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Abstract

Comparing protein structures based on their contact maps is an important problem

in structural proteomics. Building a system for reconstructing protein tertiary struc-

tures from their contact maps is one of the motivations for devising novel contact

map comparison algorithms. Several methods that address the contact map compar-

ison problem have been designed which are briefly discussed in this thesis. However,

they suggest scoring schemes that do not satisfy the two characteristics of “metricity”

and “universality”. In this research we investigate the applicability of the Universal

Similarity Metric (USM) to the contact map comparison problem. The USM is an

information theoretical measure which is based on the concept of Kolmogorov com-

plexity. The ultimate goal of this research is to use the USM in case-based reasoning

system to predict protein structures from their predicted contact maps. The fact

that the contact maps that will be used in such a system are the ones which are

predicted from the protein sequences and are not noise-free, implies that we should

investigate the noise-sensitivity of the USM. This is the first attempt to study the

noise-tolerance of the USM. In this research, as the first implementation of the USM

we converted the two-dimensional data structures (contact maps) to one-dimensional

data structures (strings). The results of this implementation motivated us to cir-

cumvent the dimension reduction in our second attempt to implement the USM. Our
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suggested method in this thesis has the advantage of obtaining a measure which is

noise tolerant. We assess the effectiveness of this noise tolerance by testing different

USM implementation schemes against noise-contaminated versions of distinguished

data-sets.
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Glossary

Ab Initio Modeling A category of protein structure prediction methods which is

based on the physical properties of the protein.

Amino Acid The building blockls of the proteins. Each amino acid consists of

an atom of carbon, an amino group, a carboxyl group, and a side chain.

Different amino acids are differenctiated based on their side chains.

Comparative Modeling A class of methods which basically relies on information

about previously known structures such as proteins inside the PDB, and

is primarily based on statistical learning.

Contact Map An N × N matrix, C, where N is the number of residues in the

protein sequence. Each entery Cij indicates i and j on the protein sequence

are within a certain Euclidean distance threshold from each other.

Contact Map Overlap The contact map overlap problem is a formulation of the

contact map comaprison problem. The main challenge in this form of the

problem is to determine the best alignment between two contact maps.

Distance Map An N × N matrix,D, where N is the number of residues in the

protein sequence. Each entery Dij indicates Euclidean distance between
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GLOSSARY x

the two residues i and j on the protein sequence.

Domain Protein domain is a portion of the protein structure that can exist and

function independetly of the rest of the protein..

Ideal Contact Map A contact map which is extracted from a know three-dimensional

structure of a protein.

Kolmogorov Complexity The shortest bit-length description of a string on a uni-

versal Turung machine.

Metric A distance function which satisfies the three properties of identity, sym-

metry, and transitivity.

Motif A motifs or a super-secondary structures are local patterns which consist

of particualr secondary structures.

Native State The structure of the protein as it is found in the nature, usually a

cell.

Primary Structure The ordered sequence of amino acids which compose a protein.

Protein Alignment An alignment of two proteins is a paring of amino acids be-

tween them.

Quarternary Structure The three-dimensiopnal structure of a complex protein

which is composed of multiple strands. This structure occures only for

some of the compound proteins.

Residue The repeating amino acid groups which have missed a molecule of water

and consist of both main-chain and side-chain atoms.
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RMSD Root Mean Square Deviation is a common tool for measuring the distance

between two sets of points.

Secondary Structure The local structures such as alpha-helices, beta-sheets, and

turns which compose a protein. The main factor in forming these struc-

tures is the Hydrogen Bounding.

Tertiary Structure The three dimensional structure of a single strand of the pro-

tein which is composed of several secondary structures.

The NCD The Normalized Compression-based Distance, is a real world apprixi-

mation of the USM.

The USM The Universal Similarity Metric, is a distance measure for objects which

satisfies the conditions of being universal and a metric. The main challenge

in using this measure its noncomputability.

Universality A distance metric D is called universal when for every pair of objects,

if they are close together under any distance d, they are close together

under D too.



Chapter 1

Introduction

1.1 Motivation

Proteins are a class of macromolecules that constitute a major fraction of the mass

of every living organism. Proteins play different and important roles in biological

processes. They regulate the set of chemical reactions which altogether form life,

both directly, as components of enzymes, and indirectly, in the form of hormones

[80]. Three dimensional shape of a protein is an important factor in forming its

funstion. Therefore, predicting the folded structure of proteins, using computational

methods, lies at the heart of modern molecular biology. Protein structure comparison

is a related problem whose solution can be instrumental in areas such as protein

structure prediction, drug design, and protein clustering. One application of structure

comparison, which this thesis will address, is the retrieval phase of a case-based

reasoning system for predicting the three-dimensional structure of proteins.

1



CHAPTER 1. INTRODUCTION 2

1.2 Problem

Proteins are sequences of twenty standard types of amino acids. However, proteins

with very different sequences may show very similar functions because of the similari-

ties in their three-dimensional structures. Although bioinformaticians have proposed

several different methods to predict the three-dimensional structure of proteins dur-

ing the past decades, this problem is still an open and highly challenging problem

in proteomics. Protein structure is organized in four different levels called primary,

secondary, tertiary, and quaternary structures. It has been hypothesized that all of

the useful information about the native structure of a protein is captured by its con-

tact map [56]. Contact maps are binary two-dimensional matrices that indicate for

each residue pair of a protein whether they are within a certain distance from each

other (See Section 2.2 for a detailed discussion of contact maps). In this thesis, ideal

protein contact maps are extracted from the Protein Data Bank (PDB) [13]. How-

ever, ultimately the system will use contact maps which are predicted from protein

sequences. It is hypothesized that proteins with similar contact maps have similar

three-dimensional structures as well. This hypothesis is the main idea behind using

a case-based reasoning system to predict protein structure.

Case-based reasoning is a computational technique that has been successfully ap-

plied to different problems in life sciences, e.g. gene finding [77] and determination

of protein three-dimensional structure from crystallographic data [43]. It is based on

the premise that similar problems have similar solutions [59]. After retrieving previ-

ously solved problems similar to a new problem, their solutions are adapted in order

to propose a solution to the new problem. An evaluation is done to determine the
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quality of each solution. This process goes on until an acceptable1 solution to the

new problem is found. In the retrieval phase in a case-based reasoning system that

predicts protein structures using contact maps, a measure is needed to compare each

new map with the contact maps in the case-base. Therefore, an appropriate similarity

measure is necessary in this phase. The measure should be used so that the retrieved

contact maps from the case-base have sub-secondary structures in common with the

new contact map.

The Universal Similarity Metric (USM) is a mathematically strong measure which

assesses the normalized distance of two objects [60]. The main two characteristics of

this measure are its metricity and its universality. Universality of the USM implies

that two objects are close to each other under the USM if they are close to each other

under any other metric which satisfies some mild constraints. The USM has previously

been successfully applied as a measure of similarity in areas such as genome phylogeny

reconstruction [23, 70] and protein sequence/structure classification [51, 57].

1.3 Hypothesis

In this work our approach is based on investigating the applicability of the USM in

comparing protein contact maps. More accurately, we examine the following hypoth-

esis: The universal similarity metric is noise-tolerant enough to measure the amount

of similarity between predicted contact maps and the ideal ones. This hypothesis is

pivotal in many real-world applications where noise contamination of data-sets is un-

avoidable.

1The acceptability of a solution may be determined computationally or by an expert
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1.4 Objective

The main objective of this thesis is to determine if the USM can be used as a mea-

sure in the retrieval phase of the case-based reasoning system for protein structure

prediction. The idea is to cluster proteins in our data-base according to the universal

similarity metric results. The next step is to evaluate the clustering results and see

how the results of this analysis can be used in the protein structure prediction system.

To realize the main objective, the following sub-goals were pursued:

• To construct appropriate data-sets of the contact maps of known protein struc-

tures.

• To implement the universal similarity metric for determining similarity of con-

tact maps. A key idea is to find out how the universal similarity metric can be

employed to compare two-dimensional data. It is worth mentioning that most

of the previous attempts use this measure on one-dimensional data.

• To cluster proteins according to the distance matrix of the USM results.

• To evaluate the obtained clustering.

• To devise an algorithm to evaluate the noise-tolerance of the USM in its current

suggested implementation.

1.5 Organization of Thesis

The next chapter provides some necessary background information about protein

structure, protein structure comparison, protein structure prediction, and protein
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clustering problems and some of the most efficient computational methods which

have been proposed to address these three problems. Chapter 3 introduces theory

of distances , Kolmogorov complexity, and the USM. In chapter 4, the methodology

and algorithms which are used are discussed. In Chapter 5, numerical results of im-

plementations are presented and analyzed. The final chapter contains the conclusion

and outlines the possibilities for future work.



Chapter 2

Background

This chapter describes the necessary background to understanding and formulating

the problem that this thesis attempts to solve. Section 2.1 describes protein molecule

structures and also previous approaches to protein structure prediction and compar-

ison. Section 2.2 provides the background knowledge on contact maps. Sections 2.3,

2.4, and 2.5 briefly review the previous attepts to address protein structure prediction,

protein ctructure comparison, and protein clustering problems.

2.1 Proteins

Proteins are primary components of living organisms and play different key roles in

almost all biological processes [21]. It is known that the diversity of protein functions

is a result of the differences in protein structures. Therefore, understanding and

comparing the structure of proteins is a major challenge in modern molecular biology.

This thesis proposes a computational method for comparing protein structures. The

results of this comparison will help to find known structures which are similar to the

6



CHAPTER 2. BACKGROUND 7

structure of an unknown protein in order to predict its three-dimensional structure.

2.1.1 Protein Structure

Despite the large amount of diversity in their functions, all proteins are made of the

same components, amino acids. All amino acids share the same basic structure. Each

amino acid consists of a central carbon atom (Cα), an amino group(NH3) at one end,

a carboxyl group (COOH) at the other end, and a side-chain (R) that characterizes

the amino acids (see Figure 2.1) .

In order to form a protein molecule, the carboxyl group of one amino acid forms

a peptide bond with the amino group of another amino acid and an (H2O) molecule

is revealed (see Section 2.2).

The sequence of peptide bonds forms the protein backbone. The repeating amino

acid groups that have missed a molecule of water are called residues and consist of

both main-chain and side-chain atoms [21]. There are 20 different side-chains speci-

fied by genetic code each of which is addressed by a letter of the alphabet. Since each

protein is a sequence of amino acids, it can be described by a string over this set of

20 letters (see Figure 2.3).

Each protein chain can be subdivided into peptide units consisting of the atoms of

the main-chain which are between two consecutive Cα atoms. In the three-dimensional

structure of proteins, the atoms in each peptide unit are fixed in a plane with angles

and bond lengths similar in all units. However, each peptide unit has two degrees
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Figure 2.1: Amino Acid Structure

of freedom, φ and ψ. These are the torsion angles around the Cα-N , φ and Cα-C,

ψ. Therefore, the entire shape of the backbone can be represented as a sequence

of φ and ψ angles. However, because of some steric constraints between main-chain

and side-chain only some certain combinations of φ and ψ angles are observed in

proteins[80](see Figure 2.4).

The structure of proteins is organized in four structural levels: primary, secondary,

tertiary, and quaternary structures (see Figure 2.5).
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Figure 2.2: This figure shows the formation of a peptide chain. The Carboxyl group of
one amino acid reacts with the Amino group of the other amino acid. As a
result a peptide bond is formed between the carbon atom in Carboxyl group
and the Nitrogen atom in Amino group and a water molecule is released too.
This picture is used with permission from [71].
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Figure 2.3: All of the diverse types of proteins in the living organism are made of amino
acids with 20 different types of side-chains. In this picture, these 20 different
amino acids are pictured. This picture is used with permission from [71].
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Figure 2.4: This figure shows the torsional degrees of freedom in a peptide chain. Each
sphere by label Ri represtens the side chain of the ith residue of the protein
chain. This picture is used with permission from [71].
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(a) Primary Structure

(b) Secondary Structure (c) Tertiary Structure

(d) Quarternary Structure

Figure 2.5: (a) Primary structure is the sequence of the amino acids which which participate
in the structure of the protein. (b) Secondary structures are some particular
patterns that can be seen in many different proteins. (c) Tertiary structure is
the three-dimensional structure which is obtained by connecting the secondary
structures of a protein together. (d) Quarternery structure is the spatial ar-
rangement of some of the protein chains in the three-dimmensional space. This
picture is used with permission from [71].
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Primary Structure:

The linear sequence of amino acids which contribute in the formation of a protein

molecule is called its primary structure (see Figure 2.5(a)). Many proteins contain

roughly 100-1000 amino acids[39] (some even more than 4000[49]). It was demon-

strated that the ultimate conformation of a protein, and thus its biological function,

is significantly affected by its primary structure[49].

Secondary Structure:

Local arrangement of a few or a few dozen amino acid residues [49] is seen in particular

patterns repeatedly in many different proteins. These patterns are formed because of

the interactions mediated by hydrogen bonds mainly within the backbone.The two

main classes of secondary structures are α-helices and β-sheets (see Figure 2.5(b)).

• α-helix: is one of the most common elements of protein structures which is

found when a continuous segment of amino acids forms hydrogen bonds be-

tween C − O bond of carboxyl group of residue i and N − H bond of amino

group of residue i + 4. All the residues in an α-helix have the φ and ψ angles

approximately −60◦ and −50◦ [21]. An α-helix contains 3.6 residues per turn

and a pitch of approximately 5.4Å [80] (see Figure 2.6).

• β-sheet: The other major structural element in protein structures is the β-

sheet. Hydrogen binding in β-sheets occurs between neighboring peptide-chains,

not inside a continuous region. These regions which are called β-strands can

interact in two ways and form parallel β-sheets or antiparallel β-sheets. In

parallel β-sheets all of the amino acids in the aligned strands are in the same
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(a) (b)

(c)

Figure 2.6: (a) Represents the α-helix only by its C−α atoms . (b) Represents the structure
of the same α-helix along the backbone. (c) Shows the α-helix with the side-
chains. This picture is used with permission from [71].
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biochemical direction, amino terminal to carboxyl terminal. In antiparallel β-

sheets successive strands can appear in alternating directions (see Figure 2.7).

β-strands contain two residues per turn and φ and ψ values varying with typical

values of −140◦ and 130◦ [21]. β-sheets consist of from two to as many as twenty

two β-strands with the average of 6 strands.

Figure 2.7: The structure of the parallel and antiparallel beta sheets. This picture is used
with permission from [71].

• Non-repetitive structures : α-helices and β-sheets are not the only ele-

ments of secondary structures of proteins. The protein’s remaining polypeptide

segments are said to have coils or loop conformations. These non-repetitive

structures are more irregular and more difficult to describe than α-helices and

β-sheets [80]. Almost all proteins of length more than 60 residues contain one
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or more loops of 6 to 60 residues [80].

Tertiary and Quaternary Structure:

The three-dimensional fold of the protein molecule, which is a result of connecting

secondary structures together is called tertiary structure of the protein [21] (see Figure

2.5(c)).

There are many proteins in nature which form from combinations of two or more

protein chains. The spatial arrangement of these proteins is called quaternary struc-

ture(see Figure 2.5(d)).

2.1.2 Protein Data Bank (PDB)

The Protein Data Bank (PDB)1 is the standard repository for collecting information

on determined three-dimensional structures of proteins and other large biological

molecules which are found in all of the living organisms. As of 1998, the PDB is

managed by the Research Collaboratory for Structural Bioinformatics 2.

The coordinates of the structures in the PDB are determined by some experimental

methods such as X-ray crystallography and Nuclear Magnetic Resonance (NMR)

spectroscopy. More information about the PDB can be found in

http://www.wwpdb.org/documentation/.

1http://www.rcsb.org/pdb/home/home.do
2http://www.rcsb.org/pdb/home/home.do

http://www.wwpdb.org/documentation/
http://www.pdb.org/pdb/home/home.do
http://www.rcsb.org/pdb/home/home.do
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2.2 Contact Maps

Three-dimensional structure of proteins can be represented by their distance maps.

A distance map is an N × N matrix, where N is the number of amino acids in the

sequence of a protein. Each element di,j in the matrix D represents the distance be-

tween the ith and the jth amino acids, usually in Ångestrom (Å) (see Figure 2.8). The

distance between two residues can be defined in different ways, such as the distance

between Cα-Cα or Cβ-Cβ atoms [81].

Mathematically, retrieving the three-dimensional configuration of a protein from

its distance map can be formulated as the molecular distance geometry problem

(MDGP). Our fomulation of MDGP is borrowed from [64]. In MDGP one would

like to find the cartesian coordinates x1, ..., xn ∈ R
3 of the atoms of a molecule such

that for all (i, j) ∈ S,

‖xi − xj‖ = di,j (2.1)

where S is the set of pairs of atoms (i, j) whose Euclidean distances di,j are known. If

the complete distance map of a protein is known, its three-dimensional configuration

can be reconstructed in linear time [64]. Unfortunately, at this point in time, there

are no methods available for computing the protein distance map from its sequence

of amino acids.

Contact maps are a thresholded version of distance maps. The contact map of

a folded protein with N residues is a binary matrix N × N of all pairwise distances

within that protein. Two residues are said to be in contact if the distance between
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their α-Carbon atoms is not greater than a presumed threshold (typically in range

6Å-12Å) [81]. The entries of the contact map C are defined as follows:

ci,j =















1 if residues i and j are in contact,

0 otherwise.

(2.2)

In this thesis, values one in the contact map are shown as white pixels while black

pixels represent zeros.

(a) (b)

Figure 2.8: One chain of the protein with PDB-ID 5P21.
(a) Shows the three-dimensional structure of one chain of the protein with PDB-
ID 5P21. (b) Shows the extracted distance Map of the same protein. The
darker the pixels on the image, the closer its two amino acids are in the three-
dimensional structure. The main diagonal is black which shows that the distance
of an amino acid is zero from itself.

A priori, there is no standard value for the contact threshold. There are several

groups who use different values. For example, in [79] the authors use a 9Å distance

between Cα as the contact threshold, while in [41] the authors use 8Å distance between
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(a)

(b) (c)

Figure 2.9: (a) The extracted Distance Map of one chain of the protein with PDB-ID. Each
dimension of the distance map of a protein represents its sequence of amino
acids. 5P21. (b) Contact map of the same protein by applying the threshold of
7◦A. Each dimension of the distance map of a protein represents its sequence of
amino acids. Each white pixel in this map indicates that the two corresponding
amino acids are within the distance of 7◦A of each other. (c) Contact map of the
same protein by applying the threshold of 10◦A. Notice that this map contains
more information about the structures in the protein.
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Cβ. Obviously, by choosing various values as the contact threshold, one will obtain

different contact maps (see Figure 2.9).

Different secondary structures can be recognized in contact maps through their

special patterns. In particular, α-helices appear as thick bands along the main di-

agonal, while β-sheets appear as thin bands parallel or perpendicular to the main

diagonal[44]. Therefore, the contact map is a minimalist representation of a protein

native three-dimensional structure [54]. This property leads to the idea that if two

protein contact maps are similar to each other, their corresponding proteins have

similar structures as well.

2.3 Protein Structure Prediction

It is known the structure of a protein plays an important role in its function. Since

the human genome has been sequenced [20], the primary structure is now accessible.

This has opened a large area of research to predict the three-dimensional structure

of proteins from their sequences. One major application of this project is designing

drugs.

The experimental techniques for determining the three-dimensional structure of

proteins are X-ray crystallography and Nuclear Magnetic Resonance (NMR) spec-

troscopy. The data which is produced by either of these methods is being used to

extract the coordinates of the proteins. However, X-ray crystallography is time and

labor intensive, while NMR is not applicable to determine the structure of large pro-

teins in practice. Another disadvantage of these methods is that they may contain

some inaccuracies since their quality is limited to the resolution of the tools which
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are used [71].

Although our focus in this thesis is not on protein structure prediction, it is our

main motivation to do this project. Therefore, we mention some of the computational

techniques for solving this problem.

2.3.1 Ab initio Modeling

This category of protein structure modeling methods tries to predict a new protein

structure according to the physical rules, instead of using the similarity between the

new protein sequence and the sequences of previously known structures. The basic

assumption in ab initio modeling is that the three-dimensional conformation of the

protein happens when the molecule is in (or likely close to [75]) its global minimum

energy configuration [24].Therefore, it is necessary to calculate the global minimum

of a suitable energy function.

Consequently, this algorithm consists of two major modules. The first module,

models the energy function, and the second one, performs a conformational search

procedure. The second step of the algorithm is computationally complex, since it

implies that for applying this technique to large proteins, one needs to be able to

afford better search algorithms and more powerful computational resources.

2.3.2 Comparative Protein Modeling

This class of methods relies on information about previously known structures such

as proteins inside the PDB, and is primarily based on statistical learning [42]. The



CHAPTER 2. BACKGROUND 22

key idea behind comparative modeling (also known as homology modeling) is to pre-

dict the three-dimensional structure of a given protein (i.e. target), by aligning its

sequence to the sequence of one or more known structures (i.e. template).

Predicting the structure of a target protein through homology modeling consists

of fold assessment, target-template alignment, model building, and model evaluation.

Comparative modeling is one of the most accurate computational methods for protein

structure prediction [65]. However, the accuracy of the predicted model depends on

the amount of the sequence identity between the target and template proteins. In

general, the sequences identity below 30% between the target-template is an unreliable

predictor for the model accuracy [65]. This disadvantage is particularly important,

becuase there are some protein families from which we need many structures to be

determined, but they do not exist yet [29].

2.3.3 Contact Map Prediction

Predicting contact maps from the sequences opens a new category of tertiary struc-

ture prediction methods. Several different approaches for predicting contact maps

have been devised including neural networks [40, 72], using statistical models [46],

association rules [48, 83], using pathway models [76], and support vector machines

[85]. Pallastri and Baldi [72] have designed a set of machine learning architectures

for predicting protein contact maps which can be seen as a neural network system.

The authors cite a prediction accuracy of 60.5% in predicting contacts at a cut-off

distance of 8Å and 45% for 10Å distant contacts. However, this task is not the focus

in this research, since we assume that the predicted contact maps will be much more
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accurate in the future.

Triptych

Triptych is a developing framework for protein structure prediction using their pre-

dicted contact maps, which is based on the concept of case-based reasoning [59].

The key idea behind the case-based reasoning approach is that similar problems have

similar solutions. The heart of such a system is a data-base of previously solved

problems, i.e., case-base. Each solved problem together with its solution form a case.

A case-based reasoning system consists of four major modules: retrieval, adapta-

tion, evaluation, and save modules. The input of the system is a new problem, i.e.,

the target problem. In order to solve the input problem, the system first retrieves

the solutions of the problems inside the case-base which are similar to the target

problem. Next, the solutions are adapted and a new solution is suggested which is

evaluated in the evaluation module to see if it fits the target problem. If this solution

is satisfactory enough, it will be saved in the case-base, aside with its corresponding

problem as a new case. Otherwise, adaptation and retrieval phases need to search for

another solution (see Figure 2.10).

It is important to mention that Triptych in not a system to predict the three-

dimensional structure of proteins from their sequences, but that it is one of the major

parts of such a large project. The protein structure prediction problem in this project

is broken into two main sub-projects:
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Figure 2.10: The architecture of a case-based reasoning system is shown in this figure.
For more illustration, the input and output of each module of this system in
Triptych is shown inside pranthesis.

• protein contact map prediction from the sequence, which is being done at Uni-

versity of Bologna [44].

• three-dimensional structure prediction of proteins from their contact maps (Trip-

tych [37]).

In Triptych each case is a known contact map together with its three-dimensional

structure, and the target problem is an unknown predicted contact map. Currently,

Triptych uses the ideal contact maps which are extracted from known structures in
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the PDB, but in the future, these contact maps are to be replaced with predicted

contact maps.

As one recognizes, one important step in such a system is the retrieval module. To

retrieve the contact maps from the case-base that are similar to the one given target,

this module needs to be equipped with a strong and reliable method for contact map

comparison to determine the regions inside the known contact maps, which are similar

to the regions inside the target map. It is the main motivation for us to focus on

protein structure and contact map comparison in this research.

2.4 Protein Structure Comparison

Protein structure comparison is an essential problem in molecular biology, whose

solution is instrumental in solving other problems such as drug design, protein struc-

ture/function prediction, and protein clustering. A basic problem in pairwise protein

structure comparison is finding a scoring scheme for similarity. Currently, most of the

scoring schemes use the information about three-dimensional coordinates of protein

structures, or their two-dimensional representations as distance maps. Another large

class of approaches for measuring protein similarity relies on mutual comparison of

contact maps. These methods are based on the hypothesis that similarity in protein

contact maps results in similarity in protein structures. The first part of this section

is devoted to reviewing some of the major methods for comparing protein structures

three-dimensional coordinates comparison and distance map comparison. As it will

turn out later, however, our main focus is indeed on the other category of similarity

scoring schemes which are based on contact map comparison.
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2.4.1 Three-Dimensional Structure Comparison

Most of the techniques for comparing tertiary structure of proteins are based on one

of the following two themes:

1. RMSD (Root Mean Square Deviation) of rigid-body superposition [50]

2. Distance map alignment [47].

RMSD of Rigid-Body Superposition:

The key idea of the methods based on calculating the RMSD measure is to model a

protein conformation, having n amino acids, as a set of n vectors {xi}
n
i=1

, where each

xi contains three components. In order to simplify the calculation of RMSD measure

of two proteins, one first translates the center-of-mass of the two corresponding pro-

teins (in this representation, sets of vectors) to the origin of the coordinates [68]. In

the next step, one needs to find the best rotation of the two sets. In [50], an algorithm

is suggested to find the best possible alignment of the vector sets.

Local Global Alignment (LGA) [84], is one of the vastly used algorithms for com-

paring protein structures by means of RMSD score. The algorithm consists of two

main modules :

• Local Continuous Segment (LCS): LCS is supplied to find the longest subset of

continuous residues that can satisfy a preset RMSD constraint.

• Global Distance Test (GDT): GDT searches for the longest set of equivalent

residues (not necessarily continuous) that fits within a fixed distance.
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As the last step of the algorithm, LGA integrates both LCS and GDT scores to

determine the eventual similarity value between the two proteins.

Distance Map Alignment:

The Distance Map Alignment (DALI) method [47] starts by dividing the distance

map into overlapping sub-matrices of a given fixed size, and searches for local align-

ment of protein chains that involve two fragments of each protein chain. Next, it

attempts to extend the achieved local alignment, by fixing one fragment and looking

for new fragments which yield new two-piece similar contact patterns. Eventually,

the alignments are appended and used to assess the similarity score.

Although both of the above categories of approaches (RMSD-based and Distance-

map-based) are widely used, the common disadvantage is that they require a preset

alignment of the equivalent residues. A small deviation in this step can cause substan-

tial perturbations. Another problem with these methods is that one needs to access

the three-dimensional structure of proteins in order to be able to identify the amount

of their similarity. This requirement prevents these methods from being employed in

certain applications where the full structures of proteins are not available (e.g., when

one has to predict three-dimensional structure of proteins from their sequences).

Other methods for comparing protein structures are briefly discussed in [38].
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2.4.2 Contact Map Comparison

A large class of methods for protein structure comparison scores the similarity of

proteins by comparing their binary contact maps. These approaches are based on the

hypothesis that contact maps capture important information about the native struc-

ture of proteins [56]; thus, the similarity between contact maps results in similarity

between protein structures.

The most common mathematical statement of the contact map comparison prob-

lem is called the Maximum Contact Map Overlap (Max-CMO). In this formulation of

the problem, contact maps are interpreted as adjacency matrices of graphs. Each pro-

tein is represented by a graph, each of whose nodes corresponds to one of the amino

acids of that protein. There is an edge between two nodes of the graph whenever their

corresponding amino acids are in contact, i.e., their positions in the three-dimensional

structure of the protein are within a specified distance of one another. The problem

is now to calculate the similarity of proteins by aligning the two contact map graphs.

The value of the alignment (i.e. the amount of similarity) is determined by the size

of the common subgraph which is identified by the alignment, that is, the number

of the edges that connect two equivalent nodes in both of the graphs (see Figure 2.11).

In the following, we describe three of the most popular techniques which approach

the Max-CMO problem.
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(a) (b)

(c)

Figure 2.11: (a) represents the protein molecule with the PDB ID 1ash as a graph. (b)
represents the protein molecule with the PDB ID 1hlm as a graph. (c) rep-
resents the maximum alignment between graphs of proteins 1ash and 1hlm.
An alignment between two graphs is a paring of their nodes (each of which
represents an amino acid in contact map comparison) between them. The size
of the common subgraph represents the value of the alignment.
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A Branch and Bound Approach

The first rigorous approach to solve the Max-CMO problem was introduced in [30].

This method applies an Integer Programming (IP) formulation of the problem and

develops a branch and cut strategy that heuristically finds the lower bounds at the

branch nodes. In order to provide upper bounds on the value of the optimal align-

ments a Linear Programming (LP) formulation is used. These upper and lower bounds

are a strong guarantee of the quality of the alignment, and an indication of the real

amount of similarity between the two protein structures.

The Memetic Evolutionary Algorithm

In [56] a Memetic Evolutionary algorithm [53, 67, 32] is suggested to solve the Max-

CMO problem which integrates local and evolutionary search methods. The latter is

meant to explore the search space globally, while the former fine-tunes the solution

of the global search or supplies raw material for further work [55]. According to the

results in [56], raising the efficiency of this approximate algorithm requires problem-

specific operators, which seems to be a challenge. However, the advantage of this

approach is to provide sets of the candidate alignments.

Lagrangian Relaxation Method

In [31] a Lagrangian Relaxation (LR) algorithm is used to solve the Max-CMO prob-

lem. The output of this algorithm not only consists of the solution of the problem,

but also provides a guarantee of its quality, i.e. an upper bound which shows how far

the solution is from its optimal value [56]. However, the disadvantage of this algo-

rithm is its use of a Lagrangian relaxation of the IP/LP models which is equivalent
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to changing the representation of the problem. Therefore, this process of relaxation

should be done in such a manner that the new problem is easily solved, while the

quality of the upper bounds are maintained.

2.5 Protein Clustering

In this section, we briefly review protein clustering and classification. Protein clus-

tering is an approach to tackle the complexity of predicting the function of a protein

based on its similarity to the proteins in a data-set. The idea is to organize the

data-set of known proteins, namely to cluster it in groups according to their similari-

ties.There are three approaches for clustering proteins: manually by an expert, using

a fully automated system, and a combination of both of these styles.

Clustering by using an automated system uses one or more different computa-

tional techniques to perform the clustering task. So far, several different approaches

are devised for clustering proteins. However, what is common among all of them is to

use a similarity/distance matrix to recognize the clusters according to it. Therefore,

it is essential to define an appropriate similarity/distance measure to calculate the ap-

propriate matrix. Next, a computational technique is employed to determine clusters

based on this matrix. There are several methods for clustering including hierarchical

clustering, k-means clustering, and self-organizing maps [73]. However, according to

the most of the literature, hierarchical clustering is most popular approach in cluter-

ing proteins. This approach is briefly discussed in Section 3.3.

Previous attempts for clustering proteins can be classified in three major themes:
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• Based on sequence similarity: The key idea in this group of approaches is to

score protein similarity/dissimilarity in the level of primary structure. Pro-

tomap [14, 82], ProtoNet [15, 74], Systers [58, 66], and ProClust [11, 28] are a

few examples of sequence-based clustering methods.

• Based on domain and motif analysis: The main hypothesis in this category of

approaches in that domains are building blocks of proteins, not amino acids.

PROSITE [12], BLOCKS [1], PFam [7, 25], and PRINTS [9, 36]are some exam-

ples of members of this category.

• Based on protein structure similarity: The reason to devise this category of

clustering approaches is the fact that protein function is highly affected by its

three-dimensional structure. The automated methods of this group use different

measures for structure similarity such as Dali [47], VAST [19], and PrISM [10,

69]. Some of the most popular classified data-sets of proteins are SCOP [16, 22],

CATH [3, 45], and SuperFamily [18].

In this thesis, in order to evaluate our proposed measure for structural similarity

of proteins, we first cluster them by a hierarchical clustering off-the-shelf software.

Next, we compare our clustering results to the SCOP results. SCOP is a data-set of

proteins which is classified by experts manually.



Chapter 3

Computational Techniques

In this chapter, first, we discuss about distance functions and the concept of Kol-

mogorov complexity. Next, we talk about the Universal Similarity Metric (USM)

[62] which is an example of a non-trivial metric which does not use any information

about the features specific to the application area. The USM is based on the concept

of Kolmogorov Complexity or algorithmic complexity.

3.1 Distance Functions and Kolmogorov Complex-

ity

In order to assess and compare the amount of similarity between different objects,

one needs to define a measure of similarity or dissimilarity (distance) between them.

We restrict our attention to distances defined for finite binary strings. Note that

other finite objects which are defined over a finite alphabet can be presented as finite

33
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binary strings [62].

Consider a set X of finite binary sequences. A distance is a function D that

assumes nonnegative real values and is defined on the set X × X. A metric is a

distance on X if for every three strings x, y, z ∈ X :

• D(x, y) = 0 ⇐⇒ x = y,

• D(x, y) +D(y, z) ≥ D(x, z),

• D(x, y) = D(y, x).

The Kolmogorov complexity of a string x is the length of the shortest binary code

x∗ which can produce x on a universal Turing machine1. The length of string x∗ is

denoted by |x∗|, and consequently K(x) = |x∗| (see [62]).

The conditional Kolmogorov complexity,K(x|y) is the length of the shortest binary

program which can produce x by using y as an input. Another function which is useful

here is the length of the shortest program that can produce x and y and a description

of how to distinguish them. This length is denoted by K(x, y). As a result in [27] it

is shown that up to a constant additive precision:2

K(x, y) = K(x) +K(y|x∗) = K(y) +K(x|y∗.) (3.1)

1The Universal Turing machine can be made to do whatever any other particular Turing machine
could do, by taking a set of instructions for any given machine and turning that set systematically
into a series of symbols, called the standard description of the machine.

2“It is customary in this area to use “additive constant c” or equivalently “additive O(1) term”
to mean a constant, accounting for the length of a fixed binary program, independent from every
variable or parameter in the expression in which it occurs” [62].
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This roughly means that the information y knows about x is equal to the information

x knows about y. The mutual algorithmic information [63] between x and y, I(x :

y) = K(x)−K(x|y), indicates the amount of information that y “knows” about x .

3.2 The Universal Similarity Metric

We are now ready to give a precise definition of the USM. By dividing the mutual

algorithmic information by the denominator K(x, y), we obtain a quantity D1(x, y)

which is called the normalized information distance3 [62]:

D1(x, y) = 1−
K(x)−K(x|y∗)

K(x, y).
(3.2)

It can be seen that D1(x, y) assumes real values between 0 and 1. The normalized

information distance is not a metric itself. D1(x, y) satisfies the first two conditions of

a metric, identity and symmetry up to some negligible error term. The key fact that

is proved in [61] is that D1 satisfies the triangle inequality up to a constant additive

precision.

Mathematically more precise and satisfactory4 the following distance shows an

3In [62] information distance is defined as the length E(x, y) of the shortest binary code that
computes x from y as well as y from x. [62] also defines the normalized distance or similarity distance,
as a function d : X ×X → [0, 1] which is symmetric and for every x ∈ {0..1}∗ and every constant
e ∈ [0..1]

|{y : d(x, y) ≤ e ≤ 1}| < 2eK(x)+1.

4“D(x, y) satisfies the metric (in)equalities up to an additive precision O(1/K), where K is the
maximum of the Kolmogorov complexities of the objects involved in the (in)equality.” [62]
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equivalent version of D1(x, y) :

USM(x, y) =
max{K(x|y∗), K(y|x∗)}

max{K(x), K(y)}
. (3.3)

From the chain rule for Kolmogorov complexity [63], it follows easily thatK(x|y) ≤

K(x|y∗)+O(logn). Therefore D(x, y) can be approximated by the following distance

:

USM(x, y) =
max{K(x|y), K(y|x)}

max{K(x), K(y)}
. (3.4)

The most important characteristic of D(x, y) is its universality. Mathematically, uni-

versality of a distance d means that if two objects are close under any other metric

δ (satisfying mild conditions), they are close under distance d. This means that

if δ reveals some similarity between x and y, so does d [61]; more accurately, for

any computable distance δ satisfying mild conditions and for all strings x and y,

d(x, y) ≤ δ(x, y) + O(
logn

max{K(x), K(y)}
) [60]. Therefore, the distance function D

defined above is a Universal Similarity Metric. However, the universality of the USM

is paid off by its non-computability. It is because Kolmogorov complexity is an upper

semi-computable function, but not a computable one.

According to [60] a real-valued function f(x, y) is upper semi-computable if there

exists a recursive, rational valued function g(x, y, t) such that:

• g(x, y, t+ 1) ≤ g(x, y, t),

• limt→∞ g(x, y, t) = f(x, y).

It is lower semi-computable if−f(x, y) is upper semi-computable, and it is computable

if it is both upper and lower semi-computable.
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The key idea to get around the problem of non-computability of Kolmogorov

complexity and consequently the USM, is the fact that Kolmogorov complexity of a

string is the ultimate lower bound for the maximum amount of compression on it [61].

Therefore, it can be approximated by using the existing real-world data compression

algorithms such as gzip, PPMZ, bzip, etc [57].

Various versions of the normalized information distance have been successfully

used in different practical applications such as language classification [26, 62], hierar-

chical classification [34, 52], and clustering fetal heart rate tracing [35]. In particular,

this measure has shown success in some bioinformatics applications including protein

sequence/structure classification [51, 57] and phylogenetic reconstruction [23, 70].

An important point which should not be missed in practice is that although the

USM is a robust measure, it fails when the input data is not enough to make up for

the compression overhead [60].

3.3 Hierarchical Clustering

Clustering a data-set of objects is to devide it into some previously unlabeled groups

or clusters. Hierarchical clustering is a category of clustering methods that performs

this task in different levels, running from considering the whole objects in the data-set

as a unique partition to considering each object as an individual cluster. There are

two main ways to perform hierarchical clustering:

• Agglomerative methods: An agglomerative clustering algorithm on a data-set
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of n objects starts from n clusters each of which contains one object. Next,

the closest two clusters are merged to form a new cluster. This procedure is

repeated to obtain one cluster containing all of the objects. The difference

between agglomerative methods is the approach that they use to find the two

closest clusters. There are several methods to satisfy this purpose, including:

– Single linkage (nearest neighbor): The distance between two clusters A and

B is defined as the smallest distance value between any object in cluster

A and any object in cluster B.

– Complete linkage: The distance between two clusters A and B is defined as

the largest distance value between any object in cluster A and any object

in cluster B.

– Average linkage (unweighted arithmetic average): The distance between

two clusters A and B is defined as the average distance between all of the

objects in cluster A and all of the objects in cluster B.

– Weighted arithmetic average: This approach is similar to the average link-

age, except that in the computations to find the distance between two

clusters, the size of the clusters are considered as well. This approach is

useful when there is some information about the differences in sizes of the

clusters.

– Unweighted centroid: The distance between two clusters is defined as the

distance between their centroids. The centroid of a set of objects in a

multidimensional space is the average point on all of the dimensions.

– Weighted centroid: This approach is similar to the weighted arithmetic
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average, except that it considers the sizes of the clusters as well.

– Ward’s method: Two clusters are merged in this method, if the sum of

squares of distances of the objects from the mean in the clusters is the

minimum of the sum of the squares of the objects from the mean in any

two other clusters.

• Divisive methods: A divisive clustering algorithm on a data-set of n objects

starts from one cluster containing all of the objects in the data-set. Next, it

splits one cluster into two separate clusters until each object is clustered in

an individual cluster. This group of approaches is usually more complicated

than agglomerative approaches, since they usually employ another clustering

technique to split the clusters.



Chapter 4

Methodology and Results

This chapter outlines the methods used and experiments conducted to compare pro-

tein contact maps by means of the alignment-free measure discussed in Chapter 3,

namely Universal Similarity Metric (USM). In this chapter we describe and compare

two implementations of the USM whose main distinction is the dimensionality of the

input data structure. Initially, two datasets of protein contact maps are extracted

from their PDB files (see Figure 4.1). In the first implementation, the USM is em-

ployed to compare every pair of proteins in each data-set, using a string format of

contact maps. Although the results of this approach prove somewhat successful, we

need to improve the noise tolerance of the measure for some applications, such as

protein structure prediction from the predicted contact maps. Therefore, we pro-

pose a second method which applies the USM to contact map comparison in their

two-dimensional formats. It is important to mention that in all of the previous ap-

plications, the USM has been used to compare objects in their string formats.

40
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For each of the implementations suggested above, we have designed some exper-

iments to evaluate the resulting measure in different applications. A comparative

analysis of the results and a discussion of their cons and pros will follow.

PDB DSSP

Thresholding

Euclidian distance 
between two atoms 

of       .αC

PDB ID

PDB File

Contact Map

DSSP File

Distance Map

Figure 4.1: This figure illustrates the steps of extracting contact maps from the PDB files.

4.1 Data Set

We have used two data-sets to perform our experiments and evaluate our methods.
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• Chew-Kedem data-set [33]: This data-set contains 35 proteins from three dif-

ferent classes which can be considered as a bench-mark data-set in evaluation

of protein comparison and classification algorithms:

– mainly α : 1ash, 1babA, 1babB, 1cnpA, 1eca, 1flp, 1hlb, 1hlm, 1ithA,

1jhgA, 1lh2, 1mba, 1myt, 2hbg, 2lhb, 2vhb, 2vhbA, 3sdhA, 5mbn

– α− β : 1cd8, 1cdb, 1ci5A, 1hnf, 1neu, 1qa9A, 1qfoA

– mainly β : 1aa90, 1chrA, 1ct9A, 1gnp, 1qraA, 2mnr, 4enl, 5p21, 6q21A,

6xia.

• A data-set of 171 proteins which are mostly from the α-class. This data-set is

used in order to confirm the results obtained from testing our technique on the

Chew-Kedem data-set statically. The full list of these proteins can be found in

Appendix A.

The information on both of these data-sets is extracted from the PDB [13]. In

order to obtain the contact map of each protein, first, we extract its distance map

by using a program called Dictionary of Secondary Structure of Proteins (DSSP).

This software was designed by Wolfgang Kabasch and Chris Sander to define the

secondary structure and geometrical features of proteins, given atomic coordinates

in the PDB format. The executable version of this program is downloaded from [5].

Next, the contact map of each protein is produced by using a given threshold; in our

experiments we use the threshold of 10Å.
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4.2 Methods

As described in Section 3.2, the Universal Similarity Metric (USM) is defined based

on the concept of the Kolmogorov complexity, which is a non-computable function.

However, recall that Kolmogorov complexity of a string is the minimum length that

this string can be compressed to, without losing any information. This interpretation

of Kolmogorov complexity leads us to approximating it by using the existing real

world data compression algorithms. In more mathematical terms, we are assuming

that for a string s:

K(s) ≤ C(s), (4.1)

where C(s) is the minimum obtainable length of s by existing data compressors. This

replacement results in approximating USM(x, y) by NCD(x, y), where:

NCD(x, y) =
C(xy)−min{C(x), C(y)}

max{C(x), C(y)}
. (4.2)

Our approach for computing C(s) is to compress s by different data compres-

sion programs. Next, the minimum length which is obtained by these programs is

assigned to C(s). The most popular data compression algorithms in this applica-

tion are PPMZ2, BZIP2, and GZIP. We downloaded their executable versions from

[2, 6, 8].

At this point, the NCD is applicable to our comparison problem, where the objects

under comparison are protein contact maps. The major question which arises at this

stage is how to find an appropriate method to combine objects x and y, in order to

calculate C(xy). By referring to the theory of the USM, the main condition that needs
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to be satisfied is to combine x and y so that they are retrievable and distinguishable

from each other. However, our objects are two-dimensional contact maps. In section

4.3 we employ the NCD to compare contact maps in a one-dimensional conversion of

them to solve the problem of producing xy combination. In section 4.4 a solution is

suggested to combine two contact maps, x and y, by keeping their two-dimensional

formats.

In order to evaluate the results of each of these two approaches we have performed

two experiments. First of all, we need to recognize if the NCD can be used as a metric

to compare contact maps by the suggested approach beyond theory. In the second

experiment we evaluate the noise tolerance of each of the two implementations of the

NCD. This feature is important to us in particular, because we need to apply it to

compare predicted contact maps with the ideal ones (i.e. the ones which are extracted

from the known three-dimensional structures) in Tryptich system (see section 2.3.3.

This is the main motivation in starting this project.

At this stage of the research the accuracy of the predicted contact maps is not

at the center of our attention and we suppose that in the future we will have good

predicted maps. However, we know that even the best predicted objects are not

usually noise-free, which is why the issue of noise-tolerance of the NCD is one of our

main concerns in this research.
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4.3 One-Dimensional Format of the Contact Maps

In our first experiment we implement the NCD for one-dimensional objects. It obliges

us to convert the two-dimensional maps into one-dimensional strings. In order to

convert two dimensional contact maps x and y to their one-dimensional formats, we

simply concatenate the rows of each contact map, consecutively (see Example 4.3).

Next, we produce xy by combining x and y, using the normal concatenation operator

(see Algorithm 1).

Algorithm 1 Pseudo-code for applying the NCD to the one-dimensional contact
maps.

conv cmap1[]← concatenate the rows of the contact map X consequently.
conv cmap2[]← concatenate the rows of the contact map Y consequently.
comb cmap[]← concatenate conv cmap1 and conv cmap2.
for each of the above strings s do
C(s) = min{PPMZ2(s), BZIP2(s), GZIP (s)}.

end for

compute the NCD value : NCD(X,Y) =
C(XY)−min{C(X), C(Y)}

max{C(X), C(Y)}
.

Example1 : x =













′1′ ′0′ ′1′

′0′ ′1′ ′0′

′1′ ′0′ ′1′













, y =













′0′ ′1′ ′1′

′1′ ′1′ ′0′

′1′ ′0′ ′0′













conv cmap1 = 101, 010, 101,

conv cmap2 = 011, 110, 100,

comb cmap = 101010101, 011, 110, 100.
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4.3.1 The First Evaluation: Applicability Test

Test Procedure

We store the mutual NCD of proteins in our data-set in entries of a matrix which

we call the output matrix. The first simple test on the acceptability of the results

of this implementation of the NCD is to refer to the values on the main diagonal of

the output matrix, i.e. values obtained from comparing each map with itself. Since

for a metric, the distance of each object from itself is zero, we expect the values on

the main diagonal of the resulting matrix to be zero, or a real number close to zero

(due to discrepancies incurred by approximations which we have used). Evidently,

getting good results from this simple test does not mean that the measure is working

correctly. We still need a more robust test method to be able to give a more certain

evaluation.

The second test for evaluating the NCD is based on quality of clustering a bench-

mark data-set. In other words, we use NCD to cluster the proteins in Chew-Kedem

data-set according to their obtained NCD values. Next, we compare the clustering

results with the results from the SCOP [17, 33]. This clustering of the Chew-Kedem

data-set has also been demonstrated by Krasnogor and Pelta [57]. That is, the idea

is to use an off-the-shelf clustering software in [4]. The clustering approach in this

web-server is a combinatorial hierarchical clustering process. It starts with each

structure as a separate cluster. At each step it merges the two closest clusters into

one cluster. Then the inter-cluster distances of this new cluster with pre-existing ones

are calculated by using an unweighted arithmetic average distance clustering method.
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Results

The results of this implementation of the NCD are shown in Appendix B. As one

can see in the table in Appendix B the values on the main diagonal of the obtained

output matrix are generally less than 5%. In comparison with the other values in the

table in Appendix B this range of values is quite negligible. In conclusion, the first

test returns a positive result.

In the second test, i.e. in clustering the proteins according to their NCD values,

we have produced the clustering tree in Figure 4.2. This tree indicates an almost

perfect clustering of the Chew-Kedem data-set. All of the Globins, Alphas, Betas,

and Tim-Barrels are assigned to their appropriate clusters according to the results of

the SCOP [33]. All of the alpha-beta proteins, except 1ct9A, which is clustered as a

Tim-Barrel protein, are also assigned to the same cluster.

These promising results justifies the hypothesis of applicability of the USM to the

problem of measuring the amount of similarity/dissimilarity between contact maps.

In the next stage of our experiments, we evaluate noise-tolerance of the implemented

NCD.

4.3.2 The Second Evaluation: Noise Tolerance Test

In order to evaluate the noise-tolerance of the implemented NCD measure, we need

to compare contact maps which are similar to each other in every aspect except the

amount of noise. However, we do not have access to a sufficiently large number of

predicted maps to be used as our noisy maps at this time. Therefore, we devise a
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1ash   ~
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1flp   ~
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1babB   ~

1hlm   ~

1hlb   ~

1cnpA   +

1jhgA   +
1chrA   #
2mnr   #

4enl   #
6xia   #

1ct9A   ^
1aa9   ^ 1gnp   ^

5p21   ^
1qraA   ^

6q21A   ^
1hnf   *

1cdb   *

1neu   *

1qfoA    *
1cd8    *

1ci5A   *

1qa9A   *

~  Globin

+ Alpha

#  Tim-Barrel

^ Alpha-Beta

*  Beta

Figure 4.2: This figure represents the clustering of proteins in Chew-Kedem data-set us-
ing Universal Similarity Metric on one-dimensional format of their full contact
maps.
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test system which compares some noisy versions of each ideal map (extracted from

the known three-dimensional structure) with its original version. This test procedure

is described in section 4.3.2 and is summarized in Algorithm 2.

Test Procedure

First, we produce two copies of each protein in the data-sets that we have. We call

these copies original cmap and noisy cmap. Next, we add pixels of noise gradually to

noisy cmap, up to a certain proportion of the total number of pixels. In the present

experiment, we set this proportion to 10%1.

At each step, after adding a fraction of noise we calculate the NCD value between

original cmap and noisy cmap and compare the direction of changes in the obtained

NCD values with the amounts of noise added. The type of added noise can be called

semi-random, which means we add the random noise to our maps, but not everywhere.

To add noise to a map, we select a certain percentage of its pixels (in this experiment

0.5%) which are inside the bounding box of a white pattern on the map, randomly.

Next, we invert the value of each selected pixel, i.e., if it is white it will become black,

and vice versa. Each changed pixel is marked so as not to be selected in the future

steps of our noise-adding process. The reason for not distributing the noise all over

the place is that in the predicted maps, the noise usually only occurs in certain areas.

Our simplistic method of adding this semi-random noise restricts the randomness of

1The value of 10% was obtained experimentally. To obtain this value we selected each two pairs
of proteins in each of our data-sets. Next, we used a sliding window technique to determine the
maximum amount of noise between two similar size pieces of these two maps. The window size is
selected as the size of the smaller map. The smaller map slides on the larger one, pixel by pixel. At
each step, the ratio of the number of pixels between the two maps which are in different colors to the
total number of pixels on the maps, is calculated. The maximum obtained ratio in this experiment
was less than 10%, which is the value that we have selected as the upper bound for adding noise to
the original map. However, this value can change when using another data-set of contact maps.
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the added noise so that it resembles real-world situations to some extent. This test

procedure is summarized in Algorithms 2 and 3.

Algorithm 2 This algorithm shows the procedure that we use to test the noise toler-
ance of the one-dimensional implementation of the NCD for contact map comparison
problem.

orginal cmap[][] and noisy cmap[][]← the ideal contact maps X.
noise step percentage← 0.5.
uppest noise percentage← 10.

for i← 1 to
uppest noise percentage

noise step percentage
do

noisy cmap← ADD NOISE(noisy cmap, noise step percentage),
calculate the NCD value between orginal cmap and noisy cmap

end for

Algorithm 3 This algorithm shows the procedure that we use to add noise to the
original contact maps, ADD NOISE function.

initiate an empty list, noise allowed, of regions.
for all of the disjoint white areas inside orginal cmap: white area do

find the bounding box of white area,
calculate the length of the diagonal of the bounding box,
add the area inside a band with the width of 10% of each side of each of the two
diagonals of white area to the list of noise allowed

end for
for noise step percentage × area(original map) pixels from unmarked pixels inside
the areas in noise allowed list do

invert the pixel color,
mark the pixel,

end for

Results

The noise-tolerance test is performed on both of our data-sets. For each contact

map, the whole process of gradual noise addition and calculation of the NCD values

is repeated in ten probabilistically independent experiments. The averages of the



CHAPTER 4. METHODOLOGY AND RESULTS 51

obtained NCD values in the ten experiments for the proteins in Chew-Kedem data-

set in every two steps of the experiment are shown in Table 4.1.

The results of Table 4.1 are visualized in Figure 5.1. Figure 5.2 represents the

averages of all of the charts in Figure 5.1. As one can recognize in these diagrams,

the direction of changes in the values of the NCD for each protein is the same as the

direction of our expectation according to the amount of noise which is added to the

noisy cmap. In other words, the NCD value between an originalcmap and noisycmap

is smaller/larger, whenever the incurred proportion of noise is smaller/larger.

Figure 5.3 represents the averages of all of the ten experiments with the same

percentage of added noise for all of the proteins in the data-set of 171 proteins. It is

interesting to see that the chart is very similar to the diagram in Figure 5.2.

These results confirm the applicability of the NCD on contact map comparison.

However, they show that the measure in this implementation is very noise-sensitive.

For example, by referring to Table 4.1 and Figure 5.2, one recognizes that for only

4% of noise inside the maps in the Chew-Kedem data-set, on average, 83.42% dis-

similarity is obtained by means of the NCD. This high level of noise-sensitivity is not

desirable in applications where the ideal and accurate contact maps are inaccessible.

One category of these applications is where predicted contact maps need to be eval-

uated or compared with each other, considering that the best accuracy for predicted

contact maps to date is 60.5%. Therefore, the measure does not seem to be useful

in these applications. On the other hand, the clustering tests (Figure 4.2) show a

high capability of the NCD for comparing contact maps. Therefore, we like to find

a solution to improve the noise-tolerance of the measure to apply it the mentioned
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Table 4.1: The averages of the NCD values for 10 independent experiments for Chew-Kedem proteins , for one-dimensional
implementation of the NCD.

Protein Protein 1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
Name Size noise noise noise noise noise noise noise noise noise noise

1ASH00 148 0.6331 0.7526 0.8008 0.8237 0.8331 0.8402 0.8466 0.8383 0.8373 0.8263
1babA0 142 0.6615 0.7919 0.8501 0.867 0.8809 0.8845 0.891 0.8912 0.8855 0.9014
1babB0 146 0.6688 0.827 0.8783 0.8904 0.9057 0.9195 0.9262 0.9197 0.9241 0.9288
1cnpA0 90 0.5294 0.6752 0.743 0.7716 0.7954 0.8253 0.8339 0.8431 0.8416 0.8495
1eca00 137 0.6665 0.7902 0.8377 0.8599 0.8713 0.876 0.8782 0.8837 0.9003 0.9033
1flp00 143 0.6546 0.7939 0.8433 0.8728 0.8707 0.8765 0.8856 0.8851 0.8866 0.8822
1hlb00 158 0.7204 0.8106 0.8549 0.8776 0.8916 0.8797 0.8812 0.8879 0.8828 0.8788
1hlm00 159 0.7057 0.7999 0.8293 0.8576 0.8667 0.8588 0.8664 0.8711 0.8682 0.8715
1ithA0 141 0.6291 0.7819 0.8283 0.866 0.8763 0.8804 0.8878 0.8875 0.8912 0.8948
1jhgA0 101 0.6424 0.7768 0.8145 0.8408 0.8702 0.888 0.8878 0.8998 0.8887 0.8944
1lh200 154 0.6596 0.8062 0.8451 0.8657 0.878 0.887 0.8971 0.9021 0.9032 0.91
1mba00 147 0.6436 0.779 0.8348 0.8702 0.8876 0.8841 0.887 0.8968 0.9034 0.9037
1myt00 146 0.6063 0.741 0.8134 0.8415 0.8522 0.8465 0.852 0.8462 0.8622 0.8569
2hbg00 148 0.6399 0.7873 0.8356 0.8602 0.8707 0.8775 0.8823 0.8812 0.8859 0.8863
2lhb00 150 0.6546 0.8081 0.8527 0.8686 0.8964 0.9 0.909 0.9069 0.9072 0.9177
2vhbA0 137 0.6402 0.7813 0.8205 0.8619 0.863 0.8709 0.8722 0.8774 0.8743 0.8877
3sdhA0 145 0.6306 0.7861 0.8358 0.8663 0.879 0.8934 0.9004 0.9086 0.9012 0.8989
5mbn00 154 0.6888 0.8384 0.8934 0.9064 0.9336 0.9193 0.9195 0.9249 0.9163 0.9168
1aa900 172 0.5995 0.7584 0.8074 0.8147 0.8392 0.8545 0.8573 0.8639 0.8561 0.8541
1chrA1 370 0.7181 0.7718 0.7878 0.7962 0.7996 0.8033 0.798 0.8028 0.8037 0.8043
1ct9A1 497 0.7667 0.8132 0.8198 0.8217 0.8234 0.8292 0.8239 0.8275 0.8248 0.8264
1gnp00 167 0.6475 0.7634 0.8307 0.852 0.856 0.8614 0.8675 0.8734 0.8844 0.8793
1qraA0 166 0.6249 0.7558 0.8161 0.8444 0.8541 0.8636 0.8699 0.8721 0.8617 0.8667
2mnr01 358 0.7118 0.7747 0.7915 0.8018 0.8095 0.8115 0.8048 0.8051 0.8089 0.8133
4enl01 437 0.7276 0.7785 0.7961 0.8002 0.7944 0.7963 0.7994 0.7984 0.7988 0.7939
5p2100 167 0.628 0.7726 0.8309 0.8486 0.8588 0.8676 0.8812 0.8781 0.8836 0.8791
6q21A0 171 0.6353 0.7862 0.8397 0.8508 0.8533 0.87 0.8747 0.8818 0.8802 0.8793
6xia00 388 0.7577 0.8065 0.8216 0.832 0.8296 0.837 0.8396 0.8399 0.8355 0.835
1cd800 115 0.5113 0.6547 0.7494 0.8002 0.8349 0.8322 0.838 0.8414 0.8452 0.8559
1cdb00 106 0.5149 0.6802 0.7589 0.8071 0.837 0.8705 0.8684 0.8736 0.8759 0.8881
1ci5A0 95 0.4715 0.6477 0.7081 0.758 0.7913 0.8086 0.8145 0.8171 0.8259 0.8289
1hnf01 180 0.6615 0.8271 0.8759 0.896 0.9073 0.9195 0.9228 0.9235 0.9271 0.9291
1neu00 117 0.5216 0.6866 0.7685 0.7959 0.8291 0.8309 0.8405 0.8491 0.8595 0.8682
1qa9A0 102 0.4859 0.6483 0.7473 0.7887 0.811 0.8347 0.8508 0.8614 0.8617 0.867
1qfoA0 115 0.5129 0.6544 0.7354 0.7736 0.8015 0.8102 0.8222 0.8344 0.8374 0.8364
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category of applications as well.

By referring to our implementation method, we realize that one reason for this high

level of noise-sensitivity is the conversion of two-dimensional maps to one-dimensional

maps which results in losing two-dimensional information. In this conversion, a lot

of the two dimensional patterns are destroyed. As a result, outputs of real-world

data compressors remain far from the ideal compression, i.e. Kolmogorov complexity.

If we find a solution to apply the NCD on contact maps without changing their

dimensionality, we will obtain better approximations of the Kolmogorv complexity

and the USM.

4.4 Two-Dimensional Format of the Contact Maps

Although we usually obtain contact maps from the distance maps (see Section 2.2),

this is not always the case. In some applications, one needs to evaluate or use some

contact maps which are not ideal ones, i.e. are not extracted from a known three-

dimensional structure, and consequently, are not noise-free. Two examples of these

applications are protein contact map prediction (see Section 2.3.3) and the areas

where the predicted maps are used (e.g. Section 2.3.3). In such applications, we

need a contact map comparison system which is not noise-sensitive. Therefore, the

proposed system in Section 4.3 is not useful.

As we mentioned above, the reduction of dimensionality of data structures (i.e.

converting contact maps to string format) prevents the data compression algorithms

from compressing the maps as efficiently as possible. To resolve this problem, we
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need to calculate the NCD for our maps in their original two-dimensional format.

The greatest challenge is to devise a suitable method of combining two matrices

(maps) x and y and produce a new matrix xy, which is to be used in calculation of

C(xy). Our solution to this problem is to combine the two maps (matrices) together

by concatenating their corresponding elements in a combination matrix (see Exam-

ple 2). This method of combination satisfies both of the theoretical conditions, i.e.

retrievability and distinguishablity of x and y.

Combi,j = strcat(xi,j, yi,j).

Example2 : x =













′1′ ′0′ ′1′

′0′ ′1′ ′0′

′1′ ′0′ ′1′













, y =



















′0′ ′0′ ′1′ ′1′

′1′ ′0′ ′1′ ′1′

′1′ ′1′ ′0′ ′0′

′1′ ′1′ ′1′ ′0′



















Comb =



















′10′ ′00′ ′11′ ′1′

′01′ ′10′ ′01′ ′1′

′11′ ′01′ ′10′ ′0′

′1′ ′1′ ′1′ ′0′



















The combination procedure can be described as follows. If the two maps under

comparison are of the same size, we simply start from the upper left elements of both

of the matrices and concatenate the elements one by one, according to their order on

each dimension of the matrix. But if the maps are not the same size, the question

arises whether or not we perform the concatenation process from the upper left ele-

ment for the larger matrix. To be clearer, it is possible to find better solutions, which
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return a smaller NCD value, by putting the upper left element of the smaller map

on another element of the larger map and keep the concatenation process element by

element after that.

For different size matrices, in order to find the right matching element in the larger

one, we use a siliding window technique. The window frame size is selected as the

size of the smaller map. First, we copy the larger contact map under comparison into

the combination matrix. Next, starting from the upper left element of the combi-

nation map we slide the window frame on it, one pixel each step. At each step, we

concatenate the smaller map to the submatrix of the larger map which is inside the

frame, and calculate a partial NCD value by using the whole produced combination

matrix (note that some entries of the combination are single digits while others are

double digits). At the end, the NCD value of the maps is determined by finding the

minimum obtained partial NCD value [See Algorithm 4].

It is worth mentioning that in order to implement the algorithm 4, we only use the

elements which are above the main diagonal of each matrix. The reason is that the

contact maps are symmetric data-structures and according to our investigations, the

data-compression algorithms which are employed, recognize this symmetry. There-

fore, using any of the upper or lower elements of the matrix with respect to its main

diagonal reduces the computational costs (e.g. time and resources), without changing

the results significantly.



CHAPTER 4. METHODOLOGY AND RESULTS 56

Algorithm 4 Pseudo code for applying the NCD to the two-dimensional contact
maps.

\\Find the smaller and the larger maps.
s size← min{size(X), size(Y)}.
l size← max{size(X), size(Y)}.
cmap1[][]← temp map, where temp map ∈ {X,Y}, size(temp map) = s size.
cmap2[][]← temp map, where temp map ∈ {X,Y}, size(temp map) = l size.
window size← s size. \\set the window frame size
\\Find the minimum possible NCD value, using a sliding window technique.
for i← 1 to l size− s size + 1 do

for j← i to l size− s size + 1 do
comb cmap← cmap2.
Put the upper left point of the window frame on comb cmap(i, j).
for x← 1 to s size do

for y← 1 to s size do
comb cmap(x + i− 1, y + j− 1)← concat(comb cmap(x + i− 1, y + j− 1), cmap1(x, y))
.

end for
for each of the above matrices cmap1, cmap2, and comb cmap, matrix m,
do

find min{PPMZ2(m), BZIP2(m), GZIP (m)}.
end for

end for
compute the NCD value : partial NCD(cmap2i, cmap2j) =
C(comb cmap, cmap1)−min{C(comb cmap), C(cmap1)}

max{C(comb cmap), C(cmap1)}
.

end for
end for
NCD(X,Y) = min{all obtained partial NCDs}.
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4.4.1 The first Evaluation: Applicability Test

Test Procedure

To evaluate the two-dimensional implementation of the NCD, we follow a procedure

similar to what we did in Section 4.3.1, i.e. we investigate the values on the main

diagonal of the results matrix, and cluster our Chew-Kedem data-set according to

our obtained output matrix.

Results

The results of the two-dimensional implementation of the NCD are shown in Appemdix

C. By looking at this table, one realizes that the values on the main diagonal are

much closer to zero than the values on the main diagonal in the table in Appendix B

(in particular, look at longer proteins such as 1chrA, 1ct9A, 2mnr, 4enl, and 6xia).

These results are promising enough for the next step of this test, which is the clus-

tering test. The results of this clustering are shown on the tree in Figure 4.3.

The quality of the clustering tree represented in Figure 4.3 is comparable with the

tree in Figure 4.2. This clustering, the same as the previous one, and almost matching

with the results of [33], is very close to the SCOP [17, 33] clustering. These clustering

results show that the two-dimensional implementation of the NCD is working at least

as well as its one-dimensional implementation in recognizing the relative pairwise

distances of proteins in the Chew-Kedem data-set. Therefore, we proceed to the

next step of the evaluations which is testing the noise-tolerance of this method. We

can compare the tables in Appendix B and Appendix C, as some very preliminary
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evaluation to see if the two-dimensional implementation of the NCD is more noise-

tolerant than its one-dimensional implementation. The range of the values in the table

in Appendix C is obviously wider than the range of the values of the table in Appendix

B, e.g. NCD2D(5p21, 1gnp) = 0.20619 and NCD2D(1ci5A, 6xia) = 0.99624 while

NCD1D(5p21, 1gnp) = 0.46429 and NCD1D(1ci5A, 6xia) = 0.99991. In all examples,

the given values show one of the smallest and largest values in their corresponding

tables, except the values on the main diagonals.

4.4.2 The Second Evaluation: Noise Tolerance Test

Test Procedure

To evaluate the noise-tolerance of the two-dimensional implementation of the NCD,

we follow the approach which is described in 4.3.2, i.e. we add up to 10% noise

gradually to each original map, and compare the noise-added version of the map with

its original version via the NCD.

Results

Similar to Section 4.3.2, this test process is performed on both of our data-sets. The

averages of the NCD values of the ten probabilistically independent runs of this test

in each step of adding noise is represented in Table 4.2.

These results are visualized in the diagram in Figure 5.4 and the averages of all of

the graphs in this diagram are shown on the graph in Figure 5.5. Figure 5.6 represents

the averages of all of the ten experiments with the same percentage of added noise for

all of the proteins in the data-set of 171 proteins. As one can recognize, these results

show that the direction of changes in the obtained two-dimensional NCD values is
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Figure 4.3: This figure represents the clustering of proteins in Chew-Kedem data-set using
Universal Similarity Metric on two dimensional format of their full contact maps.
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the same as the direction of the amount of noise which is added. This is similar to

the results in the one-dimensional implementation. However, there is great progress

in the range of the obtained values.

These results show that this implementation of the two-dimensional NCD works

properly on both our data-sets. Although we get an average of 0.2647 for the difference

of the maps which contain only 5% of added noise in comparison to their original

versions, this higher level of the NCD value can be explained as a result of the

nature of the noise added to our maps, which is a random noise. Theoretically, the

value of Kolmogorov complexity directly relates to the amount of randomness in the

objects. By adding the random noise to our objects (the contact maps) we change

the Kolmogorov complexities of our objects significantly.
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Table 4.2: The average of the NCD values for 10 independent experiments for Chew-Kedem proteins , for two-dimensional
implementation of the NCD.

Protein Protein 1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
Name Size noise noise noise noise noise noise noise noise noise noise

1ASH00 148 0.2372 0.2752 0.2854 0.2886 0.2993 0.2979 0.2997 0.3007 0.3025 0.3067
1babA0 142 0.2224 0.2562 0.2712 0.2782 0.2794 0.2812 0.2788 0.2796 0.2821 0.2817
1babB0 146 0.1941 0.2294 0.2478 0.2632 0.2647 0.2694 0.2673 0.2641 0.2671 0.2668
1cnpA0 90 0.2084 0.2726 0.3064 0.3219 0.3289 0.3371 0.3481 0.3496 0.3613 0.3558
1eca00 137 0.2455 0.2766 0.2941 0.2949 0.2977 0.302 0.3058 0.3001 0.3027 0.3015
1flp00 143 0.2328 0.265 0.2748 0.2779 0.2858 0.2874 0.2898 0.2957 0.2963 0.29
1hlb00 158 0.197 0.2222 0.2349 0.2422 0.2523 0.2508 0.2557 0.2542 0.2549 0.2582
1hlm00 159 0.2392 0.2636 0.2781 0.2845 0.2814 0.2804 0.2836 0.2836 0.2866 0.2851
1ithA0 141 0.1954 0.2431 0.2573 0.2641 0.269 0.2691 0.2734 0.2795 0.2791 0.2768
1jhgA0 101 0.2415 0.3057 0.3352 0.3413 0.353 0.3595 0.3563 0.3617 0.3648 0.3691
1lh200 154 0.2103 0.2422 0.251 0.2576 0.2618 0.2573 0.2609 0.2581 0.2604 0.2605
1mba00 147 0.2095 0.245 0.2612 0.2596 0.2689 0.2707 0.2758 0.2706 0.2791 0.2764
1myt00 146 0.2549 0.2853 0.2986 0.3026 0.3071 0.316 0.3123 0.3122 0.3144 0.3143
2hbg00 148 0.2307 0.2734 0.2787 0.2876 0.2888 0.2969 0.2968 0.2966 0.2959 0.2946
2lhb00 150 0.2535 0.2841 0.2984 0.3034 0.3038 0.3073 0.3067 0.3069 0.3086 0.3102
2vhbA0 137 0.1929 0.2324 0.2495 0.2589 0.2652 0.2686 0.2749 0.275 0.2773 0.2662
3sdhA0 145 0.2159 0.256 0.2799 0.281 0.2873 0.2844 0.2884 0.2864 0.29 0.2954
5mbn00 154 0.1907 0.2254 0.235 0.2484 0.2508 0.253 0.2564 0.2598 0.2619 0.2577
1aa900 172 0.1983 0.2322 0.2459 0.2454 0.2496 0.2531 0.2554 0.253 0.2573 0.2571
1chrA1 370 0.1558 0.1686 0.1764 0.1772 0.1783 0.1767 0.1781 0.1786 0.1782 0.1798
1ct9A1 497 0.159 0.168 0.1718 0.2126 0.2249 0.2346 0.2653 0.7756 0.3143 0.3233
1gnp00 167 0.1904 0.2111 0.229 0.2343 0.2415 0.2409 0.2411 0.2422 0.2402 0.242
1qraA0 166 0.1777 0.2067 0.2248 0.2303 0.2322 0.2356 0.239 0.2455 0.2469 0.2468
2mnr01 358 0.1607 0.1984 0.2256 0.2367 0.2881 0.2889 0.3053 0.3189 0.328 0.3373
4enl01 437 0.1602 0.1749 0.1883 0.2089 0.216 0.2697 0.2882 0.2933 0.3194 0.3207
5p2100 167 0.2049 0.2325 0.243 0.2492 0.2512 0.2562 0.2586 0.2577 0.263 0.2603
6q21A0 171 0.1954 0.2369 0.2516 0.2543 0.2552 0.2585 0.2586 0.2599 0.2626 0.2613
6xia00 388 0.1748 0.1916 0.1955 0.1985 0.2009 0.1981 0.1992 0.1989 0.1987 0.2008
1cd800 115 0.2041 0.2496 0.2799 0.2924 0.3052 0.3054 0.306 0.3055 0.3099 0.3177
1cdb00 106 0.2158 0.2616 0.2782 0.2959 0.3013 0.3079 0.3116 0.3134 0.319 0.326
1ci5A0 95 0.2085 0.2437 0.2676 0.2833 0.3021 0.3013 0.2968 0.3096 0.3141 0.315
1hnf01 180 0.1481 0.1866 0.2045 0.2111 0.217 0.2203 0.2215 0.2237 0.2231 0.222
1neu00 117 0.1934 0.2334 0.262 0.2685 0.2819 0.2871 0.2802 0.2864 0.2904 0.288
1qa9A0 102 0.1779 0.2177 0.2532 0.2576 0.2652 0.28 0.2918 0.285 0.2873 0.2855
1qfoA0 115 0.2048 0.2464 0.2679 0.293 0.2969 0.2999 0.2953 0.3044 0.3022 0.3116



Chapter 5

Analysis of the Results

In this section we analyze and compare the results which are obtained from one-

dimensional and two-dimensional implementations of the NCD that were presented

in sections 4.3 and 4.4, and their evaluations on our data-sets. It is important to

mention that the main goal of this research is not to cluster the proteins, but to

study if the real-world approximation of the USM, which is the NCD is applicable to

contact map comparison problem, in particular when the noise-free versions of protein

contact maps are inaccessible.

5.1 Clustering Results

To evaluate the clustering results based on the NCD values, we use SCOP (see Section

2.5 classification of the proteins on the Chew-Kedem data-set. One coarse classifi-

cation of the proteins in the Chew-Kedem data-set is given in Section 4.1. A more

detailed classification of the Chew-Kedem data-set according to the SCOP is as fol-

lows [57, 33]:

62
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• Sixteen proteins from Globins family : 1ash, 1babA, 1babB, 1eca, 1flp, 1hlb,

1hlm, 1ithA, 1lh2, 1mba, 1myt, 2hbg, 2lhb, 2vhb, 3sdhA, 5mbn,

• Six proteins from alpha-beta class: 1aa90, 1gnp, 5p21, 6q21A, 1ct9A, 1qraA,

5p21,

• Four proteins from Tim-Barrels : 6xia, 2mnr, 1chr, 4enl,

• Seven proteins from beta class: 1cd8, 1ci5, 1qa9, 1cdb, 1neu, 1qfo, 1hnf,

• Two proteins from alpha class: 1cnp, 1jhg.

Below we present the clustering results obtained by application of the NCD.

5.1.1 One-dimensional NCD, Clustering Results

The results of this clustering are represented in Figure 4.2, where we briefly discussed

the results of the applicability test on the one-dimensional NCD. According to the

tree, all of the Globin proteins are recognized in the same cluster. Also, by going

one level back in the clustering tree one sees that both of the full alpha proteins

are in the same cluster with the Globins. Therefore, all of the alpha class proteins

(according to the coarse SCOP classification) are grouped in the same cluster by our

approach. According to this tree, all of the Tim-Barrels, 5 of the alpha-betas (out of 6,

according to the detailed SCOP classification), and 5 of the full beta proteins (out of

7, according to the detailed SCOP classification) are recognized as separate clusters.

This shows that the distances of the proteins according to the NCD values, result in a

clustering close to the perfect one, although one of the simplest clustering approaches

is employed. However, it is important to mention that these results are obtained
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by clustering a small data-set of proteins. In order to investigate its applicability to

protein clustering problem, one needs to test it on a larger data-set of proteins. At

the same time, these results are in line with the hypothesis that NCD is capable of

being applied to the contact map comparison problem.

5.1.2 Two-dimensional NCD, Clustering Results

Figure 4.3 shows the clustering results of the Chew-Kedem data-set, based on the

results of the two-dimensional application of the NCD. Four major clusters are dis-

cernible in this tree: 16 globin proteins (out of 16), 5 alpha-beta class proteins (out of

6), 6 beta class proteins (out of 7), and 4 Tim-Barrel proteins (out of 4). According

to this tree, although both of the alpha class proteins 1cnp, 1jhg, are the closet pro-

teins to each other in this data-set, they are classified as beta proteins. However, this

clustering is still sufficiently close to the SCOP results, to conclude that this imple-

mentation of the NCD is good enough to be applied to the contact map comparison

problem.

5.2 Noise-Tolerance Results

5.2.1 Noise-Tolerance of the One-Dimensional NCD

For the proteins in the Chew-Kedem data-set, the NCD values in the noise-tolerance

evaluation of the one-dimensional NCD (see Section 4.3.2) are represented in Table

4.1. This table shows the averages of the NCDs for special amounts of noise, which

are added to the original contact map, and which are compared with it in ten prob-

abilistically independent different runs of the experiments. We have visualized more
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detailed results of the added noise in the diagram in Figure 5.1. In this diagram

the obtained average NCD values for each individual protein map are represented on

a chart with a separate color. We have summarized these charts in the diagram in

Figure 5.2 by averaging the values in all of the charts in Figure 5.1 that correspond to

the same amount of noise. By looking at these diagrams, one can recognize that the

obtained NCD values are in a direct relation with the amount of noise that is added

to the maps at each step. This means that the more the amount of noise that is added

to an original−map, the higher the computed NCD value. The same conclusion is

made by looking at the averages of the results of the same test procedure on the

data-set of 171 protein contact maps, shown in Figure 5.3. This result, in addition

to the clustering tree in Figure 4.2, is satisfactory enough to let us conclude that the

NCD can be used as a robust alignment-free measure for comparing contact maps.

However, we need to mention that in our evaluations, this measure is not tested on

all of the proteins in the PDB, but only on two distinguished subsets of the proteins.

Although these results are very promising for the applicability of the NCD to

the contact map comparison problem, obviously the measure does not show sufficient

noise-tolerance to be applied to problems where the contact maps under comparison

are not completely noise-free. As one can see in Figure 5.1, the average computed

value of the NCD for only 0.5% of noise in Chew-Kedem data-set is 49.515%. This

high level of noise sensitivity is detrimental in applications where we do not have

100% noise-free contact maps. In such applications, a very small amount of noise

can disturb the results significantly. However, this implementation is good enough

for applications such as clustering proteins, where we have access to the ideal contact
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Figure 5.1: This diagram shows the noise-tolerance of the NCD on Chew-Kedem data-set.
Each chart shows the averages of values which are obtained in 10 different
experiments. The horizontal axis represents the number of the step in noise-
adding process. This number should be multiplied by 0.5 to show the amount
of noise which is added to the noiseycmap. On the vertical axis one can see the
averages of 10 NCD values for a special amount of noise.

maps and need the relative distances of the maps, but not the exact values.

5.2.2 Noise-Tolerance of the Two-Dimensional NCD

Table 4.2 shows the averages of the two-dimensional NCD values in the ten proba-

bilistically independent experiments with certain amounts of noise in Chew-Kedem

proteins. More detailed results of this evaluation are pictured in Figure 5.4. The

averages of the NCD values which have been contaminated by the same amounts of

noise in different charts in diagrams in Figure 5.4 are visualized of Figure 5.5. Similar

to what is seen as the results of the one-dimensional implementation of the NCD,

changes in the NCD values are in the direction of the changes in the amount of noise

which is added to the maps. This conclusion is confirmed by the diagram in Figure 5.6.
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Figure 5.2: This diagram shows the averages of the obtained NCD values for all of the
proteins in Chew-Kedem data-set in 10 different independent experiments of
adding noise, for each special amount of noise. The horizontal axis represents the
number of the step in noise-adding process. This number should be multiplied
by 0.5 to show the amount of noise which is added to the noisey cmap. On the
vertical axis, one can see the averages of 10 NCD values for a special amount
of noise.

From the perspective of noise-tolerance, this implementation of the NCD seems to

work reasonably as well. By looking at Figure 5.5, one observes that the average of

the calculated NCD values of the maps which contain 10% noise is 27.206%. Although

this value is still far from the amount of noise which is added to our maps, it does not

mean that the implementation is not an appropriate one. On the contrary, it shows

that this implementation of the NCD is working correctly according to the theory.

This is because of the nature of the noise that we add to our contact maps which is a

random noise. In the theory of Kolmogorov complexity, it is known that this function

changes significantly according to the existing randomness in the objects. By adding

the random noise to our contact maps, we are just increasing their randomness which
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Figure 5.3: This diagram shows the averages of the obtained NCD values for all of the
proteins in Chew-Kedem data-set in ten different independent experiments of
adding noise, for each special amount of noise. The horizontal axis represents the
number of the step in noise-adding process. This number should be multiplied
by 0.5 to show the amount of noise which is added to the noisey cmap. On the
vertical axis one can see the averages of ten NCD values for a special amount
of noise.

affects the approximated Kolmogorov complexities. Consequently, this changes the

approximated USM, i.e. the NCD values, which is more than the amount of noise

added.

Another question, which can be raised by looking at the above diagrams, is why

the differences between the NCD values initially grow faster but slow down with

higher amounts of noise; e.g. the NCD values surge quickly in the beginning steps of

adding noise, say up to 3%, and afterwards they become more sluggish. In order to

answer this question one needs to go back to the approach that we used to add the

noise into our ideal contact maps. As we mentioned in Section 4.3.2, we add up to

10% of noise, which means that we invert the color of 10% of the pixels inside the map.
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Figure 5.4: This diagram shows the noise-tolerance of the two-dimensional NCD on Chew-
Kedem data-set. Each chart shows the averages of values which are obtained
in ten different experiments. The horizontal axis represents the number of the
step in noise-adding process. This number should be multiplied by 0.5 to show
the amount of noise which is added to the noisey cmap. On the vertical axis one
can see the averages of ten NCD values for a special amount of noise.

However, these pixels are not distributed all over the map; rather, they occur only in

some special areas. The number of pixels in these areas is usually significantly smaller

than the number of the pixels in the whole map. Therefore, after adding a relatively

large amount of noise, the randomness shows itself less and less, and at some step,

it is possible to have the same patterns as we had before adding the noise, only in

inverted colors. At the same time, we pass the threshold of maximum entropy, after

which adding more noise is unable to change Kolmogorov complexity dramatically.

Therefore, what we can see in the diagram shows that on average, after adding 3%

of noise to our maps in our noise adding system, the randomness starts to fade away,

so we cannot see a large difference afterwards.
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Figure 5.5: This diagram shows the averages of the obtained two-dimensional NCD values
for all of the proteins in Chew-Kedem data-set in ten different independent
experiments of adding noise, for each special amount of noise. The horizontal
axis represents the number of the step in noise-adding process. This number
should be multiplied by 0.5 to show the amount of noise which is added to the
noiseycmap. On the vertical axis, one can see the averages of ten NCD values
for a special amount of noise.

5.2.3 Discussion

In order to compare the results of the one-dimensional and two-dimensional imple-

mentations of the NCD, we have performed our experiments on the same contact

maps. This means that for each ideal contact map in our data-set, at each step of

adding the noise in the noise-tolerance evaluation, we have calculated both of the

one-dimensional and two-dimensional NCD values of a produced noisy map in order

to compare it with its original map. This approach allows us to accurately compare

the results of both measures .
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Figure 5.6: This diagram shows the averages of the obtained two-dimensional NCD values
for all of the proteins in data-set of 171 proteins in ten different independent
experiments of adding noise, for each special amount of noise. The horizontal
axis represents the number of the step in noise-adding process. This number
should be multiplied by 0.5 to show the amount of noise which is added to the
noiseycmap. On the vertical axis one can see the averages of ten NCD values for
a special amount of noise.

In Figure 5.7, we compare the noise-tolerance of the one-dimensional and two-

dimensional implementations of the NCD visually in our Chew-Kedem data set. Fig-

ure 5.8 does the same comparison for the averages of the results of the NCD values

of the proteins in the data-set of 171 proteins.

As one recognizes in these diagrams, both of the two-dimensional and one-dimensional

implementations are working in the same direction of changes. However, the one-

dimensional implementation shows a high level of noise sensitivity, while the two-

dimensional implementation shows a high level of noise-tolerance without disturbing
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Figure 5.7: This figure, compares the noise-tolerance of the averages of the calculated NCD
values for the proteins in Chew-Kedem data-set in one-dimensional and two-
dimensional implementations of the NCD. Both of the measures are employed
to compare similar ideal and noise added versions of the contact maps. The
horizontal axis represents the number of the step in noise-adding process. This
number should be multiplied by 0.5 to show the amount of noise which is added
to the noisey cmap. On the vertical axis one can see the averages of ten NCD
values for a special amount of noise.

any other feature of the measure. This indicates a large improvement, since it makes

the NCD applicable to the applications where the contact maps under comparison

are not the ideal ones.

Besides all of the above points, there is one small point which is worthy of men-

tioning. By looking more accurately at Tables in Appendix B and Appendix C, one

finds some values that are not normalized between zero and one. For example, in

the table in Appendix B one finds NCD(1qa9A, 2lhb) = 1.00006 and in the table in

Appendix C one can find the NCD(1jhgA, 1jhgA) = −0.02293. This is contradictory
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Figure 5.8: This figure, compares the noise-tolerance of the averages of the calculated NCD
values for the proteins in Chew-Kedem data-set in one-dimensional and two-
dimensional implementations of the NCD. Both of the measures are employed
to compare similar ideal and noise added versions of the contact maps. The
horizontal axis represents the number of the step in noise-adding process. This
number should be multiplied by 0.5 to show the amount of noise which is added
to the noiseycmap. On the vertical axis one can see the averages of ten NCD
values for a special amount of noise.

to the theory of the NCD. This is contradictory to the theory of the NCD. The ex-

istence of these unexpected values is explained by several approximations that we

have used in our implementations, including the theoretical approximations, replac-

ing K(x) with C(x), and some unexpected values which are obtained from the data

compression programs. The last item, in particular, is the most important reason

in getting values which are not normalized. The theoretical reason, which happens

more in the real world, is that it is impossible to compress all of the existing strings

into smaller ones. If there are some strings that become compressed under a com-

pression algorithm, definitely there are some others, that become longer under the

same algorithm. Therefore, it is possible for us to get some unexpected values in
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some of the cases, i.e. when C(xy) > C(x) + C(y), we get the NCD values more

than 1, and when C(xy) < min{C(x), C(y)}, we get the NCD values smaller than

0 . However, the experiment shows that although using the USM theory in practice

involves several heuristic assumptions, we actually obtain satisfactory results and the

NCD can still be used as a robust and theoretically strong means for measuring the

amount of similarity between contact maps.



Chapter 6

Summary, Conclusions and Future

Work

6.1 Summary and Conclusion

Protein structure prediction from their sequences is one of the most important prob-

lems in molecular biology (see Section 2.3). One approach for solving this problem is

to first, predict protein binary contact maps from the sequence (see Section 2.3.3), and

next, use the predicted contact maps to foreshadow the three-dimensional structure

of the proteins (see Section 2.3.3) by using contact maps of the already determined

structures. Therefore, one needs a measure to compare predicted contact maps to

the ideal ones. The contact map comparison problem is not a trivial problem by any

means (see Section 2.4.2). Furthermore, in the case of comparing predicted maps, we

need to use a measure that is noise-tolerant as well.

The Universal Similarity Metric [62] is a distance measure which is theoretically

75
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strong. The main problem of this measure is that it is not computable. However,

some solutions have been proposed to obtain good approximations of the USM by

using data compressors.

In this thesis we investigated the applicability of the NCD, a real-world version

of the USM, to the contact map comparison problem in its one-dimensional and

two-dimensional implementations. Since our ultimate goal is to use this measure in

the retrieval phase of the Triptych (see Section 2.3.3) system, we have evaluated the

noise-tolerance of the NCD in each implementation.

In implementing the NCD, the major challenge was to find a method to combine

two contact maps. In all of the previous applications, the NCD is used to compare one-

dimensional strings. Therefore, as an implementation of our first idea, we converted

our two-dimensional contact maps to one-dimensional strings and used the regular

concatenation operator to combine them. In order to evaluate this system, we followed

three steps of evaluation:

• Simple theoretical investigations,

• Applicability test,

• Noise-tolerance test.

The results of the first two evaluations were promising. This means that the

obtained results proved to be compatible with the theory. In addition to this, the

clustering tree, which was formed based on the resulting NCD matrices on Chew-

Kedem data-set, was satisfactorily close to results of the SCOP [33]. However, the
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noise-tolerance test proved a high level of noise-sensitivity of the one-dimensional

NCD on 206 proteins (35 protein of the Chew-Kedem data-set and the proteins of a

data-set of 171 proteins).

However, one explanation for this high level of noise-sensitivity is the loss of two-

dimensional information and patterns in converting maps into strings. Therefore, we

looked for a solution to apply the NCD to contact map comparison problem in their

two-dimensional format. Our proposed approach to combine contact maps was to

produce a combination matrix whose elements were obtained by concatenating every

two corresponding elements of the maps under comparison. In cases where the maps

under comparison are not the same size maps, we simply define the combination map

as a matrix with the same size as the larger map. At first, we fill it with the elements

of the larger map. Next, we concatenate the elements of the smaller map to the ele-

ments of the combination map in a sliding window technique, where the window size

is defined as the size of the smaller map. In each step of the sliding window technique,

a new combination map is produced and a partial NCD value is calculated. Finally,

the NCD value of the two maps is defined as the minimum computed partial NCD.

This implenetation is evaluated during the three steps which are described above.

6.2 Contribution

We observed that for both one-dimensional and two-dimensional implementations,

the results of the first two evaluation steps (i.e., simple theoretical investigations and

applicability test) proved satisfactorily successful. However, the great advantage of
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the two-dimensional implementation of the NCD (which is our main contribution in

this work) over its one-dimensional implementation, is the level of noise-tolerance.

Quantitative results supporting this claim are given in section 4.4. We test noise-

tolerance by averaging the results of several probabilistically independent noise-adding

procedures. To present noise occurrence more realistically, we modify random pixel

toggling suitably such that more likelihood is associated to areas which are practically

more noise prone. According to our results, the level of noise-tolerance is improved

significantly in the two-dimensional implementation, which experimentally introduces

it as a robust measure to compare not only protein contact maps, but also any two

binary matrices together.

6.3 Future Work

This project can be followed in three different directions in the future:

• Testing, specifying, and improving the two-dimensional implementation of the

USM to obtain more accurate results in comparing contact maps. One im-

portant attempt to improve the results is to design a specific algorithm for

compressing contact maps. This results in approximating Kolmogorov com-

plexity, and consequently the USM, more accurately. On the other hand, our

results and their implications would be more trustworthy if we use more ex-

tended data-sets such as the Sierk-Pearson set [78], which contains about 2700

proteins of different families. Noise-tolerance evaluation results will be more

justifiable, if we use more sophisticated methods of noise-adding to our contact
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maps.

• Using the USM in the retrieval module of the Triptych system, as it was the

first motivation to start the research which lead to this thesis. According to

our results, the two-dimensional implementation of the USM is useful in scor-

ing the amount of the similarity/dissimilarity between contact maps. However,

the USM is an alignment-free measure, which means that it only scores the

amount of similarity/dissimilarity without determining the regions of the sim-

ilarity. Therefore, we need to design a top-down architecture for the retrieval

module. One proposed architecture is first, to compare the contact maps in the

case-base (see Section 2.3.3) with the new predicted map and select a number

of the maps with the most amount of similarity according to the USM values.

This decreases the size of the search space in the second step, which is to employ

a search algorithm in order to find the regions of similarity in the new map and

each of the selected maps.

• Extending the application of the USM from binary contact maps to comparison

of all binary matrices, and two-dimensional data structures in general.
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Table A.1: List of the proteins in the data-set of 171 proteins.

Protein Name Protein Name Protein Name Protein Name Protein Name

1a0a 1dj8 1gvd 1l3p 1wer
1a1z 1dk8 1gvn 1l8r 2a0b
1a28 1dl2 1gwu 1l9l 2af8
1a6m 1dow 1gxm 1lb3 2end
1a8o 1dps 1h7c 1lbd 2erl
1acp 1dqe 1hb6 1ld8 2hdd
1afr 1dvo 1hcr 1lfb 2ilk
1ah7 1e6i 1he1 1lis 2lis
1ail 1 e85 1hf8 1lmb 2mhr
1aj8 1ea1 1hfe 1lri 2pvb
1akh 1eer 1hnr 1m1q 2spc
1am9 1eex 1hq1 1m9x 3fap
1aoi 1ef1 1hry 1mc2 5csm
1arv 1elk 1huu 1mhy
1aui 1ete 1hx1 1mn8
1auw 1etx 1hyp 1mty
1axn 1eyv 1hz4 1n8v
1b8z 1ez3 1i27 1neq
1bbh 1f0j 1i2t 1ng6
1bcf 1f1e 1ijy 1nkd
1bgf 1f1m 1iom 1nkp
1bgp 1fce 1irq 1nog
1bh9 1fcy 1iw0 1o0w
1bkr 1fgj 1j2j 1o3u
1bu7 1fgy 1jfb 1oai
1bvb 1fk5 1jhg 1or7
1c1k 1fr2 1ji7 1orc
1c52 1ft1 1jmx 1pbw
1c75 1fur 1jr8 1pru
1cc5 1g72 1k04 1qjb
1cem 1g73 1k6k 1qqf
1ci4 1g8e 1k8k 1rss
1ckt 1g8q 1kg2 1rzl
1cll 1gak 1klx 1tc3
1cpq 1gkm 1ku1 1tx4
1csh 1go3 1ku3 1utg
1cy5 1gs9 1kwf 1uxc
1d9c 1gu9 1kx2 1vlt
1dce 1gux 1l0i 1vns
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Table B.1: The average of the NCD values for 10 independent experiments for Chew-Kedem
proteins , for one-dimensional implementation of the NCD.

Protein 1ASH 1babA 1babB 1cnpA 1eca 1flp 1hlb
Length

1ASH00 148 0.02353 0.93048 0.93583 0.96578 0.97112 0.92299 0.92299
1babA0 142 0.93048 0.02527 0.93410 0.98195 0.99991 0.97844 0.97189
1babB0 146 0.93583 0.93410 0.02543 0.99075 0.99993 0.98382 0.97297
1cnpA0 90 0.96578 0.98195 0.99075 0.04918 0.99745 0.97126 0.97514
1eca00 137 0.97112 0.99991 0.99993 0.99745 0.02296 0.93772 0.93838
1flp00 143 0.92299 0.97844 0.98382 0.97126 0.93772 0.02515 0.95568
1hlb00 158 0.92299 0.97189 0.97297 0.97514 0.93838 0.95568 0.01946
1hlm00 159 0.90909 0.95028 0.97017 0.98453 0.94254 0.94254 0.94811
1ithA0 141 0.95080 0.98556 0.99538 0.97711 0.93855 0.97246 0.99135
1jhgA0 101 0.93369 0.96631 0.98844 0.91569 0.95026 0.95090 0.99990
1lh200 154 0.92727 0.95269 0.98925 0.98387 0.93441 0.94516 0.99462
1mba00 147 0.93904 0.98585 0.99990 0.99782 0.96736 0.97171 0.99992
1myt00 146 0.94118 0.98000 0.99333 0.97778 0.95444 0.97889 0.99990
2hbg00 148 0.92644 0.97228 0.99574 0.97974 0.96375 0.97868 0.99992
2lhb00 150 0.91765 0.96649 0.97838 0.96865 0.94919 0.95459 0.99351
2vhbA0 137 0.93155 0.98917 0.99422 0.98846 0.94133 0.98563 0.99990
3sdhA0 145 0.89091 0.96092 0.94943 0.95977 0.92529 0.93218 0.97514
5mbn00 154 0.92909 0.96711 0.97328 0.99383 0.95581 0.97842 0.96506
1aa900 172 0.97204 0.99991 0.99991 0.99338 0.97940 0.98823 0.99991
1chrA1 370 0.97261 0.99712 0.99971 0.99990 0.98991 0.99020 0.97434
1ct9A1 497 0.97676 0.99990 0.99360 0.99424 0.98422 0.99595 0.98124
1gnp00 167 0.98175 0.99992 0.99993 0.99990 0.98651 0.99991 0.99993
1qraA0 166 0.99380 0.99993 0.99992 0.99767 0.99302 0.99991 0.99993
2mnr01 358 0.97768 0.99480 0.99969 0.99991 0.98135 0.98777 0.98349
4enl01 437 0.98793 0.99991 0.99990 0.99991 0.99252 0.99662 0.98118
5p2100 167 0.96365 0.99991 0.99991 0.99192 0.97577 0.98788 0.99991
6q21A0 171 0.97779 0.99992 0.99992 0.99923 0.98851 0.99541 0.99993
6xia00 388 0.97936 0.9956 0.99865 0.99990 0.97970 0.98410 0.98342
1cd800 115 0.99572 0.99994 0.99996 0.99310 0.99990 0.99992 0.99995
1cdb00 106 0.99990 0.99995 0.99995 0.99511 0.99991 0.99992 0.99993
1ci5A0 95 0.99893 0.99993 0.99992 0.99153 0.98597 0.99990 0.99993
1hnf01 180 0.98648 0.99992 0.99992 0.99990 0.99920 0.99991 0.99993
1neu00 117 0.98610 0.99993 0.99992 0.98391 0.98852 0.99521 0.99992
1qa9A0 102 0.99991 0.99996 0.99996 0.99991 0.99992 0.99993 0.99996
1qfoA0 115 0.99990 0.99995 0.99994 0.99345 0.99993 0.99991 0.99995

Continued on the next page.
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Continued from Table B.1

Protein 1hlm 1ithA 1jhgA 1lh2 1mba 1myt 2hbg
Length

1ASH00 148 0.90909 0.95080 0.93369 0.92727 0.93904 0.94118 0.92644
1babA0 142 0.95028 0.98556 0.96631 0.95269 0.98585 0.98000 0.97228
1babB0 146 0.97017 0.99538 0.98844 0.98925 0.99990 0.99333 0.99574
1cnpA0 90 0.98453 0.97711 0.91569 0.98387 0.99782 0.97778 0.97974
1eca00 137 0.94254 0.93855 0.95026 0.93441 0.96736 0.95444 0.96375
1flp00 143 0.94254 0.97246 0.95090 0.94516 0.97171 0.97889 0.97868
1hlb00 158 0.94811 0.99135 0.99990 0.99462 0.99992 0.99990 0.99992
1hlm00 159 0.01878 0.99991 0.99991 0.99140 0.99992 0.99992 0.99992
1ithA0 141 0.99991 0.03133 0.98072 0.95699 0.98585 0.97000 0.99147
1jhgA0 101 0.99991 0.98072 0.04348 0.97849 0.99238 0.99333 0.99467
1lh200 154 0.99140 0.95699 0.97849 0.01828 0.99993 0.99993 0.99991
1mba00 147 0.99992 0.98585 0.99238 0.99993 0.02394 0.96953 0.95949
1myt00 146 0.99992 0.97000 0.99333 0.99993 0.96953 0.01889 0.96482
2hbg00 148 0.99992 0.99147 0.99467 0.99991 0.95949 0.96482 0.01919
2lhb00 150 0.99992 0.95459 0.99351 0.99990 0.94054 0.94054 0.96055
2vhbA0 137 0.99991 0.98072 0.99487 0.99991 0.96083 0.96444 0.96375
3sdhA0 145 0.97680 0.95517 0.97931 0.97957 0.92818 0.92333 0.92751
5mbn00 154 0.99589 0.98150 0.98869 0.99990 0.95992 0.91572 0.94347
1aa900 172 0.99990 0.99632 0.99706 0.99991 0.99632 0.98234 0.98970
1chrA1 370 0.98213 0.99423 0.99337 0.99990 0.98299 0.9902 0.98011
1ct9A1 497 0.98230 0.98913 0.99723 0.99403 0.99382 0.98124 0.98550
1gnp00 167 0.99993 0.99990 0.99991 0.99993 0.99991 0.99365 1.00010
1qraA0 166 0.99992 0.99991 0.99991 0.99994 0.99992 0.99990 0.99991
2mnr01 358 0.98532 0.99633 1.00000 0.99990 0.98685 0.98287 0.99021
4enl01 437 0.98166 0.99990 0.99991 0.99990 0.98842 0.98793 0.99990
5p2100 167 0.99991 0.99354 0.99515 0.99992 0.98627 0.97981 0.99354
6q21A0 171 0.99991 0.99990 0.99991 0.99992 1.00000 0.98469 0.99990
6xia00 388 0.98139 0.98782 0.98410 0.99831 0.98816 0.98072 0.98647
1cd800 115 0.99994 0.99994 0.99991 0.99994 0.99991 0.99991 0.99993
1cdb00 106 0.99993 0.99994 0.99991 0.99995 0.99991 0.99991 0.99993
1ci5A0 95 0.99993 0.99992 0.99992 0.99992 0.97606 0.99444 0.99991
1hnf01 180 0.99993 0.99993 0.99990 0.99994 0.99991 0.99990 0.99991
1neu00 117 0.99991 0.99991 0.99732 0.99992 0.99991 0.99889 0.99991
1qa9A0 102 0.99995 0.99996 0.99993 0.99996 0.99992 0.99993 0.99994
1qfoA0 115 0.99994 0.99993 0.99991 0.99995 0.99991 0.99991 0.99993
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Continued from Table B.1

Protein 2lhb00 2vhbA0 3sdhA0 5mbn00 1aa900 1chrA1 1ct9A1
Length

1ASH00 148 0.91765 0.93155 0.89091 0.92909 0.97204 0.97261 0.97676
1babA0 142 0.96649 0.98917 0.96092 0.96711 0.99991 0.99712 0.99990
1babB0 146 0.97838 0.99422 0.94943 0.97328 0.99991 0.99971 0.99360
1cnpA0 90 0.96865 0.98846 0.95977 0.99383 0.99338 0.99990 0.99424
1eca00 137 0.94919 0.94133 0.92529 0.95581 0.97940 0.98991 0.98422
1flp00 143 0.95459 0.98563 0.93218 0.97842 0.98823 0.99020 0.99595
1hlb00 158 0.99351 0.9999 0.97514 0.96506 0.99991 0.97434 0.98124
1hlm00 159 0.99992 0.99991 0.9768 0.99589 0.99990 0.98213 0.98230
1ithA0 141 0.95459 0.98072 0.95517 0.98150 0.99632 0.99423 0.98913
1jhgA0 101 0.99351 0.99487 0.97931 0.98869 0.99706 0.99337 0.99723
1lh200 154 0.9999 0.99991 0.97957 0.99990 0.99991 0.99990 0.99403
1mba00 147 0.94054 0.96083 0.92818 0.95992 0.99632 0.98299 0.99382
1myt00 146 0.94054 0.96444 0.92333 0.91572 0.98234 0.99020 0.98124
2hbg00 148 0.96055 0.96375 0.92751 0.94347 0.98970 0.98011 0.98550
2lhb00 150 0.02378 0.99990 0.94919 0.97636 1.00000 0.99712 0.99296
2vhbA0 137 0.99990 0.02051 0.94598 0.95683 0.99991 0.99885 0.98571
3sdhA0 145 0.94919 0.94598 0.02874 0.99991 0.99991 0.99990 0.99446
5mbn00 154 0.97636 0.95683 0.99991 0.01953 0.98087 0.98905 0.97783
1aa900 172 1.00000 0.99991 0.99991 0.98087 0.01104 0.98501 0.99851
1chrA1 370 0.99712 0.99885 0.9999 0.98905 0.98501 0.05592 0.92900
1ct9A1 497 0.99296 0.98571 0.99446 0.97783 0.99851 0.92900 0.09872
1gnp00 167 0.99991 0.99992 0.99994 1.00000 0.94555 0.98213 0.98422
1qraA0 166 0.99993 0.99991 0.99993 0.99845 0.96247 0.97204 0.99808
2mnr01 358 0.99991 0.99990 0.99991 0.97615 0.99990 0.86394 0.93646
4enl01 437 0.99991 0.99566 0.99990 0.99035 0.99991 0.91096 0.94051
5p2100 167 0.99990 0.99758 0.99992 0.97819 0.94702 0.98357 0.98955
6q21A0 171 0.99992 0.99991 0.99992 0.98698 0.93451 0.98559 0.98273
6xia00 388 0.99990 0.97801 0.99391 0.97395 0.99990 0.91554 0.95267
1cd800 115 0.99994 0.99995 0.99996 0.99991 0.99991 0.99992 0.99991
1cdb00 106 0.99994 0.99995 0.99997 0.99990 0.99991 0.99991 0.99991
1ci5A0 95 0.99992 0.99993 0.99993 0.97842 0.99991 0.99991 0.99991
1hnf01 180 0.99992 0.99992 0.99993 0.99841 0.99926 0.99452 0.98934
1neu00 117 0.99991 0.99993 0.99992 0.98869 0.99485 0.99992 1.00009
1qa9A0 102 1.00006 0.99995 0.99998 0.99993 0.99992 0.99990 0.99990
1qfoA0 115 0.99994 0.99995 1.00004 0.99794 0.99990 0.99991 0.99991

Continued on the next page.



APPENDIX B. ONE-DIMENSIONAL NCD, CHEW-KEDEM DATA-SET 96

Continued from Table B.1

Protein 1gnp00 1qraA0 2mnr01 4enl01 5p2100 6q21A0 6xia00
Length

1ASH00 148 0.98175 0.99380 0.97768 0.98793 0.96365 0.96365 0.97936
1babA0 142 0.99992 0.99993 0.99480 0.99991 0.99991 0.99991 0.99560
1babB0 146 0.99993 0.99992 0.99969 0.99990 0.99991 0.99991 0.99865
1cnpA0 90 0.99990 0.99767 0.99991 0.99991 0.99192 0.99192 0.99990
1eca00 137 0.98651 0.99302 0.98135 0.99252 0.97577 0.97577 0.97970
1flp00 143 0.99991 0.99991 0.98777 0.99662 0.98788 0.98788 0.98410
1hlb00 158 0.99993 0.99993 0.98349 0.98118 0.99991 0.99991 0.98342
1hlm00 159 0.99993 0.99992 0.98532 0.98166 0.99991 0.99991 0.98139
1ithA0 141 0.99990 0.99991 0.99633 0.99990 0.99354 0.99354 0.98782
1jhgA0 101 0.99991 0.99991 1.00000 0.99991 0.99515 0.99515 0.98410
1lh200 154 0.99993 0.99994 0.99990 0.99990 0.99992 0.99992 0.99831
1mba00 147 0.99991 0.99992 0.98685 0.98842 0.98627 0.98627 0.98816
1myt00 146 0.99365 0.99990 0.98287 0.98793 0.97981 0.97981 0.98072
2hbg00 148 1.00010 0.99991 0.99021 0.9999 0.99354 0.99354 0.98647
2lhb00 150 0.99991 0.99993 0.99991 0.99991 0.99990 0.99990 0.99990
2vhbA0 137 0.99992 0.99991 0.99990 0.99566 0.99758 0.99758 0.97801
3sdhA0 145 0.99994 0.99993 0.99991 0.99990 0.99992 0.99992 0.99391
5mbn00 154 1.00000 0.99845 0.97615 0.99035 0.97819 0.97819 0.97395
1aa900 172 0.94555 0.96247 0.99990 0.99991 0.94702 0.94702 0.99990
1chrA1 370 0.98213 0.97204 0.86394 0.91096 0.98357 0.98357 0.91554
1ct9A1 497 0.98422 0.99808 0.93646 0.94051 0.98955 0.98955 0.95267
1gnp00 167 0.01429 0.73178 0.97431 0.98962 0.46429 0.46429 0.99222
1qraA0 166 0.73178 0.01628 0.97737 0.98649 0.61318 0.61318 0.97327
2mnr01 358 0.97431 0.97737 0.03486 0.91844 0.97951 0.97951 0.93058
4enl01 437 0.98962 0.98649 0.91844 0.06419 0.98480 0.9848 0.93943
5p2100 167 0.46429 0.61318 0.97951 0.98480 0.01535 0.01535 0.98951
6q21A0 171 0.77412 0.74426 0.97003 0.97563 0.76723 0.76723 0.97801
6xia00 388 0.99222 0.97327 0.93058 0.93943 0.98951 0.98951 0.11637
1cd800 115 0.99365 0.96977 0.99991 0.99991 0.99838 0.99838 0.99992
1cdb00 106 0.98492 0.96899 0.99991 0.99991 0.98708 0.98708 0.99991
1ci5A0 95 0.97698 0.97364 0.99992 0.99992 0.97981 0.97981 0.99992
1hnf01 180 0.97381 0.95426 0.97125 0.98962 0.97136 0.97136 0.99991
1neu00 117 0.97778 0.95194 0.99991 0.99991 0.97496 0.97496 0.99992
1qa9A0 102 0.99444 0.97519 0.99990 0.99992 0.99677 0.99677 0.99991
1qfoA0 115 0.98889 0.97209 0.99991 0.99992 0.99031 0.99031 0.99992

Continued on the next page.



APPENDIX B. ONE-DIMENSIONAL NCD, CHEW-KEDEM DATA-SET 97

Continued from Table B.1

Protein 1cd800 1cdb00 1ci5A0 1hnf01 1neu00 1qa9A0 1qfoA0
Length

1ASH00 148 0.99572 0.99990 0.99893 0.98648 0.98610 0.99991 0.99990
1babA0 142 0.99994 0.99995 0.99993 0.99992 0.99993 0.99996 0.99995
1babB0 146 0.99996 0.99995 0.99992 0.99992 0.99992 0.99996 0.99994
1cnpA0 90 0.99310 0.99511 0.99153 0.99990 0.98391 0.99991 0.99345
1eca00 137 0.99990 0.99991 0.98597 0.99920 0.98852 0.99992 0.99993
1flp00 143 0.99992 0.99992 0.99990 0.99991 0.99521 0.99993 0.99991
1hlb00 158 0.99995 0.99993 0.99993 0.99993 0.99992 0.99996 0.99995
1hlm00 159 0.99994 0.99993 0.99993 0.99993 0.99991 0.99995 0.99994
1ithA0 141 0.99994 0.99994 0.99992 0.99993 0.99991 0.99996 0.99993
1jhgA0 101 0.99991 0.99991 0.99992 0.99990 0.99732 0.99993 0.99991
1lh200 154 0.99994 0.99995 0.99992 0.99994 0.99992 0.99996 0.99995
1mba00 147 0.99991 0.99991 0.97606 0.99991 0.99991 0.99992 0.99991
1myt00 146 0.99991 0.99991 0.99444 0.99990 0.99889 0.99993 0.99991
2hbg00 148 0.99993 0.99993 0.99991 0.99991 0.99991 0.99994 0.99993
2lhb00 150 0.99994 0.99994 0.99992 0.99992 0.99991 1.00006 0.99994
2vhbA0 137 0.99995 0.99995 0.99993 0.99992 0.99993 0.99995 0.99995
3sdhA0 145 0.99996 0.99997 0.99993 0.99993 0.99992 0.99998 1.00004
5mbn00 154 0.99991 0.99990 0.97842 0.99841 0.98869 0.99993 0.99794
1aa900 172 0.99991 0.99991 0.99991 0.99926 0.99485 0.99992 0.99990
1chrA1 370 0.99992 0.99991 0.99991 0.99452 0.99992 0.99990 0.99991
1ct9A1 497 0.99991 0.99991 0.99991 0.98934 1.00009 0.99990 0.99991
1gnp00 167 0.99365 0.98492 0.97698 0.97381 0.97778 0.99444 0.98889
1qraA0 166 0.96977 0.96899 0.97364 0.95426 0.95194 0.97519 0.97209
2mnr01 358 0.99991 0.99991 0.99992 0.97125 0.99991 0.99990 0.99991
4enl01 437 0.99991 0.99991 0.99992 0.98962 0.99991 0.99992 0.99992
5p2100 167 0.99838 0.98708 0.97981 0.97136 0.97496 0.99677 0.99031
6q21A0 171 0.98775 0.97243 0.97014 0.95482 0.96708 0.98545 0.98775
6xia00 388 0.99992 0.99991 0.99992 0.99991 0.99992 0.99991 0.99992
1cd800 115 0.03448 0.99990 0.98483 0.98886 0.97855 0.99991 0.97772
1cdb00 106 0.99990 0.03589 0.95759 0.97056 0.94370 0.95032 0.96592
1ci5A0 95 0.98483 0.95759 0.03898 0.96738 0.94102 0.94071 0.96723
1hnf01 180 0.98886 0.97056 0.96738 0.01512 0.97454 0.95147 0.99991
1neu00 117 0.97855 0.94370 0.94102 0.97454 0.03485 0.99993 0.98427
1qa9A0 102 0.99991 0.95032 0.94071 0.95147 0.99993 0.03686 0.93578
1qfoA0 115 0.97772 0.96592 0.96723 0.99991 0.98427 0.93578 0.03277
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Table C.1: The average of the NCD values for 10 independent experiments for Chew-Kedem
proteins , for two-dimensional implementation of the NCD.

Protein 1ASH 1babA 1babB 1cnpA 1eca 1flp 1hlb
Length

1ASH 148 0.02151 0.72133 0.65591 0.84946 0.73656 0.70251 0.68994
1babA 142 0.72133 0.02915 0.68733 0.89407 0.66375 0.68481 0.78387
1babB 146 0.65591 0.68733 0.02066 0.86882 0.68104 0.65768 0.72402
1cnpA 90 0.84946 0.89407 0.86882 0.01678 0.82186 0.82426 0.84123
1eca 137 0.73656 0.66375 0.68104 0.82186 0.01012 0.6533 0.75229
1flp 143 0.70251 0.68481 0.65768 0.82426 0.6533 0.01719 0.72402
1hlb 158 0.68994 0.78387 0.72402 0.84123 0.75229 0.72402 0.00665
1hlm 159 0.70256 0.79829 0.73504 0.86068 0.74274 0.72735 0.50457
1ithA 141 0.71147 0.65485 0.61366 0.81063 0.64739 0.6166 0.76226
1jhgA 101 0.86738 0.87755 0.85984 0.59732 0.8249 0.83763 0.83375
1lh2 154 0.70122 0.79268 0.71254 0.87544 0.79007 0.75087 0.69244
1mba 147 0.67954 0.72695 0.62599 0.83143 0.70676 0.62248 0.71239
1myt 146 0.68907 0.64663 0.62893 0.84791 0.6612 0.66576 0.72402
2hbg 148 0.66353 0.70377 0.63699 0.86901 0.73031 0.69777 0.72984
2lhb 150 0.68787 0.77523 0.70399 0.84818 0.77947 0.70314 0.64672

2vhbA 137 0.7491 0.7172 0.74573 0.84592 0.65081 0.69054 0.78304
3sdhA 145 0.65639 0.70044 0.65198 0.83348 0.70485 0.62819 0.66417
5mbn 154 0.70335 0.71711 0.63113 0.84265 0.72571 0.6466 0.66334
1aa9 172 0.83901 0.88073 0.82139 0.88014 0.83608 0.8114 0.78907
1chrA 370 0.93928 0.94138 0.93274 0.96123 0.92784 0.93251 0.9234
1ct9A 497 0.9638 0.97337 0.96659 0.96867 0.97111 0.97302 0.94796
1gnp 167 0.81314 0.86791 0.79639 0.86405 0.82925 0.81701 0.74613
1qraA 166 0.82124 0.89573 0.83161 0.89637 0.83096 0.83873 0.78433
2mnr 358 0.92302 0.93597 0.92103 0.94743 0.91903 0.91829 0.91305
4enl 437 0.93994 0.94191 0.92773 0.96573 0.93935 0.91709 0.9297
5p21 167 0.7925 0.85779 0.78151 0.86296 0.81836 0.80414 0.74337

6q21A 171 0.83448 0.85572 0.8326 0.87695 0.81636 0.85322 0.80887
6xia 388 0.95169 0.97101 0.95706 0.96082 0.95196 0.95169 0.93237
1cd8 115 0.84319 0.83965 0.80952 0.84494 0.78036 0.7937 0.80715
1cdb 106 0.82258 0.85228 0.80413 0.77063 0.76822 0.82044 0.80632
1ci5A 95 0.91577 0.90768 0.88859 0.71795 0.87652 0.87775 0.87116
1hnf 180 0.8346 0.86364 0.80114 0.88826 0.81376 0.80934 0.78409
1neu 117 0.87007 0.87075 0.82659 0.87006 0.78947 0.83572 0.81796

1qa9A 102 0.8871 0.90865 0.85714 0.76756 0.85931 0.84432 0.84871
1qfoA 115 0.85573 0.87755 0.83738 0.85923 0.81579 0.8405 0.81546
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Continued from Table C.1

Protein 1hlm 1ithA 1jhgA 1lh2 1mba 1myt 2hbg
Length

1ASH00 148 0.70256 0.71147 0.86738 0.70122 0.67954 0.68907 0.66353
1babA0 142 0.79829 0.65485 0.87755 0.79268 0.72695 0.64663 0.70377
1babB0 146 0.73504 0.61366 0.85984 0.71254 0.62599 0.62893 0.63699
1cnpA0 90 0.86068 0.81063 0.59732 0.87544 0.83143 0.84791 0.86901
1eca00 137 0.74274 0.64739 0.8249 0.79007 0.70676 0.6612 0.73031
1flp00 143 0.72735 0.6166 0.83763 0.75087 0.62248 0.66576 0.69777
1hlb00 158 0.50457 0.76226 0.83375 0.69244 0.71239 0.72402 0.72984
1hlm00 159 0.00427 0.77607 0.85812 0.68205 0.73932 0.75641 0.73077
1ithA0 141 0.77607 0.03172 0.82836 0.76045 0.65145 0.64299 0.7149
1jhgA0 101 0.85812 0.82836 -0.02293 0.89460 0.85777 0.8388 0.8476
1lh200 154 0.68205 0.76045 0.8946 0.02439 0.72474 0.74739 0.73288
1mba00 147 0.73932 0.65145 0.85777 0.72474 0.02722 0.70676 0.66267
1myt00 146 0.75641 0.64299 0.8388 0.74739 0.70676 0.02368 0.6661
2hbg00 148 0.73077 0.7149 0.8476 0.73288 0.66267 0.6661 0.01541
2lhb00 150 0.64546 0.74046 0.83885 0.73367 0.68617 0.74979 0.72519
2vhbA0 137 0.80171 0.6931 0.79592 0.81446 0.77085 0.75683 0.7774
3sdhA0 145 0.72821 0.6793 0.83172 0.73606 0.64091 0.67313 0.69007
5mbn00 154 0.6641 0.63285 0.84609 0.65262 0.6423 0.71023 0.68065
1aa900 172 0.79965 0.86369 0.86604 0.87192 0.84078 0.8537 0.8396
1chrA1 370 0.92667 0.92807 0.94675 0.94699 0.9283 0.93251 0.92994
1ct9A1 497 0.94657 0.96867 0.96136 0.96432 0.96954 0.96746 0.96606
1gnp00 167 0.77126 0.83956 0.86856 0.8357 0.80799 0.84536 0.81701
1qraA0 166 0.79793 0.85104 0.8886 0.84521 0.83679 0.8737 0.82707
2mnr01 358 0.92202 0.92053 0.93971 0.93398 0.9295 0.91729 0.91829
4enl01 437 0.93285 0.94151 0.96495 0.93816 0.93816 0.93423 0.94033
5p2100 167 0.77893 0.8203 0.86425 0.81448 0.79767 0.81383 0.80802
6q21A0 171 0.82948 0.86134 0.8757 0.84635 0.84447 0.84947 0.84447
6xia00 388 0.93747 0.95035 0.95384 0.95894 0.94981 0.95303 0.94954
1cd800 115 0.81197 0.78172 0.79641 0.8676 0.83933 0.82605 0.85274
1cdb00 106 0.83761 0.81716 0.69417 0.89024 0.82529 0.82605 0.84075
1ci5A0 95 0.88547 0.86754 0.73954 0.93293 0.91045 0.89344 0.88099
1hnf01 180 0.7822 0.82955 0.85227 0.8548 0.8447 0.82386 0.81881
1neu00 117 0.84701 0.82183 0.82432 0.89808 0.86479 0.83424 0.86815
1qa9A0 102 0.86239 0.86007 0.67433 0.92596 0.88323 0.88342 0.88955
1qfoA0 115 0.84103 0.8209 0.82899 0.89808 0.87182 0.83971 0.87158
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Continued from Table C.1

Protein 2lhb00 2vhbA0 3sdhA0 5mbn00 1aa900 1chrA1 1ct9A1
Length

1ASH00 148 0.68787 0.7491 0.65639 0.70335 0.83901 0.93928 0.9638
1babA0 142 0.77523 0.7172 0.70044 0.71711 0.88073 0.94138 0.97337
1babB0 146 0.70399 0.74573 0.65198 0.63113 0.82139 0.93274 0.96659
1cnpA0 90 0.84818 0.84592 0.83348 0.84265 0.88014 0.96123 0.96867
1eca00 137 0.77947 0.65081 0.70485 0.72571 0.83608 0.92784 0.97111
1flp00 143 0.70314 0.69054 0.62819 0.6466 0.8114 0.93251 0.97302
1hlb00 158 0.64672 0.78304 0.66417 0.66334 0.78907 0.9234 0.94796
1hlm00 159 0.64546 0.80171 0.72821 0.6641 0.79965 0.92667 0.94657
1ithA0 141 0.74046 0.6931 0.6793 0.63285 0.86369 0.92807 0.96867
1jhgA0 101 0.83885 0.79592 0.83172 0.84609 0.86604 0.94675 0.96136
1lh200 154 0.73367 0.81446 0.73606 0.65262 0.87192 0.94699 0.96432
1mba00 147 0.68617 0.77085 0.64091 0.6423 0.84078 0.9283 0.96954
1myt00 146 0.74979 0.75683 0.67313 0.71023 0.8537 0.93251 0.96746
2hbg00 148 0.72519 0.7774 0.69007 0.68065 0.8396 0.92994 0.96606
2lhb00 150 0.0017 0.79898 0.67684 0.70483 0.83784 0.93905 0.96537
2vhbA0 137 0.79898 0.04898 0.75242 0.76698 0.8631 0.93251 0.9678
3sdhA0 145 0.67684 0.75242 0.04934 0.65864 0.849 0.93531 0.96049
5mbn00 154 0.70483 0.76698 0.65864 0.01462 0.82785 0.92877 0.96537
1aa900 172 0.83784 0.8631 0.849 0.82785 0.0235 0.94745 0.94831
1chrA1 370 0.93905 0.93251 0.93531 0.92877 0.94745 -0.01074 0.89436
1ct9A1 497 0.96537 0.9678 0.96049 0.96537 0.94831 0.89436 0.00313
1gnp00 167 0.8125 0.86534 0.8183 0.79059 0.46063 0.94675 0.92673
1qraA0 166 0.81282 0.87306 0.81606 0.81477 0.64395 0.94792 0.92847
2mnr01 358 0.93224 0.92252 0.92003 0.92128 0.92402 0.64269 0.88879
4enl01 437 0.95037 0.94072 0.9362 0.93048 0.94407 0.82946 0.83745
5p2100 167 0.79121 0.85844 0.80349 0.77634 0.47121 0.94722 0.93247
6q21A0 171 0.82448 0.87383 0.8326 0.81387 0.62103 0.94232 0.94744
6xia00 388 0.94793 0.95733 0.94632 0.94874 0.92136 0.805 0.88496
1cd800 115 0.82358 0.77041 0.8185 0.82545 0.87192 0.95446 0.9732
1cdb00 106 0.84224 0.77857 0.8185 0.84609 0.88073 0.95002 0.96572
1ci5A0 95 0.90416 0.86633 0.86608 0.91316 0.92009 0.97221 0.98294
1hnf01 180 0.79167 0.84848 0.8024 0.82134 0.77145 0.93041 0.91733
1neu00 117 0.85411 0.81939 0.8326 0.8693 0.90482 0.95773 0.97616
1qa9A0 102 0.86429 0.84796 0.88282 0.89768 0.89835 0.96941 0.97772
1qfoA0 115 0.82188 0.78163 0.81938 0.8736 0.86604 0.95539 0.98016

Continued on the next page.
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Continued from Table C.1

Protein 1gnp00 1qraA0 2mnr01 4enl01 5p2100 6q21A0 6xia00
Length

1ASH00 148 0.81314 0.82124 0.92302 0.93994 0.7925 0.83448 0.95169
1babA0 142 0.86791 0.89573 0.93597 0.94191 0.85779 0.85572 0.97101
1babB0 146 0.79639 0.83161 0.92103 0.92773 0.78151 0.8326 0.95706
1cnpA0 90 0.86405 0.89637 0.94743 0.96573 0.86296 0.87695 0.96082
1eca00 137 0.82925 0.83096 0.91903 0.93935 0.81836 0.81636 0.95196
1flp00 143 0.81701 0.83873 0.91829 0.91709 0.80414 0.85322 0.95169
1hlb00 158 0.74613 0.78433 0.91305 0.9297 0.74337 0.80887 0.93237
1hlm00 159 0.77126 0.79793 0.92202 0.93285 0.77893 0.82948 0.93747
1ithA0 141 0.83956 0.85104 0.92053 0.94151 0.8203 0.86134 0.95035
1jhgA0 101 0.86856 0.8886 0.93971 0.96495 0.86425 0.8757 0.95384
1lh200 154 0.8357 0.84521 0.93398 0.93816 0.81448 0.84635 0.95894
1mba00 147 0.80799 0.83679 0.9295 0.93816 0.79767 0.84447 0.94981
1myt00 146 0.84536 0.8737 0.91729 0.93423 0.81383 0.84947 0.95303
2hbg00 148 0.81701 0.82707 0.91829 0.94033 0.80802 0.84447 0.94954
2lhb00 150 0.8125 0.81282 0.93224 0.95037 0.79121 0.82448 0.94793
2vhbA0 137 0.86534 0.87306 0.92252 0.94072 0.85844 0.87383 0.95733
3sdhA0 145 0.8183 0.81606 0.92003 0.9362 0.80349 0.8326 0.94632
5mbn00 154 0.79059 0.81477 0.92128 0.93048 0.77634 0.81387 0.94874
1aa900 172 0.46063 0.64395 0.92402 0.94407 0.47121 0.62103 0.92136
1chrA1 370 0.94675 0.94792 0.64269 0.82946 0.94722 0.94232 0.805
1ct9A1 497 0.92673 0.92847 0.88879 0.83745 0.93247 0.94744 0.88496
1gnp00 167 0.04188 0.59149 0.92825 0.94584 0.20619 0.62836 0.93532
1qraA0 166 0.59149 0.03174 0.93548 0.94722 0.57854 0.31918 0.94337
2mnr01 358 0.92825 0.93548 -0.00747 0.83596 0.92451 0.9422 0.79547
4enl01 437 0.94584 0.94722 0.83596 0.01063 0.94466 0.94722 0.84344
5p2100 167 0.20619 0.57854 0.92451 0.94466 0.03232 0.62836 0.93854
6q21A0 171 0.62836 0.31918 0.9422 0.94722 0.62836 0.01312 0.95464
6xia00 388 0.93532 0.94337 0.79547 0.84344 0.93854 0.95464 -0.00751
1cd800 115 0.8808 0.89443 0.94968 0.94919 0.86619 0.87196 0.97665
1cdb00 106 0.87951 0.90026 0.95491 0.95096 0.85844 0.88007 0.9686
1ci5A0 95 0.92075 0.91256 0.97758 0.97046 0.91661 0.89507 0.99732
1hnf01 180 0.75568 0.77336 0.92626 0.94919 0.76768 0.77577 0.93693
1neu00 117 0.88982 0.90544 0.95092 0.95648 0.88106 0.8857 0.97987
1qa9A0 102 0.91044 0.93135 0.97135 0.97066 0.89657 0.9163 0.99624
1qfoA0 115 0.89562 0.91192 0.95341 0.95451 0.88817 0.89944 0.97907

Continued on the next page.
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Continued from Table C.1

Protein 1cd800 1cdb00 1ci5A0 1hnf01 1neu00 1qa9A0 1qfoA0
Length

1ASH00 148 0.84319 0.82258 0.91577 0.8346 0.87007 0.8871 0.85573
1babA0 142 0.83965 0.85228 0.90768 0.86364 0.87075 0.90865 0.87755
1babB0 146 0.80952 0.80413 0.88859 0.80114 0.82659 0.85714 0.83738
1cnpA0 90 0.84494 0.77063 0.71795 0.88826 0.87006 0.76756 0.85923
1eca00 137 0.78036 0.76822 0.87652 0.81376 0.78947 0.85931 0.81579
1flp00 143 0.7937 0.82044 0.87775 0.80934 0.83572 0.84432 0.8405
1hlb00 158 0.80715 0.80632 0.87116 0.78409 0.81796 0.84871 0.81546
1hlm00 159 0.81197 0.83761 0.88547 0.7822 0.84701 0.86239 0.84103
1ithA0 141 0.78172 0.81716 0.86754 0.82955 0.82183 0.86007 0.8209
1jhgA0 101 0.79641 0.69417 0.73954 0.85227 0.82432 0.67433 0.82899
1lh200 154 0.8676 0.89024 0.93293 0.8548 0.89808 0.92596 0.89808
1mba00 147 0.83933 0.82529 0.91045 0.8447 0.86479 0.88323 0.87182
1myt00 146 0.82605 0.82605 0.89344 0.82386 0.83424 0.88342 0.83971
2hbg00 148 0.85274 0.84075 0.88099 0.81881 0.86815 0.88955 0.87158
2lhb00 150 0.82358 0.84224 0.90416 0.79167 0.85411 0.86429 0.82188
2vhbA0 137 0.77041 0.77857 0.86633 0.84848 0.81939 0.84796 0.78163
3sdhA0 145 0.8185 0.8185 0.86608 0.8024 0.8326 0.88282 0.81938
5mbn00 154 0.82545 0.84609 0.91316 0.82134 0.8693 0.89768 0.8736
1aa900 172 0.87192 0.88073 0.92009 0.77145 0.90482 0.89835 0.86604
1chrA1 370 0.95446 0.95002 0.97221 0.93041 0.95773 0.96941 0.95539
1ct9A1 497 0.9732 0.96572 0.98294 0.91733 0.97616 0.97772 0.98016
1gnp00 167 0.8808 0.87951 0.92075 0.75568 0.88982 0.91044 0.89562
1qraA0 166 0.89443 0.90026 0.91256 0.77336 0.90544 0.93135 0.91192
2mnr01 358 0.94968 0.95491 0.97758 0.92626 0.95092 0.97135 0.95341
4enl01 437 0.94919 0.95096 0.97046 0.94919 0.95648 0.97066 0.95451
5p2100 167 0.86619 0.85844 0.91661 0.76768 0.88106 0.89657 0.88817
6q21A0 171 0.87196 0.88007 0.89507 0.77577 0.8857 0.9163 0.89944
6xia00 388 0.97665 0.9686 0.99732 0.93693 0.97987 0.99624 0.97907
1cd800 115 -0.01582 0.74684 0.87447 0.85354 0.67775 0.80591 0.60167
1cdb00 106 0.74684 0.0267 0.76942 0.80303 0.79314 0.69053 0.75808
1ci5A0 95 0.87447 0.76942 0.04723 0.88699 0.91476 0.81865 0.92596
1hnf01 180 0.85354 0.80303 0.88699 0.01768 0.90215 0.78283 0.87689
1neu00 117 0.67775 0.79314 0.91476 0.90215 0.05198 0.86279 0.68295
1qa9A0 102 0.80591 0.69053 0.81865 0.78283 0.86279 0.06258 0.8634
1qfoA0 115 0.60167 0.75808 0.92596 0.87689 0.68295 0.8634 0.04901
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