of sparse data-
type, Hessian matrices consist of only the nonzero-elements and their indices are stored by
compressed sparse row matrices [155], which significantly reduces the amount of memory

required for data storage.

A widely-used eigenvalue package, eigsh [156] from SciPy library is used in ANM,
which is a wrapper around ARPACK [81], SSEUPD and DSEUPD libraries that utilizes the
Implicitly Restarted Lanczos Method in eigenvalue and eigenvector calculations. It offers
user the advantage of computing only a few of eigenvalues with user specified features with-

out requiring auxiliary storage while providing them precisely.

Another significant challenge in ANM-MC program is the computational overhead
of MC part in a single ANM-MC iteration. In initial step of MC, the total amount of energy
of the supramolecular system is calculated only once to initiate the interactions. At every
step, a randomly chosen residue is relocated by a random distance. Then, the energy of that
residue and the residues around its neighborhood are calculated and the difference is added
to the previously calculated total energy. In this way, energy calculations are not performed
for each single residue, which results in saving the computational time for the residues that
are not in the neighborhood of a relocated residue and not affected by them at all.

3.6. Protein Set

The proteins are listed in Table 3.1, together with the total number of residues and
chains. The PDB codes of open and closed structures that correspond to the respective initial
and target conformations are also given with their mutual (initial) RMSD. The dataset is
composed of multi-chain and relatively large proteins undergoing large conformational
changes between open and closed structures. Both structures contain same number of resi-
dues, same sequence and no missing residue and any binding ligand. For the proteins whose
a number of residues is not resolved due to their structural disorder in their x-ray structures
are constructed with the MODELLER [157]. Open (skyblue) and closed (sand) structures
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are shown in A.1 by cartoon representation via Pymol [158-160]. The cartoon representa-

tions of open (green) structure aligned to closed (red) crystal structure, and vector represen-

tations of conformational directions are drawn in Figure 3.5.

Table 3.1. Protein dataset used in the ANM-MC program.

Number
Proteins Symbol of Chains| PDB IDs open/closed
Residues
ATP Sulfurylase APS 1716 3 1M8P /112D [161]
Aspartate Transcarbamylase | ATCase | 926 4 1D09 / 1RAC [162]
Aspartate Transcarbamylase | ATCase Il 924 4 1Q95/1ZA1 [163]
Chaperonin Lidless Mm-cpn Cpn 7856 16 3IYF /3J03 [164]
Chaperonin Lidless Mm-cpn Cpn 1l 7856 16 3IYF/3LOS [165]
Citrate synthase CS 858 2 5CSC / 6CSC [166]
5-enolpyruvylshikimate-3-
EPSPS 1708 4 1RF4 / 1RF5 [167]
phosphate synthase
Glutamate Transporter GluT I 1215 3 1XFH / 3KBC [168]
Glutamate Transporter GluT I 1215 3 1XFH / 3V8G [168]
Glutamate Transporter GluT HI 1215 3 3Vv8G / 3KBC [168]
Chaperonin GroEL
GroEL | 7322 14 2C7E [ 2C7C [28]
(R/T-R’/T)
Chaperonin GroEL
GroEL 11 7966 21 1AON/2C7C [28]
(R”/T-R’/T)
Chaperonin GroEL
GroEL I 8015 21 1GRU /1AON [28]
(R”/R—R”/T)
Chaperonin GroEL
GroEL IV 7336 14 2C7E/ 1GRU [28]
(T/R—R”/R)
Chaperonin GroEL
GroEL V 7336 14 2C7E /1 1GR5 [28]
(R/T-T/T)
Hemoglobin Hb 576 4 |1BBB/1A3N [162, 169]
Lac Repressor Lacl 944 3 1TLF/ 1EFA [170]
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Table 3.1. Protein dataset used in the ANM-MC program (cont.)

Number
Proteins Symbol of Chains| PDB IDs open/closed
Residues
Myosin MYO 719 2 1VOM / IMMA [171]
Hypothetical Transcriptional
_ QacR 744 4 1JTO/ 1JUS [172]
Regulator in QACA
1150 [173] / IWCM
RNA Polymerase 11 RnaP | 3666 10
[174]
RNA Polymerase 11 RnaP Il 3666 10 2E2J) / 2E2H [175]
Uracil
UPRTase | 846 4 IXTU [ 1XTT [176]

Phosphoribosyltransferase

ATP Sulfurylase (LM8P/112D)

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral

representation of conformational directions from open structure to close structure.
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Aspartate Transcarbamoylase (1Q95/1ZA1)

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral

representation of conformational directions from open structure to close structure (cont.)



27

Glutamate Transporter (3KBC/3V8G)

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral
representation of conformational directions from open structure to close structure (cont.)
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GroEL (1GRU/LAON)

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral
representation of conformational directions from open structure to close structure (cont.)
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Lidless Mm-cpn (31'YF/3J03)

@

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral

representation of conformational directions from open structure to close structure (cont.)
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RNA Polymerase 11 (1150/1WCM)

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral
representation of conformational directions from open structure to close structure (cont.)
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Uracil Phosphoribosyltransferase (LXTT/1XTU)

Figure 3.5. Open (skyblue) structure aligned to closed (sand) crystal structure and vectoral

representation of conformational directions from open structure to close structure (cont.)
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4. OPTIMIZATION OF ANM-MC SIMULATION PARAMETERS

4.1. Determination of the Spring Constant for Virtual Bonds

ANM explains the internal motions of a protein subject to a harmonic potential by
representing the biological macromolecule as an elastic mass-and-spring network. When a
spring is stretched or compressed by a mass, the spring develops a restoring force resulting
from elastic potential energy. In the network, springs represent the interactions between
close-neighboring Ca atoms. After the protein structures is deformed along a collective
ANM mode at each iteration, the energy of the deformed structure is minimized by MC
simulation based on a coarse-grained potential combining both short range and long range

potentials summed over the entire structure.

In knowledge-based potential utilized for MC simulation, the harmonic potential of a
backbone virtual bond connecting Ca atoms i and i+1 is defined using the instantaneous

positions of these atoms as ri = (Xi i zi) and ri+1 = (Xi+1 Yi+1 Zi+1), respectively.

E(ly) = y(1r; — 1741)? (4.1)

This term contributes to the overall energy of the protein structure as given in Equation 3.9

in Section 3.2.

The value of the force constant y determines the scale of changes in the virtual bond
lengths of the backbone. Kurt et al. chose the force constant of 10 J/A/mol in structure-based
prediction of potential binding and nonbinding peptides to HIV-1 Protease [177], whereas
Kantarci and Uyar et al. preferred the force constant of 30 J/A/mol in investigation of con-
formational transitions of proteins using multi-scale modeling approaches [30, 34, 131]. Still
unrealistically large extensions/contractions of a limited number of backbone bonds have
been observed during some conformational transitions. To overcome such artifacts, AK and
calmodulin are utilized to adjust the value of the force constant in the MC minimization
process and thereby obtain strictly proper backbone geometry of structures along the transi-

tion pathway. AK is a 214-residue enzyme that catalyzes transfer of the terminal phosphoryl
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group from ATP to AMP. Calmodulin is a multifunctional intermediate calcium-binding

messenger protein expressed in all eukaryotic cells [178].

Calmodulin is a small, highly conserved protein that is 148 amino acids long. It has
two approximately symmetrical globular domains separated by a flexible linker region. It is
such a flexible protein that binds a wide variety of target proteins with various shapes. Par-
ticularly the linker region of calmodulin is found flexible in NMR studies even when it is
not bound to a target protein. Its flexibility causes a larger conformational change in N-
domain (Thr 5- Arg 74) than in the C-domain (Glu 82 — Thr 146) [179].

The coarse grained geometry is the three-dimensional arrangement of the Co atoms
that constitute the protein molecule. Protein geometries can be specified in terms of bond
lengths, bond angles and torsional angles. Bond length or bond distance between two bonded
Ca atoms is the average distance in a protein molecule. Bahar and Jerningan et al. reported
backbone virtual bond lengths as 3.81 + 0.02 A in their statistical analysis of known struc-
tures made for an assessment of the utility of short range energy considerations [149]. An-
other statistical analysis shows a narrow distribution of Ca - Ca bond lengths centered at
3.78 A (range: 3.65 A - 3.90 A) in a virtual model of protein structure. As an exception, cis
peptide bonds before Proline residues adopt a different conformation, where the Co—Ca dis-

tance is 2.97 A on average [180].

When open (PDB ID: 4AKE) and closed (PDB ID: 1AKE) forms and some experi-
mentally known intermediate structures (PDB IDs: 2BBW, 1DVR, 1ANK, 1E4Y, 2ECK,
1E4V, 3HPQ, 3HPR, 1S3G, 3DKYV, 3FB4, 3AKY, 2AKY, 1AKY [146]) of AK are ana-
lyzed, the bond length distribution is between 3.65 A - 3.90 A in their virtual model struc-
tures as shown in Figure 4.1a. Proline amino acid bond lengths are around 2.95 A in each
AK structure and discarded from Figure 4.1a. Alternatively, the distribution of bond lengths
of calmodulin with solution NMR data consisting of 160 conformers (PDB ID: 2KOE) are
given in Fig 4.1b to provide a better illustration about the distribution of distances Co—Ca in
solvated conformations along a transition pathway. Bond length distributions of crystal
structures are observed between 3.75 A - 3.90 A with mean of 3.82 A and standard deviation
of 0.04 A. The minimum value of the distribution of crystal Calmodulin structures is 3.75 A
whereas it is 3.65 A for NMR models.
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In the previous version of ANM-MC program [34] a force constant of 30 J/A/mol
was adopted that generates a bond length distribution around 3.80 A with standard deviation
of 0.07 A during the transition from open (PDB: 4AKE [181]) to closed (PDB: 1AKE
[182]) forms of AK. Bond lengths increased leading to higher variance towards the end of
the simulation. Some bonds lengths reached to lower and upper values of 3.4 A and 4.2 A,

respectively, which questions the plausibility of the intermediate structures.

In order to obtain intermediates consistent with these distributions of experimental
bond lengths between 3.65 A - 3.90 A, the force constant is modified here to a larger value
to make the bonds stiffer so that the intermediate structures adopt more realistic backbone
bond lengths.

Different force constants in the range of 30 — 1000 J/A/mol are tested to find the
closest overlap between the predicted and experimental structures. The bond length distri-
butions of both NMR and predicted model of calmodulin are demonstrated in Figure 4.2 for
the force constants of 300, 500 and 800 J/A/mol. The closest agreement between the NMR
and predicted model is achieved with the force constant of 500 J/A/mol. Also, the bond
lengths of calmodulin obtained with 500 J/A/mol shows a more consistent distribution with
crystal structures than NMR ones. By comparison of the one in the previous study (30
JIA/mol) [34, 131], it gives the distributed around 3.8 A with less standard deviation of 13%
and variance %32 as in shown in Figure 4.2b.

AK is a flexible and dynamic protein, which can easily change its shape in response
to changes in its environment or other factors. It undergoes a big conformational change with
RMSD of 7.1 from open to closed states. Although those large conformational transitions
are expected to reflect certain changes in virtual bond angles and dihedral angles as in the
nature of conformational transitions, both bond angles and dihedral angles are clustered at

the same residues in the intermediate structures of AK shown in Figure 4.3a.

New adjusted force constant (500 J/A/mol) achieves closer shape to the distribution of
crystal AK structures than the previously adopted force constant does in Figure 4.4b. Since
the proteins are much more flexible in solution, in their nature environment, NMR data of

calmodulin are expected to reflect much more variance by referenced to its initial model.
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However, even solvated calmodulin’s spectra has the clustering of rotational angles around
the same residues when different force constant are applied as in the Figure 4.4. Hence,
predicted structures do not undergo high changes in bond angles and dihedral angles as it

does so in bond lengths.

On the other hand, a degree of stiffness is reflected in energy profiles comparatively.
As the harmonic potential gets stiff more, bonds are literally gets tighter and contributes
more to the total energy of protein structure. In Figure 4.5, the amount of contribution of
force constant when it gets 500 J/A/mol gets quite high, compared to that of 30 J/A/mol.
This dominant contribution to the total energy is not seen when the force constant in in-
creased from 300 to 500 J/A/mol and/or 500 to 800 J/A/mol in Figure 4.6a for AK whereas
the energy profiles shift higher each time when the force constant is adopted higher in Figure

4.5b for calmodulin.

The reason behind the increase in energy profiles needs to be examined by observing
the individual contributions of energy terms in MC in detail. First of all, one of the most
distant energy profiles occurs for AK between the force constants of 30 to 500 J/A/mol. In
Figure 4.6, the groups of individual energy terms and their changing profiles with the force
constants of 30 and 500 J/A/mol are demonstrated. The largest proportional difference
among those energy couples is observed in short-range backbone interaction energies due to
the dominant coupling energies of between theta-phi-right. The Co—Ca interactions in the
long-range interaction energies are also affected comparatively by the change of stiffness
factor. On the other side, potentials among the short-range interaction energies for sidechains
contribute to the overall energy equivalently by the bond stretching, bond angle bending,
and torsional angle changes. Nonetheless, bonds are stretched with much higher variance as
the potential strength of the spring increases. A similar scenario is also observed in the
stretching of bonds individually effecting the amount of energy: the contributions of bond
stretches are not influential to the overall energy much when a higher amount of stiffness
factor is applied. It is not surprised since the shift value depends on the force constant mul-
tiplied by the square difference in bond lengths which is indeed relatively small in the overall
system. Additionally, energy value coming from bond stretches with the force constant of

500 J/A/mol takes steps closer to straight shape. It is the positive effect directly coming from
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the tighter bond length distributions and also validates that the force constant of 500 J/A/mol

gives more plausible conformational geometries.
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Figure 4.1. Distribution of bond lengths for A) different crystal structures of AK. B) 160
NMR models (PDB ID: 2KOE) and two crystal structures of calmodulin (PDB IDs: 1CFD,
1CKK).

Additionally, the individual energy profiles and their percentages along the transition
with the force constant of 500 J/A/mol are observed for calmodulin in Figure 4.7. It is con-
cluded that any of the individual energy terms does not fluctuate much along the trajectory.
Instead, all follow a straight pattern, which indicates that members of the energy groups (i.e.

long-range interaction energies) do not compensate each other.
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What is interesting is that the RMSD profiles follow very similar patterns for different
force constants adopted although the total energy of the systems shift remarkably up as the
network becomes stiffer (Figure 4.5) except for the force constant of 30 J/A/mol in the tra-
jectory of calmodulin (Figure 4.5b). To illustrate that, the RMSD values among the final
structures are listed in Table 4.1 in order to see how similar the final structures of AK actu-

ally are. It is encountered that the final structures of the trajectories obtained with high force
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constants (i.e. above 500 J/A/mol) are more similar each other. This might be explained with

the tighter networks obtained with stiff force constants.
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Figure 4.3. A) Bond angle and torsional angles of different intermediate AK structures and

B) their distributions with the force constant of 30 and 500 J/A/mol.

Finally, angle profiles among the domains of AK are drawn in Figure 4.9 to monitor

the similarities/dissimilarities occurring in the geometry of conformers during

particularly around the intermediate region between the two end points (open

transitions,

and closed

structures). AK contains three well-defined domains: the rigid, predominantly  sheet CORE
domain (gray, AK residues 1-29, 68-117, 161-214); the ATP-binding or LID domain (green,
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AK residues 118-160) and NMP or AMP binding domain (yellow, AK residues 30-67). The
inter domain angles of AK protein are formed based on Beckstein et al. [183] between the
couples of LID — CORE domains and NMP — CORE domains. The NMP-CORE angle 0y p
is formed by the centers of geometry of the backbone and C# atoms in CORE-LID, CORE,
and NMP of AK. 6,;p is defined equivalently as the angle between CORE and CORE-LID,
and LID. LID dominates large scale motions and its closure precedes the bending motion in
the NMP domain [184]. Beckstein et al. also reported that AK transition paths follow a path
in which NMP movement needs to cross a moderate free-energy barrier while LID one is
barrier-less for apoenzyme. [183] Therefore, transitions from open to closed states comprise
larger domain movements in LID-CORE than those in NMP-CORE [185]. In Figure 4.8b,
ANM-MC trajectories obtained with a range of force constant of 30 - 800 J/A/mol follow
similar paths with a slight kick. When side chains are complemented to coarse grained con-
formational structures in Figure 4.8d, both domain movements around NMP and LID require

crossing a slight barrier as compared to those in Figure 4.8c.
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and 500 J/A/mol for calmodulin structures.



4.2. Adjustment of the Magnitude of MC Perturbation Strength

The existence of many local deformations in generated structures, resulting from
ANM at each iteration, makes relaxing the conformations of a protein challenging [186].
This problem becomes aggravated as the size of the system increases. The approach here is
taking the advantage of the power of conventional Metropolis Monte Carlo method to relax
the system in local combinatorial optimization. Monte Carlo-minimization method over-
comes energy barriers by random changes in stepping downward through potential energy
effectively and let the system undergoes relaxation sufficiently. Traveling effectively over
the head of potential energy barriers requires the factor that control the efficiency of MC

method, which is the size of each Monte Carlo step.
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Figure 4.5. Energy profiles of A) AK and B) calmodulin along the ANM-MC trajectory

with different force constants.
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The choice of the parameter 67,4, Which is proportionality factor controlling the
strength of perturbation, determines the size of the trial moves in MC simulations leading to
the acceptance rate with a certain probability. In the cases where it is too large, the resulting
configuration will have very high energy and virtually all of the attempts will be probabilis-
tically rejected. Conversely, if it is too small, the protein system may have a hard time sam-
pling all of the available search space. In other words, the change in potential energy is not
sufficient to explore the potential surface and most moves will be accepted. A good average
step size depends upon the system being modeled. One of the usual methods in determination
of the perturbation strength is monitoring the energy profiles by keeping the number of ac-

cepted Monte Carlo steps fixed as a guide while the proportionality factor changes.

Gur et al. [184] tested the ability of MC/Metropolis acceptance ratio to determine the
energy barriers circumvent while taking detours on energy profile of AK. When the accepted
ratio is 1, it means all the moves are accepted and/or significant increases in energy ascent
is avoided. This leads protein samples along the softest modes with the lower tendency to
proceed in the direction of the investigated transition which usually requires surmounting an
energy barrier. When a relatively large acceptance ratio (0.90) is selected, protein has mini-
mal interference for with the structure-encoded (intrinsic) dynamics manifested by softest
ANM modes as the system progresses toward the target. When the acceptance ratio is 0.5,

transition trajectories on free energy surface are spanned by inter domain angles of AK.
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Short range Bond Stretching
Short range Bond Angle Bending
Short range Bond Torsion Right
Short range Bond Torsion Left
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Bond Angle Bending for Sidechains
Bond Tarsion for Sidechains

Figure 4.7. A) Individual energy profiles and B) their percentages along the transition for

calmodulin with the force constant of 500 J/A/mol.

The criteria of this study here is to obtain the optimum acceptance ratio that leads

consistently energetically most favorable and/or least expensive paths located in configura-

tion space by testing whether a trial move is accepted or not depending on the magnitude of

the move. Energy profiles of the ensemble of different runs confirm that independent runs

invariably sampled a well-defined similar low-energy region of the energy landscape.

Kantarci-Carsibasi et al. reported MC perturbation strength as 0.01 A with ac-

ceptance factor of 1, which simply accepts all the moves and detour a randomly chosen local

region by small steps [30]. By comparison, Uyar et al. chose a much larger perturbation

strength, 0.10 A, which permits efficiently map the transition pathways when the spring
constant 30 J/A/mol is used [34].



43

A B 150
140
&
Z
§ 130
O
Q
g 120
<
an
<
<
110
100 1 1 1 1 1 1
45 50 55 60 65 70 75 80
Angle NMP-CORE (deg)
C 150 D 150 - ,
— k30
— k500
~l140} ~ 140
g J
[2 130+ E 130
o} o
Q 0
3120 F % 120
2 2
) ah)
=) )
< <<
110+ 110
100 1 1 i 1 1 1 100 1 I I L 1 1
45 50 55 60 65 70 75 80 45 50 55 60 65 70 75 80
Angle NMP-CORE (deg) Angle NMP-CORE (deg)

Figure 4.8. A) Open (PDB ID: 4AKE) and closed (PDB ID: 1AKE) structures of AK. Its
angle pathways between LID-CORE and NMP-CORE of B) Ca atoms with 300, 500 and
800 J/A/mol, C) Ca atoms and D) Ca and SC atoms with 30 and 500 J/A/mol.

In this section, all AK runs are performed with the force constant of 500 J/A/mol as
adjusted in Section 4.1. In Figure 4.9, the acceptance rates for AK protein are controlled with
the different perturbation strengths. Parameters that are recommended by Uyar et al. [34]
gives an acceptance factor of about 0.62. However, even the acceptance rate about 40-45%
is observed really high, where PS is 0.10 A indicating that the trial moves stuck on a partic-
ular local minima in search space and search energetically unfavorable regions more fre-
quently. Therefore, decrease in the acceptance rate to 0.3 helps visiting more local minima
while searching for global optimization, no doubt. However, as the perturbation length in
MC runs is taken longer, the protein structure is observed to be able to climb over the local

energy barriers and reach the conformations with lower energy to an extent. In other words,
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the expected decrease in potential energy is not observed as the acceptance rates become
considerably lower than 0.3. This inefficiency arises as MC perturbation strength becomes
higher than 0.20 A leading exceedingly random jumps over the overall energy surface rather
than exploring it sufficiently. In overall, the desired decrease in the potential is achieved
when the MC acceptance ratio is between 0.3 and 0.4 or the MC PS is 0.15 A (DF: 0.2, MCs:
20). Thus, this optimized MC step size can give an indication of whether the full search

space is explored, or if the simulation hops between a few states in a localized region.

Table 4.1. RMSDs between final structures obtained with ANM-MC program for AK.

k: 30 k: 150 k: 300 k: 500 k: 800 k: 1000
k: 30 0
k: 150 1.17 0
k: 300 1.21 1.18 0
k: 500 1.22 1.13 1.08 0
k: 800 1.23 1.15 1.19 1.03 0
k: 1000 1.20 1.06 1.00 0.96 0.91 0

In contrast the study of Gur et al. where two different MC/Metropolis acceptance
ratio (0.5 and 0.9) are tested on AK, RMSD between the updated endpoints as a function of
MC cycle number has sharper decrease with acceptance ratios of 0.5 than that of 0.9 [184].
However, in Figure 4.9, RMSD values between undated conformation and target surpris-
ingly go with the almost same profiles along the trajectories although the energy of the sys-
tem varies with each different MC perturbation strength value. This is expected being com-
ing from ANM which is indeed the dominating part in ANM-MC simulations, especially
when considering the selected mode profiles in each run having the same distribution in
Figure 4.10.
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4.3. Determination of the Number of MC steps

The optimum MC acceptance rate with corresponding MC PS already helps reaching
the lower potential with the same amount of computation time. The next factor that controls
the efficiency of MC simulations is the number of independent MC steps attempted in each

cycle.

Gur et al. examined transition trajectories on free energy surface spanned by AK
interdomain angles with three different acceptance ratios (50%, 90% and 100%) by ANM-
MC starting from two ends independently. Trajectories starting from the open and closed
structures merged on average in 11 and 15 steps for the acceptance ratio of 50% and 90%,
respectively. In contrast, convergence could not be observed in independent runs performed
for the case in which acceptance ratio is 100% unless these runs are expended to 150 and
200 cycles [184]. In overall, less MC cycles can be sufficient to overlap on the similar energy

surface by just adjusting the acceptance ratios.

In this section, AK and calmodulin runs are performed with force constant of 500
JIA/mol and MC perturbation strength of 0.15 A and as adjusted in Section 4.1 and Section
4.2, respectively. Different number of MC steps (5, 10, 15 and 20) are applied for AK and
calmodulin right after the protein structure is deformed by ANM at each iteration, as in Fig-
ure 4.11. As the perturbation strength is increased to an extent, it is expected to have jumps
on energy surface more freely yet on well-settled points, as shown in Section 4.2. Instead of
having 20 MC steps in previous ANM-MC studies [34, 131], less MC steps (10 and/or 15)
are concluded as sufficient to approximate the structures in low energy enough to be consid-

ered as stable in its nature.

Even when MC energy minimizations are also carried out over the experimentally
known closed AK structures (PDBs: 1ANK, 2ECK, 1E4V) in equivalent conditions, their
reduced energy values are between -1900 to -1800 J/mol corresponding to the energy profiles
obtained with 10 — 15 MCs.



The main reason of the application of MC energy minimization method right after
ANM at each iteration is to relax the deformed structure to an extent. It is well known that
MC is an efficient yet powerful method as applied to the reduced models. However, MC
becomes challenging as size of the system increases. Here the MC technique is employed at
conformations of interest as well as simply discarded at the particular ones. In Figure 4.12,
different energy profile is observed when MC is applied at one iteration out of two or three
iteratively. In other words, for the red line, MC is applied at one iteration and skipped the

next one out of two iterations. This procedure repeats at every two iterations along the tra-

4.4. Jumping in Certain Iterations of MC Technique

jectory in order to get a balance over the structure and trajectory.
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Figure 4.9. The energy profiles of A) AK and B) calmodulin with different perturba-
tion strengths and corresponding acceptance ratios in MC tool (k = 500 J/A/mol, DF = 0.2,
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For the case where the MC is employed at once in every three steps, the energy pro-
file of the system does not seem feasible during its conformational transitions. On the other
hand, the energy profile obtained in which MC technique is applied once in every other step
exhibits fluctuations yet stable profile, comparatively to the performing MC at every itera-

tion.

I Mvode 1
I Mode 2
1 | I Mode 3
I Mode 4
1 | X Mode 5
[ IMode 6
4 | IMode 7
[ IModeB
[ IMode9
[ IMode 10

Occurances of Selected Modes

—

ol Ml Ml WL ol

0
MC PS:0.10A MCPS:0.154 MCPS:0.20A MCPS:0.254 MC PS:0.304

35 T T T T

I tode 1
N tode 2
4 | O Mode 3
N tode 4
T ode 5
[Code 6
[ IMode 7
[ IModes
[ IModed
[ IMode 10

Dceurances of Selected Modes

HHH an HHH HHH

MC PS: 0108 MC PS 0154 MC PS: 0.204 MC PS: 0.25A MC PS: 0,304

Figure 4.10. Occurrences of selected modes for the runs with different MC perturbation
strength for A) AK and B) calmodulin (k = 500 J/A/mol, DF = 0.2, MCs = 20).
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This approach is not applied in this thesis to the protein data set in neither Section 5
nor 6 since the plausibility of the generated structures is one of the main points emphasized
in the rest of the thesis. Nevertheless, it is only showed here that MC energy minimization
method being skipped at certain iterations could be an alternative choice for the challenging
runs (i.e. large systems).
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Figure 4.11. The energy landscapes of a) AK and b) calmodulin obtained with different
number of MC steps in MC tool (k = 500 J/A/mol, DF = 0.2, MC PS = 0.15 A).
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4.5. Adjustment of ANM Deformation Factor for Large Systems

ANM-MC methodology generates new conformations by deforming the protein
structure along the collective mode directions. Deformation is given in the direction of the
selected mode which overlaps with the target conformation most. In other words, defor-
mation helps the protein structure iteratively move straight along a specified pathway. The
pre-specified deformation factor in ANM-MC program determines the convergence rate of
the initial structure over the target one. If it is too small, the initial structure cannot achieve
sufficient conformational transitions to reach the target. If it is too large, the conformations
are deformed excessively and seek the support of other methods like MD or much longer
MC simulations. The desired conformational transition pathway is safely achieved by DF of
0.2 A [30, 34, 131].
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Figure 4.12. Energy profiles for two cases: i) MC is applied at each iteration, ii) MC is ap-
plied once at two iterations and iii) MC is applied once at three iterations. (k = 500
JIA/mol, DF = 0.2, MC PS =0.15 A, MCs = 15).

Two different larger DF (0.3, 0.4 A) constants are also tested to determine the limits
of the deformation given to the structures for the sake of computational cost to large proteins
in Figure 4.13 (k = 500 J/A/mol, MC PS = 0.15 A, MCs = 15). The higher deformation given
to the AK in ANM, the faster the protein reaches the target. As the ANM deformation factor
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Is increased by 50% (from 0.2 to 0.3), it is observed that protein follows the same energy
pathway within 33% less iteration number or computation time. As it gets higher (0.4), the

energies of the system starts to fluctuate irrepressibly around undesired potential values.

Although different ANM deformation factors are tested, there is no change observed
in final RMSD profiles between the end structure at each iteration and target. However, Uyar
et al. concluded improvement in final RMSDs for AK (1.9 (MCs: 100), 1.6 (MCs: 50) and
1.4 (MCs: 20)) and calmodulin (4.6 (MCs: 100), 4.4 (MCs: 50), 4.1 (MCs: 20)) as less MCs
are applied [34]. It is suspected to have similar RMSD profiles coming from adopting close
numbers of MC steps (5 - 20) in this study for AK and calmodulin. Nevertheless, higher
number of MCs (50 and 100) are tested to assure that final RMSD values differ due to the
number of MC steps adopted and difference (from 5 to 10, 10 to 15, 15 to 20) is too small to
reflect it over RMSD. However, the expected change is not observed in Figure 4.14 as higher
number of MC steps are taken (k = 500 J/A/mol, DF = 0.2, MC PS = 0.15 A, MCs = 10, 15,
20, 50 and 100). Instead, it leaves another question such that if the force constant itself can
be the predominant factor on RMSD profiles in ANM-MC runs.

RMSD and energy profiles are monitored with previous adopted force constant [34]
in order to see if the reported differences in final RMSD values come with the number of
MC steps taken. Figure 4.15 relieves the case where final RMSD values indeed differ due to
the force constant taken. As MC makes virtual bonds tighter, structures are not affected much
no matter how many MC steps are taken or how much energy gets lower. It makes sense
when considering the definition of RMSD such that it gives deviation of distances between
virtual bonds and higher force constant in MC restrains bonds deviate. Besides, improve-
ments in final RMSDs as less MCs are adopted shows that AK and calmodulin do not always
seek conformations whose energies are so low. That also confirms the conclusion made in
Section 4.3 that less MC steps are sufficient to have the conformational structures in low

energy enough to be considered as stable in its nature.
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Figure 4.13. Energy profiles of a) AK and b) calmodulin with different ANM defor-
mations along the trajectory (k = 500 J/A/mol, MC PS = 0.15 A, MCs = 15) (cont.)

4.6. Adjustment of ANM-MC Parameters to the Efficient Applications of Large Pro-

teins

Another aspect is being able to perform successful ANM-MC simulations efficiently
before it is applied to a large system. Computation times are proportional to number of res-
idues and iteration numbers and inversely proportional to ANM deformation factors. It is

desired to have the optimum performance with the new adjusted ANM-MC parameters over
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their computational cost.

Table 4.2 and 4.3 lists the computation times changing with different ANM-MC pa-
rameters for AK and calmodulin, respectively. The runs with adjusted parameters (DF = 0.3,
MC PS =0.15 A, MCs = 15) are given in bold as recommended runs. Their simulation times
are on a fair average and seem to reflect the optimum cost over a successful performance.
Keep in mind that these performance evaluations are only for AK and calmodulin, but it is

hoped to have a similar performance/cost profile with a large system in the next section.

Last but not least, the RMSD values between experimentally available AK structures
and the snapshots with adjusted ANM-MC parameters are listed in Table 4.4. All the RMSD
values are below 3.0 A and even 2.0 A after the 50" iteration. Note that these experimental
AK structures are not necessarily found on the ANM-MC trajectory from open state (PDB
ID: 4AKE) to closed (PDB ID: 1AKE) state, which also indicates that the RMSD values do
not show how much the generated conformers close to structures that they were meant to be.
It only shows how successfully conformational transition pathways are predicted and similar

to the experimentally known AK structures.
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Figure 4.14. Energy profiles of a) AK and b) calmodulin with different number of MC
steps along ANM-MC trajectories (k = 500 J/A/mol, DF = 0.2, MC PS = 0.15 A).
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Table 4.2. Computation times with different ANM-MC parameters of AK with 214 resi-

dues.
ANM | MCstep | Initial Final | ANM | MC | Iteration Duration (min)

DF | number | RMSD | RMSD (s) (s) number

0.2 1.447 60 24
0.3 20 1.394 23.8 43 17
0.4 1.318 33 13
0.2 1.393 63 17
0.3 15 743 | 1327 | 08 | 153 44 12
0.4 1.376 32 9
0.2 1.315 59 10
03 10 1.346 9.3 1 7
0.4 1.360 34 6
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Table 4.3. Computation times with different ANM-MC parameters of calmodulin with 148

residues.
ANM MC Initial Final ANM MC Iteration Duration
DF step RMSD RMSD (s) (s) number (min)
number

0.2 4.285 81 18
0.3 20 3.971 12.9 94 21
0.4 4.137 52 12
0.2 4.173 112 20
0.3 15 9.83 3.941 0.41 10.1 85 15
0.4 4.175 52 9
0.2 4.219 85 9
0.3 10 4.182 6.3 62 7
0.4 4.310 46 )

Table 4.4. RMSD values between crystal structures and ANM-MC snapshots for AK

Snapshot PDBs (RMSD (A))
5 lake (5.99) | 4ake (1.50)
2bbw (3.13)
10 lake (4.98) 4ake (2.96)
1dvr (3.0)
lank (4.27)
15 4ake (3.88) | 2bbw (2.73) | 1dvr (1.33)
lake (4.26)
2ayk (3.81) | 3dkv (3.64) | lake (3.53
Y (381) (3.64) (3.3 ldvr (2.64)
20 4ake (4.69) | 3ayk (2.74) | 3hpr(3.57) | lank(3.53)
2bbw (2.60)
layk (3.73) | 3hpq (3.57) | ledv (3.52)
2aky (3.06) | 3dkv (2.77) | ledv (1.69)
3aky (3.00 3hpr (2.75 2eck (2.69 1dvr (2.53
25 4ake (5.41) y (3.00) Pr (2.79) (2:69) (2:53)
laky (2.99) | 1s3g(2.71) | ledy (2.65) | lake (1.71)
3fb4 (2.84) | 3hpg (2.71) | lank (2.63)
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Table 4.4. RMSD values between crystal structures and ANM-MC snapshots for AK

(cont.)
Snapshot PDBs (RMSD (A))
1ledy (2.04)
1dvr (3.05) | 3fb4 (2.35)
3hpq (2.03)
2aky (2.48) | 3dvk (2.23)
30 4ake (6.07) ledv (2.03) | lank (1.99)
laky (2.46) | 1s3g(2.16)
lake (2.03)
3aky (2.44) | 3hpr (2.07)
2eck (2.02)
1dvr (3.26) lank (1.52)
3fb4 (1.96) | 3hpg (1.56)
laky (2.06) lake (1.52)
35 4ake (6.35) 3dvk (1.78) | 3hpr (1.54)
2aky (2.05) ledy (1.52)
1s3g (1.73) | 2eck (1.53)
3aky (2.03) ledv (1.51)
laky (2.01)
3dvk (1.69) | 3hpq (1.38) | 2eck (1.33)
dake (6.81) | 3aky (1.97)
40 1539 (1.68) | lank (1.36) | lake (1.33)
1dvr (3.59) | 2aky (1.95)
ledy (1.47) | 3hpr(1.34) | ledv (1.32)

3fb4 (1.95)




56

5. ANM-MC SIMULATIONS OF CONFORMATIONAL TRANSI-
TION PATHWAYS FOR LARGE PROTEINS

ANM-MC parameters (number of MC moves and their perturbation strength, ANM de-
formation factor in each cycle and force constant for backbone bonds) have been adjusted in
the previous section to increase the efficiency of ANM-MC technique and at the same time
produce reliable pathways. This technique is now ready for application to much larger sys-
tem sizes and/or to systems with large conformational changes through efficient usage of

memory and computation speed.

Central to the examination of the ANM-MC methodology here is approximations and
parameters that needed to be critically tested in Section 4 for the further applications to large
proteins. With the extensive examinations of the transitions of AK and Calmodulin and the
comparisons with experimental data and results from other studies [30, 34], it is conceivable
that multiple conformations are accessible within much less computation time, given the
plausible character of RMSD profiles. In this section, it is of interest to identify the common
features, if any, of the ANM-MC trajectories with the adjusted parameters (i.e. efficient pa-
rameters for the application of ANM-MC to large proteins).

5.1. Application of ANM-MC to the Dataset of Proteins

Cut-off values may vary in exploration of proteins with different 3D geometries or
folds. It is important to determine the proper cut off value in an ANM-MC run is accounting
pairwise interactions. The cut off value of 10 A has been followed in the Section 4 with
reference to recent ANM-MC work [34] on hinge-bending proteins on account of the fact
that initial structures approach their targets closer. However, the protein set investigated in
that reference contains relatively small and compact proteins. When this cut-off value (10
A) is applied to the protein set in this thesis, additional zero eigenvalue(s), corresponding to
the 7"" mode, is observed in some of the proteins in the dataset. Note that there are six zero
eigenvalues corresponding to three translation and three rotation motions/modes of the
whole protein in normal mode analysis. However, the additional 7" zero eigenvalue indicates

that the cut-off value (10 A) used is not sufficient to produce a proper network and some
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solvent-exposed residue(s) on loops or chain ends may not have proper connections to the
protein and thereby act as independent entities. Due to this observation, a cutoff value of 15
A is used for such proteins, namely Citrate synthase, Glutamate Transporter, myosin, RNA
Polymerase Il and GroEL. Table 5.1 lists the cut-off values for each protein adopted in ANM

in this thesis.

Table 5.1 Cut-off values and mode numbers used in ANM-MC runs for the protein dataset.

Proteins Cl:;)Off Mode Number | Proteins | Cut-off (&) | Mode Number
APS 10 10 GroEL Il 15 10
ATCase | 10 10 GroEL I 15 10

ATCase GroEL

' 10 10 " 15 100
Cpnl 15 50 GroEL V 15 150
Cpnll 15 50 Hb 10 10
CS 15 10 Lacl 10 10
EPSPS 10 100 MYO 15 50
GluT I 15 150 QacR 10 10
GluT 1l 15 150 RnaP | 15 10
GluT I 15 50 RnaP Il 15 10
GroEL | 15 150 UPRTase 10 10

RMSD profiles indicate the RMSD between each intermediate/snapshot along ANM-
MC trajectory and the target structure. Generated pathways invariably exhibit some common
features such as having a similar profile in RMSD and energy. Each RMSD profile has a
sharp decrease along slow modes (Table 5.2), then follows a relatively smooth decrease

along relatively higher modes, and finally reaching a plateau where the simulation is ended.

For the protein dataset involving 22 distinct conformational transitions, runs are per-
formed with the parameters determined in Section 4 (k = 500 J/A/mol, MCs = 15, MC PS =
0.15 A, DF = 0.3) and the adopted cut-off values. Initial and final RMSDs to target are listed
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in Table 5.2 for ANM-MC runs including 10, 50, 100 or 150 slowest ANM modes. Half of
the runs successfully approach the target state within 3.0 A using the lowest 10 modes. For
the unsuccessful runs that cannot reach the target within slowest 10 modes, the number of
low-frequency modes chosen for deformation is increased to the first 50, 100 or 150 modes.
As a result, the final RMSDs fall into the range of 1.3 — 4.3 A.

5.2. Analysis of Selected Modes in Conformational Transitions in ANM-MC Runs

Tama et al. found that there exists a single low-frequency normal mode that overlaps
well with the conformational change for most proteins [21]. Additionally, Krebs et al. found
that most of known protein motions can be described well by a few low-frequency normal
modes [187]. In many cases, only one or two low-frequency normal modes are sufficient to

capture the protein motions well [188].

The softest modes predicted by ANM have been recognized to have biological func-
tional significance [189]. The slowest modes, in particular the first and second modes, are
found to drive the transition strongly at early stages, succeeded by gradually increasing
modes during the second half of the trajectory when the structure attempts to have local
changes more. Each mode represents a path away from the previous conformation by mov-
ing along these paths together undergoing collective changes. Low frequency modes are
known to be robustly determined by the overall shape and contact topology of the examined
structure, whereas higher modes describe local dynamics.

In half of the runs in the dataset, a large portion of the reconfiguration occurs via the
first 10 global modes (Figure 5.1), where the final RMSD falls below 2.8 A (Table 5.2). In
Figure 5.1, for Citrate synthase and Hemoglobin, third mode is chosen more rather than the
first one, while second mode is chosen predominantly in the case of QacR. Nevertheless, the
first 10 modes are chosen to different extents in those proteins and a predominant mode
during the entire ANM-MC trajectories is observed in ATP Sulfurylase, Citrate synthase,
Hemoglobin and QacR.

For other proteins such as Chaperonin GroEL, Glutamate Transporter, Chaperonin

Lidless Mm-cpn and 5-enolpyruvylshikimate-3-phosphate synthase, the first 10 modes are
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Table 5.2. Initial and Final RMSD values for ANM-MC runs including 10, 50, 100 and

150 lowest-frequency modes.

Initial Final Final Final Final
Proteins RMSD RMSD RMSD RMSD RMSD
A) (A) A (A) (A)
Mode 10 Mode 50 Mode 100 | Mode 150
APS 4.4 2.7
ATCase | 5.0 2.1
ATCase Il 4.9 1.9
Cpnl 16.3 4.4 2.5
Cpnll 16.3 5.6 4.2 4.1 4.0
CS 2.8 1.2
EPSPS 26.0 6.2 3.4 3.0
GIluT I 9.7 8.9 4.2 3.7 2.7
GluT Il 8.5 7.5 4.2 3.1 2.6
GIuT 11 4.9 3.6 2.4
GroEL | 10.8 7.1 4.7 4.2 3.2
GroEL 11 3.1 2.5
GroEL 111 2.6 2.2
GroEL IV 6.7 4.9 3.4 2.8
GroEL V 10.9 8.0 4.6 4.0 3.0
Hb 35 1.9
Lacl 14.6 2.3
MYO 4.7 24 2.0
QacR 20.4 2.8
RnaP | 4.6 2.8
RnaP 1l 24 2.2 2.0 1.9 1.9
UPRTase 2.1 1.5
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apparently not sufficient for a completely successful ANM-MC run (Table 5.1). Therefore,
the number of modes is increased to 50, 100 or 150 in order to obtain a satisfactory approach
to target. It is discussed in the following case study of GroEL how higher number of modes

affects the trajectory in ANM-MC simulations.

5.2.1 Previous findings on GroEL

The bacterial Chaperonin GroEL is a supramolecular machine, whose hydrophobic
residues located at the entrance to the central cavity of its heptameric ring [190], captures
non-native proteins [191, 192]. Each ring accepts a single molecule of unfolded polypeptide
by enclosing a central cavity [193]. It regulates adenosine triphosphate (ATP) by assisting
in folding and refolding misfolded or partially folded proteins [194-196]. It exhibits more
than one functional conformation mostly stabilized by ligand binding. It binds ATP and the
GroES co-chaperonin, then turns a massive structure [197] by doubling the GroEL cavity

volume and occluding its hydrophobic binding surface [198, 199].

GroEL is a cylindrical protein composed of two complex rings stacked back-to-back,
each containing seven subunits of 525 residues [200]. Each unit is three-domain structure
composed of equatorial (residues 6—133 and 409—523), apical (residues 191-376), and in-
termediate hinge-like (residues 134—190 and 377—408) domains ATP-binding site of GroEL
corresponds to the equatorial domain, where most of the inter-subunit contacts within and
between heptameric rings occur. Binding of unfolded polypeptide occurs after the apical
domain forms the opening of the cylinder and a number of hydrophobic residues are exposed
towards the central cavity. The apical and equatorial domains are connected by the interme-
diate hinge-like domain [201, 202].

GroEL undergoes structural transitions between multiple forms (Figure 5.2). Allosteric
transitions in GroEL-GroES complex are triggered by ATP binding and hydrolysis. The se-
ries of these transitions are the T state, with high affinity for substrate proteins, the ATP-
bound R state, and the R” (GroEL-ADP-GroES) complex [203]. Yang and Bahar et al. [28]
explored allosteric transitions of GroEL by efficient aANM toll for unraveling potential tran-
sition pathways sampled by large complexes/assemblies. aANM is applied to both intrinsic

and intact GroEL-GroES system starting from either end, or proceeding simultaneously from
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both ends to obtain the closest RMSDs, which is achieved upon moving along low frequency
modes. Inter-residue interactions were mostly found in conserved residues near transition
states. Alternatively, Hyeon, Lorimer and Thirumalai [204] examined GroEL allosteric dy-
namics by Brownian dynamics (BD) simulations using a state-dependent self-organized pol-

ymer model.
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Figure 5.1. Histograms of the selected modes throughout the trajectories including first 10
modes.

The allosteric cycle is summarized in Figure 5.2 with the following conformational
transitions as: T/T (PDB ID: 1GRS) — R/T (PDB ID: 2C7E) — R’/T (PDB ID: 2C7C) —
R”’/T (PDB ID: 1AON) — R”’/R (PDB ID: 1GRU) — T/R (PDB ID: 2C7E). Table 5.2 lists
the RMSDs between these alternative states. The RMSD between subunits of R’ and R’ is
lower than the resolution of these structures, only 1.50 A°, while intact R’/T and R”/T differ
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from R”/R by less than 3 A°, which is comparable to the resolution of the structures. So,
results for the allosteric cycle of R’/T—R’’/T —R”/R (GroEL III and IV) might be con-
densed due to the resolution of existing structural data and the similarity of R’ and R”’ alt-
hough all the pathways are reported. On the other side, T/T, R/T and R”/R differ from R/T,
R’T and T/R by 6.5, 10.8, and 10.9 A, respectively.

T/T (1GR5) R’/T (2C7C)

GroEL III‘

TR (2C7E) R”/R (1GRU) R”/T (1AON)
Figure 5.2. The allosteric cycle of GroEL consisting of two rings with the states as follows:
T (magenta, ATP-free), R (blue, ATP-bound), R’ (green, ATP-, GroES (pink)- and sub-
strate-bound) and R’ (purple, ADP-, GroES (pink)- and substrate-bound) [28].

Global modes correspond the lowest frequency modes along entropically preferred
configurations [169] and allow substantial decrease in RMSD to the target structure. Collec-
tive motions are easily accessed near a given equilibrium state for Groel intrinsically [205].
Yang and Bahar et al. concluded that low frequency modes recruit the initial state of defor-
mation and undertake a dominant role for achieving a substantial displacement in the func-
tional direction while higher frequency modes recruit near energy barrier for a single subunit
of GroEL [28].
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5.2.2. ANM-MC study on GroEL

The set of ANM modes accessible to the GroEL complex is larger than that of the
single subunit by a factor of 14 (number of subunits). Thus, it is expected to recruit a larger
number of modes in the low frequency regime to achieve the same fractional contribution of

single GroEL subunits to observed changes.

In ANM-MC simulations of GroEL, the structural changes are not induced by the
slowest modes. Therefore a substantial decrease in RMSD is not observed based on the slow-
est 10 modes ANM (Table 5.2) for the large conformational changes in the transitions of
GroEL L II, V (T/T — R/T,R/T — R’/T and R”’/R — T/R).

Figure 5.3 shows the selected modes among the lowest 10, 50, 100, 150, 200 and 500
modes in ANM-MC simulations of GroEL V (1GRU (R”/R) — 2C7E (T/R)). 10 non-de-
generate modes are not sufficient for GroEL to reach the target successfully. Higher number
of modes (50, 100 and 150) are tested to obtain lower RMSD to target structure (Table 5.2).
As the higher modes become accessible, they are chosen more for deformation in later stages
of the simulation. Initial deformations are still observed along slower modes dominantly. In
other words, the overall shape is robustly determined by relatively low frequency modes.
This dominance of low frequency modes is consistent with the previously studied large scale
of motions in GroEL [204].

Figure 5.4 shows how higher modes enable GroEL to undergo local changes and
reach target better. At the same time, it clearly demonstrates that incorporation of higher
modes are computationally unfavorable in simulations of such a large complex. The RMSD
value between open and closed forms of GroEL V (1GRU / 2C7E) starts from 10.9 A. It
drops to the final RMSD, i.e. the RMSD between final snapshot and the target structure,
value of 8.0, 4.6, 4.0, 3.0, 2.6, and 2.1 A with the selected modes among the lowest 10, 50,
100, 150, 200 and 500 modes, respectively. Considering the amount of decrease in RMSD,
i.e. how much the final snapshot approach to target, over the computational time spent for
each ANM step, the most profitable number of modes seem 100 and 150 for GroEL V
(1GRU / 2C7E) in ANM-MC simulations.
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Additionally, it is conspicuous that all the modes are selected among the lowest 100
modes even if higher number of modes, i.e. above 100 are sought in Figure 5.3. There is
always a chance that the randomness in MC can completely change the direction of mode
profiles. However, the similar case is observed in three different simulations when higher
number modes, 150, 200 and 500, are sought. So, what could help the final RMSD reach a
lower value if the selected modes keep being selected within the lowest 100 modes although
higher number of modes are offered? This might be expected to be sourcing from some
eigenvalues missed by SciPy eigenvalue package. The best way to testify it is to leave the
randomness coming from MC out and iterate along only ANM. As quite expected, some
missing eigenvalues show up in the list of lowest eigenvalues when higher number of eigen-
values are asked from the eigenvalue package in SciPy. It might be unfair to evaluate it as a
failure, but it is good to keep in mind that eigenvalue packages may fail when a limited
number of smallest eigenvalues are sought. Since it is computationally fine to look for the
smallest eigenvalues up to 100, it is recommended to let SciPy eigenvalue package approx-
imate by a large list, up to 100, in advance and keep ANM select mode among the first less

number of modes (i.e. 10, 50) (Figure 5.4). It is discussed in detail in the following section.

5.3. Computational Efficiency in ANM-MC Applications to Large Proteins

5.3.1. The Eigenvalue Problem

Computational and practical information on the use of ANM-MC program has been
already provided in detail, in Section 3.5. The compressed sparse row matrix is utilized to-
gether with the eigenvalue package, eigsh, from SciPy library in ANM calculations. eigsh is
a wrapper around ARPACK, SSEUPD and DSEUPD libraries, designed to solve large-scale
eigenvalue problems. It is preferred for its efficacy in computing user-selected number of
eigenvalues and corresponding eigenvectors, and its applicability on large scale, symmetric,

sparse matrices.

Eigenvalue routines by eigsh package are tested against for all eigenvalues of Hessian
matrix found by eigh package in NumPy library, in the context of precision and computa-
tional time. Comparing the routines of SciPy and NumPy’s inbuilt solvers, a peculiar behav-

ior is encountered as displayed in Figure 5.5.
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Figure 5.5a shows the lowest 16 eigenvalues obtained right after 15t ANM iteration
with three different ways: eigsh package in SciPy for the smallest 16, eigsh package in SciPy
for the smallest 56 eigenvalues and eigh package in NumPy. 6"-zero eigenvalue is missing
when only the lowest 10 eigenvalues are requested by eigsh (Mode 10 - SciPy). However,
eigsh is successful in finding the 6™-zero eigenvalue when higher number of eigenvalues are
requested (Mode 50 - SciPy). ARPACK fails to operate well at finding small eigenvalues
[206]. Starting with 7" eigenvalue, the nonzero eigenvalues (red - asterisk) are found to be
shifted from the other numerical (blue — line & blue - circle) ones. Moreover, there is some
level of degeneracy in some eigenvalues produced by eigsh (Figure 5.5b). Around eigen-
value number 110, 115, 120 and 150 two numerical results start to diverge from each other.
It is coming from the breakdown of the Lanczos algorithm which eigsh uses through a call
to the ARPACK library. It is based on a set of orthogonal vectors and loss of orthogonality

results in approximate eigenvalues located as some spurious pairs of nearby real eigenvalues.

Unfortunately, there is not a perfect eigenvalue package that computes a few eigen-
values and eigenvectors. Since it is computationally inefficient to compute the entire spec-
trum of Hessian for a large matrix, an eigenvalue package is still the only alternative to get
the smallest eigenvalues for large proteins with much less computational time. The current
package fails to find all the eigenvalues when the number of eigenvalues requested is less
than 30. To address this issue in this thesis, at least 30 eigenvalues are calculated whatever
the user input is. Then, only the first n-eigenvalues requested by the user are returned.

Table 5.3 lists the CPU times for a single ANM iteration for each protein in the da-
taset, what uses eigsh in SciPy library. ANM-MC program does not run in parallel and there
is no file reading (1/O), therefore the total CPU time given here does not differ much from
the wall-clock time. ANM has two main successive processes: eigenvalue/eigenvector cal-
culations and mode selections. Process time spent in ANM mostly comes from the former.
The elapsed times of all ANM-MC runs are provided in Appendix C. The time function of

time module is utilized in measuring wall-clock times.

Please keep in mind that there are several factors that affect CPU time varies even just

a bit between different runs of the same job due to many reasons such as cycle stealing on
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systems with integrated channels, buffer interference caused by concurrent tasks, storage
access and space allocation and so on [207]. Nonetheless, Table 5.3 is only for one instance
of calculations without any explicit performance testing for ANM, showing the relation be-

tween process time spent in ANM cycles and different number of eigenvalues and residues.

Figure 5.6 depicts the exponential relation between the number of residues and the
process time. Note that the R-squared value is 0.9388, which is an indicator of a good fit of
the line to the data. Computation time of eigenvalues depends directly on the size of Hessian

matrix, or the number of residues, which specifically increases above 2000 residues.

5.3.2. Notes on Performance and Memory Usage

Memory and CPU usage of ANM is monitored for the calculation of a few eigenval-
ues to investigate the tradeoff between costs of catching a few smallest eigenvalues previ-
ously computed by eigsh — SciPy and the costs of finding all eigenvalues recomputed by
eigh - NumPy. In ANM-MC simulations, ANM part, particularly eigenvalue calculations,
requires the most memory. Memory usage of ANM is analyzed up to 150 modes for each
protein, by monitoring how much of our server’s RAM is being used. The eigenvalue calcu-
lations with eigsh — SciPy along with the use of sparse Hessian matrix is found to be feasible
for all the proteins in the dataset. For the proteins whose number of residues is less than
2000, the allocated memory is below 500 MB and do not vary with the number of eigenval-
ues sought between 10 and 150. Two of the largest proteins in the dataset with more than
8000 residues, Chaperonin GroEL-GroES and Chaperonin Lidless Mm-cpn, ANM requires
5.9 GB of memory. Nevertheless, neither the memory usage has been monitored for higher
number of modes nor a depth analysis of the memory usage in an ANM-MC run has been
performed thoroughly.

To sum up, should a small number of eigenvalues requested, less than 30, some eigen-
values might be missing or deviated from the original when calculated with eigsh — SciPy.
For proteins with residue numbers less than 2000, CPU times and memory allocations do
not vary much, as seen in Table 5.4, therefore for the sake of reliability of results and accu-

racy of eigenvalue calculations, all of eigenvalues of Hessian matrices are computed. For
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other proteins, the ones with more than 2000 residues, eigsh — SciPy is used in a way that 30

eigenvalues are calculated and only the first 10 are used.
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Figure 5.3. Profiles of selected modes among the lowest 10, 50, 100, 150, 200 and 500

modes (written above of each plot) in ANM-MC simulations of GroEL V.




Final RMSD (A)
O P N W o U1 OO N O ©

o

100

68

800

700
600
500
400
300

200

!

[y
o
o

o

300 400 500 600

Mode Number

o
o

Computational Time (s) for
ANM

Figure 5.4. Final RMSD (A) reached in ANM-MC simulations of GroEL V with different

number of modes and their computational time spent for a single ANM.

-3
25X10° ‘ ‘
* Mode 10 - SciPy
® 20 ° Mode 50 - SciPy
o —All - NumPy
=15
>
A o> 1
o
L
0.5
% 54§ & 10 12 14 16
[teration Number
0.06 ‘ . ‘
* Mode 150 - SciPy
° Mode 200 - SciPy -
(/2] 9%
20.05 ot 1
© oaued
> 2%
B & oo™
20.04 e 1
L
gge“m“
-]
00 | L " | | | |
%O a0 100 110 120 130 140 150 160

[teration Number

Figure 5.5. Eigenvalue profiles at 1% iteration of GroEL V. A) The first 10 and 50, and all

eigenvalues found by eigsh in SciPy and eigh NumPy, respectively. B) The first 150 and

200 eigenvalues found by eigsh in SciPy.



69

5.4. Modified ANM-MC Methodology: Application of VVariable Deformation Factors

Different deformation factors (DF = 0.2, 0.3 and 0.4 A) in ANM-MC have been ap-
plied to AK and calmodulin in Section 4.5, as a result of which 0.3 A was found optimum,
providing both computational efficiency and satisfactory approach to target for large pro-
teins. However, there may be a risk of observing some geometrical failures in the snapshots
with this higher DF, especially when more localized deformations are used in the higher
modes. On the other hand, DF of 0.2 A has been regarded relatively safer [34], but not suf-

ficiently fast to be applicable to large systems.

Table 5.3. CPU times spent on ANM.

Time Time Time Time Time
oroteins Number of | (ANM) | (ANM) | (ANM) | (ANM) | (ANM)
Residues | Mode 10 |Mode 50 [Mode 100 [Mode 150 | All modes
(s) (s) (s) (s) (s)
APS 1716 20
ATCase | 926 6
ATCase Il 924 6
Cpn | 7856 591 351 398 450 -
Cpnll 7856 640 321 377 409 -
CS 858 5
EPSPS 1708 16 17 19 19
GluT I 1215 12 11 17 26 34
GluT Il 1215 12 12 17 21 31
GIuT I 1215 10 10 12 13
GroEL | 7322 281 282 291 320 -
GroEL Il 7966 351 335 357 388 -
GroEL I11 8015 327 313 383 426 -
GroEL IV 7336 324 318 313 368 -
GroEL V 7336 331 283 290 -
Hb 576 2
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Table 5.3. CPU times spent on ANM (cont.)

Time Time Time Time Time
Protei Number of | (ANM) | (ANM) | (ANM) | (ANM) (ANM)
roteins
Residues | Mode 10 |Mode 50 [Mode 100 Mode 150 | All modes
Lacl 944 2
MYO 719 4 4
QacR 744 4
RnaP | 3666 78 68 505
RnaP II 3666 67 67 =5
UPRTase 846 5 -
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Figure 5.6. ANM process time with 10 modes with respect to number of residues.

It has been underlined in Section 4.2 that ANM is, indeed, the dominating factor in the
conformational changes in ANM-MC simulations. It follows that the degree of deformation
to which a protein conformation subjected is substantially resulting from ANM collective
moves. Besides, exceeding the upper limit of disturbance beyond a protein structure can hold
or stand may leave the generated conformational structures exposed to locally unrealistic
geometries that cannot be relieved by MC simulation. When DF of 0.3 A is used in the

dataset, final snapshots of a few proteins are found to be subjected to such deformations,
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which are reflected by outliers in the geometric parameters in virtual bond lengths on the

backbone.

The solution would be letting the system have relatively small disturbances via ANM
(i.e. DF of 0.2) for the cases where structures are exposed to highly changed ups and downs
in geometric parameters and local dynamics along their pathways. However, a better way
would be preventing conformations being deformed in advance. Needless to emphasize that
once a conformation undergoes an excessive regional differentiation geometrically (i.e. with
DF of 0.3), it loses its chance or ability to recover those regions in next iterations and unfor-
tunately holds it along the rest of the ANM-MC trajectory.

As a solution, the modified version of ANM-MC is introduced (Figure 5.7) where
small amount of ANM disturbances will be adapting, as a caution, before a possible and/or
inevitable permanent deformation happen, in particular in intra-domain rearrangements.
Large amount of DFs will remain to be applied for the sake of large steps along the way of
target as long as the geometric features of each obtained structures allow. But, steps will be
taken carefully this time. The geometric features will be controlled at each iteration before
taking the next step. Once a region is found deformed too much, that same step will be re-

taken by a smaller DF and checked again.

DF of 0.3 is accounted as the largest DF value. It is the starting point at each iteration
and it is lowered to 0.2 whenever needed. However, there are some structures observed of
which lowering the DF to 0.2 becomes still insufficient and further decrease in DF is needed.
At those times, DF of 0.1 is taken and that is the lowest value permitted. DF of 0.1 is the last
chance for the structure which cannot escape from deformations allowed by 0.2. The reason
of putting a stop at 0.1 is to enable the generated structure have a sufficiently large excursion
while preventing it to stray from its intended pathway and eventually start to detour. Thus,

the initial structure will be deformed along each tested DFs of 0.3, 0.2, and 0.1.

For the cases in which DF of 0.1 is not small enough to obtain a fairly acceptable
conformation, last scenario for those cases is to reluctantly increase the number of MC steps
by 5 each time until the structure starts to keep itself in plausible geometry. MC is computa-

tionally expensive for out of question. In Section 4.3, 15 MC steps are decided adequate to
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fix/refine the AK and calmodulin structures yet computationally cheap to apply to large pro-
teins. The number of MC steps have to be limited due to computational reasons. It is decided
to be up to the number of 50 MC steps. The structure will be checked after each 5 additional

MC steps and MC will be stopped if necessary (i.e. geometric features become plausible).

INPUT: initial and target structures

If Std (bl) < 0.08
ANM - DF: 0.3

Jvlf Std (bl) = 0.08
ANM - DF: 0.2
‘IfStd (bl) > 0.08

If Std (bl) < 0.08

ANM - DF: 0.1

it MC - MCs:15
lIf Std (bl) > 0.08

MC - + MCs: 5upto 35

v

— OUTPUT: snapshots

If Std (bl) < 0.08

Figure 5.7. Flow chart of modified ANM-MC methodology.

Nevertheless, there should be a criteria to decide up if already ANM-made deformed
structures undergo excessive deformations yet to avoid being permanently deformed. In this
regard, geometric parameters, especially bond lengths, are always being a loyal determining
factor in degree of plausibility of conformations. In Section 4, it has been kept in mind that
virtual bonds should yield compression and expansion to an extent to let Co atoms have
harmonic motions sufficiently but avoid substantial motions that leads large differentiations
in structures. So, the standard deviation of bond lengths at each iteration (0.08) is taken as a
tolerance value and it is discussed in the following case study of myosin to adjust the value

of variance that virtual bonds can have in ANM-MC simulations.
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Modified version of ANM-MC will be assessed in the next section on myosin, later it

will be applied to the all proteins in the dataset.

5.5. Application of Modified ANM-MC to Myosin

Myosin is a well-known ATP-dependent motor protein mostly found in muscle cells
and its structure and function being conserved across species [208]. Myosin is subjected to
a fluctuating environment. It is involved in transmission of information regarding the pres-
ence or absence of a y-phosphate, coordination of ATP hydrolysis and transformation along
a pathway of increasingly larger conformational changes [209].

Myosin is a 728-residue protein containing two domains: a 700-residue CORE domain
(blue white), a 28-residue TAIL domain (orange) (Figure 5.8). Two conformations of myo-
sin are used in the analysis of ANM-MC simulation from open to closed structures with
respective PDB codes: 1VOM and 1MMA [171, 209]. The small-bottom domain (TAIL-
orange) is mobile and exhibits a contractile motion which undergoes a relatively large con-
formational change by closing towards the CORE domain. The large-upper domain (CORE
-blue white) is rather stationary which undergoes an elongational motion along a longitudinal
direction [209].

In ANM-MC simulations of myosin, the desired substantial decrease in RMSD is not
obtained within lowest 10 ANM modes, either as in the case study of GroEL. Low frequency
modes recruit the initial global change of myosin up to iteration of 16" and local structural
changes are induced by the relatively higher modes in the rest of the simulation (Figure 5.9).
Large conformational change is mainly observed in the initial structure of small-lower do-
main (orange) towards its final structure (green) (Figure 5.8). Higher modes enable this rel-
atively mobile domain approach target further. The original RMSD of 4.7 A between initial
and target structures falls down to 2.5 A and 2.0 A within 10 modes and 50 modes, respec-

tively (Figure 5.9).

Bond length distribution throughout the simulation, and energy profile together with
RMSD to target are plotted in Figure 5.10. During ANM-MC simulation of myosin, implau-

sible structures are observed, being generated starting from iteration 26", It arises from the
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high DF value negatively affecting geometric features in local regions of myosin. This un-
desired effect on local geometry becomes double when higher modes start being selected.
Some bonds are found over-extending in the mobile domain of myosin (Figure 5.11c). These
extensions are considered beyond the limits that a protein structure can hold in reality [149,
180]. It is reflected as suddenly starting subsequent peaks in energy profile (Figure 5.11Db),
starting from iteration 26". Such kind of large extensions in some bonds make generated
structures being implausible. To illustrate, Figure 5.11c is a screenshot of a small part of
myosin which undergoes large extensions observed in virtual bonds between the residues of
GLN - 203 and ALN — 205, being 5.9 A away from each other. This is unquestionably out
of normal distribution seen in Section 4.1 and quite beyond being acceptable.

It is presumed that these over-extensions occur due to relatively large DF value (0.3)
and 15 steps of MC do not sufficiently refine deformed regions. A couple of benchmark tests
are performed to score ANM DF and MCs effects not only over geometric parameters but
also in terms of computational efficiency. Firstly, higher number of MC steps are applied in
comparison with routine 15 MCs in fixing deformations. Secondly, less amount of defor-

mation is given to monitor the DF effect on geometric parameters.

Figure 5.10 shows that energy and RMSD profiles of two different ANM-MC runs of
myosin: increased MCs to 50 by keeping DF same (0.3) on the left, decreased DF to 0.2 by
keeping MCs same (15) on the right. So, both cases are for recovering deformations and both
of them achieve progress in energy and geometric profiles. However, higher number of MC
steps are not able make myosin have more plausible conformations while it is computation-
ally on the unfavorable side. When considering the process times that ANM takes about 4
min and 50 MCs take about 543 min, this is not surprising. So, using DF of 0.2 seems more
promising, but its drawback is higher number of iterations that need to be taken to approach
target. Nevertheless, both runs do not offer the intended results in the bit stream plots of
bond lengths (Figure 5.11).

Lower DFs (0.1 and 0.05) are alternatively hoped for improvement in plausibility of
virtual bond lengths (Figure 5.12). This case satisfies the expectations, in particular with DF
of 0.05. However, when decreasing DF into half (i.e. 0.1 to 0.05), number of iterations be-

comes double (i.e. 118 to 239) which makes the computational time double (i.e. 5.5 hours to



75

11 hours), as well. On the other hand, one of the virtual bonds goes out of normal distribution
and has a bond length of 4.81 A with DF of 0.1, which is reflected as an undesired peak in

energy profile appearing around 70" iteration.

In overall, keeping DF values low (0.2, 0.1 and 0.05) are obviously a better choice
rather than increasing MCs, but higher DF is still worth to being utilized not to lose compu-

tational time with higher number of iterations.

Figure 5.8. A) Open structure of myosin (PDB ID: 1VOM) B) Closed structure of
myosin (PDB ID: 1IMMA) C) Mode vectors of myosin (1VOM) aligned to closed structure
(IMMA).
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Figure 5.9. Mode profiles of myosin. A) Selected modes within first 10 modes. B) Selected
modes within first 50 modes.
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As the alternative solution introduced in Section 5.5, the initial myosin structure is
deformed along tested DFs of 0.3, 0.2 and 0.1, in order. Virtual bond lengths are controlled
at every single iteration by monitoring their extendibility margin. Figure 5.14 demonstrates
the standard deviation profiles throughout ANM-MC trajectory of myosin, AK and calmod-
ulin before and after being subjected to energy minimization. Standard deviation profile right
after ANM, is indeed a reflection of its energy profile. For myosin, standard deviation of
bond lengths reaches about 0.20 A with ANM and can be decreased to about 0.15 A with
the help of MC. For AK and calmodulin, the highest standard deviation is seen as 0.082 and

0.056 and decreased to 0.074 and 0.053, respectively.
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Figure 5.10. Bond length distribution, and energy and RMSD profiles of myosin with A)
10 modes and B) 50 modes (DF: 0.3, MCs: 15).
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Number of Modes: 10 Number of Modes: 50 Number of Modes: 50
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Figure 5.11. Open and closed X-ray structures (cartoon) and final conformation (ribbon) of

myosin within 10 and 50 modes, respectively.
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Figure 5.12. Bond length distribution, and energy and RMSD profiles of myosin. A) DF:
0.3, MCs: 50, Modes: 50. B) DF: 0.2, MCs: 15, Modes: 50.
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A tolerance value needs to be determined here to limit excessive compressions and
expansions of virtual bond lengths of myosin. The bond length profiles of AK and calmod-
ulin are monitored again (Figure 5.14) and 0.08 seems an optimum choice as a limit that

myosin can take at most.
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Figure 5.13. Bond length distribution, and energy and RMSD profiles of myosin. a) DF:
0.1, MCs: 50, Modes: 15. b) DF: 0.05, MCs: 15, Modes: 50.

Myosin shows a successful ANM-MC performance in terms of plausibility of gener-
ated structures and computational efficiency. In Figure 5.15, myosin starts with DF of 0.3
and keeps it until 20" iteration. That is expected since bond lengths of myosin has a standard
deviation profiles with only little ups and downs (Figure 5.14). DF of 0.2 is accepted at some

iterations as a supporter to 0.3. Whenever high peaks start to appear after 25! iteration in the
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previous run (Figure 5.14), 0.1 is applied. Compared to previous run, lower DF value un-
doubtedly enable myosin decrease standard deviation of bond lengths to 0.085 and keep it
within the boundary after the 25" iteration. Also, higher number of MCs are applied to drop
high standard deviation at the iterations of 44", 45", 56" 67" and 70™. Those iteration num-
bers directly corresponds to the highest peaks in Figure 5.15a. When examining the standard
deviation profile after MC, those peaks seem disappear with the help of additional MC steps
and it is directly proportional to energy profile. Besides, the bit stream plot of bond lengths
are very similar to the one obtained with DF of 0.1 in a more efficient way. The wall time
of the modified ANM-MC is 3.5 hours whereas it takes 11 hours for the same plausibility of

myosin conformations.
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Figure 5.14. Standard deviation of bond length and energy profiles (blue) in ANM-MC
runs of a) myosin (DF: 0.3, Modes: 50, MCs: 15) b) AK (DF: 0.3, Modes: 10, MCs: 15)

and c) calmodulin (DF: 0.3, Modes: 10, MCs: 15).
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5.6. Application of Modified ANM-MC Methodology to Large Proteins

ANM-MC simulations of all the proteins in the dataset along their conformational
changes are monitored with the parameters adjusted in previous sections. Independent
ANM-MC runs have been performed three times for each protein, but same profiles have
been obtained in each one. Pathways are analyzed in detail by monitoring energy, overlap,
collectivity and bond length profiles throughout ANM-MC runs. Collectivity and overlap
values of selected modes and profiles of modes are plotted in Figure A.1 and A.2, respec-
tively. RMSD and energy profiles are provided in Figure B1. Besides, ANM DF, MC steps
and bond length profiles are provided in Figure B2 for all proteins in the data set.

5.6.1. Commonly Used Terms in ANM-MC Analysis

The degree of collectivity of a protein motion is calculated with the equation below:

N

1

k= exp(— z alAR?logalAR?) (5.1)
i

where AR; is the amplitude of the displacement of atom | [21]. In this thesis, it is used to
estimate the degree of collectivity of each conformational change reflecting the number of

Ca atoms which are significantly affected during ANM-MC trajectories.

Another measure is overlap value which is a determining factor for a successful and
fast ANM-MC runs. In general case, the overlap of each slowest mode with the target direc-

tion presents a high overlap value particularly chosen after low frequency modes.
5.6.2. ANM-MC Parameters Used in the Rest of the Thesis

Different ANM cutoff (10 and 15 A) and modes (10, 50, 100 and 150) are used for
each protein, as mentioned in Sections 5.1 and 5.3, respectively. Just to state briefly again,
cutoff value of 10 A is used for the proteins with number of modes in parenthesis: ATP
Sulfurylase (10), Aspartate Transcarbamoylase (10), Hemoglobin (10), Lac Repressor (10),
5-enolpyruvylshikimate-3-phosphate synthase (100), Uracil Phosphoribosyltransferase (10)
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and Hypothetical Transcriptional Regulator in QACA (10). Cutoff value of 15 A is used for
the proteins with number of modes in parenthesis: Citrate synthase (10), Glutamate Trans-
porter (50 and 150), myosin (50), RNA Polymerase 11 (10) and GroEL (10, 100 and 150)
(Table 5.2).
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Figure 5.15. Standard deviation of bond length and energy profiles in ANM-MC runs of
myosin with the updated version of ANM-MC program (Wall clock time: 03:43:14).

Combination of three trials of DFs are used as 0.3, 0.2 and 0.1, in order, by being cut
once standard deviation of any bond length exceeds 0.08. Energy minimization parameters
(k = 500 J/A/mol and PS = 0.1 A) are kept constant except MCs. It starts with 15 MCs and

applies more MCs up to 50 whenever necessary.

The extent of application of lower DFs (0.2 and 0.1) affects final RMSD values
reached in modified ANM-MC, as well. Figure 5.16 shows final RMSD values reached in
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both ANM-MC and modified ANM-MC runs for each proteins. The pairs of proteins being
deformed dominantly along DF of 0.3 in modified ANM-MC do not exhibit difference in
final RMSD values while the proteins visiting lower DF values more lead final conforma-
tional structures being somewhat far apart from target structure. All runs reaches final
RMSD value below 3.0 A except Glutamate Transporter which leads higher but still accepta-
ble final RMSD.

o ANM-MC e Modified ANM-MC
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Figure 5.16. Final RMSD values reached in usual ANM-MC and modified ANM-MC.

Table 5.4. Initial and Final RMSD values for selected modes in modified ANM-MC runs.
The best results are shown in bold for each protein.

. Final Final Final Final
Proteins Rl:ﬂn;ga(l A) RMSD (&) | RMSD (&) | RMSD (A) | RMSD (A)
Mode 10 Mode 50 Mode 100 Mode 150
APS 4.4 2.8
ATCase | 5.0 2.5
ATCase Il 4.9 2.2
Cpnl 16.3 8.7 2.6 2.5
Cpnli 16.3 94 4.7 4.3
CS 2.8 1.3
EPSPS 26.0 6.2 3.4 3.0
GluT I 9.7 9.1 5.2 4.2 3.5
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Table 5.4. Initial and Final RMSD values for selected modes in modified ANM-MC runs.

The best results are shown in bold for each protein (cont.).

o Final Final Final Final
Proteins Initial RMSD (&) | RMSD (&) | RMSD (A) | RMSD (A)
RMSD (A)
Mode 10 Mode 50 Mode 100 Mode 150
GluT 1l 8.5 1.7 4.3 3.7 3.3
GluT HI 4.9 3.6 2.6 2.0
GroEL | 10.8 10.2 6.0 4.7 3.2
GroEL I 3.1 2.5 2.1
GroEL 111 2.6 2.1 2.0
GroEL IV 6.7 5.6 3.5 3.1
GroEL V 10.9 10.5 5.5 4.7 3.2
Hb 35 1.8
Lacl 14.6 2.2
MYO 4.7 2.5 2.0
QacR 20.4 2.6
RnaP | 4.6 3.1
RnaPllI 24 2.3 2.1
UPRTase 2.1 1.5

5.6.3. Features of Conformational Transitions in Modified ANM-MC Runs

5.6.3.1. ATP Sulfurlyase (APS). ATP Sulfurylase is an enzyme that catalyzes the primary

step of intracellular sulfate activation. It consists of three stacked rings of identical subunits

with 572 residues divided into three distinct domains: N-terminal, catalytic and allosteric.
[210, 211]. Rotational rearrangement of domains occurs as a result of the R (PDB ID: 112D)
to T (PDB ID: 1M8P) transition, revealing a slight expansion and more open conformation
in the T-state structure [211]. The crystal structures of the R and T states differ by the rotation
of the allosteric domain upon inhibitor binding and a separate loop movement in the catalytic
domain [212].
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In ANM-MC run of ATP sulfurylase, initial overlap of the selected mode with target
direction is 0.6 and decreases to 0.1 where RMSD approaches the plateau. The collectivity
starts at 0.7 and decreases slowly to 0.6. It is observed that the catalytic domain shows more
rigid and stable moves while three N-terminal and allosteric domains are relatively mobile
and undergo both translational and rotational motions collectively, taking large steps (within
30 iterations). ATP sulfurylase is a flexible molecule and approaches target with plausible

structures only selecting DF of 0.3 along the trajectory.

ATP sulfurylase undergoes conformational transition under low-frequency normal
modes regarded as the collective degrees of freedom. It reaches half of its initial RMDS
value at the end of its trajectory within first 10 modes. Krillova and Simeéon et al. also ex-
amined ATP Sulfurylase involving large-amplitude domain motions and conformational
transitions based on the combination of path planning algorithms and NMA. They con-
cluded in the same way that low-frequency normal modes are able to let ATP Sulfurylase
have large conformational transitions and the use of higher number of modes (up to 50) do

not show significant performance improvement [213].

5.6.3.2. Aspartate Transcarbamylase (ATCase). Aspartate transcarbamoylase is an enzyme

composed of two catalytic trimers and three regulatory dimers. Aspartate transcarbamoylase
are found in two distinct conformations with binding of ATP or CTP: ATP favoring the
active conformation (R state — PDB ID: 1D09) and CTP favoring inactive conformation (T
state - PDB ID: 1RAC), respectively [214, 215]. Trimers favor being closer together in the
inactive state. ATCase remains in T state in the absence of substrates. Its transitions from T
to R state occur with bindings of substrates on an active site at the interface between adjacent
catalytic subunits, which induces conformational changes accompanied by a global confor-
mational change. During the presence of substrates, ATCase remains in the R state [216].

The pathway from R to T state (i.e. when substrates leave ATCase) is simulated via
ANM-MC and plausible conformations are generated accordingly. The conformational
changes result from the unbinding of substrates and attributed to the global motions [214,
215]. The pairs of R and T states are apart ~ 5 A and get close ~ 2 A far away. Its bond
lengths have plausible amount of expansion/compressions considering being deformed

along DF of 0.3 throughout the trajectory that all bond length distributions are observed even
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within 4 A. The conformational intermediate structures are generated with 10 modes, mostly
by 1% and 4" modes. This tells that low-frequency normal modes play significant role in
large-scale conformational changes of ATCase as indicated in a previous study, as well
[217].

5.6.3.3. Citrate synthase (CS). Citrate synthase is an enzyme that consists of two identical

subunits with 858 residues, but functions as a homodimer. Large conformational transitions
involve relative movement of almost rigid domains of Citrate synthase [218] and hinge type

of motions are observed [219, 220].

Citrate synthase exhibits low-frequency normal modes leading essentially large con-
formational changes. Although open (PDB ID: 5CSC) and closed (PDB ID: 6CSC) struc-
tures of Citrate synthase are so close (2.8 A), it reaches final RMSD of 1.2 A within 10
modes. The third lowest frequency mode is often selected along the trajectory, as stated in a
previous study by Marques and Sanejouand et al. [88]. Tama and Sanejouand et al. states
that a single low-frequency normal mode (i.e. 3" mode) determines the direction motion and
agrees well with the conformational change if the protein structure shows highly collective
motions together [21]. However, Citrate synthase starts with a relatively low collectivity (~
0.4) and travels between 0.3 and 0.5.

5.6.3.4. Chaperonin Lidless Mm-cpn (Cpn). Chaperonins capture non-native proteins and

promote folding in an ATP-dependent manner. Group 2 Chaperonins help thousands of dif-
ferent proteins fold into tertiary structures, called hydrolysis of ATP leading the conforma-
tional transitions of Group 2 Chaperonin [221]. Group 2 chaperonin is a large cylindrical
complex similar to GroEL. ANM-MC simulations are performed open (PDB ID: 31YF) and
closed (PDB ID: 3J03 (in vitro), 3LOS (in vitro)) forms of Lidless Mm-cpn composed of
eight identical rings or subunits face back-to-back, having an overall toroidal-like shape.
Each subunit consists of apical, intermediate, and equatorial domains, again, as in GroEL
[222].

To the best of our knowledge, the dynamics of Group 2 Chaperonin has not been ex-
amined in detail whereas the opening and closing mechanism of GroEL-GroES have been

discussed by many studies using a coarse-grained model [24, 98, 223]. Simulating Group 2
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Chaperonin is computationally expensive even with coarse grained system. Lee and Kim et
al. studied Lidless the dynamics of Mm-cpn applying SCENM (symmetry constrained elas-
tic network model) to only 6 subunits by using the advantage of its symmetric molecular

structure to gain a computational advantage [222].

Two different ANM-MC runs are performed: i) from nucleotide-free (open — in vitro)
to nucleotide-induced (closed - in vitro) and ii) from open (in vitro) to closed (in vivo). Both
runs need higher indexed modes. However, the second run (from in vitro protein to in vivo
protein) does not yield successful RMSD profile as much as the first run (from in vitro pro-
tein to in vitro protein). Unfortunately, in vivo structural information is not available for open

state of Mm-cpn.

Chaperonin Lidless Mm-cpn has plausible conformational structures although higher
indexed modes are recruited in contrast to Glutamate Transporter and GroEL. Additionally,
generated structures are plausible even if higher amount of deformation is being applied
along the entire trajectory and higher modes start being involved right at the beginning of
pathway (~ 20" iteration). The initial overlap value is ~ 0.7. It starts to decrease once higher
modes get being selected. The collectivity profile starts at 0.4 and shows ups and downs
between ~ 0.4 and ~ 0.6.

5.6.3.5. Glutamate Transporter (GluT). Glutamate transporter is a neurotransmitter trans-

porter protein that catalyzes glutamate across a membrane. Its biomolecular conformational
transitions are essential to biological functions are implicated in stroke, epilepsy and neuro-
degenerative diseases in the central nervous system [224]. It is a complex macromolecular
system and needs to be found in many conformational states to perform such functions. Here
the conformational transition pathways of the excitatory amino acid transporters (EAATS)
are examined, which are responsible for secondary active transport of amino acids like glu-
tamate and aspartate across the plasma membrane. Aspartate transporter GltPh is a bowl-
shaped homotrimer protein resolving functionally in multiple states and used as a structural
prototype which consists of three protomers with eight TM helices and two helix-turn-helix
motifs at the substrate-binding core [224]. The structural changes in all three protomers en-

able the transport of substrate via visiting between the outward and inward facing states of
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the trimer. Conformational states between the three crystal structures of GItPh (Inward fac-
ing state - PDB ID: 1XFH [224], intermediate state - PDB ID: 3V8G [225], outward facing
state - PDB ID: 3KBC [226] are analyzed.

Das, Bahar and Roux et al. examined the transition between the intermediate and in-
ward facing states constructing a physically reasonable pathway between two endpoints of
a conformational transition using ANMPathway. Accordingly, the transport domain does not
exhibit change in its internal structure at the beginning of the transition and then starts to
have local arrangements. The trimerization domain does not undergoes large changes in its
internal structure along the entire pathway while the long flexible loop in the extracellular
part performs significant movements. By comparison of the ANMPathway results with a
series of conventional MD runs, the data collected from all-atom simulations yielded snap-

shots in accord with the transition pathway predicted by ANMPathway [7].

Glutamate Transporter shows a collectivity profile with successive ups-and-downs
jumping between 0.1 and 0.5. On the other hand, its overlap profile starts around 0.4 and

decreases to ~ 0.2 somewhere in the half of pathway and reaches ~ 0.1 at the end.

Glutamate Transporter is one of the proteins in the dataset that was deformed exces-
sively along its trajectory when regular ANM-MC methodology was applied. To illustrate,
the virtual bond between 414-B-LYS and 415-B-THR started with 3.81 A and stretched up
to 9.53 A at an iteration somewhat close to the end of the pathway. When it is simulated with
modified version of ANM-MC, that bond is found between 3.76 - 4.11 A, virtual bond
lengths are observed to distribute much plausibly. However, two of virtual bonds show un-
desired but acceptable expansions to 4.48 A between 21-A-ILE and 22-A-LEU and 4.58 A
between 126-B-GLN and 137-B-ALA at the 68" and 359" iterations, respectively. It under-
goes combination of different amount of ANM deformations (mostly DF of 0.1) and higher

number of MC steps are taken at some iterations as in 69" and 359" iterations.

Moreover, Glutamate Transporter needs higher indexed ANM modes (50-150) in order
to undergo significant inter-domain motions by trimerization domain that closely maintains

its internal conformation during the transition while lower indexed ANM modes (10) are
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recruited by the transport domain that practically undergoes a downward rigid-body move-
ment relative to the trimerization domain. The pairs of open and closed Glutamate Trans-
porter are far apart (9.7 A) in both the native states and barely reach RMSD of 9.1 A within
lowest 10 modes, but come close (5.2, 4.2 and 3.5 A) within 50, 100 and 150 modes, respec-
tively.

Jiang et al. also performed an ANM analysis for Glutamate Transporter, which indi-
cates two major types of large-scale motions occur that are energetically more favorable: an
asymmetric stretching/contraction and a symmetric opening/closing of the three subunits.
Only the domains at top approach each other along both motions while domain at the bottom
of the transporter remain rigid within the membrane [227]. In contrast, Kohn et al. proposed
small-scale molecular motions at the core region are in glutamate transporters [228]. It trans-
forms local motions around a rigid core domain more than global moves, which explains

why it requires higher indexed modes to complete its transformation to target.

5.6.3.6. GroEL. Conformational changes of intact GroEL along with mode profiles are

already discussed in the Case Study of GroEL in Section 5.3. Only features of conforma-
tional transitions of GroEL obtained with new ANM-MC methodology will be provided in

this section.

Five different pathways between GroEL pairs are generated with Modified ANM-
MC. All the simulations provide smooth energy profiles, which is indeed sign of plausible
conformational structures generated along the pathway. However, the bond length profiles
tell totally the opposite. On the other side, neither DF profiles nor MC step profiles reflect
those excessively extended bond lengths. If so, those significant extensions should have been
reflected to ANM and MC parameters. In such cases, DF would keep the generated structure
for the tree trials and MC would minimize its energy up to 50 steps. There is no such case

not only in GroEL but also in all other proteins.

Contrary to doubts over the performance of modified ANM-MC, such long virtual
bond lengths in generated structures are, in fact, sourcing from the reference X-ray structures
(PDB ID: 1GRU, 2C7E). As an illustration, 1GRU has a virtual bond length of 7.28 A
between the residues of GLU-191 and GLU-192 in H, I, M and N chains. It is suspected due
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to the level of detail present in the atomic structures of GroEL. It is possible that the quality
of the data collected on the crystal containing GroEL might not be fine because GroEL has
local flexibility or motion and 1GRU has a really low resolution as 12.5 A. The atomic de-

tails in those residues are still kept in order not to lose the intact shape of GroEL

5.6.3.7. Hemoglobin (Hb). Hemoglobin is and allosteric protein which undergoes confor-

mational transition between the tense (T, unliganded) and relaxed (R or R2, O2 or CO-
bound) forms. Xu and Bahar et al. examined R2 conformation which is closer to the oxy-
genated state of Hemoglobin to understand the molecular mechanisms or intersubunit inter-
actions. They showed that transition from T to R2 is driven by global modes in GNM and
ANM. Indeed, oxygen binding involves a local structural change, but the region it perturbs
corresponds to a global hinge region. This explains the allosteric behavior of Hemoglobin
and how global hinge bending motions lead collective changes in the pathway of T to R2
[169].

Conformational transition of Hemoglobin is dominantly driven by the third lowest
frequency mode by 40 % as in the case of Citrate Synthase. In contrast, Hemoglobin has a
relatively higher collectivity profile (~ 0.6 throughout the pathway) but not high sufficiently
to state confidently that the third low-frequency normal mode determines the direction mo-

tion and compares well with the conformational change in Hemoglobin.

5.6.3.8. Hypothetical Transcriptional Regulator in QACA (QacR). QacR is a repressor pro-

tein that regulates expression of QacA [229], which consists of 2 chains with 744 residues.
QacR is one of the two proteins that undergo the largest conformational transition with 10
low frequency modes. The distance between the open and closed structure decreases from
20.4 A to 2.8 A along with 150 iterations. The second mode is chosen more among the 10
lowest modes. Its overlap value keeps going around 0.4 until 120" iteration. Besides, it col-
lectivity remains around 0.7 - 0.8, which is one of the highest collectivity profile in the da-
taset. It always choses the first DF trial (0.3) and never fails in the plausibility of intermediate

structures.

5.6.3.9. 5-enolpyruvylshikimate-3-phosphate synthase (EPAPS). It is the other molecule

performing the most successful ANM-MC simulation with the amount of RMSD change.
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EPSPS is an enzyme that consists of 4 subunits and 1708 residues. It exists in an open con-
formation in the absence of substrates and/or inhibitors. Marques et al. [230] identified that
the apo EPSPS undergoes extensive conformational changes leading to a closed confor-
mation upon binding to the substrate and/or inhibitor. The closing mechanism of EPSPS is
induced by ligands embedded between the domains, where one domain twists against an-
other [230, 231]. It starts with an initial RMSD of 26.0 A and decreases to 6.2 A, 3.4 A and
3.0 A within 10, 50 and 100 modes, respectively. It reaches ¥ of its pathway to target with
the global modes. The structural changes induced by the lowest frequency modes allow for
substantial decrease in the distance of 19.8 A. For further decrease in RMSD, higher indexed
modes recruit EPSPS at each step as it travels between in the last % of the pathway. Higher
frequency modes involve increasingly as EPSPS is proceeding close to the target. The dom-
inance of soft modes (10) can be roughly considered as 19.8 A in RMSD change, while it is
2.8 A and 0.4 A for the lowest 50 and 100 modes, respectively.

The run with 100 modes is favored with the larger decrease to 3.0 A in RMSD. Up
to iteration of 150", soft modes are selected and overlap is ranging between 0.4 and 0.6.
Relatively higher indexed modes (20-50) start being chosen between the iterations of 150"
and 200" where overlap decreases from 0.4 to 0.2. After 200" iteration, higher modes (50-
100) are selected as EPSPS rigidity increases [231] and enzyme is in favor of being deformed

less and overlap decreases further from 0.2 to 0.1.

5.6.3.10. Lac Repressor (Lacl). The lac repressor is a DNA-binding protein involved in

gene regulation in the metabolism of lactose in bacteria. It has two binding sites for lac op-
erator and inducer molecule. The binding of LacL to a promotor on a lac gene inhibits the
transcription of that lac gene. An inducer molecule steps into the transcription by binding to
Lac repressor, which leads a conformational change with the release of the DNA, as well
[232].

A large conformational change of LacL (RMSD: 14.6 to 2.2 A) between DNA-
bounded state (PDB ID: 1EFA) and Inducer-bounded state (PDB ID: 1TLF) is simulated
with 10 modes with collectivity of constantly above 0.5. Soft modes are expected as Flynn
et al. stated the dominant hinge region appeared in conformational motions of LacL [233].

Its initial overlap is ranging between 0.5 and 0.7 at the first 50 iterations where mode highest
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indexed mode is 5. It sharply decreases from 0.5 to 0.1 in the following 30 iterations with
relatively higher modes: modes of 6", 7" and 8".Then, it gets the other half of the pathway

with overlap of 0.1 with the selected modes of 9" and 10™".
It completes its conformational transitional pathway always accepting the first trial in
DF (0.3) without any further MC help, as in usual ANM-MC, with plausible intermediate

structures.

5.6.3.11. Myosin (MYO). Conformational transition of myosin is already discussed in the

Case Study of myosin in Section 5.5 in detail. The overlap value of the selected modes is
initially not high enough for myosin to exhibit a quick heading toward its target direction.
The degree of collectivity of motions are also not so high though throughout the entire sim-
ulation indicating that the number of atoms affected during conformational change is not

significant.

5.6.3.12. RNA Polymerase Il (RnaP). Transcription of cellular genomes is carried out by

essentially orthologous enzymes, multi-subunit DNA dependent RNA polymerases
(RNAPs) [234]. RNA polymerases are supra molecular enzymes which construct RNA
chains using DNA genes as templates to catalyze DNA transcriptions. RNA Polymerase Il
is the key enzyme in the catalysis of DNA-directed synthesis of mMRNA in eukaryotic tran-
scription. It is essential to life and found in all organisms and some viruses. It is important

to understand the transcription between its folded structures.

RNA polymerase Il is a clamp-like enzyme with the active site located near the center
of the enzyme. Feig et al. described dynamics of RNA polymerase Il starting from two crys-
tal structures with open (PDB ID: 2E2J [175]) and closed (PDB ID: 2E2H [175]) trigger
loop forms by molecular-dynamics simulations. It binds the L-shaped nucleic acid complex
and dynamic arrangements and conformations are mostly observed in the active site of struc-
tures. Nucleic acid translocation occurs primarily in the simulations with an open trigger
loop structure and active site nucleotide of the closed trigger loop structure shows a dominant

movement closing towards the terminal RNA ribose [235].
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RNA polymerase Il is 10 and/or 12 subunit enzymes that depends on additional factors
for transcription initiation, elongation, and termination. Cheung et al. provides the key as-
pects of RNA polymerase Il initiation and elongation by providing crystal structures together
which substantially advances our understanding of RNA Pol Il. [236]. However, conforma-
tional transitions are still unclear how the 10 subunit Pol Il core before binding to the sub-
complex Rpb4/7 [174] generates the complete 12 subunit enzyme [237, 238] and how the
complete enzyme has a closed conformation of the Pol Il clamp domain, which only permits

passage of single-stranded DNA to the active site [239].

Crystallographic structures of the 10-subunit Polll complex from Saccharomyces cere-
visiae with open (PDB: 1150 [173]) and closed (PDB: 1WCM [174]) conformations are used
as starting structures for ANM-MC simulations. The transition pathway between apo and
DNA-bound conformations of the yeast RNA polymerase, which is a hetero-10-mer with
3666 residues, is presented. The RNAP structures have a crab claw shape, mainly conserved
core around the active site and a multifunctional clamp. The transition mainly occurs around
clamp side, the mobile domain on one of the pincers, which displays a closing of the cleft
due to the rigid body motion of the clamp [29]. Indeed, although large transitional confor-
mations occur around clamp side, RNAPII is a large molecule and the overall RMSD be-
tween open and closed structures in the dataset is only 4.6 A. It takes 35 iterations to com-

plete its transition from its apo state to DNA-bound state.

Overlap value is a determining factor for a successful approach to target. The lowest
initial overlap values are seen only in RNAPII and Glutamate Transporters, which are con-
sidered least successful runs in approaching to target structure. The overlap with target di-
rection starts around 0.5 and decreases to ~0.1 around 20" iteration where RMD profile
reaches a plateau. The energy of the conformations is stable along the transition, as expected
and the geometry is kept plausible. Collectivity values are higher than 0.4 on average for the
all proteins except myosin and RNA Polymerase Il. In overall, ANM-MC simulation is able
to reach to target structure with an RMSD of 2.8 A.

5.6.3.13. Uracil Phosphoribosyltransferase (UPRTase). Uracil phosphoribosyltransferase

Is an enzyme that catalyzes uracil to uridine monophosphate (UMP) and is involved in allo-
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steric regulation with cytidine triphosphate (CTP). The conformational transition is simu-
lated between UPRTase in complex with UMP (PDB ID: 1XTT) and UPRTase in complex
with UMP and CTP (PDB ID: 1XTU) [240]. The initial RMSD is 2.1 A, which is lower than
the resolution of structures. So, it may not be considered a good case for analysis of an ANM-
MC simulation, but Uracil phosphoribosyltransferase is a supra molecule with 4 subunits
and 846 residues, which deserves to be in the dataset. Along the pathway, the selected modes
exhibit a fluctuating trend while 8", 9" and 10" modes are chosen more. Its overlap starts
from 0.5 and follows a decreasing path to 0.1 whereas the collectivity is above 0.6 and

reaches even 0.9 at some iterations.
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6. REVERSE MAPPING AND GEOMETRY OPTIMIZATION SIMU-
LATIONS

The approach of modeling large chemical and biological systems at the coarse-grained
level relies on the description of molecular interactions in a rather simple and computation-
ally efficient way. However, it is also desirable to obtain atomistic intermediates or conform-
ers by so-called reverse-mapping, which describes the transition from a low-resolution to a
fine representation by refinement of the conformations [241]. It was shown in Section 5 that
ANM-MC is an efficient algorithm that is applicable to very large systems. The plausibility
of its intermediate structures in regard of protein geometry was also discussed in detail. At

this point, they are ready to be mapped to full-atomistic structures.

Building the full atomistic model based on a coarse-grained structure requires creation
of information, specifically arrangement of atoms in peptide backbones and side-chains. In
the given approach here, the atomic details of conformations are introduced by the initial
full-atomistic structure (i.e. open, crystal structure) and those details are hold by intermediate
structures. Later energy minimization by explicit or implicit solvation method is used to
refine the atomistic structure. All the details regarding the technique are provided in Section
3.4.

The reverse-mapping and energy minimization methods are initially tested on a small
protein, AK, which undergoes a substantial conformational transition (RMSD: 7.13 A to
1.35 A) using first 10 slowest modes. Two independent AK runs are used, which have similar
RMSD, energy and mode profiles (Figure 6.2). Snapshots from one run are optimized using
implicit solvation, whereas energy minimization with explicit water molecules and periodic
boundary conditions is performed for the second run. Computational details are provided in
Section 3.4. The internal geometry of reverse-mapped structures is assessed using the
MolProbity server [242].

For a physically realistic description of the system, the structures are examined with
the objective of finding stable conformations via degree of allowed rotations represented by

torsion angles phi and psi. In the Ramachandran diagrams of initial and final structures and
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generated intermediates of AK in Figure 6.3, the only outliers are seen in open (PDB ID:
AAKE, Resolution: 2.2 A, Ser129A) crystal structure and generated structure at 20" iteration
with explicit solvation (Alal1A) of AK. The reason of observing an outlier at 20" iteration
might be due to the high DF value (0.3), which might yield excessive deformation at that
particular region. Although both ANM-MC simulations do not necessarily iterate parallel,
highly similar Ramachandran plots are observed at the same iterations using implicit and

explicit solvation models.

Initial Iterations Target
structure 1 10 20 30 40 44 structure
(PDB ID: (PDB ID:

4AKE) 1AKE)

Figure 6.1. Coarse grained (ribbon) structures and full atomistic (cartoon) structures

(optimized with explicit solvation model) of AK at different iterations.

As another indicator of geometric errors in the optimized models of AK, some statis-
tics are provided about the favorable and undesired rotations in Figure 6.4. Accordingly, that
both implicit and explicit solvation models share a similar profile and yield 95% of backbone
rotations geometrically favorable and only 1% of them undesired (Figure 6.4a). On the other
side, more rotamer outliers observed in AK sidechains with explicit solvation. However, the
crystal AK structure (PDB ID: 4AKE) have much more unusual conformations of backbone
and sidechains than the optimized ones. This means that the geometric mistakes in the very
initial structure (crystal AK structure) are refined by energy minimization in the following
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iterations. In overall, either implicit or explicit solvation model in geometry optimization

offers favorable full-atomistic structures.

Moreover, wall-clock times are 60 min and 30 min on average for energy minimiza-
tion using implicit and explicit solvation models, respectively. Since the elimination of water
molecules in implicit solvent does not provide a computational advantage, explicit solvent
is used in the rest of the simulations, which is usually considered more accurate than implicit

solvent models.

-1500 T T T T T T T

——Implicit Solvation

FAS Explicit Solvation 7
-1600- |

/

-17001

-1800~-

Energy (J/mol) (-)

-1900+-

} [ [ [ [ [ [ [ [ [
20000 5 10 15 20 25 30 35 40 45 5&

Iteration Number

10r = Implicit Solvation ]

Explicit Solvation

Selected Modes
@@
<<
- —
—
1 |

4 /\ /\ ‘ | Q |
e \/
2 { | _
/ VAAAAL
0 [ [ [ [ [ [ [ [ [
0 5 10 15 20 25 30 35 40 45 50

Iteration Number
Figure 6.2. Energy, RMSD and mode profiles of two independent runs of AK using im-

plicit and explicit solvation models, respectively.

The reverse mapping and energy minimization procedures are later applied to the tra-
jectories of EPSPS (RMSD: 26.0 A to 3.0 A), GIuT | (RMSD: 9.7 A to 2.7 A) and QacR
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(RMSD: 20.4 A to 2.8 A), which undergo the largest conformational transitions in the da-
taset. Those runs are chosen not only to examine a substantial conformational transition of a

large protein but also to see the effect of selected modes on ANM-MC shapshots.

The coordinates of unliganded forms of crystallographic structures of EPSPS at 2.2
and 2.3 A resolution are deposited with PDB IDs of 1RF4 (open) and 1RF5 (closed), respec-
tively. The reverse mapping mechanism is performed iteratively along the trajectory of 327
snapshots of EPSPS. Figure 6.5 demonstrates both coarse grained structures (ribbon) coming
from ANM-MC (only minimized with MC) and full atomistic structures (cartoon) minimized
with NAMD at 8 different iterations (1%, 50", 100", 150", 200", 250", 300" and 327").

Time evolution of the RMSDs of the EPSPS between relaxed full atomistic confor-
mations and virtual structure at each iteration is shown in Figure 6.6. The reverse mapped
form displays some conformational changes during the geometry minimization with RMSD

changes between 2.1 t0 2.2 A.

EPSPS has four domains, each of which is composed of three Bafafp folding units.
Figure 6.7a and 6.7b demonstrates two chains of apo enzyme and inhibitor-bound enzyme.
B-sheets structures of each unit contain both parallel and antiparallel strands whereas the o-
helices are parallel. The order of the principal secondary structural elements are seen both
open and closed forms. In the Ramachandran diagram of open and closed X-ray structures
of EPSPS in Figure 6.7c and 6.7d, respectively, the outliers are observed in residue atoms of
Met76 ABC (PDB ID: 1RF4), and , Lys212A, Lys337AB, Ala356A, Thr341BD, Asp312C,
Leu373C, Lys221D, Ser227D and Glu335D (PDB ID: 1RF5 - Chain B). All other residues
have no steric clashes in their alpha-helical and beta-sheet conformations or are allowed to
come a little closer together. All other residues have no error in their alpha-helical and beta-

sheet conformations.

In Figure 6.8, the Ramachandran plots of EPSPS at certain iterations demonstrate how
dihedral angles y against ¢ of residues distribute favored and energetically allowed regions
or map as outliers. . The Ramachandran plots of EPSPS trajectory serve as a useful indicator

of the quality of its three-dimensional structures generated by reverse mapping method. The
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Initial structure (PDB ID: 4AKE)
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Figure 6.3. Ramachandran plots of crystal AK structures and relaxed AK conformations

using implicit and explicit solvation models at different iterations.
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Figure 6.4. Statistics on favorable and undesired rotations around backbones and

sidechains of AK at different iterations using implicit and explicit solvation models.

first conformation show regions fully allowed and slightly allowed for all amino acids to-
gether with Proline and Glycine. At 50™ iteration, a few unfavorable conformations start
being seen due to steric hindrance between polypeptide backbones. After 100" iteration,
disallowed regions of torsion angle values are increasingly observed. Especially in the sec-
ond half of the trajectory, incredible amount of sterically disallowed torsional angle rotations

are found in the excluded regions.
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Iteration: 1

Iteration: 200

Figure 6.5. Coarse grained (ribbon) structures and full atomistic (cartoon) structures (opti-
mized) of EPSPS found at different iterations.

In the assessment of the quality of protein full-atomistic structures, the overview of

allowed and disallowed regions yield excessive amount of torsion angles outside the low-
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energy regions as proceeded away from the original structure; which indicate problems in
the generated full-atomistic EPSPS structures. This is, in fact, an expected outcome once the
full atomistic structure starts not being in agreement with a fully plausible geometry even
after it gets stabilized or relaxed. Full atomistic structures are based on previously generated
ones. Namely, the plausibility of each generated conformation depend on the degree of plau-
sibility of another computationally derived conformation, except the very first snapshot

which is reversely mapped using the experimental coordinates of crystal structure.

RMSD (A)

N N
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Figure 6.6. RMSD profile between coarse grain and full atomistic structures of EPSPS.

Additionally, the mode profile of EPSPS is examined to observe whether the underly-
ing reason of observing so many outliers in conformations is the higher modes, i.e. more
local deformations, being adopted in the second half of the trajectory. Figure 6.9 shows the
correlation between the selected modes and the amount of Ramachandran outliers and poor
rotamers in the conformations of backbones and sidechains of EPSPS, respectively. Figure
6.10 shows that EPSPS and GIuT have a sharper decrease in Ramachandran favored back-
bones and a sharper increase in the amount of Ramachandran outliers compared to QacR.
However, the same situation is not seen in the rotamer profiles. It should be stated that errors
in optimized geometries are substantially sourced from the initial crystal structure used in
ANM MC. Both GIuT and QacR have a considerable number of outliers in their Ramachan-
dran plots (Figure 6.11).
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7. CONCLUSIONS AND RECOMENDATIONS

7.1. Conclusions

Conformational transition pathways of large proteins are efficiently explored by
ANM-MC for different proteins such as hinge-bending, small ligand-binding and DNA-
binding proteins, shear type proteins, enzymes and receptors. ANM-MC parameters are ad-
justed by a series of benchmark analyses for the later application to large proteins. The ad-
justed ANM-MC parameters are applied to the large systems. Some arrangements in ANM-
MC methodology besides parameter adjustment are adopted for addressing the structural
problems/concerns arising in large systems. A detailed analysis of conformational transitions
is provided. Conversion of ANM-MC snapshots to full atomistic conformations is suggested

by reverse mapping techniques.

7.1.1. Adjustment of ANM-MC parameters

ANM-MC parameters (i.e. ANM deformation factor, force constant for virtual bonds,
perturbation strength, and number of steps in MC) are benchmarked using two proteins,
namely AK and calmodulin. Then geometric parameters (i.e. bond lengths, bond angles, di-
hedral angles) throughout the trajectory are monitored and adjusted with respect to crystal
structures of AK and NMR models of calmodulin. The adjustment of force constant in MC
minimization method (k = 500 J/A/mol) yields geometrically plausible conformational struc-
tures. MC step numbers (MCs = 15) along with the standardization of characteristic pertur-
bation strength (MC PS = 0.15 A) are optimized for large proteins. For the sake of compu-
tational efficiency, structures are suggested to be deformed via ANM larger (DF = 0.3) to
reach target faster. As a result, crystal AK structures are observed lying very close to the
computationally obtained pathway intermediates. NMR data of calmodulin also validates the
success of the ANM-MC technique.
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7.1.2. Application of ANM-MC to large systems

The adjusted ANM-MC parameters are applied to the dataset consisting of 13 large
proteins and enzymes of which total number of residues roughly ranges from 600 to 8000.
The initial distance (RMSD) between end structures span a broad range of 2.1 — 26.0 A.

Different cutoff values between 8 and 18 A have been used in previous elastic network
studies, the choice of 10 A has been found most successful in terms of getting closer to the
target state for small and medium sized proteins [19, 21, 28, 34, 128]. However, a higher
cutoff value is found necessary here for application of ANM to large proteins. The relatively

higher cutoff of 15 A is especially suitable for protein complexes with cavities and holes.

Most of the proteins in the dataset exhibit successive conformational transitions along
the slowest 10 modes that primarily direct the protein from the open to the closed state. The
third mode dominates in the runs of aspartate transcarbamylase, citrate synthase and hemo-
globin. For other proteins necessitating multiple slow modes for transitions, there is a more

gradual approach to closed structure.

For some proteins, higher indexed modes are involved in their pathways, which might
be attributed to the compactness of large proteins having a collection of various conforma-
tional states [21]. Those proteins are chaperonin GroEL, chaperonin lidless Mm-cpn, gluta-
mate transporter, myosin, RNA Polymerase Il and 5-enolpyruvylshikimate-3-phosphate syn-
thase. As in nature of elastic network models, slower modes play a dominant role in the
initial stage of deformations, while increased involvement of higher indexed modes gradu-

ally complement as protein proceed away from the initial state.

Computational efficiency of the ANM-MC program is discussed in the context of pre-
cision and computational time for large proteins. Wall times of ANM-MC runs are reported
for each protein. Process time of ANM rises exponentially with respect to the number of
residues above 2000. Clock times of the runs depend on the minimum number of modes used
(10 - 150). The performance of the program over its computational cost is reported for each
protein in the dataset.
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A key component to the success of ANM-MC method is the ability of initial structure
to approach the target, which is expressed via RMSD. Final RMSDs are in the range of 1.5
- 4.3 A with the aim of having a final RMSD within 3.0 A or proceeding at least the half way
of the pathway. All the runs start with global modes, which is reflected by a high overlap
value, and then sometimes require more local modes accompanied by relatively lower over-

lap.

Higher indexed modes permit relatively local movements in the intrinsic motions and
enable the conformations move toward the target direction. However, such modes may cause
excessive compressions and/or expansions in virtual bond lengths. For such cases, DF of 0.3
is found too large, consequently, a slight modification in ANM-MC methodology is intro-
duced. The structure is deformed along the DFs of 0.3, 0.2, and 0.1 with an upper limit of
0.08 in standard deviation of bond lengths with respect the initial structure. For the cases
where bond length variance exceeds the limit of 0.08, higher number of MC steps is utilized
up to 50. With the modified ANM-MC methodology, all the initial structures follow plausi-
ble pathways and successfully approach the target structures. The energy profiles do not
exhibit sudden peaks for any of the proteins in the dataset, which is accompanied by plausi-
ble geometric parameters (bond length, bond angle, dihedral angle) throughout the trajecto-

ries.

The lowest ten frequency modes play a significant role in successful ANM-MC runs
in terms of reflecting intrinsic dynamics property of the proteins by itself. In the runs com-
pleted modes within the range of 1 to 10, higher amount of deformation applied by ANM is
allowed (DF = 0.3) along the trajectories. Virtual bond lengths in every single snapshot do

not show a deviation from initial crystal structure, even without help of extra MC steps.

The lowest ten frequency modes play a significant role in successful ANM-MC runs
in terms of reflecting intrinsic dynamics property of the proteins by itself. In the runs com-
pleted only first 10 modes, higher amount of deformation can be applied in ANM (DF =0.3)
along the trajectories. Virtual bond lengths in every single snapshot do not show a deviation
from initial crystal structure, even without help of extra MC steps. On the other hand, in the
other set of runs incorporating higher indexed modes (50 - 150), lower DF and higher MCs
need to be occasionally applied in ANM (DF = 0.2 and 0.1) so that virtual bond lengths do
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not deviate too much in the usual ANM-MC approach. One exception is chaperonin lidless
Mm-cpn that can tolerate high DF of 0.3 in spite of the higher modes chosen throughout its

trajectory.

7.1.3. Conversion ANM-MC virtual structures to full atomistic conformations

Reverse-mapping technique is performed on the coarse-grained ANM-MC snapshots
successively and then, energy minimization is employed to give relaxation to the obtained
full atomistic structures. As the coarse-grained structures of ANM-MC runs exhibit plausible
geometric features, the question addressed here is to what extent the reverse-mapped geom-
etries are plausible. This procedure is first tested on a small protein, AK (only first 10 modes)
using implicit and explicit solvation. The optimized atomistic conformations of AK show
the desired backbone geometry with both solvation models. Because the explicit solvation
model provides computational advantage for AK, it is further applied to several proteins in
the dataset. These proteins are EPSPS, GIuT and QacR that present the largest conforma-

tional transitions in the dataset.

QacR (only first 10 modes) shows a similar geometry profile with AK, whereas GIluT
(150 modes) reflects undesirable effects of higher modes on its backbone geometry. Simi-
larly, EPSPS (100 modes) gives a considerable amount of Ramachandran outliers and poor

rotamers, which are correlated with the selected modes in the second part of its pathway.

7.2. Recommendations

The algorithm may be extended for application to systems containing DNA or RNA
chains. For this purpose, coarse-graining of such chains and their accompanying knowledge-
based potentials need to be developed first. If successful, ANM-MC can be further applied
to protein- DNA/RNA complexes or the supramolecule ribosome containing RNA chains.

Collective modes can be randomly chosen at certain stages of the simulations instead
of directing them towards the target structure in all iterations. Furthermore, a combination

of different indexed modes can be used for deformation in a single iteration.
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Reverse-mapping technique can be applied using some constraints during energy min-
imization step, such as fixing the backbone atoms initially, to minimize undesirable local
geometries. Further short MD simulations can be performed on reverse-mapped snapshots

to observe sampled conformations.

Lastly, versions of ANM-MC program can be offered to the research community as a
user-friendly web server mainly to predict and visualize the collective motions of large com-

plexes.
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APPENDIX A: MODE, OVERLAP AND COLLECTIVITY PROFILES
IN ANM-MC SIMULATIONS

GIuT (1XFH/3KBC)

GluT (1XFH/3V8G)

Iteration Number

150 150
$ 8
2 100 £ 100-
hel el
8L 2
8 50f I o 50
[0} [} |
(/J 1 \‘ U) I 5 v.
% 100 200 300 % 50 100 150 200 250 300
Iteration Number Iteration Number
GIuT (3V8G/3KBC) GroEL I (2C7E/2C7C)
1 1% 150
840} 8
2 £ 100
3 ®
E 20 g 50
%20 40 60 80 100 120 % 80 100 150 200 250 300
Iteration Number Iteration Number
GroEL IV (2C7E/1GR5) GroEL V (2C7E/1GRU)
100 i ' 150
$ 8
2 2100
8 5 2
b & 507
[0) [
n 2] ) !
0 : : 0 : ‘
0 20 40 60 80 0 50 100 150 200 250
Iteration Number Iteration Number
Cpn | (31YF/3J03) Cpn 11 (31YF/3LOS)
A ' ‘ 100
o [}
=30 =
E E 50
82 f:
% 10 [ B
0 ‘ ‘ % 100 150
0 50 ; 100 Iteration Number
Iteration Number
MYO (1VOM/1MMA) EPSPS (1RF4/1RF5)
: : . 100- ‘ ‘ ;
840, 2 80
g 2
= = 60
b3t 3
£ 20¢ 5 40
k) o
3 ®» 20
0 i > : L 0 ‘.‘L i Lol
0 20 40 60 80 0 50 100 150 200 250

Iteration Number

Figure A.1. Mode profiles in modified ANM-MC runs (k = 500 J/A/mol, MC PS = 0.15

A).
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APPENDIX B: ENERGY AND RMSD PROFILES IN ANM-MC SIMU-
LATIONS
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Figure B.1. RMSD and energy profiles of ANM-MC runs.



136

Glutamate Transporter (3V8G/3KBC)

GroEL (2C7C/2C7E)

42X 10" X 10’
65 10
3 =
© e 57 4O
£ £ )
= |
5-1.4 575 16 2
: L%’ 8 4
e - !
1.6 : - : - -9 - : - 0
% 20 40 60 80 100 120 0 100 200 300
lteration Number Iteration Number
GroEL (1AON/2C7C) GroEL (1GRU/1AON)
4
86X 10 4
6.2
=2 =
>-66 >
) S
-7t
-7.2
Iteration Number Iteration Number
GroEL (2C7E/1GRS5) GroEL (2C7E/1GRU)
4 4
X 10 X 10
2 110
65 6 0.5
% s % S 8 -
£ 7 < | E <
o o |
= "8 | =15 63
9_7 5 = o =
L 12 LU
el 85 2
#2 20 40 60 80 10D % 100 200 300
Iteration Number Iteration Number
Hemoglobin (1BBB/1A3N) Lac Repressor (1TLF/1EFA)
-5300 -4500¢ 15
-5400 4
. —~-5000
E -5500 3 2 E 10 =
= ol | 4
< -5600| 9 | 25500 o
) 2 s = =
£-5700 = | B 5 X
1 -6000|
-5800}
.y 5 10 15 20 25 o~ 50 100 150 °

lteration Number

Iteration Number
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137

Chaperonin (31YF/3J03) Chap Lidless Mm-cpn eronin (31YF/3LOS)
4 3X 10
5X 10
15 15
56 = = -
£ 103 § 10
-7 %) —~-5r 0
> = o =
(0] 0e (] o
& -8 5 i g 5
0 50 100 150 7 ‘ : L g
Iteration Number 0 50 100 150
Iteration Number
Myosin (1VOM/1MMA) RNA Polymerase Il (1150/1WCM)
-5500; pop it
‘ 5
~-6000| B |
S 4_ |3
£ ‘ < | £ <
) 2 |
26500} e | Ras e
2 = | D =
2 | o e 2
Y 7000 o8
| 1
b 20 40 60 80 o
Iteration Number lteratlon Number
5-enolpyruvylshikimate-3-phosphate syn-
RNA Polymerase Il (2E2)J/2E2H
4 (2E24/2E2H) thase (1RF4/1RF5)
X 1OA
217 45% 10
14 = -25
2.2
= w 2.9 %\-1-6 20
g ™% < E <
i 2 E 5-1 7 115 E
>-2.4 15% | 3 %)
o 52| B1gy 103
i 29 1 T
-1.9¢ 15
-2.6- 05
27 \ — K 100 200 300
1 2 3 4 5 6 7D Iteration Number
Iteration Number
Uracil Phosphoribosyltransferase Hypothetical Transcriptional Regulator in
(IXTT/1XTU) QACA (1JT0/1JUS)
-6800: 3 -6200
20
J L 129
= 7000 6400
g 2 z| -
£ _7200- | £ z
= cl 2 a
> 152 3-6600 410%
§ -7400- , & 3 =
Fas0L = -6800} l5
e 4 6 8§ 10 S 100 50 °
Iteration Number Iteratlon Number

Figure B.1. RMSD and energy profiles of ANM-MC runs (cont.)



138

o
'S

© o
N w

=4
=

ANM Deformation Factor (ANM DF)

OO

ATP Sulfurylase (1M8P/112D)

(o)
o

w b
o O

Occurance

N
o

MC Step Number (MCs)
=)

10 20 30 % 10 20 30 3 4 s
Iteration Number Iteration Number Bond length (A)

o
n

Aspartate Transcarbamoylase (1D09/1RAC)

o
w

©
N

©
5

o

ANM Deformation Factor (ANM DF)
=)

)]
o

PesseveerseeEnsune vases awee

-3
o

w
S
Qccurance

N
o

MC Step Number (MCs)
o

10 20 30 0 10 20 30
Iteration Number Iteration Number Bond Iength

o

© o o o
B () S

(@]

Aspartate Transcarbamoylase (1ZA1/1Q95)

[$)]
o

5
o

Step Number (MCs)
N oW
o o
Occurance

[c
o

ANM Deformation Factor (ANM DF)

o

0
10 20 30 0 10 20 30
Iteration Number Iteration Number Bond Iength A

o
»

o
w

o

N

o
=

ANM Deformation Factor (ANM DF)

)

Citrate synthase (5CSC/6CSC)

. ‘ ' ‘
; ‘ % 3

10 15 20 5 10 15 20
lteration Number lteration Number B°”d Iength A

N W A O
o O O O
Occurance

MC Step Number (MCs)
=

OO

Glutamate Transporter (LXFH/3KBC)

504 4

; 6‘50'

< [&]

TO8E BB B @ = =40

£ put 8

|53 7] L »:

& £30 . &

c02= = L] S — e n e =

2 = 3

z §20 - g 5

3 =

= 0 0 Y

<Z,; 0 100 200 300 0 100 200 300 O2 3 4 5 6 7
Iteration Number Iteration Number Bond length (A)

Figure B.2. Profiles of ANM-MC parameters.
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Figure B.2. Profiles of ANM-MC parameters (cont.)
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Figure B.2. Profiles of ANM-MC parameters (cont.)
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APPENDIX C: WALL-CLOCK TIMES OF ANM-MC SIMULATIONS

Table C.1. Wall-clock times of ANM-MC runs.

Time Time Wall-clock
Proteins (ANM) (MC —1 step) I\-lumbfer of Time
. . iterations (dd:hh:mm)

APS 20 14 30 00:01:52
ATCase | 6 7 30 00:00:58
ATCase Il 6 7 33 00:01:04
Cpn | 398 63 144 02:05:43
Cpnll 377 63 151 02:07:33
CS 5 7 18 00:00:32
EPSPS 19 6 269 00:17:39
GluT I 26 10 391 01:05:39
GluT I 21 10 314 00:23:43
GIuT 11l 10 10 129 00:09:54
GroEL | 320 60 305 06:05:30
GroEL 11 388 67 13 00.05:01
GroEL 111 426 67 43 00:12:07
GroEL IV 368 60 295 06:05:11
GroEL V 290 60 93 01:12:53
Hb 2 5 32 00:00:37
Lacl 2 8 158 00:05:01
MYO 4 6 76 00:03:43
QacR 4 6 154 00:03:57
RnaP | 78 51 31 00:07:17
RnaP Il 67 51 10 00:02:19
UPRTase 5 6 15 00:00.26
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