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ABSTRACT

The "protein loop closure" problem is a fundamental problem in bioinformatics.

Thebackbone of a protein is a kinematic chain. When using current techniques to try

to get a "picture" of a protein, there are limitations. Whilst we can "see" most of the

backbone, there are parts that current techniques do not show. We need to fill in any

gaps in the "picture", as thebackbone defines thetype of protein. From computational

perspective, the "protein loop closure" problem can be viewed as an inverse

kinematics problem. Inverse kinematics can be best thought of in terms of a robotic

arm comprising of several links connected byjoints. Given theposition and "pose" of

the hand ("end effector") then we have to work out thejointangles. There have been

attempts to apply inverse kinematics solutions for the protein loop closure problem.

Existing work, as with working deploying methods otherthan inverse kinematics, do

manage to solve the loop closure problem to some extent. However, they have

difficulty incorporating the space constraints, i.e. the rest of the protein atoms, in the

algorithm. To put it crudely, some results have thebackbone crossing itself, which is

a poor model of reality. In this research, we present an extensive literature study of

existing "self-organizing" and"self-organizing superimposition" algorithms, andthen

we implemented a new form of solution known as "modified self-organizing

algorithms withsuperimposition methods" for modeling protein loops. This newwork

was then evaluated to assess its effectiveness.

Keywords: Protein loop closure, self-organizing, self-organizing superimposition,

molecularsuperimposition, inverse kinematics.
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ABSTRAK

"Penutupan gelung protein" adalah persoalan asas dalam bidang bioinformatik.

Tulang belakang protein adalah satu rantaian kinematik. Apabila menggunakan

teknik-teknik semasa untuk cuba mendapatkan "gambaran" protein, terdapat batasan

tertentu. Walaupun kita boleh "melihat" kebanyakan bahagian tulang belakang,

terdapat bahagian tertentu yang tidak dapat ditunjukkan oleh teknik semasa. Kita

perlu mengisi mana-mana jurang dalam "gambaran" tersebut, kerana tulang belakang

mentakrifkan apa jenis protein tersebut. Dari perspektif pengiraan, masalah

"penutupan gelung protein" boleh dilihat sebagai satu masalah kinematik songsang.

Kinematik songsang boleh difikirkan terbaik dari segi lengan robot yang terdiri

daripada beberapa pautan yang bersambungan dengan sendi. Selepas kedudukan dan

"gambaran" tangan ("kesanan akhir") diberikan, kita perlu bekerja dengan sudut luar

yang bersambungan. Terdapat percubaan untuk menggunakan penyelesaian kinematik

songsang untuk masalah penutupan gelung protein. Kerja-kerja yang sedia ada

menggunakan kaedah bergerak selain daripada kinematik songsang, berjaya

menyelesaikan sedikit masalah penutupan gelung. Walau bagaimanapun, mereka

menghadapi kesukaran menggabungkan kekangan ruang seperti atom protein yang

lain dalam algoritma. Secara kasar, sesetengah keputusan mempunyai tulang belakang

yang menyeberangi sendiri dan merupakan gambaran yang lemah berbanding realiti.

Dalam kajian ini, kami membentangkan kajian sastera yang luas dalam "pengaturan

sendiri" yangsedia adadan algoritma "pertindihan pengaturan sendiri", dan kemudian

kami melaksanakan satu penyelesaian baru yang dikenali sebagai "algoritma

pengubahsuaian pengaturan sendiri dengan kaedah pertindihan" untuk menghasilkan

gambaran protein gelung. Kerja baru ini kemudian akan dinilai untuk mengukur

keberkesanannya.

Kata kunci: Penutupan gelung protein, pengaturan sendiri, pertindihan pengaturan
sendiri, pertindihan molekul, kinematik songsang.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

The protein loop closure problem is a fundamental problem in Bioinformatics. The

protein loops are the flexible short polypeptide segments that connect the two stable

secondary structural units in proteins. When using current experimental techniques, it

is unable to see the atoms of the loop regions; therefore, the known proteins with

missing loops are commonly found in theProtein DataBank (PDB). The loops always

play critical roles in protein structures and functions. There are various algorithms

that have been used to predict the loops by using whatever resources and methods

available. However, they have difficulty incorporating the space constraints, i.e. the

rest of the protein atoms, in the algorithm. Some results have the backbone crossing

itself, which is a poor model in reality. Following an extensive literature search, this

work intends to understand and implement a form of solution known as "self-

organizing" with superimposition methods, and this new work will then be evaluated

to assess its effectiveness.

Thischapter is divided intonine sections. Second to fourth sections give overview

of biological important of proteins, its fundamental biological concepts, and

determination techniques ofprotein structures. Fifth section describes the protein loop

closure problem arisen in Bioinformatics. Sixth and seventh sections detail the

research objectives and contributions. Finally the rest of the sections describe project

scope and limitation and thesis organization.



1.2 The Importance of Proteins

The word "protein" was introduced nearly 170 years ago and arose from the Latin

word "primarius" or from the Greek god "Proteus" [1]. Proteins are large molecules

that can be found in all living things. Each of them consists of one or more chains of

amino acids. Theyplay important roles in almost all biological functions and existnot

only inbacteria, viruses, but also human. If the dry weights ofcells are taken, proteins

take up to 50 per cent, which are considered as the largest amount compared to other
molecules [1].

Some proteins are life-supporting, and some are life-destruction such as the

proteins in HIV virus. The biggest ambition of studying proteins is to overcome the

two major problems that are confronting human health. The first problem is cancer,
and the second is HIV.

First, cancer takes place when the life cycles ofcells are abnormal. Normally cells

die when the body does not need them and are produced when the body needs them.

Cancer happens when the growth of the cells in the body is out of control, and cells

divide too fast; especially, they forget how to die. One of the known proteins that

damage the cells is called "p53". "P53" has functionalities to control the cell cycle

processes. The mutations in "p53" can change the normal cycle processes of the cells,

which eventually lead to cancer. The research for protein "p53" has been conducted in

order to reveal the link between structure, function, folding, and regulation. The

results have shown significant success to halt cancer by controlling the properties of
"p53" and similar proteins.

Finally, HIV stands for Human Immunodeficiency Virus. The virus destroys the

immune mechanism ofhuman; therefore, the body isweak to fight the infection from

other deceases. Several research works have been conducted since 1980s in order to

understand HIV structure and biological functions. As the results, they are able to

produce medicine tohalt the function ofthe HIV by destructing its structure.



1.3 The Biology of Proteins

Proteins are molecules,which are called polymers. A polymer is any molecule that is

made up of each individual building block linked together in repeating units. The

whole repeating units are called a polymer. Individual building block is called

monomer. Monomer that makes up the protein is called amino acid. Each individual

circle in Figure 1.1 represents an amino acid. When they are linked together into a

polymer, it is called either a polypeptide or a protein. There are 20 different amino

acids that are commonly seenin the protein chain [1-3].

( ALA J f VAL j ( PHE J ( LEU J ( ASP V

r igure l. l: f*Oiymer

1.3.1 Amino Acid Properties

Amino acid is a monomer or a building block of a protein. At one end of amino acid,

it has an amino group, NH2, and on the other end is a carboxyl group, COOH. In the

middle, it has alpha carbon or central carbon, which is linked together the amino

group and the carboxyl group. At one end of alpha carbon, it has a hydrogen atom.

And on the other end is R or variable group. Each amino acid has different variable

group. The variable group determines the functions and properties of the amino acid

[1-3]. Figure 1.2 represents properties of an amino acid.

Amino Group Carboxyl Group

Figure 1.2: Amino Acid



Multiple amino acids can be linked together to create a polypeptide or a protein,

and they can be linked together through an action known as condensation reaction. A

condensation reaction removes a molecule ofwater in a making of a bond. Andwhen

they are linked together that will create a peptide bond. A peptide bond is simply a

type of covalent bond that links together the two amino acids. It is called dipeptide

when two amino adds linked-together. Once there are three or more amino adds then

it is considered as a polypeptide. A polypeptide is composed of three or more amino

acids. All of them are linked together through a peptide bond between the carboxyl

and amino group [1-3]. Figure 1.3 shows peptide bond that links two amino acids

together.

Figure 1.3: Peptide Bond

As mentioned earlier, side chains or variable groups determine type of protein.

Common amino acids are normally categorized into four different classes referring to
theirchemical properties of the side chain [1-3].

The first class consists of amino acids that have hydrophobic side chain such as

Alanine (ALA), Valine (VAL), Isoleucine (HE), Proline (PRO), Phenylalanine
(PHE), Methionine (MET) andLeucine (LEU).

The second class has amino acids that have four charged residues such as Aspartic
acid (ASP), Arginine (ARG), Glutamic acid (GLU) and Lysine (LYS).

The third class is the amino acids comprising of polar side chains such as Serine

(SER), Threonine (THR), Tyrosine (TYR), Cysteine (CYS), Asparagine (ASN),
Glutamine (GLN), Histidine (HIS) and Tryptophan (TRP).



Finally, the amino acid named Glycine (GLY), which has only a hydrogen atom

as its side chain, has special properties and is usually belong to the first or fourth

class.

1.3.2 Four Levels of Protein Structure

Four levels of protein structures are used to describe proteins. Once a polypeptide

chain is made, it takes on a very complex shape to become a protein. To describe all

of this complex shape, biologists describe proteins by using the four levels of their

structures [1-3].

The primary protein structure is simply the order of amino acids that make up the

polypeptide chain. It is the sequence how amino acids are linked together. It is not

really a structure, just a sequence.

The secondary protein structure is the shape that just a segment of a polypeptide

takes on. It is not a 3-dimensional (3D) shape of the entire polypeptide, just the

segment of it. And there are two types. One is alpha helix, which is one of the

segments of the chain forming as helical structure. Alpha helices are the local

structure of a polypeptide chain that forms a single consecutive set of residues in the

amino acid sequence. The other secondary structure is called beta sheet, it happens

when the chain of amino acids fold over on itself to become folded sheet.

Third is tertiary protein structure. It is the 3D shape of entire polypeptide chain so

it is howall the secondary structure folded on them to become the global 3D shape of

the protein. Figure 1.4 shows alpha helix and beta pleated sheet and the tertiary

structure of protein. The purple color represents alpha helix, and yellow color is beta

sheet. In the figure, the tertiarystructureis a completepolypeptidechain.



Tertiary _
Structure Beta Pleated

Sheet

j'RWf

Figure 1.4: SecondaryProtdn Structure-

Fourth is quaternary protein structure. It is when there are more than one

polypeptide chains making up a particular protein. Not all proteins have quaternary
structure-. Only certain ones are matte up- of more than onepolypeptide chain and

interact together to form fully functional proteins. Figure 1.5 is the quaternary
structure of a protein in 3D. This protein consists of four polypeptide chains
represented by letter A, B, C and D.

Polypeptide
Chain (B)

Polypeptide
Chain (D)

Polypeptide
Chain (A)

Polypeptide
Chain (C)

Figure 1.5: QuaternaryProtein Structure



1.3.3 Polypeptide Backbone

A protein is madeup-of sequence- of amino adds. Therearerepetitions-of ammo adds

in the sequence. Therefore, the repetition of amino acid polypeptide backbone is

called protein backbone or protein main chain. The backbone consists of nitrogen N,

central carbon CA, carbon C and oxygen O linked together. This linear representation

of the polypeptide backbone is associated with the bond lengths and angles of the

atoms. For any polypeptide backbone is represented by the sequence -N-CA-C-N-CA-

C- only the N-CA and CA-C bonds rotate. The amino acid sequence is read from left

to right, which-is-from-the-amino or .¥ terminal-to the earboxyl or C terminal[4].

From the field of robotics, the protein backbone can be viewed as kinematic chain

of atoms. The protein backbone is the sequence N, CA, C, N, CA, C, ... Each CA atom

is a- joint. Consider the sequence CA, C, N, CA, C, M, CA (where each- CA, C, M, CA

lies in a plane). The atoms in the plane to the right of the middle CA joint can be

rotated about the axis of the N-CA link. Theplane in which the atoms on the left (CA,

C, N, CA) lie is unchanged. The plane in which the atoms on the right (CA, C, N, CA)

lie rotates. Similarly, the CA joint can be rotated about the axis of the CA-C link,

rotating the plane on the left [5].

O

//
c

CA ^^
" \ r CA(

\ C' ^^ CA ^~——_— N^_J
\ ct^^

Figure 1.6: Protein Backbone

1.3.4 Protein Loops

Most protein structures are built up from combinations of secondary structural

elements such as alpha helices and beta-pleated sheets. Protein loops of various



lengths and irregular shapes connect these secondary structural elements. The loops
are the flexible short polypeptide segments that connect the two stable secondary
structural units in protein. Most of them appear on the surface of the structure, and

effect a change in direction ofthe chain, hi addition to their function as connecting
units, loops often play important roles in protein stability and folding, and in many
other important .biological fenctions. Long, loops are often flexible and have several

different conformations, making them invisible in experimental methods. Such loops
can switch from an "open" conformation to a "close" conformation and are often

involved in the function ofthe protein [3]. Figure 1.7 shows aprotein loop connecting
two beta-pleated sheets. The loop has very small size compared to beta-pleated sheets.
That is the reason why some loops are invisible from experimental techniques.

Beta Pleated

Sheets \

/ -«

' Protein Loop

Figure1.7: ProteinLoop

<it>--j

1.3.5 Relationship of Sequences, Structures, and Functions

In a protein, there is a close relationship between the sequence of amino acids, the

structure, and the function. A sequence ofamino acids determines a protein structure,

and the structure ofa protein will lead to its function [6]. After the determination of



the genome sequences of several species, the studieshad shownthat the similarity of

sequences normally lead to the similarity of structures and, from the similarity of

structures, the proteinsusually have the same functions [7].

One example of a protein that makes mad cow disease is called the prion protein.

There are close relationships among prion protein sequences, structures, and

functions. This protein consists of two simple alpha helices and three beta sheets.

Sometimes, this protein can fold into the structure with several beta sheets, and this

misfolding will affect the prion gene. Finally, if the prion proteins misfold in large

amounts, it will lead to the damage of the cells of the neurons inside the brain, and it

will lead to mad cow disease.

1.4 Determination of Protein Structures

Theknowledge of theprotein structures in 3D spaceprovides essential understanding

to their functions. Several methods have been used to determine these structures. Each

of them has advantages and disadvantages. Many types of information are required in

order to build the final atomic model of a protein. The primary information is from

experimental data but, however, these experimental data are not sufficient enough to

build the protein from scratch. Additional information about the protein such as the

sequence of amino acids, geometry of atoms, or the bond lengths and bond angles

must be added [6, 8, 9]. Thereare three major types of protein structuredetermination

methods such as experimental approaches, knowledge-based methods, and theoretical

approaches.

1.4.1 Experimental Approaches

There are three types of experimental method: X-ray crystallography; NMR

spectroscopy; electron microscopy.

First, X-ray crystallography requires proteins to be purified, crystallized, and

projectedto an intense beam of X-rays. This method provides the detailed information

about atoms and shows almost all of the atoms in a protein. Most of the structures are



determined using this method. However, purifying and crystallizing proteins are time-

consuming and often fails. Therefore, the information from this method is not

sufficient for modeling proteins [6, 8, 9].

Second, NMR method requires the proteins to be purified, place in a strong

magnetic field, and examined with radio waves. This method gives the estimation of

the distances between atoms, and the coordinates of the atoms in a protein. The

limitation of NMR is that the method can be carried out only for a small molecule

with sequences less than a few hundred residues due to itsweak signals [6, 8,9].

Finally, electron microscopy provides animage ofthe overall shape of the protein

so it can be used for determining structures of large macromolecular complexes.

Many techniques areusedto obtain these 3Dimages such asusing electron diffraction

to create a 3D density map. This method allows seeing the overall image not each

atom. Forprotein modeling, thisapproach requires additional information from X-ray

crystallography and NMR to sortouttheatomic details [6,8,9].

1.4.1.1 Structural Refinement

Experimental methods do not always provide accurate data, there always got some

error. Therefore, further refinement, including human intervention, is necessary. For

examples, during X-ray crystallography experiment, the positions of atoms in the

protein can be assigned, but it is not usually accurate. Energy minimization can be

used to correct these errors. The refinement ofcomparative methods presents greater

challenges because not all the local structures of the protein are correct, and there are

no references to verify whether therefined structures are truly correct [6].

1.4.2 Knowledge-Based Methods

Knowledge-based requires proteins to be analyzed and compared with known protein

structures from database. Thecomparison is ateither the sequential or structural level.

These methods are also called comparative or homology modeling. In comparative

modeling, there are two conditions have to be met. First, the target sequence must
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have detectable similarity to the templates in the database. Second, it must be possible

to find the accurate alignment between the targetand the template. These approaches

consist of five sequential steps. The first step is to search for the similarity structures

from the database. The second selects the best structures to be used as templates. The

third aligns template sequences with target sequences. The fourth is to build the target

from the aligned templates. Finally, the last step is to evaluate the model. Eventhough

comparative approaches are the most accurate protein structure determination, several

limitations have been described. It requires optimal template selection methods and

model refinements [10-13].

1.4.3 Theoretical Approaches

Theoretical or ab intio approaches are considered as alternative approaches for protein

structure determination. These methods are based on the physicals of protein

structure. One of the examples, with computer simulation, they can compute protein

motion by solving protein motion equations. The structure of the protein can be

obtained when the simulation reaches the stable state. Unfortunately, the simulation

requires too long processes and cannot be completed in reasonable amounts of time,

using current available algorithms and computers [6].

1.5 Problem Statements

Comparative or homologymethods use known protein structures from the database as

reference templates andhaveprovenextremely successful in modeling largeproteins.

However, these methods depend on the quality of the alignments between the targets

and the templates. The major problems in homology modeling arise when there are

gap regions in the query sequence from the database. Those regions are called loops,

and the loops usually form no definite secondary structures. They are often involved

in functionally important regions and contribute to functional specificity of

homologous proteins.
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The protein loop closure problem is stilla challenging topic for researchers. There

are several reasons that this problem cannot be solved. The first problem is there are

enormous amount of loop candidates available for the long loops. Using an energy

function to select the right loop structures for the target sequence is quite difficult.

Finally, most of the loop-modeling methods are not tested in the real homology
modeling situations, but they are tested in the more artificial situation by replacing the
loop back to their native structures.

Recently, a self-organizing algorithm for modeling protein loops, described by Pu

Liu [14], has proved to generate better loop conformation than CCD [15] and CSJD
[16] methods. There are no available source codes, enough documentation, or clear
explanation of this algorithm.

1.6 Research Objectives

Previous section has briefly described the protein loop closure problem and described

some ofthe attempts at solving this problem. Many other ways ofsolving the problem

have been tried. The main objectives of this research focus on self-organizing
techniques. At present these include stochastic proximity embedding (SPE), pivoted
stochastic proximity embedding (PSPE), and self-organizing superimposition (SOS).
There is much scope for improving self-organizing techniques due to the lack of

documentations and unavailable source codes. In conclusion, the research objectives
intend to understand and implement a form of solution known as "self-organizing"
with superimposition methods including singular value decomposition (SVD) and
quaternion-based characteristic polynomial (QCP), and this new work will then be

evaluated to assess its effectiveness in terms of computational time, memory
consumption and output quality.

1.7 Research Contributions

Upon completion, this research will contribute to Bioinformatics specifically in the
field ofModeling Protein Loop Algorithm. The contributions are listed as follow.
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1. Fillinga gapin protein loop modeling studyby applying several algorithms in

complementary manner as a set of programs for a better practical use of

protein loop modeling.

2. Development of programing source codes described by Rassokhin et al [17],

which is currently not available on the Internet. This work will share a

significant contribution to software programmers or developers who are

interested to implement the algorithm.

3. Development of several programs to test and evaluate self-organizing and

superimposition algorithms by looking at their computational times, memory

consumptions and output qualities. These will contribute the significant of

practical use andimplementation of the algorithms.

4. Self-organizing algorithms is modified and incorporated with superimposition

methods for solving the "protein loop closure" problem. This research

outcome improved the better quality conformations of the target loops by

given our artificial data; therefore, it provides essential form of solutions and

ideas for solving the given problem.

Thework in this thesis hasresulted in the following publication andexhibition.

1. Ratana Hing and Alan Oxley, Computational Time, Resources, and Quality

Comparison of Protein Structure SuperpositionAlgorithms, in proceeding of

the 2012 2U International Conference on Environment Science and

Biotechnology(ICESB2012), 2012.

2. Computer Algorithms for a Fundamental Problem in Bioinformatics: The

"Protein Loop Closure" Problem, exhibited at Science andEngineering Design

Exhibition (SEDEX) in August 2012 with bronze medal.

1.8 Scope and Limitations

This research involves exploration of algorithms for solving the protein loop closure

problem. There are newly introduced implementations of existing algorithms;
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however, we had to redefine each algorithm due to lackof documentation andunclear

definition in the literature. The scope ofthis research isdivided into the following:

1. Comparing between stochastic proximity embedding (SPE) and pivoted

stochastic proximity embedding (PSPE) in terms of computational time,

memory consumption and output quality.

2. Comparing singular value decomposition (SVD) and quaternion-based

characteristic polynomials (QCP) superimposition methods in terms of time

complexity, memoryand outputquality.

3. Modifying SPE and PSPE to satisfy the end point conditions, and analyzing
the modified algorithms for their effectiveness.

4. Introducing new implementations by combining modified self-organizing
algorithms with superimposition methods for solving the protein loop closure

problem, and evaluating their effectiveness in terms of CPU performance,

resource consumption and the loopconformation quality.

The limitations of this research are listed as follow:

1. The generation of the most promising loop candidates involves the database

search, energy minimization and other several methods, and it is beyond our

knowledge. Our artificial loop fragments are derived from the known protein
loops deployed in previous studies.

2. The research involves identifying missing loops. It does not involve

manipulating actual proteins in the lab.

3. This work assumes that atoms are points in three dimensions. The algorithms

manipulate only the atomic coordinates. It does not involve in any energy
calculation of the atoms.

14



1.9 Thesis Organization

This thesis is organized into six chapters. The description of each chapter is listed as

follow.

Chapter 1 describes the importance of proteins to the life science and medical

purpose. Then, the biology of proteins has been briefly explained as well as the

description of protein structure determination. Finally, the problem of the research has

been formulated as described.

Chapter 2 discusses principle of distance geometry, molecular superimposition

methods, overview of self-organizing algorithms, and overview of protein loop

modeling algorithms.

Chapter 3 explains the methodology used in this research, which comprises of

methodology for selecting software and development tools, methodology for software

development, methodology for software implementation, andmethodology fortesting

and evaluating algorithms.

Chapter 4 shows the comparison between self-organizing algorithms and

superimposition methods in terms of computational time, memory consumption, and

output quality.

Chapter 5 describes the self-organizing algorithms with superimposition methods

for solving protein loop closure, the conformation results, and efficiency of the

algorithms.

Chapter 6 concludes the thesis and some suggestion for future works are

presented.
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CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

In order to understand the diverse biological functions ofproteins, the knowledge of
3D protein structures is very important. Experimental methods such as X-ray
crystallography, NMR spectroscopy and electron microscopy can be used to get the
3D structures of the proteins. However, these methods are not able to determine the

structures of the loop regions due to their flexibility and irregular shapes [5, 14].
Therefore, the known proteins with missing loops are uncommon in the Protein Data
Bank.

The secondary structural units of proteins can be classified into two families such

as regular secondary structures and irregular secondary structures. Regular secondary
structures consist of alpha helices and beta strands, and irregular secondary structures

are called loops [18]. Several definitions ofthe loops had been defined [18-21]. This
work defines the protein loops as the flexible short polypeptide segments that connect

the two stable secondary structural units in proteins. Protein loops always play
important roles in protein structures and functions, and they are found mainly at the
surface of the protein molecules.

The protein loop closure is the problem of constructing chemically sensible
conformations of the protein loops that seamlessly close the gap between two fixed
end-points without presenting any clashes of the backbone [14]. Go and Scheraga
introduced this problem more than 40 years ago [22]. The protein loop closure arises
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at leastin two different structure predictions such as homology modeling and denovo

prediction [23]. In homology modeling, the queries of the loop sequence from the

database are always difficult since most of the known protein structures are missing

loops. For the de novo prediction, the local moves of the loop regions are considered

as variant, and it affects to the rest of the protein segments. In practice, side-chain and

backbone modeling of the protein loops are independent.

This chapter describes the literature search involved in this research which

comprises of principle of distance geometry, molecular superimposition methods,

overview of self-organizing algorithms, and overview of protein loop modeling

methods. The second section of this chapter explains the basic principle of distance

geometry which is prerequisite for the self-organizing algorithms. The third section

discusses the molecular superimposition methods. The fourth section details the self-

urgauizing algorithms and its applications. The fifth section provides an overview of

protein loop modeling methods. Finally, the last section gives the summary of the

chapter.

2.2 Principle of Distance Geometry

Once the distance information is available from NMR spectroscopy experiments, the

determination of overall atomic coordinates in a protein can be solved by using

distance geometry. NMR spectroscopy can be considered as distance-based modeling

methods. However, the overall structures of the protein cannot be modeled based on

distances from these methods alone because they are able to give short-length

distances normally less than 5 A due to its weak signals. Additional information such

as general knowledge of bond lengths, bond angles and other extra set of distances are

requiredfor constructing 3D structures of the protein [6].

Distance geometiy problems, determining the coordinates of atoms in a molecule

by given the distances between certain pairs, commonly arise in molecular modeling

[24-27]. Assuming that the set of distances between certain pairsof atoms, S, is given,

the problem is to place those atoms in 3D Cartesian space in such that the distances

between them are equal to the distances given. There are various solutions in 3D

17



space to this problem. Consider they have n atoms in a molecule. Let xt denote the

coordinates of atom i, for i = 1,2,3,..., n, in themolecule, respectively, and S bethe

dataset which contains distances between atoms ;' andy. So the problem offinding the

coordinates of the atoms / andy can be statedas:

k-*/ll= n,p nj es (2.1)

Where ||. || represents the Euclidean norm; therefore, for anyxt in 3D space,

INI =J*i>+**y+ xl (2-2)

There are three types of distance data. First is exact distances, second is sparse

distance, and thethird is distance bounds. It is said that the problem has a setof sparse

distances when fee dataset, S-, contains only a subset ©f all- i and-/ paws; otherwise,

theysaythe problem has a complete set of distances. Normally, the distance data are

not provided as exact distances and, from experimental methods, it is given as

estimated ranges. If the exact distances are available, it is said that the problem has

exact distances; otherwise, it has distanceranges or bounds.

2.2.1 Exact Distances

Assuming that a complete set of exact distances is given in the dataset, S, for all the

possible / and j pairs, and the solution for finding coordinates ofx, and x,- exists for a

given S, the distance geometry problem can be solved by using singular value

decomposition (SVD) of a transformed distance matrix, and it requires polynomial-

time [24-27].

2.2.2 Sparse Distances

Consider the exact distances, but assume that the data are available only for a subset

of all possible i andj pairs. In this case, the distance geometry problem becomes

difficult to be solved. There are varieties of techniques for solving this problem. First,
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it is needed to find the valid estimation of unknown distances, then a solution can be

obtained by using eigenvalue decomposition of the distance matrix, and finally the

obtained solution is refined by local optimization which appropriate objective

function. In computer science, the problem can be proven to be NP-hard [24-27].

2.2.3 Distance Bounds

In NMR spectroscopy experimental methods, the distances are normally provided as

estimated distances or bounds. It is called lower and upper bounds. Uj denotes lower

bound, and uu denotes upper bound. In this case, the distance geometry problem of

finding the coordinates of the atoms can be stated as follows:

kj ^ \\xt- xj\\ < Uij, (itj.Ui^ES (2.3)

Let rUj = (ltj + utij)/2 and stij = (Ujj - hj)/2, the problem above can be

rewrite as follows:

III** " xi\\ ~ n,j\ < £ij, (rtJ) e S (2.4)

The above distance geometiy problem can be stated as finding the approximation

solution for a set of dataset S. Eti is called allowed approximation or error to the

distance problem. The geometry problem can be easily found if the allowed

approximation is large; otherwise, it is difficult to find the exact distances if the

approximation is small [24-27]-.

2.2.4 Embedding

The word embedding is derived from distance geometry. The problem of finding the

coordinates of the atoms in the molecule by given a set of interatomic distances is

called embedding. Several embedding algorithms have been developed and

implemented in computer programs. The embedding algorithms normally startswith a

procedure called bound smoothing, then follows by another procedure called

metrication, and finally performs the actual embedding [24-27].
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Bound smoothing procedure is used to find the missing distance bounds. The

basic rule to find the missing distance bounds are based on the distances between any

three atoms i,j, k, if the lower (/,, k) and upper (uit k) boundsbetween atoms / and k and

lower (lkyJ) andupper (uk,j) bounds between kand/ aregiven, lower andupper bounds

between atoms / andy can be found using equation 2.5.

Hj ^ ut,k + ukJ, and ltJ > max{Ziik - ukJ, lkJ - uUk} (2.5)

After all distance bounds are estimated, metrication procedure is implemented to

correct the errors if there are any in the disumce bounds by Tegeneraurtg^ the

corresponding distance bounds again.

Finally, the actual embedding procedure is applied. Singular value decomposition

algorithm is implemented* to the generated distances in order to get a set of

coordinates for the atoms. The coordinates of all atoms must satisfy all of the

estimated distance bounds.

2.3 Molecular Superimposition Methods

Molecular superimposition in 3D space is an important task involving the placement

of one structure in the space of another by minimizing the root-mean-square distance

(RMSD) deviation of atoms between the two. Computational techniques used for

molecular superimposition area cheap andfast way of interpreting and understanding

molecular data. They can reveal a variety of information about molecules, such as

their energy, their physiochemical properties and their biological properties,

depending on the 3D overlap of some physical characteristic. If atoms with similar

characteristics are placed in the same location, those atoms are expected to affect

similar results [28].

Superimposition is important in conformational sampling, the generation of low-

energy 3D arrangements of organic molecules. Conformational sampling is beneficial

to molecular modeling and computer-aided drug design. A chemical molecule can be

decomposed into small rigid fragments and stored in a pre-computed library, and the

superimposition technique can beused to superimpose the fragments in the library on
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top of atoms of the target molecule in order to adjust its geometiy [29]. Figure 2.1

shows the molecular superimposition between the two structures.

mgure i.v. ivioiecuiar superrmposmon

The superimposition technique can also be used for predicting protein loops.

Protein loops are the flexible short segments connecting two stable secondary

structural units of proteins. The loops determine the unique structure of the protein. A

self-organizing algorithm for conformational sampling [29] and for modeling protein

loops [14] is involved with superimposition-technique. By generating^ random atoms

of the loops at an initial stage, related fragments in a pre-computed library are

repeatedly superimposed onto the corresponding atoms so as to construct the loops.

Cyclic Coordinate Descent (COD) and Full Cyclic Coordinate Descent (FCCD)

are two algorithms for predicting protein loops. They are derived from a robotics

algorithm employing inverse kinematics whereby an end effector in the form of a

robotic hand must reach an object in space by alternately adjusting joint angles. In

CCD, dihedral angles must be adjusted to move the C-terminal residue of a segment

to superimpose it on a fixed anchor residue in the protein structure [15]. FCCD

follows the same concept as CCD, but the FCCD method first solves the loop closure

problem for C-alpha space and replaces CCD's- vector-based optimization of a

rotation around an axis with a singular value decomposition-based optimization of a

general rotation matrix [23]. Both of these algorithms use singular value

decomposition superimposition technique.
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As we mentioned above, superimposition is highly significant in Bioinformatics.

However, the difficulties in molecular superimposition arise when there are a large

number of atoms, as a huge amount of computation are required to superimpose

molecules. Therefore, a faster superimposition technique that minimizes

computational time and resources is sorely needed.

Theobald has presented a promising mathematic computation for calculating

RMSDs using the Quaternion-based Characteristic Polynomial (QCP) method [30].

His method is able to skip calculating an optimal rotational matrix, rotations and

translations, and so is extremely fast and efficient in deriving RMSDs. Pu Liu has

shown how to calculate an optimal rotational matrix using QCP [31] because

calculation of the rotational matrix is essential to some applications.

An example of the commonly used steps to superimpose structure A on top ofB is

as follows: 1) find the optimal rotational matrix, i.e. the one that minimizes the

RMSD; 2) rotate structure B using a 3 x 3 matrix; 3) shift structure B on top of A; and

4) obtain the superimposition quality by calculating the RMSD. BioJava, an open-

source framework for bioinformatics, follows these common steps for superimposing

molecular structures, and it uses the Singular Value Decomposition (SVD) method to

calculate the optimal rotational matrix [32].

2.4 Overview of Self-Organizing Algorithms

Self-organizing algorithm called stochastic proximity embedding (SPE) was first

introduced by Agrafiotis et al in 2002 [33] when the exploration of information in

high-dimensional data was the norm. The algorithm was used to embed a set of

related points into a low-dimensional Euclidean space that preserves the information

hidden in the high-dimensional abstractions. SPE uses self-organizing scheme that

attempts to bring stress function rapidly to zero. Table 2.1 illustrates the algorithm. It

starts with the generation of random coordinate points, iteratively refines its

coordinates by repeatedly selecting a pairs of points at random, and adjusts their

coordinates so that the distances of the random points match more closely to the

distance matrix given [34].
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Table 2.1: SPE Algorithm

Input: Distance matrix
Output: Coordinate vectors

1. Generate initial random jV-points in D-dimensional coordinates,
{xtf,i=l,2,...Jf;k=l,2,...J)}. Select a cutoff distance, rc, and initial learning
rate, X>0.

For i = 1 to number of cycles, C, do
E©r/ = 1 to number of steps5 S,4&
2. Randomly select two points, / andy, from //points in step 1, calculate their

distance, dy = ||x,-^||.
3. Get corresponding distance, rtJ, from input distance matrix.

If rtJ > rc anddtj > r^ then
continue

Else

Update coordinates, / andy, by:
, ^ ri,j ~ d-ij f n

*'*"Xi+l-d-TT{xi~Xi)
and

2 T; .r — d:

Where e is a small numberused to avoid division by 0.
End if

End for

4. Decrease A, by a prescribed 8X.
End for

Figure 2.2 shows the input and output of SPE. SPE takes distances in the form of

symmetric matrix and produces coordinate vectors whereby the distances between

these coordinate vectors matchmorecloselyto the distance matrixgiven.

Distance Matrix SPE
Coordinate

Vectors

Figure 2.2: Input and Output of SPE

As described earlier, embedding is the problem of finding the coordinates of

objects by given a set of distances between them. SPE algorithm works best in this

regard. The embedding-ofSPEis carriedoutbyttiMmmttgiiTe stressfunction.

Stress =Zw^~y* I l^jnj (2.6)
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Where a)j is the distance between the /* andf points on the map, and rg is the
original distance between the f1 and f points from the input distance matrix. There

are foursteps for SPEto bringdown the stress function to zero. First, generate a set of

random coordinates, xt. Second, calculate the distance, <% between points / and/.

Third, find a new set of coordinates, xt. Finally, repeat step 2 and 3 until the stress

function Mis below certain threshold.

2.4.1 Dimensionality Reduction

Multidimensional scaling (MDS) [35] or nonlinear mapping (NLM) [36] is the

problem of arranging a set of objects in a space with a particular number of

dimensions so as to reproduce the observed distances between them [34], and it has

two mass. agfam^wm: 1) dteeir^oHality tedurctiw; mi 2) pwtfudng coordiTrate

vectors from the distance data. There are various algorithms developed for MDS but,

unfortunately, none of them canbe implemented with large amounts of data because

the computation ofthe stress function increases extremely.

SPE, on the other hand, is a fast and scalable algorithm to solve the MDS

problem. It has been proved to be better than other MDS algorithms [33, 34]. By

given a distance matrix, number of observations, number of dimensions and number

embedded dimensions, SPE is able to project high-dimensional data on a low-

dimensional map by best preserve the similarities between a set of related points.

Figure 2.3 illustrates dimensionality reduction ofobjects in3D on a 2D map by using
SPE algorithm.

o A A
£a»0 D A

o A^A
Ca.0 0 £

^ bo a
0 1&.Q& a

SPE

X

Figure 2.3*: SPE forDimensronality Reduction
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2.4.2 Nonlinear Manifold Learning

The massive amounts of data describing entities such as human genes, multimedia

documents, climate patterns, and so on are usually in high-dimensional abstractions

and have complex relationships and nonlinear geometry. Several methods have been

developed to visualize the information hidden in those data but,unfortunately, most of

them seem to underestimate the nonlinear geometries hidden in the data. Forexample,

the isometric mapping (ISOMAP) method [37] uses the substitution of an estimated

geodesic distance for Euclidean distance and the multidimensional scaling technique

to find the optimal low-dim«asional configuration [33]. The method is able to

interpret some nonlinear manifold structures if they belong to some certain classes of

manifolds.

m contrast, SPE algorithm is a simple, fast, and scalable algorithm that can be

used for interpreting nonlinear manifolds. The SPE is more efficient than classical

method because it avoids the shortest-path computations. Figure 2.4 illustrates SPE

for learning nonlinear manifold.

\0)
o A^A

0 ti-0fl Q

SPE

y

x

Figure 2.4: SPE forNonlinearMmifofd Learntmr

2.4.3 Pivoted Stochastic Proximity Embedding

Even though stochastic proximity embedding is a fast self-organizing algorithm for

multidimensional reduction and learning nonlinear manifold, Rassokhin et al [17]

showed that the significant time spent of SPE was in random number generator

(RNG). They developed an alternative algorithm called pivoted stochastic proximity

embedding (PSPE). Table 2.2 shows the PSPE algorithm. It starts with initial random

coordinates of points, repeatedly selects a point (pivot) / at random, and iteratively

refines the coordinates of points for every point / different from /'. This method is able
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to gradually bring the stress function closely to zero, and it had been mathematically

proven to be faster than SPE.

Table 2.2: PSPE Algorithm

Input: Distance matrix
Output: Coordinate vectors

1. Generate initial random W points in Z)-dimensionaT coordinates,
{xi>k;i=l,2,...,N;k=l,2,...,D}. Select a cutoff distance, rc, and initial learning
rate, X> 0.

For / = 1 to number of cycles, C, do
2. Randomly select a point, /', from N points in step 1. For every/ £ i, calculate

their distance,4j= IK-%||.
3. Get corresponding distance, rfJ, from input distance matrix.

If rtJ > rc and dtj > rid then
continue

Else

Update coordinates,/, by:

Xj «- Xj + A l'} tJ (xj - xt), where e is a small number used to avoid
division by 0.

End if

4. Decrease Xby a prescribed 5A,.
Efftffbrr

2.4.4 Conformational Sampling

Conformational sampling is the generation of low-energy 3D conformations of

organic molecules [29]. Many applications such as protein docking, 3D database

searching, and computer-aided drug design depend heavily on the diversity and

quality of small molecular conformations.

Sensible molecular conformations are conformations of molecules that are

chemically sensible, which means they have no any direct energy calculation. A

sensible molecular conformationmust satisfy the distanceand volume constraints.

First, the distance constraints involve satisfying the connectivity of common

covalent bondlengths andangles. In order to satisfy distance constraints, it is required

that the distance, dtJ, between any pair of atoms, / and/ in a molecule must fall

between certain bounds, hj < d,j < utj.
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Second, the volume constraints areused to prevent the volumes of four atoms i,j,

k, Ifrom exceeding certain limits andto enforce planarity of conjugated systems [38].

According to this approach, Huafeng Xuet al [38] extended SPE algorithm to deal

with conformational sampling. The algorithm is modified so that the distance and

volume constraints of a molecule are satisfied. Figure 2.5 illustrates the extendedSPE

algorithm for solving theproblem of conformational sampling.

Distance & Volume
Constraints

i
y

i

SPE

r-

Figure2.5. SPEforComomationaiSampling

The distance and volume constraints present two types of violations, the distance

violation (Sd) and volume violation (Sv). SPE for conformational sampling must

gradually bring me distance and^^ volume violationsi rapidly to zero. So me total error

function is the sum between the two violations and can be stated as below:

5 = Sd +SV = I^jfidijJij.Utj) + aiZkh(Vk,VlV^) (2.7)

Where a is a scalingfactor and, for convention, it is set to 0.1.

The individual violation must be minimized simultaneously in order to bring the

total error fimction, S, closely to zero. Assume that -the- distance and volume

constraints can be consistently satisfied simultaneously, the individual error function,

Sd, can be minimized using original SPE procedure. By repeatedly selecting two pair

of atoms at random and moving their positions toward minimizing the distance

violations, SPE is able to bring the individual error function closely to zero. On the

other hand, the individual error function, Sv, can be minimized by randomly selecting

a volume constraint k, and moving the positions of the 4 atoms involved in the

direction that minimize the volume violations.
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2.4.5 Self-Organizing Superimposition

SPE algorithm can be used for generating conformations of a molecule through a

process of self-organization [38]. The method starts with the generation of initial

random coordinates of the atoms, iteratively refines atoms' coordinates by repeatedly

selecting a pairs of atoms at random, and adjusts their coordinates so that so that the

distance between them falls within certain allowed ranges such as lower and upper

bounds, which are derived from the covalent structure of the molecule. By repeating

this procedure, the coordinates of atoms could converge toward a feasible geometry

[38].

Zhu et al [29] explains that the conformation of a molecule, which contains N

atoms, is represented by 3N coordinates in 3D Cartesian space, but the actual degrees

of freedom (DOFs) for low-energy conformations are much fewer than 3N because of

the geometric constraints such as bond lengths and angles. Therefore, a flexible

molecule can be decomposed into rigid fragments. Each fragment has a small number

of atoms and unique geometry defined by its bond lengths and angles. For example,

phenyl group can be considered as rigid fragment with the geometry of a regular

hexagon.

SPE does not have the ability to determine the rigid fragments of a molecule. The

method generates the geometry by using normal pairwise adjustments from the

distance constraints between atoms. However, some other conformation methods use

common fragments, which are already stored in pre-computed library, to generate the

conformation of a molecule.

Zhu et al has developed a new algorithm called self-organizing superimposition

(SOS), which takes advantages of using common rigid fragments stored in pre-

computed library to improve the efficiency of SPE for conformational sampling [29].

During the sampling process, SOS will retrieve the fragment from the library and

superimpose the fragment on the corresponding atoms to correct the geometry. The

method consists of three major steps: 1) the reference templates; 2) the template

fitting operation; and 3) iterative refinement.
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First are the reference templates. A molecule chemically consists of rotatable

bonds. These rotatable bonds separate a molecule into several rigid fragments. A rigid

fragment is then attached with an atom of another rigid fragment in order to become a

reference template due to the bond length and angle. Figure 2.6 shows an example of

the reference templates, (a) is a chemical structure of a molecule, and (b) are the

refc^c^ templatesof (a), (^

Therefore, both 6th and 7th atoms must be attached to both rigid fragments to become
two reference templates. Attached atoms are important to correct geometry on bond

length and angle of the molecule(a).

3 2

ft %
4' J

v „y

£s*

(a)

Template a Template b

(b)

FigureIfk Reference Templates [29].

The second step of SOS is the template fitting operation. This operation requires

two further steps. First, it superimposes the reference template on top of

correspondingatoms in the moleculeby minimizing the-RMSD. Finally, each position

of reference template atom is replaced by each corresponding atom of the molecule.

Notice that the geometiy of the reference template remains the same and only the

coordinates of atoms in the molecule are changed toward feasible geometry after the

fitting operation.

The final stage of the algorithm is an iterative refinement. The refinement of the

atoms in the molecule toward feasible geometry can be achieved by iteratively

superimposing reference template alternatively. When the atoms have been

alternatively superimposed, the geometry of the atoms along the rotatable bond will

be distorted. To overcome this problem, Zhu et al has introduced weighted

superimposition by assigning higher weights to the atoms along the rotatable bond

and smaller weights to the rest of the atoms in order to speed up the process.

29



2.4.6 Validation of Conformational Sampling

The SPE and SOS methods are based on distance geometry. The advantage of

distance geometry is the ability to generate chemically sensible conformations for the

molecule without any direct energy calculation. Hence, the conformations can be

further minimized using suitable energy force field [39]. There are two types of

constraints that both methods must be satisfied. First, the distance constraints require

that the distance between any pair of atoms must fall within certain bounds which are

called upper and lower bounds. Second, the volume constraints are used to prevent the

signedvolume Vyu formed by four atoms i,j, k, Ifrom exceeding certain limits.

Tresadern et al [39] extensively did validation studies on SPE and SOS for

conformational sampling. Their research work aimed at finding the limitation of both

methods by investigating the performance and the effects of different parameter

settings of both algorithms. However, the results showed that both algorithms were

able to produce satisfactory results of low-energy conformations for molecule rather

than the norm.

SPE and SOS methods were tested on large protein dataset, ligand crystal

structures, and the performance of both methods were accessed by five criteria: 1) the

ability to generate varieties of conformations; 2) the ability to retrieve bioactive

conformations; 3) the efficiency of the algorithms; 4) the strain energy of the

conformations; and 5) the comparison to the standard ensemble.

2.4.7 Loop Modeling

Zhu et al [29] proposed an algorithm called self-organizing superimposition or SOS.

This algorithm was proved to be more efficient than stochastic proximity embedding

for conformational sampling. The SOS method starts with initial random coordinates

of atoms, repeatedly superimposes reference templates to correct the positions of the

atoms in the molecule, and gradually refines the molecule toward a feasible geometry.

The method also incorporates with pairwise adjustment procedure to solve the steric

clashes.
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Protein loops are the flexible short polypeptide fragments that connect two stable

secondary structural units in protein. From computer perspective, a protein loop can

be represented by a set of connected points in 3D Cartesian space. A chemically

sensible conformation must satisfy thegeometric constraints such asbond lengths and

angles. The connectivity and common covalent structure of atoms requires that the

distane%4)y between any pair of atoms i,and/ m the molecule must Ml within the

upper and lower bounds, ltj < dtj < ui}-.

Pu Liu et al [14] proposed a new variant of the SOS algorithm for solving the

protein closureproblem. The-'meft^-wa»-prov^-to--be«mple-^dr-f^-ftff«atii^B®'

notonly theend point and steric conditions, butalso planarity andchirality constraints

[14]. The algorithm starts with random initial coordinates of atoms, repeatedly

superimposes reference templates, and refines atomic coordinates using pairwise

adjustments iu solve die sieriu clashes. The method involves two main phases: 1)
initialization phase; and2) embedding phase.

Template 1,3,5,7,9

Template 2,4,6,8

Figure 2.7: Decompositionof a4-Residue Loop into a Setof Overlapping Fragments-

[14]

During the initialization process, everynew molecule is decomposed into a set of

overlapping fragment*, rigid fragments-attached to one another by rotatable b©nd&

For a protein loop, the backbone polypeptide of the loop consists of N-CA and CA-C
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bonds, which rotate around the axis. Therefore, the peptide backbone can be

decomposed into series of amide and CA groups. The overlapping fragments are then

retrieved from a library of pre-computed templates [14]. Figure 2.7 shows a

decomposition of a 4-residue loop into a set of overlapping fragments. The carbon,

nitrogen, and oxygen atoms are represented by the green, blue, and red balls,

respectively. The two structures on the right are the corresponding templates. The

gray area is where the loop is anchored, and the red circles are the alpha carbons.

After the molecule decomposition, the initialization phase also involves

determination of the upper and lower interatomic distance bounds and assignment of

weights to atomsin the molecule. The calculation of upperandlower distance bounds

follow the stand procedure in SPE and SOS algorithm. The lower bound (ltJ) can be

detemtinedhasedoa the standardcovalent geometry or the sum of the VanDer Waak

radii of atoms / and.;, andtheupper bounds (wy) aresetto the sum of the bond lengths

along the shortest path connecting atoms i and /. Floyd-Warshall algorithm can be

used to calculate the shortest path. Finally, the atoms in the molecule are assigned

with some weights.

The second phase is the embedding process. Once the reference templates are

constructed, those templates are used in an iterative embedding steps followed by

atomic pairwise adjustments. The embedding steps involve superimposing reference

templates on top of the atoms, and this procedure can be accelerated by using

weighted template superimposition described by Pu Liu et al [40]. The distortion

between the bondjoining two fragments is eliminated by assigning heavy weights to

atoms along the rotatable bond, and smaller weights can be assigned to the rest of

atoms in the fragment. This will prevent the mobility of atoms during the embedding

procedure. Figure2.8 describes the superimposition operation of a template on top the

corresponding atoms in the molecule. The rectangular box is the fragment, which its

geometry is needed to be adjusted. The corresponding template of the fragment is then

superimposed by minimizing the RMSD between the fragment and the set of atomsin

the loop that correspond to this fragment. Finally, the coordinates of atoms in the

template are copied to the coordinates of atoms in the fragment. In addition to

superimposition, embedding phase also requires pairwise adjustments in order to
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solve steric clashes on the backbone atoms of the loop. Pairwise adjustments require

that the distance between atoms, dih falls within the prescribed lower and upper

bounds, lij and «,-,-.

The algorithm was compared with CCD [15] and CSJD [16] methods and tested

with 30 loops, some of which are 4 residues long, some are 8 residues long, andsome

are 12 residues long. As the results, SOS algorithm for modeling protein loops

showed better results comparedto CCD and CSJD methods.

Original conformation

I

Superimposition of template

Replace coordinates of the

fragment with those in the
superimposed template

Conformation after superimposition

Figure2,8: Superimposition Operation [1-4]

2.5 Overview of Protein Loop Modeling Methods

Looking through a protein loop database to identify low energy loop conformations

requires large amounts of computation power, and it is also one of the difficult

computational problems. There are three categories of the methods that identify such

loops including database methods, ab initio loop modeling methods, and robotics-
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inspired inverse kinematics. These methods require two major phases. First is the

buildup phase, which protein loop conformations are retrieved from the database.

Second phase is the selection of the most promising loop candidates, which the

protein loop conformations resulted in the first phase are evaluated by using an

appropriate scoring function [14,41].

2.5.1 Database Methods

Database methods [20, 42-46] for solving the protein loop closure problem search for

identity of the loop fragments and try to fit in between the two fixed end-points. The

accuracy of these methods depends heavily on the protein structure database such as

PDB [47] and the representation of the loops, the antibody hyper-variable loops [48,

49] for example. However, database methods suffer from finding the identical loop

structures.

2.5.2 Ab Initio Loop Modeling Methods

Ab initio loop modeling methods use the computer simulation to generate

conformations of the loops by using all available techniques and algorithms. Direct

tweak [50, 51], random tweak [52, 53], analytical loop closure techniques [16, 54],

bond-scaling relaxation [55], Markov Chain Monte Carlo simulated annealing [56,

57], Molecular Dynamics simulation [58, 59] and other optimization techniques [60,

61] have been used for solving the loop closure and energy minimization. The

accuracy of these methodsdepends heavilyon the available technique and algorithms,

and the simulation takes very long to complete sinceit involves a lot of calculation.

2.5.3 Robotics-Inspired Inverse Kinematics

From computational perspective, the protein loop closure problem can be viewed as

an inverse kinematics problem (IK). Inverse kinematics can be best thought of in

terms of a robotic arm comprising of several links connected by joints. Given the
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position and "pose" of the hand ("end effector") then it has to work out the joint

angles. IK problemhas been studiedwidely in robotics and biology [5,15, 16, 54, 62-

66]. Tri-peptide loop closure can be solved analytically [16, 54, 65, 67, 68] by using

exact IL solvers to give at most 16 possible solutions, but analytical methods are not

able to solve longer loops.

Optimization-based IK solvers with random tweak [52, 53] and the CCD

algorithm [15] can be used to solve the longer loops, and they have found in many

protein loop modeling applications [69-72]. There have been attempts to apply DC

solutions for the proteinloop closure problem, and these methods do manage to solve

the loop closure to some extent. However, they have some difficulties incorporating

with the space constraints i.e. the rest of the protein atoms.

2.6 Summary

In this chapter, we did a lot of literature reviews on principle of distance

geometry, molecular superimposition methods, self-organizing algorithms, and loop

modeling algorithms. First, in distance geometry problem, there are three types of

distance dataset such as exact distances, sparse distances, and distance bounds. A

protein structure can be modeled after the distances are available from experimental

methods. The problem of putting the atoms of a molecule in 3D space is known as

embedding. Second, molecular superimposition methods consist of singular value

decomposition and quaternion-based characteristic polynomial. Third, self-organizing

algorithm known as stochastic proximity embedding is very fast and simple

algorithm. It can be extended to apply for several applications including

dimensionality reduction, learning nonlinear structure, conformational sampling, and

modeling protein loops. Finally, there are three types of loop modeling methods

known as database methods, ab initio loop modeling methods, and robotics-inspired

inverse kinematics.
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CHAPTER 3

RESEARCH METHODOLOGY

3.1 Introduction

A computer algorithm is any well-defined computational procedure that takes some

values, or a setof values, as input data and produces some values, or a set of values,

as output. It can be a tool for solving a well-specified computational problem, or

described as a specific computational procedure for achieving input/output

relationship. The algorithm can be implemented into a computer program. Aprogram

contains set of instructions that can be run on a computer, and it can be written in

different ways for the same algorithms [73-76]. It is said that algorithm is correct if it

produces the correct output for every input and solves the given computational

problem. The efficiency such astime complexity, memory usage and output quality is
desired for every algorithm.

The methodology used in this research is adopted from the standards of design

and analysis of computer algorithms by looking at time complexity, memory

consumption and the output quality. This chapter explains the methodology used in

this research, which comprises the methodology for selecting software tools, the

methodology for software development, the methodology for software

implementation, and the methodology for testing and evaluating the algorithms. The

second section of this chapter describes theactivities orproject phases oftheresearch.

The third section discusses the detailed description of selecting software development

tools. The fourth section describes the methodology used to develop computer

programs. The fifth section explains the methodology of implementing computer
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programs. Finally, the last section justifiesthe methodology for testingand evaluating

the algorithms.

3.2 Project Activities

Figure 3.1 summarizes the overall research activities. There are basically three main

phases involved throughout this research i.e. literature research, experiments and

deliverables.

.> •*>.

^tif^

Problem Identification

Comparison ofSelf-
OrganizingAfgortthms

Self-Organizing
Algorithm Source

Codes

Software Toots

Comparison of
St-'perposStJon ....

Methods

Superposition Source
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Available Source

Codes

Modification of Self-
OiganSzing Aigori»ms

Protein Loop
ModelingAlgorithms

Development Setup

Modification of Self-

Organizing Algorithms
—with SunstiosHip"—
Methodsfor Modeling

Protein Loops

Thesis Achievement

Figure 3.1: Project Activities

This research requires a deep understanding of protein loop closure problem and

its algorithms. Thus, during the first phase a pilot study on the protein loops was

carried out. The literature search starts with the identification of protein teop closure

problem to the field of Bioinformatics, the selection of software tools used to test,

evaluate and develop algorithms, the search for available algorithm source codes, and

finally the setup of algorithm development.

The second phase involves the experiments of self-organizing algorithms and

superimposition methods. The study compares self-organizing algorithms and

superimposition methods to find the consistency among them. They are tested and

evaluated in terms of computation time,memory usage, and outputquality. At the end

of experiment stage, the research leads to the modification of self-organizing

algorithms and the incorporation with superimposition methods attempting to solve

the protein loop closureproblem.-
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The final stage of the project is the deliverables. The research focuses mainly on a

self-organizing superimposition algorithm (SOS) for modeling protein loops

described by Pu Liu et al [14]. It is difficult to understand their work due to lack of

documentations, and there are no available programming source codes as well. The

extensive studies of SOS algorithm lead the research to be able to deliver self-

organizing source codes, the consistency results of molecular superimposition

methods, modified self-organizing algorithm with superimposition methods for

modeling protein loops, and finally the thesis itself.

3.3 Selection of Software Tools

This research involves the exploration of self-organizing algorithms and molecular

superimposition methods. All these tasks can be accomplished by using software tools

such as Java, NetBeans, BioJava, and Jmol and PyMol.

First, Java is a programming language and computing platform first released by

Sun Microsystems [77, 78]. Computer programs developedusing Java can be run on

many different platforms such as Windows, Mac OS X, Linux, and so on. It provides

set of mathematic functions and utilities for application development. To our

knowledge, the protein loop closure algorithms were usually developed using C/C++

and Python. Therefore, the selection of Java will be beneficial to the open-source

communities, who are interested in protein loop closure.

Second, NetBeans is an integrated development environment (IDE) for

developing Java programs [79]. It provides smarter ways for coding, testing, and

debugging; especially, NetBeans has the profiling features that allow developer to

monitor their applications on CPU performance and memory consumption [80]. All

experiments in this research used NetBeans profilerfor analyzing algorithm speed and

memory usage. Eclipse IDE [81], on the other hand, is one of the well-known IDEs

for developing Java programs as well. However, this research work chose NetBeans

over Eclipse because of profiling features, intelligent code tracking, and code

debugging.
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Third, BioJava is an open-source framework for Bioinformatics [32]. It has

several functionalities and utilities for accessing biological data from sever or PDB

files. In this research experiments, BioJava libraries have been included in the

NetBeans projects for accessing atom section in PDB files. Each algorithm, which

was written in Java, can then be incorporatedwith BioJava for testing and evaluating

protein loops.

Finally, Jmol [82] and PyMol [83] are the well-known molecular viewers. These

software tools are able to view protein structure from PDB files in 3D space. They

allow users to change color, rotate, animate, and other features. This research work

used Jmol and PyMol to view the final results of the algorithms to see where there is

any clash of the backbone. Steric clashes of the protein backbones show the poor

quality of protein loop modeling.

3.4 Software Development

This research involves the development of source code for algorithms. These

algorithms were then implemented into Java programs. The programs were

incorporated with BioJava, an object-oriented third-party library. Therefore, it is

required the deep understanding of object-oriented programming concepts. The search

follows agile software development methodology for delivering Java programs. This

method adopts an iterative approach and delivers product faster than structured

method e.g. Waterfall [84]. At the outset, requirements are defined and the

development itself is divided into phases, which at some point can be iterated before

going to the next phase. The life cycle is shown in Figure 3.2.

As seen in Figure 3.2, the implementation, testing and debugging, and evaluation

can be iterated until the final programs are released. The first iteration includes most

of the key requirements of the algorithms and as it goes additional requirements and

functions are edited to the algorithms.
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At the initial stage of the development, the analysis and design of the algorithms

are covered. Analysis was carriedout on the selection of parameters for the programs.

The design part focused- on which- place the algorithm should- be performed, hew the

input data came out, and how to handle with errors.

The testing was done using white-box testing with combinations of inputs and

preconditions to- cheek if the algorithms are free from logic errors. Once the

algorithms were integrated into the programs, testing and debugging was performed.

Theverification of the correctness was donewithmanual inspections as well.

3.5 Implementation

To run Java program on the computer, it is need to install Java Virtual Machine

(JVM). TheJVMhas a size limitation, which the program to be run must adhere to. If

the program requires more memory than the JVM makes available, the program will

crash [85]. To increase the amount of memory allocated by the JVM, it uses the "-

Xms" and "-Xmx" commands.

In this research work, all Java programs was running using Java SE with JRE-

7ul7 and JDK-7ul7, and all computations were performed on Macbook Pro running

Windows 7 (64-bits) and equipped with 2.8 GHz Intel Core i7-2640M CPU and 4 GB

1067 MHz DDR3 of RAM.
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3.6 Testing and Evaluating Algorithms

A computer algorithm is any well-defined computational procedure that takes some

values, or a set of values, as input and produces some values, or a set of values, as

output [73-76]. An algorithm can be evaluated in terms of computational time and

memory space required for the solution of a problem. To be independent of a specific

computer, analyzing and comparing algorithms can be done using computational

model. There are two types of computational model such as the random access

memory (RAM) and Turing machine (TM). The RAM model is considered as a

simplified computation. It has a read-only input, a write-only output, and a memory.

The TMmodel, on the otherhand, has multiple read-and-write functionalities [73-76].

This research evaluated algorithms based on three metrics: computational time;

memory consumption; output quality. Each algorithm was implemented into Java

program. NetBeans IDE provides a powerful profiling tool that can be used to gather

the important information on runtimebehavior of the applications.

3.6.1 Analyzing Time Complexity

NetBeans IDE provides two options for analyzing CPU performance. Figure 3.3

shows the two options for profiling time complexity of the application.

1. Quick (sampled) option, the IDE samples the application and traces the code

runtime periodically. This option provides fast overall performance of the

program.

2. Advanced (instrumented) option, the DDE traces every line of the code and

gives most accurate results of the program runtime. However, this option

requires more time to complete.

This research uses Quick (sampled) option for gathering computational time

performed by each algorithm. After running the CPU profiling option, the information

on the time spent and the number of invocations in each method are shown in a

display window.Figure 3.4 is an example of the profiling results.
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3.6.2 Analyzing Memory Usage

NetBeans IDE also provides two options for analyzing application memory

consumption. Figure 3.5 shows the two options for profiling memory usage of the

application.

1. Quick (sampled) option, when this option is selected, the profiler samples the

application to provide data that is limited to the live objects. This option only

traces live objects and does not trace allocations when instrumenting. It is not

possible to record stack traces or to use profiling points if this option is

selected. This option incurs a significantly lower overhead than the Advanced

(instrumented) option.

2. Advanced (instrumented) option, when this option is selected, the information

about the number, type and location of all allocated objects can be obtained.
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All classes that are currently loaded by the target JVM are instrumented to

produce information about object allocations. This option incurs greater

profilingoverhead than the Quick (sampled) option.
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Figure 3.5: Memory Profiling Option [80]

This research uses Quick (sampled) option for gathering the amounts of memory

usage performed by each algorithm. After running the Memory profiling option, the

information on the size and number objects that are allocated in the application is

shown in a display window. Figure 3.6 shows an example of the memory profiling

results.
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3.6.3 Analyzing Output Quality

The- output quality of SPE and' PSPE algorithms can be* measured' by the value of

stress function. It is said that they have a good quality of projection when the stress

value closes to zero, andthelarge stress value determines a poorquality.

This research implemented- SPE and PSPE into Java programs. After the

algorithms finished, the output results were sent to stress evaluation function. The

stress evaluation method was developed in utility class. The following code segment

shows the stress function.

public static double

getStressEvaluation(double[] [] x, doublet][]
dist, int nobs, int edim){

int samplesize = 1000000;
double denoin = 0.0;

double numer = 0,0;

int a, b;

double dab;

nobs)

nobs)

for (int i=0; Ksamplesize; i++) {
a = 0 + (int)(Math.random() *

while(true){

b = 0 + (int)(Math.random() *

if(b != a){

break;

}

}

dab = getEuclideanDistance(x[a],
x[b], edim);

denom += dist[a][b];

numer += (dab - dist[a][b]) *
(dab - dist[a][b]) / dist[a][b];

}

return (numer / denom);
}

The function above produces stress value as double data type, and it takes

coordinate vectors, distance matrix, number of observations, and number of

embedded dimensions as input data.
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The RMSD determines the similarity between two protein structures. When two

protein structures have the RMSD equals to zero, they say the two structures are the

same. A large RMSD represents a poor quality or dissimilarity between two protein

structures.

To evaluate the qualityof protein structure, the experiments borrowed BioJava for

calculating the RMSD. Below is the method interface of BioJava for calculating the

RMSD.

public static double getRMS(Atom[] atomSetl,
Atom[] atomSet2){ }

The above method produces the stress value, and it takes two sets of atoms as its

input data.

3.7 Summary

This chapter describes the overall research activities, selection of software tools,

software development, implementatian, and resting" and evaluatingalgorithms.First of

all, the project activities are divided into three main phases includingliteraturesearch,

experiments, and deliverables. Second, we decide to use Java programming language

for our experiments because of its flexibilities and advantages. We used Netbeans

IDE to develop Java programs to test and evaluate the algorithms. Moreover, BioJava

is a third library framework that allows us to read the data from the PDB files. To

view the protein structures, we used Jmol and PyMol molecular viewers. Third, this

research followed the agile software development which provides the convenient

ways for maintaining and debugging the programs. Finally, this chapter covered the

detail description of implementation and algorithms' testing and evaluation.
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CHAPTER 4

SELF-ORGANIZING ALGORITHMS AND SUPERIMPOSITION METHODS

4.1 Introduction

Stochastic proximity embedding (SPE) [34] follows self-organizing scheme that

attempts to bring the value of the stress function rapidly to zero. Even though the

method is extremely fast, the study has shown that significant time spent for

refinement was inside the Random Number Generator (RNG). Pivoted stochastic

proximity embedding (PSPE) described by Rassokhin [17] was mathematically

proved to reduce the number of calls to the RNG and thus improved the efficiency of

SPE algorithm.

There are two types of molecular superimposition methods, described in this

thesis, such as singular value decomposition (SVD) and quaternion-based

characteristic polynomial (QCP). The SVD method is part of the BioJava [32] and

Biopython [86, 87] utility class. The methods are currently available for practical use.

However, Pu Liu et al presented fast determination of the optimal rotational matrix for

macromolecular superimposition using QCP [31]. QCP method can also be

incorporated with weighted template superimposition, and it had been proven to be

faster than SVD.

Here we present extensive study of both self-organizing algorithms and

superimposition methods by comparing them in terms of computational time, memory

consumption and output quality. The chapter is divided into four main sections. The

second section describes the comparison of SPE and PSPE, and third section explains

46



the comparison of SVD and QCP. Finally, the last section describes the summary of
the chapter.

4.2 Comparison of SPE and PSPE

SPE implementation can be found" on the internet at [88]. The code was written in

C/C++, and it is very lengthy and difficult to understand. It is needed to convert the

code into Java since all experiments in this work are conducted in Java. On the other

hand, there are no available source codes for PSPE. From the understanding of SPE

programming codes, we were then able to develop the PSPE algorithm codes for the

comparison.

The remainder of this section is organized as follows: section 4.2.1 describes the

preparation of dataset; section 4.2.2 briefly describes theprogram flow; finally section

4.2.3 discusses the experimental results.

4.2.1 Dataset

Figure 4.1: 3D Phone Dataset
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SPE and PSPE were tested on one data set from the computer graphics. Figure 4.1

shows a 3D image representing an old phone. It is a public domain data set for

modeling and rendering programs. This data set was studied in [34] and can be

downloaded from [88]. The data set consists of6070 points in3 columns (x,y, z).

4.2.2 Program Flow

Figure 4.2 is the experiment program flowchart for SPE and PSPE. First of all, the

program reads all 3D-phone coordinates from text file. Second, it converts 3D

coordinates into distance matrix. Third, the SPE or PSPE takes the distance matrix as

input data and produces the coordinate vectors. Fourth, the result of coordinate

vectors is tested for thestress value. Finally, the program displays thestress value and

saved the value to file.

Start

\ t

Read 3D-phone
coordinates from text file

1 i

Convert 3D coordinates into
distance matrix

1
Run SPE or PSPE

i '

Calculate stress function

' •

Display stress and save
to file

i r

End

Figure4-.2: Program Flowchart for SPE and:PSPE
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4.2.3 Experimental Results

Here we tested SPE and- PSPE for -dimensionality reduction of an old phone. To

ensure a fair comparison, we carefully selected common parameters described by

Rassokhin [17]. The SPE method was carried out by using 100 refinement cycles,

100000 steps percycle, a linearly decreasing learning rate from 1.0 to 0.001, 10"37 for

epsilon, and a neighborhood radius, rc, at the maximum of distance matiix of all

pairwise. Finally, the PSPE was run by using 10000 refinement cycles, a linearly

decreasing learning rate from 1.0 to 0.001, 10"37 for epsilon, and a neighborhood

radius,, r£, at the maximum of distancematrix of all pairwise.

4.2.3.1 Computational Time

To gain confidence in the experimental results, the programs were executed for

several times for each algorithm. Figure 4.3 shows the total computational time

required (in milliseconds) of 100 times of execution. The top and bottom chart

represents the SPE and PSPE resulted from CPU Netbeans profiler, respectively.

Notice that the program needs 260,086 milliseconds for SPE to compute 100 stress

values and 194,727 milliseconds for SPE to compute 100 stress values. The PSPE

method spent about two times faster than SPE. The PSPE algorithm is more efficient

in term of speed.
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Figure 4.3: Computational Time of.SPEandPSPE
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4 *\ 1 -\ 1

t.z.z.i memory consumption

Figure 4.4 shows the- worst-ease- scenarios of memory usage- for SPE and PSPE

methods, in megabytes. The left and right graph represents SPE and PSPE for 100

times of execution, respectively. The orange color represents the JVM heap size, and

the purple color represents memory usage of SPE and PSPE programs. Notice that

both methods spent maximum memory approximately 510MB. In conclusion, both

methods required the same memory consumption for the same data points.

750 m - SPE <• I PSPE

1&5HI1

B Heap5*s • UsedHeap. I H&*pSue 0Us#aH*?ap

2lS0.

Figure 4.4: Memory Usage of SPE andPSPE

4.2.3.3 OutputQuality

The stress value determines the quality ofSPE and PSPE algorithm. After performing
SPE or PSPE, the stress value is calculated. A large stress value represents a poor

quality. It is wanted the stress value to be as small as possible. To understand the

qu^irty rfSre airtf PSPE,meTiro^

completed file wasplotted and shown in Figure 4.5. It shows stress value statistics for

SPE and PSPE over 100 runs. The PSPE method is very fast and consumes same

memory as SPE; however, it produced a poor quality. SPE generated stress values

consistently around 0.009, and PSPE, on the other hand, generated stress values with
minimum of just above 0.008 and the maximum of below 0.012.
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Figure 4.5: Stress Value Statistics of SPE and PSPE
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Figure 4.6: Result from SPE Plotted on 2D Map
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Figure 4.7: Result from PSPE Plotted on 2DMap
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consumption is the same for both methods, but it is slightly different for the larger

protein molecules.

; 45O00CCCO

400000COO /
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/
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Figure 4.10: MemoryUsageof SVD aa#QGP

4.3.3.3 Output Quality
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Figure 4.11: RMSD Statistic for SVD and QCP
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The RMSD determines the quality of superimposition. After performing rotation and

translation, the RMSD is calculated. A large RMSD represents a poor quality

superimposition. It is wanted the RMSD to be as small as possible. To understand the

quality of QCP and SVD, the programs saved every RSMD into a text file; and the

complete file was plotted and is shown in Figure 4 It shows the RMSD statistics for

QCP and SVD. Theblue andred columns represent QCP and SVD, respectively. The

y-axis unit ofmeasurement is angstioms (A), and that for the x-axis is the cumulative

number of RMSDs calculated during a run. The QCP method is very fast and

consumes less memory than SVD; however it produced a poor quality of

superimposition. SVD consistently generated RMSDs less than 1 A for the small

proteins and less than 1.5 Afor the large proteins. QCP, on the other hand, generated
RMSDs less than 3 Afor the small proteins and less than 3.5 A for large protein
fragments.

4.4 Summary

This chapter discusses the comparison of SPE and PSPE algorithms and the

comparison of SVD and QCP superimposition methods in term of computational

time,memory consumption, andoutputquality. First of all, the experimental results of

comparing SPE and PSPE showedthat PSPE has faster computational time, but it did

not produce a good stress value as compared to SPE and, however, both algorithms

consumes the same memory space for the same data points. Finally, the results of

comparing SVD and QCP indicated that QCP has better performance and uses less

memory during computation of large molecules, but it did not produce a good

superimposition quality as compared to SVD.
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CHAPTER 5

MODIFIED SELF-ORGANIZING ALGORITHMS WITH SUPERIMPOSITION

METHODS FOR MODELING PROTEIN LOOPS

5.1 Introduction

Fast and stable self-organizing algorithms called SPE and PSPE for embedding a set

of objects into a low-dimensional Euclidean space can be used to satisfy distance

constraints; therefore, the algorithms are applicable for molecular conformational

sampling [17, 34].

The reference templates which are stored in pre-computed library can be used to

correct the geometry of the molecule by using superimposition methods. There are

two typed of superimposition methods described in this thesis such as SVD and QCP

[29]. After successful superimposition, they say that the molecule geometry has

satisfied chirality and planarity constraints.

The protein loop modeling algorithms, on the other hand, require that the

generated loops must be satisfied not only endpoint and steric conditions, but also

chirality and planarity constraints [14]. The fixed endpoints on either side of the loop

to be modeled are called N- and C-terminal, and they present a constraint on the

available conformation. Satisfying the constraint presents an algorithmic challenge.

This chapter is divided into five main sections. The second section describes the

generation of loop candidates for the experiments. Third section explains the

modification of self-organizing algorithms for satisfying the end point condition of
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the loops. Fourth section describes modified PSPE with superimposition methods for

solving the protein loop closure problem. Finally, the last section describes the

summary of the chapter.

5.2 Generation of Loop Candidates

As described in chapter 2, all protein loop modeling algorithms rely on two main

phases such as the selection of loop candidates and the build-up. Some algorithms

generate the candidates from the same database, and some are not. For instance, CCD

and FCCD methods use a set of 2752 loop candidates generated from 366 X-ray

crystallographic structures in the PDB. The candidates have resolution better than

1.6A. The structure ofthe loops are taken from PISCES sever [15,23].

After generating the most promising loop candidates, the algorithm will run and

use the loop candidates to predict the unknown target loops by given only their

sequences. To access the quality of the algorithm, they normally compare the result

structure to the known protein structure from the PDB. Table 5.1, 5.2 and 5.3 show

the known protein loops that have been used to measure the quality of loop closure

algorithms, which are deployed in previous studies [14-16, 23, 41, 90]. The dataset

consists of 10 4-residue loops, 10 8-residue loops, and 10 12-residue loops. It is

chosen from a set of non-redundant X-ray crystallographic structures from the PDB.

Table 5.1: 4-Residue Loops

No PDB Id Chain Start Residue Number End Residue Number
1 1DVJ A 20 23

2 1DYS A 47 50

3 1EGU A 404 407

4 1EJ0 A 74 77

5 1I0H A 123 126

6 11D0 A 405 408

7 1QNR A 195 198

8 1QOP A 44 47

9 1TCA A 95 98

10 ITHF D 121 124
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Table 5.2: 8-Residue Loops

No PDB Id Chain Start Residue Number End Residue Number

1 1CRU A 85 92

2 1CTQ A 144 151

3 1D8W A 334 341

4 1DS1 A 20 27

5 1GK8 A 122 129

6 1I0H A 142 152

7 11XH A 106 113

8 1LAM A 420 427

9 1QOP B 14 21

10 3CHB D 51 58

Table 5.3: 12-Residue Loops

No PDB Id Chain Start Residue Number End Residue Number

1 1CRU A 358 369

2 1CTQ A 26 37

3 1D40 A 88 99

4 1D8W A 46 57

5 1DS1 A 282 293

6 1DYS A 291 302

7 1EGU A 508 519

8 1F74 A 11 22

9 1QLW A 31 42

10 1QOP A 178 189

By given the PDB id, protein data files can be retrieved from the PDB. Each file

contains the information and atomic coordinates of the protein. The chain letter can

show which section of atoms that they belong to. The starting and ending residue

number tells where the loop starts and ends.

In our experiments, we consider only the backbone atoms of the loops and their

coordinates. The generation of the loop candidates from the database is too difficult,

and it beyond our knowledge. However, we manually generate the loop candidates by

breaking the loops mentioned in Table 5.1, 5.2 and 5.3 into several fragments

followed the detail description of SOS algorithm, and then we use our algorithm to

construct those loops back to their native structures. Below describes the methods

used to generate the input data for our algorithms.
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First of all, the algorithms require interatomic distance bounds of the loops.

Assuming that all atomic coordinates are known and stored in a PDB data file, the

distance matrixcan be retrieved by usingbelow code segment.

Atom[] atoms =

StructureTools .getAllAtomArray ('
name");

public static doublet][]

getAtomDistMatrices(Atom[] atomSet){

doublet][] dist = new

double[atomSet.length]tatomSet.length];
try{

for (int i=0; KatomSet .length;
i+4-H

for(int j=Q;
j<atomSet.length; j++){

distti] [j] =
Calc.getDistance(atomSetti], atomSet[j]);

}

}

}catch(Exception ex){

System.out.println(ex);

}

return dist;

}

Second, the protein loops shown in Table 5.1, 5.2 and 5.3 are manually

decomposed into small fragments by following the detail description of the SOS

algorithm. Figure 5.1 shows an example of reference templates. Each template is

stored in separated file and used as reference templates for superimposition. Notice

that the last two atoms in template 1 are presented in template 2, and the last two

atoms in template 2 are shown in template 3. These present the overlap of atoms in

the rotatable bonds as described in SOS algorithm.

Finally, the algorithm requires some weights for weighted template

superimpositions. We followed the amount of weights assigned to all atoms as

described in [14]. 500 were assigned to each terminal atom, 5 were assigned to each

atom along the rotatable bonds,and 1 was assignedto the rest of atoms. We created9,
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17, 25 files for 4, 8 and 12 residue loops respectively, and each file contains amount

of weights corresponding to the fragment.

//Xeniplate 1

ATOM 97 CA ASP A 20 13 .913 1 .653 20.689 1 .00 12.39 C

atom 98 C ASP A 20 12 -S36 I .396 19.586 1 .00 14.81 c

MOM 99 0 ASP A 20 11 704 1 .588 19.745 i_ .00 14.84 0

atom 104 H LEU A 21 13 354 2 479 13.437 1 00 15.33 H

atom 105 CA ISO A 21 12 463 2 569 17,306 1 ,00 15,35 C

//Tensplate 2

ATOM 104 H LEO A 21 13 354 2 479 IS. 4S7 1 00 15.33 n

&IOM 1QS CA LSD A 21 12 463 2 569 17.306 1 00 15.35 c

ATOM 106 C LEU A 21 12 261 1 112 16.879 1 00 16.73 c

//Tempiace 3

ATOM 105 CA LEO A 21 12 463 2 569 17.306 1 00 15.35 c

atom 106 f LED A 21 12 261 1 112 16.379 1 00 16.73 c

atom 107 0 LEO ft 21 13 106 0 267 17.142 i 00 IS.09 0

ATOM 112 N MET A 22 i-A 179 0 S42 16.150 1 00 15. SO N

atom 113 cs MET A 22 10 814 -0 535 15.312 1 00 16.56 c

Figure 5.1: Example ofReference Templates

5.3 Modified SPE and PSPE

In chapter 4, we compared SPE and PSPE algorithms in term of computational time,

memory usage, and output quality. SPE has slower speed compared to PSPE, but it

provides consistent values of the stressfunction. By giventhe distance matiix as input

data, SPE and PSPE are able to embed the points on the map where the distances

between those points on the map match more closelyto the distances in the input data.

Assuming that atoms are the points in 3D Cartesian space, SPE and PSPE are able to

generate molecular conformation with correct bond length and angles. The distance

matrix does not tell anything about the direction. For the protein loop closure, it is

needed to close the gap from N- to C- terminal. Therefore, it is required to reset

terminal atoms at their fixed positions for every pairwise adjustment. Table 5.4 shows

the modification of SPE and PSPE in order to satisfy the endpotot condrfion. Step 3 to

modified SPE and PSPE columns are used to reset terminal atoms to their fixed

positions. However, reading the coordinates of the terminal atoms is done in step 1 in

both algorithms.
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In this section, we modified SPE and PSPE algorithms by resetting the terminal

atoms in the inner loop of both algorithms so that the loop atoms will be placed in the

gap between the N- and C- terminal. We developed the Java programs to test and

evaluate the algorithms and how they performed.

Table 5.4: Modified SPE andPSPEfor Closing Loops

Modified SPE

Input: Distance matrix
Output: Coordinate vectors

1. Read terminal atom coordinates

2. Generate initial random JV-points
in D-dimensional coordinates,
{xi>k;i=l,2,...Jt;k=l,2,...JD}.
Select a cutoff distance, rc, and
initial learning rate X>0.

For / = 7 to number of cycles, C, do
For/ = 1 to number of steps, S, de-
3,—Reset—terminal—atoms to~

4.

their fixed positions.
Randomly select two points, i
and j, from N points in step 1,
calculate their distance dtj, =

5. Get corresponding distance,
rtj, from input distance matiix.
If rtJ > rc and dtJ > rtJ then

continue

Else

Update coordinates, / and
j, by:

. ^ri,j ~dij , .
• 2 dij + s v l JJ

and

xt<-

Xj
Arij-di,j

+2 du + e
Where e is a small number

used to avoid division by
0.

End if

End for

6. Decrease Xby a prescribed 5A,.
End for

(Xj-Xt)

Modified PSPE

Input: Distance matrix
Output: Coordinate vectors

1. Read terminal atom coordinates

2. Generate initial random N points
in D-dimensionai coordinates,
{xi>k;i=l,2,...,N;k=l,2,...,D}.
Select a cutoff distance, rc, and
initial learning rate X> 0.

For i = 1 to number of cycles, C, do
3; Reset terminal atoms t& their

fixed positions. ^__

5.

Randomly select a point, /', from JV
points in step 1. For every j ± i,
calculate their distance, dtj - ||x, -

m
Get corresponding distance,
from input distance matrix.
If rtj>rc and djj > rtj then

'V

continue

Else

TJpdate coordinates,j, by:

Xj *- Xj + Xrifdilj fa -
Xi), where e is a small

number used to avoid division
w (X

End if

6. Decrease Xby a prescribed 5X.
End for
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We implemented both algorithms in our utility class. We used BioJava to read the

structure from PDB file and for other functionalities. Below shows the method

interfaces of our modified SPE and PSPE, and the complete source codes can be

found in appendix A.

The code segment shown below is the interface of the modified SPE method. The

method gets distance matrix, an array of target atoms, C-terminal structure, and N-

terminal structure. It produces array of loop atoms after the run.

public static Atom[] getModifiedSPE(double[][] dist,

Atomf] targetAtoms, Structure cStruct, Structure

nStruct) { }

The code segment below is the method interface of modified PSPE. The PSPE

method takes the same input parameters as SPE and produces output similar to SPE

method, but the inside processing is different so it generates different result.

public static Atom[] getModifiedPSPE(double[][] dist,
Atom[] targetAtoms, Structure cStruct, Structure
nStruct) { }

5.3.1 Program Flowchart

We developed Java programs to test the modified SPE and PSPE algorithms. There

are 30 loops to be tested. The flow of each program is the same. Figure 5.2 shows the

experimental program flowchart. The program reads coordinates of terminal atoms

from PDB files, calculates the distance matrix, runs the modified SPE or PSPE,

calculates RMSD, and displays RMSD and saves it to file.
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