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ABSTRACT

EFFECT OF TEMPERATURE ON COLLECTIVE DYNAMICS OF
PROTEINS: A TIME SERIES ANALYSIS

Molecular Dynamics (MD) simulations are used to analyze the internal motions of
proteins. In this thesis, the molecular dynamics trajectories of the apo form of
dihydrofolate reductase (DHFR), and both apo and holo forms of triosephosphate
isomerase (TIM) at three different temperatures, 200 K, 300 K and 400 K are examined.
Analysis mainly consists of utilization of two methods: principal components analysis
(PCA) to determine the collective protein fluctuations with high mean square fluctuations,
and linear time series analysis to examine the collective vibrational motions in detail. Time
series model parameters obtained for the free states of DHFR and TIM are similar,
indicating the reliability of the analysis. It is found that at high temperatures collectivity
reduces and global twisting motion seen in both proteins remarkably diminishes. At low
temperatures, the important loop motions are reduced. Vibrational frequencies of the first
40 principal modes are extracted by time series analysis, and probability density functions
of these frequencies are plotted to compare different MD runs. It is seen that simulations at
higher temperatures have lower frequency distributions. Nevertheless, the difference
between 300 K and 400 K is very small compared to the frequency shift from 200 K to 300
K. For its ligand bound form, TIM has higher frequencies than the free form at 200 K, as
seen at 300 K in a previous study. However, ligand binding reduces the global twisting
motion of the two monomers of TIM remarkably, which is opposite to what has been
observed at 300 K. This shows that ligand binding may have different effects on the

collective motions at different temperatures.



OZET

SICAKLIGIN PROTEINLERIN KOLEKTIF DINAMiKLERI
UZERINE ETKIiSi: BIR ZAMAN SERILERI ANALIiZi

Molekiiler Dinamik simiilasyonlar1 proteinlerin i¢ hareketlerini analiz etmek igin
kullanilir. Bu tezde, dihidrofolat rediiktazin (DHFR) apo formunun ve triozfosfat
izomerazin (TIM) hem apo hem de holo formlarinin molekiiler dinamik verileri ti¢ farkl
sicaklikta, 200 K, 300 K ve 400 K’de, incelenmistir. Analizler ¢cogunlukla iki metodun
kullanimimi kapsamaktadir: kolektif protein salinimlarini yiiksek ortalama kareler dagilimi
ile tespit etmek icin ana bilesenler (esas modlar) analizi ve kolektif titresimsel hareketleri
ayrintili olarak incelemek i¢in dogrusal zaman serileri analizi. DHFR ve TIM i¢in elde
edilen zaman serileri model parametreleri birbirine benzerdir. Bu da analizin giivenilir
oldugunu gostermektedir. Yiiksek sicakliklarda kolektivitenin ve biitiinsel burulma
hareketinin azaldig1 tespit edilmistir. Diisiik sicakliklarda, 6nemli bolgelerin hareketlerinde
azalma olmustur. Zaman serileri analizi ile ilk 40 moda ait titresimsel frekanslar ¢ikarilmig
ve bu frekanslarin farkli molekiiler dinamik c¢alismalar1 i¢in olasiliksal yogunluk
fonksiyonlar1 karsilastirmak amaciyla figiir olarak cizilmistir. Yiiksek sicakliklardaki
simiilasyonlarin daha diisiik frekans dagilimlar1 oldugu goriilmiistiir. Bununla beraber, 300
K ve 400 K arasindaki frekans gecis araligi 200 K ve 300 K’ dekine gore daha dardir.
TIM’in bagli formunun frekanslar1 serbest formuna gore 200 K’ de daha 6nceki ¢aligmada
bulundugu gibi daha yiiksektir. Fakat ligand baglanmasi 200 K’de TIM’in her iki
monomerinin de biitiinsel burkulma hareketini bozmustur ki bu 300 K icin daha &nceki
yapilan bir caligmada bulunanin tam tersidir. Bu durum, ligand baglanmasinin proteinin

kolektif hareketleri iizerinde farkli sicakliklarda fakli etki yapabilecegini gostermektedir.
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1. INTRODUCTION

Proteins are one of the essential components of living systems. They constitute the
macromolecules that have important roles in biology. Proteins contribute to the structure of
an organism and execute most of the tasks required for it to function. These functions are

determined by their internal motions and accompanying conformational changes.

Proteins are made up of amino acid residues that are connected by peptide bonds.
They are long-chain polymers, but unlike most polymers they have a well-defined native
state. This state is defined by weak, non-covalent interactions among residues, as a result
of which large fluctuations in the atoms are expected. While the proteins fluctuate about
their native state, they make transitions between a large number of conformational sub-
states [1]. Normal Mode Analysis (NMA) and Molecular Dynamics (MD) simulations are
helpful to investigate the protein dynamics [2-5]. These methods have shown that

collective motions are directly related with the function of proteins.

Molecular dynamics (MD) is a potential energy surface-based computer simulation
technique that can provide the details of the motion of a protein. In MD simulations, it is
possible to generate a sequence of points in the phase space that are connected in time,
which correspond to the successive conformations of the protein. Newton’s equation of
motion is solved for each atom in the protein with respect to the chosen force field, and
one can obtain a molecular trajectory. Data obtained from the MD simulations comprise
the Cartesian coordinates of atoms sampled during the simulation and are high-
dimensional due to frequent sampling and large number of atoms. Principal Component
Analysis (PCA) can be used to reduce the dimensions of the data, which captures the
essential dynamics of the protein [4,6,7-13]. In literature, different names such as effective
normal mode analysis and essential dynamics are used for this method. Alakent et al [10-
13,14] used stochastic linear time series models to model the collective protein fluctuations
and related the model parameters to different aspects of protein motions. Alakent et al
[10,11-14] showed that, PCA is a reliable method in extracting the important dynamics of
proteins and linear stochastic time series models can be used in explaining the collective

dynamics of a protein along its principal components.



In this thesis, the time evolution of the MD simulations of dihydrofolate reductase
(DHFR) and triosephosphate isomerase (TIM) are analyzed by applying time series
analysis to the projections of atomic displacements onto the principal components. DHFR
is pharmacologically and clinically important as it is the target of the “antifolate” drugs,
which are useful anti-neoplastic, antibacterial and antimalarial agents [15]. TIM is an
important enzyme in glycolysis. It catalyzes the interconversion between dihydroxyacetone
phosphate (DHAP) and D-glyceraldehyde 3-phosphate (GAP) [16]. In its deficiency,
susceptibility to infections and various neurological dysfunctions occur [17]. In this work,
free (unliganded) forms of DHFR, and both free and ligand bound forms of TIM are
analyzed at different temperatures. PCA is applied to the data obtained from each
simulation to extract the essential protein dynamics. Time series analysis is used to derive
linear stochastic time series models at different temperatures for the free and liganded
forms. Parameters of the time series models are used to examine the dynamic behavior of
these proteins under different conditions. MD simulations are performed by using AMBER
8.0 commercial software package [18]. MATLAB 7.0 is used for PCA and for obtaining

time series models. PYMOL (version 0.99rc6) is used for protein illustrations.

In the second section of this thesis, protein structure, function and dynamics are
explained in the context of DHFR and TIM. In the third section, MD simulation method is
explained in detail. In the fourth section, statistical methods used in the analysis of MD
trajectories are explained. Section five is the Results and Discussion, where the analyses of
the MD results are examined in detail. In the final section, conclusions and

recommendations about the thesis are presented.



2. PROTEIN STRUCTURE, DYNAMICS AND FUNCTION

2.1. Protein Structure and Dynamics

Proteins are biopolymers. They are formed by the linkage of numerous combinations
of 20 residues. Proteins we observed in nature have evolved, through selective pressure, to
perform specific functions. The functional properties of proteins depend upon their three
dimensional structures. The specific three-dimensional structure of a protein is called the
native state. Native state arises because its particular linear sequence of amino acids folds

to generate compact domains.

All of the 20 amino acids have in common a central carbon atom (C,). A hydrogen
atom (H), an amino group (NH3), and a carboxyl group (COOH) are attached to the C,
atom. The side chain attached to the C, through its fourth valence distinguishes one amino
acid from another. Depending on this side chain, each amino acid has different chemical

properties [19].

The amino acid sequence of a protein’s polypeptide chain is called its primary
structure. Different regions of the sequence form local regular secondary structures, such
as alpha (a) helices or beta (B) strands. The tertiary structure is formed by packing such
structural elements into one or several compact globular units called domains. The final
structure may contain several polypeptide chains arranged in a quaternary structure. As
shown in Figure 2.1, by formation of such tertiary and quaternary structure, amino acids
far apart in the sequence are brought close together in three dimensions to form a

functional region, an active site.

The three dimensional structure determines the protein function. The folded domains
can act as modules forming large assemblies such as virus particles or muscle fibers, or
sometimes they can serve as specific catalytic or binding sites. Two major methods,
namely X-ray crystallography and NMR, are used to determine the three dimensional
structures of proteins. Lately electron microscopy (EM) is used for the structure

determination of supramolecules.
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Figure 2.1. The formation of quaternary structure

Proteins are not rigid bodies. They sample a large ensemble of conformations around
the native state. Since proteins are very important biological molecules for the cellular
function, researchers have sought to elucidate how these complex macromolecules execute
various functions. Even though the static structures are known for many proteins, the
functions of proteins are governed not only by their static structure but also by their
dynamic character. For a detailed description of a protein’s multidimensional energy
landscape, the relative probabilities of the conformational states (thermodynamics) and the

energy barriers between these states (kinetics) are required [20].



2.2. Functions of Proteins

Proteins are very important molecules in our cells. They are involved in virtually all
cellular functions. Each protein within the body has a specific function or several
functions. Some proteins are involved in structural support, while others are involved in
bodily movement, or in defense against germs. Proteins have numerous types that they can

act as enzymes, antibodies etc. [21].

In enzymatic reactions, the reactant molecules are called substrates, and enzymes
convert them into products. Most of the processes occurring in the cell require enzymes to
have significant rates. Enzymatic proteins act as catalysts in cellular reactions. They
accelerate the reaction by decreasing the activation energy barrier to products (Figure 2.2).

Enzyme reaction rates are nearly millions of times faster than the uncatalyzed reactions.
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Figure 2.2. Effect of enzymes on reaction kinetics [22]

In catalytic reactions, ligand binds to a specific part of an enzyme, named binding
site, by means of intermolecular forces. Interactions between the protein and the ligand are
essential for the protein to function properly [23]. Ligands mostly bind to a small number

of residues, but it affects the other parts of the protein structure leading to significant



changes in loops [23]. It is shown in previous studies that ligand binding shifts the

vibrational frequencies of proteins [24].

2.3. Effect of Temperature on Enzymes

Like most chemical reactions, temperature has a remarkable effect on enzyme-
catalyzed reactions. A 10°C rise in temperature will increase the activity of most enzymes
by 50 to 100 per cent, however above normal temperatures (about 60°C) heat has an
irreversible effect on enzymes. This denaturation occurs due to the change in the structure
of proteins, especially in the active site, which leads to the inactivation of proteins. As the
positive and negative effects of temperature are taken into consideration then enzymes may
be said to have an optimum temperature for their action [25]. In this section, the dynamics
of DHFR and TIM are examined in free and ligand bound forms at temperatures 200 K,
300 K and 400 K, respectively. It is not possible for an enzyme to execute its functions
properly at 200 K. At such a low temperature the motion of the parts of the enzyme is
restricted related with the small amount of kinetic energy. Due to the limited mobility, the
catalytic mechanism in which the enzyme takes part spoils. At 300 K the enzyme can
execute its function properly where at 400 K the enzyme is not functional related with the
conformational changes in the structure. In a previous study, vibrational density of states
(frequency distribution) of free and ligand bound forms of proteins are examined at 120 K
by using molecular dynamics and normal mode analysis [26]. The results of this study
show that the free energy change, which is determined by frequency change, contributes to

the binding equilibrium [26].

2.4. Dihydrofolate Reductase (DHFR)

Dihydrofolate reductase (DHFR), reduces dihydrofolate (DHF) to tetrahydrofolate
(THF), using NADPH (reduced form of NADP", Nicotinamide Adenine Dinucleotide
Phosphate) as the hydride donor. DHF can be converted to the kinds of tetrahydrofolate
cofactors used in 1-carbon transfer chemistry. In the catalytic cycle of DHFR (Figure 2.3),
the active site loops are in closed conformation in the forms of holoenzyme (ENY) and

Michaelis complex (ENHE), while the ternary (ENfp), binary (Eryp) and product release



complexes (ENHg) are in the occluded conformation. In the figure, NH and N* refer to

NADPH and NADP", respectively [27].

Dihydrofolate reductase deficiency has been linked to megaloblastic anemia. DHFR
is clinically important and it has been recognized as a drug target for inhibiting DNA

synthesis in rapidly dividing cells such as cancer cells.

closed

L N
_—
Michaelis

Complex

NADP*

BN

DHF

closed
THF 4—’\‘ %\ NADPH

Product Release Complex

Figure 2.3. Catalytic cycle of DHFR [27]

¢

Because tetrahydrofolate is the active form of folate in humans, inhibition of folate can
cause functional folate deficiency. As folate is needed by rapidly growing cells to make

thymine, this may have a therapeutic effect.

DHEFR consists of 159 residues. The important regions are M20 (residues 9-24), FG
(residues 117-131) and GH (residues 142-149) loops (Figure 2.4). M20 loop can be in the
open, closed or occluded conformation. In Figure 2.4, the green, blue and orange colored
parts are M20, FG and GH loops, respectively. The pink colored parts are the helices in the
structure where blue colored parts are the blue parts correspond to the sheets. In the figure,

DHFR with the ligand NADPH and substrate DHF is shown.

2.5. Triosephosphate Isomerase (TIM)

Triosephosphate isomerase (TIM) is an enzyme that catalyzes the reversible inter-

conversion of the triosephosphate isomers dihydroxyacetone phosphate (DHAP) and D-



glyceraldehyde 3-phosphate (GAP) (Figure 2.5). Triosephosphate isomerase is a highly
efficient enzyme, performing the reaction billions of times faster than it would occur

naturally in solution.

TIM plays an important role in glycolysis and is essential for efficient energy
production. In humans, deficiencies in TIM are associated with a progressive, severe
neurological disorder called triosephosphate isomerase deficiency. TIM has been found in
nearly every organism, including animals such as mammals and insects as well as in fungi,

plants and bacteria. However, some bacteria that do not perform glycolysis, lack TIM.

Figure 2.4. Cartoon representation of DHFR with NADPH and DHF shown in sticks [28]

Triosephosphate isomerase consists of 494 residues and is a dimer of identical
subunits (Figure 2.6). The three-dimensional structure of a subunit contains eight a-helices
on the outside (red colored) and eight parallel B-strands (yellow colored) on the inside.
This structural motif is called an af-barrel, or a TIM-barrel, and is by far the most
commonly observed protein fold. The active site of this enzyme is in the center of the
barrel. Loop 6 (blue colored), which comprises residues 166 to 176; closes over the active

site and protects the ligand from the solvent.
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Figure 2.5. The inter-conversion of DHAP and GAP [29]

Figure 2.6. Cartoon representation of TIM [30]
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3. MOLECULAR DYNAMICS SIMULATIONS OF PROTEINS

3.1. Molecular Dynamics (MD) Simulations of Biomolecules

Molecular dynamics (MD) is a computer simulation technique used for
understanding the physical basis of the structure-function relation of biological
macromolecules. The early view of proteins as relatively rigid structures has been replaced
by the idea that the internal motions and resulting conformational changes play a vital role
in their function [10,31]. MD makes it possible to study these motions and conformational

changes.

In MD simulations, a trajectory of the protein is obtained by determining the
positions and velocities of the particles. This trajectory is obtained by solving the

differential equations embodied in Newton’s second law for each particle:

dt2 mj

This equation describes the motion of a particle of mass m; along one coordinate (X;)
with Fy, being the force on the particle in that direction. In MD simulations, force fields are
used to describe the potential energy surface of a system as a function of the atomic
positions. The quality of a force field determines the validity of the results obtained. Force
fields are based on an empirical model of interactions involving bond stretching, bond
angle deformations and rotation of bonds, as well as non-bonded interactions, namely van
der Waals and electrostatic interactions within a system. In this thesis, an “all-atom” force

field, AMBER ff03, is used [1,17].

The success of an MD simulation depends not only on a high quality force field but
also on the computational limitations regarding the number of particles. For this reason,
additional algorithms should be used to increase the efficiency of MD simulations. These

algorithms are based on realistic and reasonable assumptions, such as the application of
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non-bonded cutoffs. In the case of non-bonded interactions, the distances between atoms

larger than the cutoff distance (r¢,¢) are neglected.

It is impossible to cover the molecule with infinitely many solvent molecules.
Therefore, in order to simulate a protein in solvent to mimic the real situations, periodic
boundary conditions (PBC) are used. A cubic box is implemented in all three dimensions,
forming a lattice of identical cubes. The surrounding imaged atoms exert forces on the real
atoms in the interior cube, while motions of imaged atoms are calculated by symmetry
operations. Thus, energy calculations need to be performed and stored only for real atoms

[1,17].

3.2. Steps of an MD Simulation

There are three stages in an MD simulation. These are minimization, equilibration
and data collection. The initial native folded structure used in the MD simulations is
obtained from Protein Data Bank (PDB) [32], which is either determined by X-ray
crystallography or NMR. In energy minimization stage, the structure is brought to a
conformation where its potential energy is close to an energy minimum with respect to the
force field being used. Since it is difficult to find a global minimum due to the nonlinear
nature of the protein interactions, a local minimum close to the starting structure is found
[24]. If the simulation medium is explicit solvent, the protein is placed in a periodic box
along with the water molecules before minimization. Widely used energy minimization

techniques are steepest descent and conjugate gradient algorithms.

The equilibration stage is an adjustment period, during which the temperature,
energies and other parameters are equilibrated. Initial velocities are assigned according to
the Maxwell-Boltzmann distribution at the specified temperature to start the integration of
the equation of motion and the target temperature is maintained by adjusting the velocity
of the atoms. If there is no control over temperature, fluctuations or drifts in temperature

may occur during the simulation.

In the data collection stage, M (sample number) snapshots are obtained from MD

simulations. Each snapshot file comprises the Cartesian coordinates of all the atoms
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sampled during the simulation. So, the first data file has the coordinates of the initial

conformation, and the last one has the coordinates of the finally sampled conformation

[24].

3.3. MD Simulation Protocols for DHFR and TIM

The initial X-ray conformations in MD simulations are taken from PDB. The PDB
codes are 1RA1 for the free forms of DHFR and 8TIM and 1TPH for the free and ligand
bound forms of TIM, respectively. Explicit solvent condition is applied in the simulations
which are held at 200 K, 300 K and 400 K for both DHFR and TIM with durations of 3.2
to 32 ns. Data are collected in MD simulations for a period of 3.2 ns with fixed sampling
intervals of 0.8 ps. Simulation condition is constant number of moles, temperature and
pressure (constant NTP). A 9 A cutoff is used in the solvated system appointed by the
Ewald summation technique with particle-mesh electrostatics. The structure is solvated in
TIP3P water by using a truncated octahedron periodic box (AMBER manual) of 58 A
dimensions [33]. Isotropic position scaling (NTP) is used with constant pressure
conditions. Energy minimization is applied with steepest descent algorithm of 50 cycles.
The initial velocities are assigned according to the Boltzmann distribution at 10 K, and the
temperature is increased to 200 K, 300 K and 400 K respectively. The temperatures are
kept constant by weak coupling algorithm. Verlet algorithm is used to make the
integrations of Newton’s equation of motion [34]. An integration time step of 2 fs is used
by applying SHAKE algorithm for the bonds with hydrogen [14], to satisfy bond geometry

constraints during the simulation.
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4. ANALYSIS OF MD TRAJECTORIES WITH STATISTICAL
METHODS

4.1. Principal Components Analysis (PCA)

Principal components analysis (PCA) is a technique used to reduce multidimensional
data sets to lower dimensions for analysis. PCA is mathematically defined as an orthogonal
linear transformation that transforms data to a new coordinate system such that the
projection of data on the first latent coordinate (called the first principal component) has
the highest variance; projection to the second on the second principle component has the

second greatest variance, and so on.

In this study the data matrix X, with dimensions M x q is reduced to smaller
matrices. First a covariance matrix (C), a nonsingular q x q symmetric matrix constructed

from the data matrix, is obtained by PCA.
-1 X-X)T(x-X

Here, X denotes the matrix of averages. C can be decomposed to an orthonormal
“loadings” matrix P and a diagonal matrix A (Equation 4.2). Nonzero diagonal elements of
A correspond to the variation along each principle component. Any number of principal
components, r can be taken into consideration. If r is equal to g, then all the variables have

been taken into consideration and there is no dimensional reduction.
C=PAPT “4.2)
Projection of the data matrix onto the principal axes is obtained as,

T =(X-X)P. (4.3)
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Each column of T is named as scores vector and shown by t;. T matrix has M x r

size.

Trajectory of the Cartesian coordinates of the C, atoms is considered to be sufficient
for capturing the essential variation in a protein’s fluctuations. All the trajectories obtained
from the MD simulations have equal sample sizes of 4000 snapshots sampled at 0.8 ps
intervals. These trajectories form the X data matrix, and PCA is applied to this X matrix.
Finally, time series analysis is applied to the collective coordinates (scores) obtained by

PCA.

4.2. Time Series Analysis

A time series is a set of observations where each observation is recorded at a specific
time. In discrete time series, the observations are made as a discrete set. In this case the
observations are made at fixed time intervals. Most of discrete time series are constructed
by sampling of continuous time series. The time series is said to be deterministic, if the
future values of a time series are exactly determined by some mathematical function, while
statistical time series are results of stochastic processes and governed by an underlying

probabilistic mechanism [35].

Stationary processes are a very special class of stochastic processes and based on the
assumption that the process is in a particular state of statistical equilibrium. Stochastic
processes are called “strictly stationary processes” if the probability distribution does not
change with respect to time. A process is “weakly stationary” if the mean (u) and variance

(0?) are constant.

4.2.1. Autoregressive (AR) and Moving Average (MA) Processes

The notation AR(p) refers to the autoregressive model of order p. The AR(p) model

1s written as,

Zt - C + let—l + 4 (DpZt_p + at (4.4)
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where, z;, 7, z3, ..., Z, denote a set of p observations. In equation (4.4), @ is the
autoregressive parameter, and a, is a random variable (named random shock), assumed to
have zero mean and constant variance in all time periods [35]. It is further assumed that a;
is not autocorrelated. Thus, the a; terms have the properties of the error terms in a
regression equation when the standard assumptions for the regression model hold. In
addition, the parameter C is included in the model to allow for the fact that the time series

can have non-zero mean.

A time series is a moving-average MA (q) process of order q if it is a linear function

of current and past random shocks as shown below:

Zt = at - elat_l - ezat_z — = eqat_q (4.5)

where 0; (i=1,2,3,...,q) are moving average parameters and a is white noise as usual.

4.2.2. Autoregressive Integrated Moving Average Processes

Practical experiences suggest that it is worthwhile to generate model equations that
involve both autoregressive (AR) and moving average (MA) terms, as autoregressive
moving average (ARMA) models can provide excellent representations of actual stationary
time series using relatively few unknown parameters. Frequently adequate representation
of a series with pure auto regressions or pure moving averages can only be achieved with
high-order models, while a model involving both autoregressive and moving average terms

requires a relatively small total number of parameters.

The stationary time series z, with mean , is said to be generated by autoregressive

moving average model of order (p,q), denoted ARMA (p,q), if

N~

Zy — D171 — - — PpZep = @y — 0121 — B8, — - — Ogai_q (4.6)

where,

it = Zt - I.l. (4.7)
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In backward shift operator notation, the ARMA (p,q) model can be shown as

P(B)(z; — W) = 8(B)ay. (4.8)

Here, the autoregressive (AR) and moving average (MA) parameters are

respectively,

®(B) =1— @B~ —@,BP and 6(B) = 1 — 6;B — - — 6,BY.

Autoregressive moving average models have been successfully used to represent the
behavior of stationary time series over a very wide field of practical applications. For the
time series whose levels may not be stationary, frequently period-to-period changes, or
first differences, of the series will be stationary. If the observed time series is X,

differencing is defined as follows:
Wt = \Z/t - it_l = (1 - B)\Z/t=Vit (4.9)
If an observed time series X; has been differenced sufficiently to yield a stationary
series wy, the possibility of fitting to wy a stationary autoregressive moving average model
to w; can be considered. After differencing, it will be reasonable to assume that the
differenced series has mean zero, so that an ARMA (p,q) model can be written as:

?(B)w, = 0(B)a,. (4.10)

An autoregressive integrated moving average model of order (p,d,q) which is

ARIMA (p,d,q) is shown below, where d denotes the degree of differencing:

@(B)(1 — B)4X, = 8(B)a,. (4.11)

4.2.3. Autocorrelation Functions of AR, MA and ARMA Processes

For a real stochastic process z,, autocovariance is the covariance of the signal against
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a time-shifted version of itself at lag k. When each state of the series has a mean, E(z;) =y,

then it is defined by [1,35]

Yie = €ov(ze, Zeid) = E[(2e — 1) (Zei — W] (4.12)

Since autocovariances are difficult to interpret, it is preferable to use correlations.
The correlations provide a scale-free measure of the strength of linear association. The
correlations between the observed values of a time series separated by k lags are called the

autocorrelations of the process, and denoted by py,

P = & (4.13)

When the series is assumed to be stationary then certain restrictions are imposed on

the values that can be jointly taken by the autoregressive parameters @4, @, ..., @p. In that

case, it can be shown that z; has mean p, and the autocorrelations obey,
Pk = D1Pk—1 + D2pr—2 + - + Bppe—i> k=1,2,3,... (4.14)
which can be written as
O(B)px =0 (4.15)
In the equation above, B operates on k. The general solution is,
p=A1G* + AyGy* + ... + A,G (4.16)

where, G] r Gz_l, e, Gp 1 are the roots of the equation @(B) = 0. If the roots are real, each
term AiGik decays to zero as k increases, which referred to as a damped exponential. A
pseudo-periodic behavior is encountered as Adksin(anO + F), if the pair of roots are
complex. In this equation, d is the damping factor, f; is the frequency in the cycles and F is
the phase. For any AR (2) or ARMA (2, i) model having complex roots, with i denoting

any integer, frequency and damping factors can be found by using the relations below:
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f, (4.18)

_ 1 -1, 9
= 2 €08 (2,/—(232)

Below is the example of autocorrelation distributions for the processes with real and

complex roots, respectively.
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Figure 4.1. Autocorrelation function of processes with (a) real and (b) complex roots

Unlike an AR process, the autocorrelation function is zero beyond order q for a MA

process (Figure 4.2a).

-6, +¢91¢9k2+1 +...+?q_k9q k<g
P = 1+67 +..+6, (4.19)
0, k>q

In an ARMA process with an order of (p, q), the autocorrelations for the first q lags
depend both on the AR and MA parameters however, after lag q it only depends on the AR
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parameter. Figure 4.2b is an example of an autocorrelation function plot for an ARMA (1,

1) process.
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Figure 4.2. ACF distributions for (a) MA (1) and (b) ARMA (1, 1) processes

The underdamped behavior is observed with a graph of @;and @, parameters of the
autoregressive (AR) part of the model equation. In Figure 4.3, the grey colored part shows
the region where under damped data are encountered according to the inequality, and the

triangle shows the stationarity limits.
B’ +40,<0 (4.20)

Application of time series on the scores obtained from PCA is as follows. Time
series models are fitted to the scores to elucidate the mechanism of internal motions.
Models are identified according to the statistical properties of residuals (random shock
estimates). In choosing the most suitable model among many models generated for the

scores data, the following steps are followed:



20

0.8 B

0.6 b

04r b

-02F B

04t g
Complex

06l Roots i

-0.8 B

=) 15 -1 05 0.5 1 15 2

Qol

Figure 4.3. Boundaries for stationary and under damped behavior

e The simplest possible model with the smallest number of parameters (low ordered

model) is chosen according to the principal of parsimony.

e The autocorrelation function of the residuals of the model should be between the
confidence limits. If the autocorrelation function of the residuals at lags greater than zero

follows a pattern, the order of the model should be increased.

o If the roots of the AR and MA equations are close to each other, then they will cancel

each other. So, lower order models are used instead.

¢ In order to make the comparison of the models of different scores easier, models with

similar orders are selected.

¢ Complex roots imply an underdamped behavior which yields frequencies. When the
autocorrelation function of the residuals shows similar behavior for different models, the

model with the complex roots is preferred.
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In this study, ARIMA (3,1,2), ARMA (3,1) and ARIMA (3,1,1) models are

frequently encountered.
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S. RESULTS AND DISCUSSION

In this part, MD simulations of DHFR and TIM are analyzed. Average
conformations and mean square fluctuations (MSF) of proteins at different temperatures
are calculated and compared. PCA is applied to DHFR and TIM at different temperatures
for their free and ligand bound forms, and 40 PCs are taken into consideration in the time

series analysis afterwards.

5.1. Investigation of the Dynamics of DHFR

A total of six runs are performed for the free forms of DHFR, two at each
temperature of 200 K, 300 K and 400 K, respectively. Short simulations at each
temperature are extracted from their longer simulations. The simulation lengths and

temperatures of DHFR are shown in Table 5.1:

Table 5.1. DHFR simulation lengths

Temperature Duration
200 K 32ns | 8ns
300 K 3.2ns |32 ns
400 K 32ns | 8ns

The longer simulations are used to extract domain motions by PCA, because longer
simulations give more reliable information about the collective motions of the protein.
Abbreviations that will be used for DHFR runs are shown in Table 5.2. S denotes short
simulations which are all 3.2 ns, and L denotes long simulations. The simulation
temperatures of 200 K, 300 K and 400 K are also encoded by 2, 3, and 4, respectively, and
“D” represents runs for DHFR.

Time series analysis is only applied to short simulations. The periods of vibrational
motions of the modes to be extracted by time series analysis are smaller than 10 ps;
therefore a simulation length of 3.2 ns is adequate. In all the runs, a constant sampling

interval of 0.8 ps is used for easier comparison of the time series model parameters.
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Table 5.2. Notations for DHFR runs
200 K | 300 K | 400 K
32ns | D2S | D3S | DA4S
8ns | D2L D4L
32 ns D3L

5.1.1. Comparison of Average Conformations and MSF Analyses of DHFR

The root mean square distance (RMSD) between the average conformations of runs
D2L and D3L is 0.726 A. RMSD between runs D2L and D4L is 1.378 A and between runs
D3L and D4L is 1.214. So the average conformations of runs at 200 K (D2L) and 300 K
(D3L) are closer than any other runs. Figure 5.1 shows the average conformation
comparisons of runs D21, D3L. and D4L (illustrated in blue, black and red, respectively).
In the average structure of run D2L, M20 loop is in its most open conformation (Figure
5.1a, Figure 5.1c and Figure 5.1d). Conformation of M20 loop is similar at 300 K and 400
K. GH loop seems to adopt different average conformations for different runs. On the other
hand, deformation is observed especially in the conformation of helix C for the run at 400

K.

In Figure 5.2, MSF of residues are shown. It is clearly seen from the figure that, the
mobility of all the regions in DHFR increases as temperature increases. The fluctuations of
helix C (residues 44-50), GH loop (residues 142-149), CD loop (residues 64-71) and
residues between 80 and 90 are prominent in run D4L. In run D3L and run D4L, the
regions with the highest MSF are the CD and, the GH loops, respectively. In run
D2L., M20 loop has the highest mobility. Although MSF are the smallest in all the regions
of the protein in run D2L, the mobile regions (loops) of the protein can still be identified
even at the low temperature. As temperature is increased, energy barriers are overcome

especially in those regions, increasing the MSF.

5.1.2. PCA Results of DHFR

The sums of eigenvalues (the total MSF of all residues) for all runs are given in

Table 5.3. According to the values, DHFR at 400 K is far more flexible than it is at 200 K
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and 300 K, as seen.

a) b)

c)

M20Loop

Figure 5.1. Average conformations of DHFR for runs a) D2L-D3L, b) D3L-D4L, c) D2L-
D4L and d) D2L-D3L-D4L (blue — 200 K, black — 300 K, red — 400 K)
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Figure 5.2. MSF of residues for DHFR runs

Table 5.3. Sum of the eigenvalues for DHFR
200K | 353242

300K | 15248 A2

400 K | 32022 A2

In the case of eigenvalues, which are the total MSF of residues along the PCs, it is
observed that DHFR is in its most mobile state at 400 K and fluctuations are reduced at
lower temperatures (Figure 5.3). This is an expected result, since the kinetic energy of the
protein is higher at high temperatures, which makes it possible to overcome energy barriers

and sample a large range of conformations.

A more reliable measure of the collectivity of the motions at different temperatures
may be acquired by examining the percentage of the variance explained by each
eigenvalue. Figure 5.4 shows the percentage variance explanation of the modes for all
runs. The first 5, 10 and 40 PCs of run D4L explain 55, 68 and 88 per cent of C,
fluctuations, respectively. As it can be seen from the figure, the percentage variance
explanation value is higher in the first mode of run D2L and lower in the remaining modes

than other runs. In run D4L, for the first three modes, that explain the collective motion,
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Figure 5.3. Eigenvalue obtained for runs D21, D3L and D4L

eigenvalues are higher. On the other hand, if the rest of the low indexed modes are also
taken into consideration, it is seen that collective motions at 300 K are better pronounced
compared to runs at the two other temperatures, which may be related with the
functionality of the protein at the optimum temperature. These results support another
study [38], whose more multiminimum principal components are found to appear as
temperature is increased, and the “excess” MSF from 210 K to 300 K is found to be due to
these multiminimum dynamics. In the current study, the intermediate modes (with indices
2 to 12) have a low anharmonicity at 200 K, but a higher anharmonicity at 300 K, and

therefore contributing more to the MSF as temperature is increased.

To observe the collective motions more clearly, the displacement vectors along the
first principle component of DHFR are examined for each temperature. To see these
motions more clearly, only the displacement vectors (without the secondary structure of
the protein) are viewed in two different perspectives of the protein. In Figure 5.5, these two

perspectives of DHFR are shown: the side and top views of the protein.

Figure 5.6 gives the displacement vector representation of runs D2L, D3L and D4L,
where red dots denote the C, atoms, and black lines correspond to the direction of motion
of C, atoms along PC 1. The motion of M20 loop can easily be observed in the first

perspective, while the second perspective more clearly indicates a global twisting type of
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Figure 5.4. Percentage variance explanation of the eigenvalues of DHFR

motion, in which the upper parts of M20 loop of the protein move in the opposite direction

of the lower parts.

a) b)

Figure 5.5. Native state illustrations for run D3L from the a) side and b) top views

In Figure 5.6a, the twisting type of motion at 200 K can easily be observed however
opening/closing motion of M20 loop is less pronounced compared to other temperatures.
The global twisting motion and the motion of M20 loop are more explicit at 300 K,
especially seen in the second perspective (Figure 5.6b). The closing motion of M20 loop is
clear while helix C moves in the opposite direction. In Figure 5.6¢c, a better pronounced
opening/closing motion of M20 loop is seen, while, the global twisting motion is

diminished at 400 K. These results hint the importance of the coordination of the
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opening/closing motion of the M20 loop with the global collective motions of DHFR for
its function, which can only be attained at an optimum temperature.
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Collective motions represent simultaneous movement of the different parts of
protein. In order to have a better insight about the contribution of different regions in
DHEFR to its collective motions, its C, trace is moved along PC 1 and PC 2 and the
resulting snapshots are superimposed on each other. The results are shown in Figures 5.7
to 5.9 for three different temperatures. In Figure 5.7, M20 loop of DHFR at 200 K is in its
closest conformation to the FG loop for the first principal component. The motion is not
the opening/closing type. A lateral motion exists. On the other hand, along PC 2, M20
loop’s opening/closing motion onto the NADPH binding site is more prominent. M20 loop
moves in the opposite direction of Helix C where it moves in correlation with FG loop.
The movement of GH loop is parallel to M20 loop along both of the principle components.
Along PC 2, the movement of CD loop is more evident. Its motion is in the opposite
direction of M20 loop. In the first principle component the slight movement of helix C is
seen however it is more stationary along PC 2. These results show that M20 loop cannot

overcome the energy barriers to make the opening/closing type of motion at 200 K.

a) b)

Figure 5.7. Motion of DHFR in run D2L along the a) PC 1 and b) PC 2

In Figure 5.8, the snapshots of DHFR along PC 1 and PC 2 at 300 K are shown.
Along PC 1, the opening/closing motion of M20 loop is clear. It moves in parallel with GH

loop and in the opposite direction of helix C. A cooperative movement of FG loop can also
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be seen. Along PC 2, CD and GH loops dominate the motion. A slight movement of M20

loop is present. There is a collective character along both PCs.

Figure 5.8. Projections of DHFR conformations for run D3L onto a) PC 1 and b) PC 2

Figure 5.9 gives the illustrations of superimposed conformations of DHFR at 400 K
along PC 1 and PC 2. In this case, the opening /closing motion of M20 loop is obvious for
PC 1 and PC 2. The contributions of CD and GH loops are evident. However, it is also
seen that the structure of the protein (especially helices) is distorted, and the fluctuations

seem less ordered (especially CD loop).

5.1.3. Derivation of Time Series Models

The projection of the MD trajectory on PC 1 (t; scores) of run D2S is shown in
Figure 5.10. The t, scores have a variance of 5.55 A? and variance explanation percentage
of 18.94. It should be remarked that the percentage explanation of PC 1 in run D2S (3.2 ns)
is different from that of run D2L (8 ns). In this figure, the levels of the scores fluctuate in a

wide range during the run showing that the time series is nonstationary.

There are two more parameters that give clues about nonstationarity. These are

probability density function (PDF) and autocorrelation function (ACF) of the series. For
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Figure 5.9. Projections of DHFR conformations for run D4L onto a) PC 1 and b) PC 2

ty of run D2S, the PDF of the scores shows that the distribution is non-Gaussian (Figure
5.11a). The multiminimum character of the first principal mode encountered even at 200 K
should not be surprising, since a double-well principal mode of myoglobin has been found
at 180 K in a previous study [36]. Besides, the ACF of t; scores does not die out to zero at

moderate time lags implying that t; is nonstationary (Figure 5.11b).
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Figure 5.10. Trajectory of t; scores of run D2S
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Figure 5.11. a) PDF and b)ACF of t; scores of run D2S

To make the time series stationary, difference operator (d=1) is used once on the
t; scores. Taking the difference by w, = Vz; (z; represents the time series, here it is t;), w
trajectory and its PDF plots are shown in Figure 5.12. As a result of differencing, the

trajectory wy has a constant zero mean and variance, and its PDF is Gaussian.

A previous study on time series analysis of a relatively smaller protein provides

models of ARIMA (2,1,1) and ARIMA (2,1,2) to explain the motion of the protein in water
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[1].
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Figure 5.12. (a) w; trajectory obtained by differencing the t; scores (b) PDF of w,

In these models, AR (2) corresponds to the intraminimum oscillations with a pseudo-
periodic character, MA part represents the autocorrelation between the random forces
acting on the protein, and I (1) denotes the interminimum motions. In this study, the orders
of the derived stochastic time series models are higher, possibly due to the complexity of

the fluctuations of DHFR.
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In Figure 5.13, the autocorrelation of w, is shown. One can see that the
autocorrelation function cannot belong to an AR (1) or MA (1) process and, the lowest

order model can be an ARMA (1,1) process.
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Figure 5.13. Autocorrelation function of wy

MATLAB’s System Identification Toolbox is used to derive the models and find
their least square estimates of the model parameters. When the autocorrelation function of
the residuals of time series model predictions and other parameters are taken into
consideration, ARIMA (3,1,2) is found to be the most adequate model for low-ordered
modes of DHFR. For PC 1, an ARIMA (3,1,2) process has been identified with the

following parameters and variance of residuals (c2):
(1-0.9595B)(1-0.2022B+0.1079B?)Vz, = (1-0.9749B-0.6077B?)a, (5.1)
02 =0.1989 A? (5.2)
In Figure 5.14a, the PDF of residuals (a;) show that they have a Gaussian
distribution. In Figure 5.14b, the ACF of the residuals are shown, and the 95 per cent

confidence limits for zero autocorrelation are represented with dotted lines. ACF of

residuals mostly fluctuate between the confidence limits for the first 50 lags.



35

08F

[IR=R3

0.7

06

05F

PDF

0.4

03F

02F

0.1F

b)

SRR

ACF

=]
=
]

T g

G—

G—

&

G_

€.

G_

[c4

fos

G_G_

|

fo.

e

G_

G—

=]

G—
1

1 1 1 1 1 1 1 1 1
0 a 10 14 20 25 30 35 40 45 a0
Lag

Figure 5.14. a) PDF and b) ACF of the residuals

The AR characteristic equation has the second order polynomial term (1-
0.2022B+0.1079B2) with complex roots. Roots of this equation give insight about the
pseudo-periodic (underdamped) oscillatory character. If the roots were real, then the

behavior would be overdamped.

MA part of the polynomial equation is factorized as (1-9749B) and (1-6077B).The
(1-0.9595B) term in AR part and the (1-9749B) term in MA part are very close. If they



36

canceled each other, a lower ordered ARIMA (2,1,1) process would be obtained. However,
the autocorrelation function of the residuals of this ARIMA (2,1,1) process is found to be
non satisfactory. Therefore, these two terms do not cancel each other, and the ARIMA
(3,1,2) process is chosen as the model to represent the t; scores. This behavior of the time
series parameters is also encountered in many other modes (see below), and is likely to be

a result of the highly nonlinear character of protein dynamics.

Time series analyses for the first 40 modes of run D2S are done. The first 16 modes
except a few modes are nonstationary. The remaining modes are mostly stationary; with a
few nonstationary ones. ARIMA (3,1,2) is convenient for the nonstationary modes, and
ARMA (3,1) is found to be the most adequate model for the stationary modes. These

stationary and nonstationary models are shown below, respectively:

(1-03)(1 - @,B — 9,B*)Vz,=(1 — 6;B)(1 — 6;B)a; (5.3)

(1-¢3:B)(1 - 0,B— @,B*)z=(1 - 6,B)a, (5.4)

ty, ty and ty, scores of run D2S are chosen as representative examples for the time
series models obtained. These scores are deliberately selected to explain the relationship

between time series model parameters and principal components.

t,: (1 —9653B)(1 — 0.2255B + 0.07501B%)Vz,=(1 — 0.973B)(1 — 0.6682B)a,,
02=0.2033 A? (5.5)

ty0: (1 —0.976B)(1 + 0.156B — 0.0546B%)z,=(1 — 0.7048B)a,, 62=0.1098 A2 (5.6)

to: (1 —0.952B)(1 + 0.2101B — 0.0514B2)z,=(1 — 0.7264B)a,, 62=0.071 42 (5.7)

Two of the models above are ARMA (3,1) and one is ARIMA (3,1,2). The second
mode (t;) is a nonstationary one expressed by an ARIMA (3,1,2) model. The (1 —
0.2255B + 0.07501B?) term of the autoregressive characteristic equation denotes the
intraminimum motions. t, has an underdamped behavior with a frequency of 8.5714

cm™1. The difference operator represents the interminimum motions. For the second mode,
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although the (1 — 9653B) term of the AR part and (1 — 0.973B) term of the MA part are
very close they do not cancel out. In previous studies these additional AR and MA terms
were not encountered, because the case was to define the dynamics of a smaller protein in
water [10-13]. More terms are required to explain the nonlinear characteristic of larger
proteins. For this reason, it is assumed that these additional AR and MA parameters are not
significant in terms of protein motions but used to derive time series models in a
statistically acceptable way. Figure 5.15 shows that for nonstationary modes 0; term is
always higher than (J; term where it is the vice versa for stationary modes due to the
absence of a difference operator. The 6, versus @3 distribution for other runs give similar
results. Overall, the additional AR and MA terms are to make a better linear

approximation.
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Figure 5.15. @5 versus 0, for the stationary and nonstationary modes of run D2S

5.1.4. Comparison of Time Series Models of DHFR at Different Temperatures

ARIMA (3,1,2) model is fit to the nonstationary modes of runs D2S and D4S, for the
stationary modes ARMA (3,1) model is used. The comparisons of model parameters at 200
K, 300 K and 400 K are done by referring to a previous study [24]. The models and
corresponding number of modes are shown in Table (5.4) below, where it is seen that the

number of nonstationary modes is smaller at 200 K:



38

Table 5.4. Types of models and corresponding number modes (DHFR)

Type and Order of the Model | Run D2S | Run D4S
ARIMA (3,1,2) 12 16
ARMA (3,1) 28 24

The compared parameters in the time series models are i) the variance of random
shocks (62), ii) the 0, term of the MA part, and iii) @; and @, terms of the AR part of the
characteristic equation. Differences in these parameters make it easier to analyze the effect
of temperature on the dynamics of DHFR. Furthermore, @; and @, terms are used to

determine the low vibrational frequencies and the corresponding damping factors.

Figure 5.16 shows the variances of residuals at three different temperatures with
respect to modes of DHFR. The variance of random shocks is higher as the temperature

increases, which is expected due to the direct effect of temperature.

Y ar(a[)

1 1 1
a 5 10 15 20 25 30 35 40
Principal Mode Index

Figure 5.16. Variances of residuals with respect to modes for all runs of DHFR

The correlation between successive random force terms is dictated by the 6, terms in
the time series models. Boxplot analysis of 0, parameters is made to see the differences
between the dynamics of DHFR at different temperatures. A boxplot is a graphical
summary of the data, where data are described by the smallest observation, lower quartile,

median, upper quartile, and the highest observation. In Figure 5.17, the horizontal lines in
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the middle of the boxplot diagrams show the median of samples, and each box contains 50
per cent of all observations. Previous studies have shown a wide variability of the 6,
values, therefore the results obtained from the analysis of this parameter must be examined
with caution. In this study the 6, parameter for the two proteins shows opposite trends with
respect to temperature. In the simulations of DHFR, 0, parameter goes from positive to
negative values as temperature is increased (Figure 5.17). This means that the random
force terms in DHFR are highly negative correlated at low temperatures, whereas this
correlation can take a larger range of values, with a median close to zero, as temperature is
increased. This, actually, makes sense, as at low temperatures, protein does not have the
necessary energy to overcome the barriers. Thus, the random force terms are such to
prevent the protein move away from its energy minimum conformation. On the other hand
the results obtained for TIM (Figure 5.32) shows that this above interpretation may be
insufficient, or cannot be generalized to all proteins, or there are other factors that should

be taken into consideration.
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Figure 5.17. Boxplot of 6, roots of all DHFR runs

By using the (1 —@;B—0,B?) term in the AR polynomial equation the
frequencies of pseudo-periodic intraminimum motion can be obtained. Complex roots
show that the mode is underdamped. Since water has a dampening effect, overdamped
motions are encountered in lower indexed modes. In Table 5.5, the number of

underdamped modes among 40 modes is shown. It is to be noted that the highest number
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underdamped modes, though with a small difference, is obtained at 200 K. Nevertheless,

this difference is much better pronounced for TIM (see Table 5.8).

Table 5.5. The number of underdamped modes of DHFR for the first 40 PCs
Run D2S | 24
Run D3S | 22
Run D4S | 21

Figure 5.17 is the comparison of frequencies for all runs by histograms. It is seen
that, the lowest vibrational frequencies shift to lower values as the temperature increases.
This shows that the frequencies of the collective vibrational motions in DHFR are lowered
as temperature increases. It is also interesting to note that the shift in frequencies seen
between 200 K and 300 K is higher than those between 300 K and 400 K. This may be
attributed to the observation that the collective motions are not distorted, but amplified,
when temperature increases from 200 K to 300 K, whereas the collective motions are
distorted at 400 K. Therefore frequencies observed at 400 K, unlike those observed at 200
K and 300 K, should not be interpreted as functional collective vibrational fluctuations, but

frequencies of the fluctuations on the unfolding path of the protein.

Another way of examining the frequencies is to compare the cumulative probability
density functions (CDFs) of the vibrational frequencies at three different temperatures.
CDFs for all runs are shown in Figure 5.19. It is observed that, CDF of the vibrational
frequencies of DHFR shift to lower values as the temperature increases, as seen in Figure

5.19.

Damping factors are proportional to the maintenance of the vibrational motion of the
protein in a minimum, and inversely proportional to the friction that the protein
experiences. Figure 5.20 gives the boxplot representation of damping factors for the runs
D2S, D3S and D4S. It is seen that the vibrational motions of DHFR at 200 K and 300 K
have almost the same damping factors, which shows that the tendency of the modes to
maintain their vibrational fluctuations are similar at both temperatures. The relatively

higher damping factors at 400 K show that the frequencies of the fluctuations on the



41

1 I:I T T T T T T T T

Murnber of Principal Modes
= (]

0 2 4 G o 10 12 14 16
400K,
1|:| T T T T T T T T
5L l 4
I:I 1 1 1
0 2 4 B g 10 12 14 16

Frequencies (cm'1]|

Figure 5.18. Histograms of DHFR frequencies at three different temperatures

unfolding pathway tend to be maintained for a longer period of time, which may be

attributed to the higher kinetic energy of the modes.
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Figure 5.19. CDFs of frequencies (cm™) for all runs
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Figure 5.20. Boxplot of damping factors for the runs of DHFR at different temperatures

The frequencies of modes have been discussed so far in previous paragraphs. In
order to compare the overdamped modes in all runs, the @; and @, parameters of the AR
polynomial equation which are responsible from the intraminimum motions should be
compared. Figure 5.21 shows the autoregressive parameters of runs D2S, D3S and D4S.
As the previous analyses suggested, the AR parameters in absolute value are higher as
temperature is increased, meaning that protein conformations have a higher correlation as

temperature increases.

5.2. Investigation of the Dynamics of TIM

MD simulation data for TIM are obtained for both free and DHAP bound forms of
TIM. The free form simulations are performed at 200 K (Run T2f) and 400 K (Run T4f),
while the simulation data of the free form of TIM at 300 K (Run T3f) and bound form
(Run T3b) are taken from a previous study [24]. The simulation of the bound form is
performed at 200 K (Run T2b). All runs have 3.2 ns durations with fixed sampling
intervals of 0.8 ps. The same methodology used for DHFR is applied to the analysis of
data obtained from the MD simulations of TIM.
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Figure 5.21. @, and @, parameters of runs D2S, D3S and D4S
5.2.1. PCA Results of TIM

5.2.1.1. Effect of Temperature on Free States

First, mobilities of the residues at three different temperatures are examined. Figure
5.22 shows the MSFs of the residues of free TIM. As the temperature increases, the
flexibility increases due to a rise in the kinetic energy of TIM. The MSF of the residues in
TIM shows a less uniform change at different temperatures, as compared to those of DHFR
in Figure 5.2. MSF of many regions seem to be affected little from an increase of 200 to
300 K, but severely affected to a temperature increase to 400 K. It is also seen that the
opening/closing motion of loop 6 (residues 166-176) is restricted at 200 K. The mobility of
loop 6 increases remarkably, as temperature is increased, which is similar to the behavior

of the M20 loop in DHFR.



18 T T T T T T T T
LO<(-)E 6
16 L Run T2f
Run T3f
141 Monomer A Run T4f
12k < Monomer B
10+
L Loop 6
< >

A

200
Residue Mumber

Figure 5.22. MSFs of residues along runs of free TIM at three different temperatures
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PCA of the MD simulation of free forms at 200 K and 400 K are performed. Table

5.6 shows the sums of eigenvalues of all runs of TIM.

Table 5.6. Sum of the eigenvalues of the free forms of TIM at three temperatures

Free TIM

Run T2f

138.53 A2

Run T3f

335.9 A2

Run T4f

815.16 A2

As it is expected, eigenvalues increase as the temperature increases (Figure 5.23a).

Figure 5.23b shows the percentage variance explanation of the modes of runs T2f, T3f and

T4f. It is seen from the figure that the percentage variance explanation value is higher in

the first two modes of run T2f. The eigenvalues are very close for runs T3f and T4f. If all

modes are considered the collective motions at 300 K and 400 K are better pronounced

compared to run at 200 K. These results are similar to those found for DHFR, to a certain

extent. The lowest indexed modes at 200 K have a higher explanation power, while the rest
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of the modes have a remarkable low explanation power, compared to those at 300 K. The
difference from the results of DHFR is that 300 K and 400 K have very similar eigenvalue
explanation power for TIM, which shows that the collectivity of PCs alone cannot account

for the functionality of these motions.
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Figure 5.23. a) Eigenvalue distribution and b) percentage variance explanation of the first

20 PCs of TIM for runs T2f, T3f and T4f
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To observe the collective motions in unliganded TIM, the vector field illustrations of
the protein at three different temperatures are given in Figure 5.24 in the same perspective
with Figure 2.6. In this figure red dots denote the Ca atoms and black lines represent the
direction of motion along PC 1. In Figure 5.24a, a global twisting motion of two
monomers in opposite directions is clearly seen, however the opening/closing motion of
loop 6 is reduced at 200 K. In Figure 5.24a, the global twisting motion, though a little
dampened, is still observed evident, and the motion of loop 6 onto the active site is well
pronounced at 300 K. In Figure 5.24c, the opening/closing motion of loop 6 is more
apparent, yet the global twisting motion is distorted at 400 K. These results are very similar
to those found for the motion of M20 loop and global twisting motion of DHFR at
different temperatures: a fine balance in between the opening/closing of a certain loop onto
the active and the coordinated motion of the whole protein is required for its function,

which is achieved at the physiological temperature.

The snapshots resulting from the movement of free TIM along PC 1 at different
temperatures are superimposed in Figure 5.25. It is seen that at low temperature the
movement of TIM is restricted. In Figure 5.25a, the motion of loop 6 is limited as
compared to the other runs. It is in the most stable state at 200 K. The collective behavior
is seen at 200 K and 300 K. At 300 K, the opening/closing motion of loop 6 can be seen. In
Figure 5.25c, the motion of loop 6 is explicit and TIM is more mobile than it is at 200 K
and 300 K. In Figure 5.25¢ it is clear that loop 6 is more mobile and flexible compared to
the other runs. At 400 K, as loop 6 closes over the ligand, helix in the upper part of the
ligand binding site moves in the opposite direction and becomes a little bit distorted. The
movement of loop 6 is reduced along PC 2 and no any significant change in the motion of

other parts of the protein is seen.

5.2.1.2. Effect of Binding on TIM at Different Temperatures

The total MSF of all residues in the ligand bound TIM at 200 K is found to be 74.00
Az, as opposed to 138.53 A? of the unliganded form, as shown in Table 5.6, which means
that the free state of TIM is more mobile than the bound state at 200 K, This is similar to
what has been observed at 300 K [24], however the difference in MSF between two states
at 300 K is not as high as it is at 200 K.
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Figure 5.25. Projections of the conformations of PC 1 for runs a) T2f, b) T3f and c) T4f
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The first 5, 10 and 40 PCs of Run T2f explain 62, 68 and 79 per cent of C,
fluctuations, respectively. To see the differences in the case of ligand binding, the
eigenvalues and percentage explanation of the PCs of runs T2f and T2b are given in Figure
5.26a and Figure 5.26b, respectively. It is seen in Figure 5.26a that the low indexed
principal modes have higher MSF in the free form. In Figure 5.26b, it is seen that the only
the first two principal components of the free state of TIM yield higher explanation power
as compared to the ligand bound. This is just the opposite of what has been observed at
300 K [24]. At 300 K, the first two modes have a higher percentage of variance explained
for the ligand bound state. This result hints that ligand binding may have different effects

on the protein dynamics at different temperatures.

The displacement vector illustration of PC 1 and PC 2 for the free form of TIM at
200 K is shown in Figure 5.27. For the first mode, twisting motion of two monomers is
clear in TIM where it is remarkably diminished for the second mode. The motion of loop 6

is less pronounced in PC 1, and cannot be seen in PC 2 at 200 K.

In Figure 5.28, the vector fields of the motion of the liganded TIM along its first two
principal modes are shown. It is seen that the global twisting motion of TIM is remarkably
reduced in PC 1, and loop 6 is stationary. On the other hand, the second mode shows the
twisting motion very clearly, however with very low amplitude. This means that the global

twisting motion is dampened as a result of ligand binding.

That the collective twisting motion of the two monomers is reduced at 200 K upon
ligand binding is a different result from what was obtained for TIM at 300 K. In the
previous study little change in the collective character of the protein was found between

the free and bounded forms of TIM (Figure 5.29) [24].

The superimposed snapshots of the free and bound TIM along PC 1 at 200 K are
presented in Figure 5.30. These superimposed conformations give idea about the ligand
binding effect on the collective motions of TIM. According to the illustrations, the ligand
binding decreases the collectivity along PC 1. Adding to this, loop 6 is in the closed
conformation on DHAP in the liganded form where it is open in the free form of TIM at

200 K.
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Figure 5.26. a) Eigenvalue distribution and b) percentage variance explanation of the first

20 PCs of TIM for runs T2f and T2b

It is also seen that loop 6 in the open conformation in the free form tends to move in
a closed position on PC 1, while loop 6 in the closed conformation in the liganded form
does not seem to make an opening motion. The opening/closing motion is not seen in the
superimposed conformations of the free and ligand bound forms of TIM at 200 K along PC
2.
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Figure 5.27. Vector field illustration of run T2f for a) PC 1 and b) PC 2 at 200 K

5.2.2. Time Series Analysis Results of TIM

5.2.2.1. Time Series Analysis Results at Different Temperatures

Models generated for the modes of TIM at different temperatures are ARIMA
(4,1,2), ARIMA (4,1,1), ARIMA (3,1,1), ARIMA (3,1,2), ARMA (3,1) and ARMA (3,2).
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The results of time series analysis of run T2f are shown as representatives for ti, tp, tjo, t2o

and ty:
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Figure 5.28. Vector field representation of run T2b for a) PC 1 and b) PC 2 at 200 K

t; : (1-0.4945B-0.1321B%)(1-0.1231B+0.0452B*)Vz, = (1-0.1139B)(1-0.7865B)a,, 6,> =
0.4256 A? (5.8)
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t,: (1-0.633B)(1-0.3228B+0.1187B)Vz, =(1-0.8416B)(1-0.1124B)a,, c,” = 0.4256
A2

(5.9)

tio: (1-0.7643B)(1-0.2534B-0.07536B*)Vz, =(1-0.7461B)a,, c,” = 0.2585 A* (5.10)
a)
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Figure 5.29. Vector field illustration of a) free and b) ligand bound TIM for PC 1 at 300 K
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Figure 5.30. Projections of the a) free and b) bound conformations of TIM along PC 1
to: (1-9897B)(1-0.7783B+0.1342B%)z, =(1-0.8457B)(1-0.603B)a,, 5,° = 0.1665 A> (5.11)
ta : (1-0.9574B)(1-0.09813B-0.09951B%)z, =(1-0.6326B)a,, 5,° = 0.1751 A? (5.12)

As the models of both DHFR and TIM are taken into consideration, it is seen that the
changeover between the stationary and nonstationary modes is observed in higher modes
in all cases. The most frequently encountered models are ARIMA (3,1,1) for nonstationary
and ARMA (3,1) for stationary modes. Table 5.7 gives the number of modes for runs T2f,
and T4f with respect to the model orders. It is seen that the number of nonstationary modes

are smaller at 200 K, similar to a result obtained for DHFR. This result confirms the
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previous finding that the number of anharmonic modes increase as temperature is

increased [36].

Table 5.7. Number of modes with respect to model types and orders of TIM

Type and Order Number of Number of
of Models Modes Modes

For Run T2f For Run T4f
ARIMA (4,1,1) 1 5
ARIMA (4,1,2) 1 0
ARIMA (3,1,1) 9 11
ARIMA (3,1,2) 5 9
ARIMA (2,1,1) 0 1
ARMA (3,1) 17 13
ARMA (3,2) 7 1

Figure 5.31 gives the residual variances of TIM for runs T2f, T3f and T4f with
respect to the principal modes. The variance of random shocks yields higher values for

high temperature, as expected.
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Figure 5.31. Residual variances with respect to modes of TIM at 200 K, 300 K and 400 K
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Figure 5.32 gives the boxplot analysis of 6, parameters to see the differences
between the dynamics of TIM at different temperatures. It is seen that 8, parameter goes
from negative to positive values as temperature increases. This is completely opposite to

what has been observed for DHFR in Figure 5.17.
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Figure 5.32. Boxplot of 6, parameters of TIM for runs T2f, T3f and T4f

Table 5.8 gives the number of underdamped modes of TIM. The number of
underdamped modes of TIM is significantly higher than those of DHFR (Table 5.5), which
shows that the dampening effect of water on the vibrational motions change from protein
to protein. It is also seen in Table 5.8 that the number of underdamped modes in TIM is
definitely higher at 200 K: 39 out of 40 principal modes are underdamped. This finding
conforms to a previous study [37], where no overdamped modes have been found for
myoglobin at a low temperature (120 K), and it has been indicated that dynamic fluctuation

of the water molecules determines the friction on the vibrational frequencies.

Table 5.8. Number of underdamped modes of TIM for the first 40 modes
Free TIM | T2f | 39
T3f | 27
T4f | 31
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Figure 5.33 shows the histogram representation of the frequencies of TIM for runs
T2f, T3f and T4f. It is seen that the vibrational frequencies shift to smaller values as
temperature is increased from 200 K to 300 K, as observed for DHFR (Figure 5.18). While
frequency distribution is similar at 300 K and 400 K for TIM, there are three principal

modes having frequencies smaller than 2 cm™?!

at 400 K, compared to a single mode
having a smaller frequency than 2 cm™at 300 K. It should be recalled that frequencies of
DHEFR have shifted to slightly lower values as temperature is increased from 300 K to 400
K (Figure 5.18), thus one can say that the effect of temperature on vibrational frequencies

of both proteins are similar.
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Figure 5.33. Histograms of TIM frequencies for the runs at different temperatures

Figure 5.34 is the comparison of the CDFs of frequencies at different temperatures. It
can be seen that the CDF of the frequencies at 300 K and 400 K give similar values, which
are considerably higher than those at 200 K.
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Figure 5.34. CDF comparison of TIM frequencies at 200 K, 300 K and 400 K

Figure 5.35 gives the boxplot representation of damping factors for the runs D25,
D3S and D4S. Damping factors for TIM at 200 K and 300 K are very similar, while those
at 400 K seem to be slightly higher, which support the findings for DHFR (Figure 5.20).
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Figure 5.35. Boxplot of damping factors for the runs of free TIM at different temperatures

Figure 5.36 shows that TIM has lower frequencies than DHFR at each temperature.

This is an expected result due to the size of the protein.
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Figure 5.36. CDFs of the runs at different temperatures for DHFR and TIM

5.2.2.2. Time Series Analysis Results for the Free and Bound Forms of TIM

Table 5.9 gives the number of modes for runs T2b with respect to the model orders,
where it is seen that ARIMA (3,1,1), ARMA (3,1) and ARMA (3,2) processes are the most

common models.

Table 5.9. Number of modes with respect to model types and orders of ligand bound TIM

at 200 K
Type and Order Number of
of Models Modes
For Run T2b
ARIMA (4,1,1) 0
ARIMA (4,1,2) 0
ARIMA (3,1,1) 22
ARIMA (3,1,2) 2
ARIMA (2,1,1) 0
ARMA (3,1) 10
ARMA (3,2) 6
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Figure 5.37 shows the variances of the residuals with respect to modes of TIM. The
variance of random shocks (o2) for run T2f is higher for the first mode. The lowest
indexed principal modes correspond to the inharmonic motions in the protein, where
interminimum motions are prominent. For this reason it can be concluded that, the
interminimum motions are more pronounced in the free form of TIM. It is interesting that
this behavior is not observed at 300 K, which means that the change in the energy barriers

due to binding can be overcome at 300 K, but not at 200 K.
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Figure 5.37. Residual variances with respect to the modes of TIM for runs T2f and T2b

As discussed before, the differences seen in the boxplot of 8, parameter should be
interpreted with caution (Figure 5.38). It is seen that this parameter takes a wide range of

values for both the free and liganded forms.

In Figure 5.39, the histograms of the low vibrational frequencies are given for the
unliganded and liganded TIM. It is seen that the lowest vibrational frequencies increase

when the ligand binds to the protein at 200 K.

Figure 5.40 shows the comparison of the CDFs of the vibrational frequencies of TIM
for the free and bound forms. As it was obtained for TIM at 300 K [24], the CDF of the

liganded form yields higher frequencies compared to that of the free form.
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Figure 5.38. Boxplot of 8, parameters of TIM for runs T2f and T2b
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Figure 5.39. Histograms of the low vibrational frequencies for the free and liganded forms

of TIM at 200 K
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Figure 5.40. CDF comparison of TIM frequencies for the free and bound forms

Figure 5.41 shows the boxplot of damping factors of the free and ligand bound forms
of TIM at 200 K. There is no significant difference between the free and liganded forms of
TIM.

Colurmn1-Run T2f
0sF Column2-Run T2b 4

i =
.
T T
L

=
[
[3]

Colurmn Murnber

Figure 5.41. Boxplot of damping factors of the free and ligand bound TIM

Figure 5.42 is the CDF of the frequencies of TIM at 200 K with the frequencies
obtained in a previous study for 300 K [24]. The effect of temperature and ligand binding

on vibrational frequencies can be clearly seen: as the temperature increases the CDFs shift
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to lower values both for the free and bound forms of TIM, and the free forms have lower

frequencies.

[IR=NS

08t

07t

06}

0s¢

CDOF

04F

03f

02t

01F

a0 2 4 B g m 12 14 18 18 20

Frequency (cm'1)

] 1 1 1 1

Figure 5.42. CDF comparison of free and bound TIM frequencies at 200 K and 300 K
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6. CONCLUSION

For many years, researchers have sought to uncover the secrets of proteins and how
they execute various functions due to their high importance both in pharmacological and
medical sciences. There are experimental and computational methods to examine proteins.
In this thesis, a simulation method, namely molecular dynamics (MD) simulation, is used
to extract information about the dynamics of DHFR and TIM. PCA and time series
analysis are used to analyze the C, atomic trajectories obtained from MD simulation to
examine the dynamics of DHFR and TIM for their free and ligand bound states at different

temperatures.

The analyses of unliganded DHFR and TIM have been done at 200 K, 300 K and
400 K. Longer simulations are used for PCA analysis. In terms of the relation of the global
motions of the protein with the important loop fluctuation, similar trends have been
obtained for both proteins at different temperatures. At 200 K, the opening/closing motion
of M20 loop in DHFR and loop 6 in TIM are reduced, while global twisting motion can be
clearly observed. At 300 K, the collective twisting type of motions of both proteins are
well pronounced, and the opening/closing type of motion of M20 loop in DHFR and loop 6
in TIM can be observed. At 400 K these two loops are highly mobile; however the global
twisting motion in both proteins is nearly lost. It is seen that helix C in DHFR gets
distorted at this high temperature, which shows that DHFR is in an unfolding pathway. It
may be concluded that the global and the important loop motions in proteins both
contribute to the function as a result of their coordinated motion, which only occurs at the
physiological temperature. Loops cannot overcome the energy barriers at low
temperatures, while high kinetic energy distorts the concerted motions at high

temperatures.

In addition to the analysis of collective motions seen in the lowest indexed principal
modes, comparison of the percentage variance explained by eigenvalues at 200 K and 300
K for both proteins show an interesting result. The percentage explanation of the first (or
the first two) eigenvalues at 200 K are higher than that at 300 K, while eigenvalues with
indices in between 3 to 10 are higher at 300 K (Figures 5.4b and 5.22b). One may take the
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percentage explanation of eigenvalues as a measure of collectivity. Considering the
similarity of collective motions in the first PC at both temperatures, it is possible to say
that the global twisting motion at 200 K contributes higher to the protein motions than the
same contribution at 300 K. Furthermore, the contribution of intermediate modes to the
protein motions at 200 K is smaller than those at 300 K. It can be argued that these results
show the importance of the collectivity of the intermediate modes: the flexibilities of the

principal modes up to 10 or even more are important in protein function.

The time series models of each principal component give information about the
collective motions in each case. Changes in the ligand bound and free forms of DHFR and
TIM at different temperatures are examined by means of vibrational frequency
distribution. Since linear stochastic time series modeling takes the anharmonicity into
account, it is a more reliable method than quasiharmonic analysis. For instance, time series
models consider the nonstationarity of the protein trajectory, which is a consequence of
anharmonicity in protein motions. For both proteins, the number of nonstationary modes is
found to be smaller at 200 K, showing that the number of anharmonic modes is reduced at
low temperatures. The analyses of unliganded DHFR and TIM at 200 K and 300 K show
that vibrational frequencies clearly shift to lower values as the temperature increases. This
shows the superiority of stochastic time series models to Langevin models, which are
insufficient to describe the diffusional motion of the modes, and thus the shifting of the
especially lowest frequencies with respect to temperature are not clearly seen [37]. It is
also seen that damping factors at these two temperatures are similar. The lowering of
frequencies when temperature is increased from 300 K to 400 K, on the other hand, is not
well pronounced for DHFR and even negligible for TIM. This result should be interpreted
with caution, because unlike the fluctuations at 200 K and 300 K, the fluctuations at 400 K
are on the unfolding pathway of the protein, and the collective character of the motion is
considerably lost. These results, nevertheless, show that protein continues to make its
vibrational motion with slightly lower frequencies and slightly higher damping factors

compared to physiological temperature.

It is known that ligand binding affects the flexibility of the protein and binding free
energy. For this reason, when the binding affinity of ligands is in case the flexibility of

protein should be taken into consideration. There is a dispute on ligand binding effect. In
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some studies scientists observed that ligand binding reduces flexibility of the protein
[26,36] where others observed the vice versa [36-38]. In this thesis, ligand binding is found
to increase the flexibility of TIM at 200 K. In a previous study, ligand binding effect to
TIM at 300 K has been examined [24]. It has been found that the collective twisting
motion of the two monomers is not changed, while low vibrational frequencies have been
shifted to higher values. In this study, ligand binding effect on the collective dynamics of
TIM at 200 K is examined. Contrary to what has been observed at 300 K, it is observed
that ligand binding considerably dampens this twisting motion of the monomers and MSF
of the protein is reduced. The variances of random shocks of the first principal mode in
both states are different, which shows that the anharmonic motions in the liganded state are
dampened compared to the unliganded state. On the other hand, it should be recalled that
simulation at 200 K is 3.2 ns length, considerably shorter than the simulations at 300 K.
This brings the necessity to check the reliability of this result by extending the MD
simulation time. It is found that, similar to what has been observed at 300 K, vibrational

frequencies of the liganded TIM shift to higher frequencies at 200 K.

As future studies, MD simulations starting at temperatures lower than 200 K to 300
K with smaller temperature intervals can be performed to extract the relation between the
frequencies and damping factors to temperature more clearly. It should be clarified
whether damping factors of the modes will be increased below a certain temperature,
where interminimum motions are reduced. A detailed examination on the collective
motions of both enzymes can be done by specifically focusing on the loop motions. The
finding that ligand binding has different effects on the global motions of TIM at 200 K and
300 K can be checked by elongating the simulation length of MD at 200 K.



Run D2L:

Run D3L:

Run D4L.:

Run D2S:

Run D3S:

Run D4S:

Run T2f:

Run T2b:

Run T3f:

Run T3b:

APPENDIX A: DETAILS OF RUNS

DHEFR, free, starting X-ray coordinate 1IRAI, at 200 K

D2L.: 8 ns.

DHEFR, free, starting X-ray coordinate 1RA1, at 300 K
D3L: 3-35ns.

DHEFR, free, starting X-ray coordinate 1RA1, at 400 K
DA4L: 8 ns.

DHEFR, free, starting X-ray coordinate 1RA1, at 200 K
D2S: 3.2 ns.

DHEFR, free, starting X-ray coordinate 1RA1, at 300 K
D3S: 4 — 7.2 ns. (Taken from a previous study [24] — Run A1-1)

DHEFR, free, starting X-ray coordinate 1RA1, at 400 K
DA4S: 3.2 ns.

TIM, free, starting X-ray coordinate 8TIM, at 200 K
T2f: 1.8 =S ns.

TIM, bound, starting X-ray coordinate 1TPH, at 200 K
T2b: 1.8 — S ns.

TIM, free, starting X-ray coordinate 8TIM, at 300 K
T3f: 5 — 8.2 ns. (Taken from a previous study [24] — Run B1-1)

TIM, bound, starting X-ray coordinate 1TPH, at 300 K
T3b: 5 — 8.2 ns. (Taken from a previous study [24] — Run B2-1)
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Run T4f: TIM, free, starting X-ray coordinate 8TIM, at 400 K
T4f: 1.8 — S ns.
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