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Abstract 

One-dimensional protein sequences, two-dimensional contact maps and three-

dimensional structures are three different representational levels of detail for proteins. 

Various studies have attempted to predict protein three-dimensional structures from their 

one-dimensional sequences; however, the problem of protein structure prediction remains 

one of the complex challenges of bioinformatics.  The ―Divide and Conquer‖ principle is 

applied in our research in an attempt to handle such a complex challenge, by dividing it 

into two separate yet dependent subproblems, using a Case-Based Reasoning (CBR) 

approach.  Firstly, two-dimensional contact maps are predicted from their one-

dimensional protein sequences; secondly, three-dimensional protein structures are then 

predicted from their predicted two-dimensional contact maps. 

 In this thesis, we focus on the problem of identifying common substructural 

patterns of protein contact maps using a proposed multi-regional analysis method, which 

could potentially be used as building blocks for a bottom-up approach towards the 

ultimate goal of protein structure prediction. We further demonstrate how to combine 

both protein sequence and structural information for a multi-regional analysis of protein 

contact maps, in an effort to efficiently determine their common substructures. We assess 

the consistency and the efficiency of identifying common substructural patterns by 

conducting statistical analyses on several subsets of the experimental results with 

different sequence and structural information 
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Chapter 1 

Introduction 

After the entire human genome sequence was revealed in April 2003, the need to predict 

protein structures from protein sequence has dramatically increased [1].  A protein 

sequence is a large chain of amino acids that is connected via peptide bonds. Proteins are 

essential to the human body since they perform several biological functions that are vital 

for any living cell. They transport oxygen and ions, serve as information transferor 

(hormones), catalyze almost all chemical reactions in the human body, and also protect 

the body from foreign invaders.  
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1.1 Problem 

Predicting unknown protein structures is important to the discovery of the functions of 

proteins, since the 3D protein structure determines the functional properties of the 

protein. Therefore, many approaches have been proposed for protein structure prediction. 

These approaches vary from time-consuming and relatively expensive experimental 

methods (e.g., X-ray crystallography [33] and NMR spectroscopy [34]), to less expensive 

computational methods (e.g., ab-initio protein modeling [35], comparative protein 

modeling [36], and side-chain geometry prediction [37]). 

    Despite the exhaustive research done in an effort to reliably predict the 

structure of proteins from their sequences, the gap between known protein sequences and 

computationally predicted protein structures is continuously growing [3]. The main issue 

here is that it is computationally complex to reliably predict the full 3D structure of a 

protein from its 1D sequence.  

    Our research involves a two-step approach to solve this problem. The goal of 

the first step is to predict contacts between amino acids using sequence information. The 

goal of the second step is to predict the protein structure using its predicted contact      

map [8]. Since contact prediction offers a possible shortcut to predict protein tertiary 

structure, researchers have considered various approaches with encouraging results for 

predicting protein contact maps
1
 from sequence information and structural features. 

                                                      

1
 Contact maps are two-dimensional representation of the full three-dimensional structure of proteins.  
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Approaches of protein contact map prediction vary from those that apply neural   

networks [38][39][40] to those that consider support vector machines [41], and 

association rules [42]. Various Statistical approaches have also been attempted including 

correlated mutations [43][44][45], and hidden Markov models [46]. In [47], contact 

prediction method is proposed that combines alignment information, secondary structure 

predictions, and solvent accessibility.  

        Our research, however, focuses on protein structure prediction from contact 

maps. In particular, we apply a Case-base Reasoning (CBR) framework [32] to determine 

the alignment of secondary structures based on previous experiences stored in a case 

base, along with detailed knowledge of the chemical and physical properties of     

proteins [8].  The proposed CBR framework is based on the premise that similar 

problems have similar solutions. CBR solves new problems (e.g., protein structure 

prediction) by adapting the most similar retrieved solutions of previously solved 

problems.  Several challenges arise here: first, how to retrieve the contact maps from the 

case-base with the most similar solutions (substructural patterns); second, how to adapt 

the new problem ―query protein‖ to the retrieved solutions ―template proteins‖; third, 

how to evaluate the adapted solution in an attempt to have a close solution to the native 

structure of the query protein, which will be saved as a new case in the repository of the 

CBR system for a later use. These three challenges correspond to the three main phases 

of our CBR system: Retrieval, Adaptation, and Evaluation [4]. 
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    The main challenge of the Retrieval phase for our problem domain is to find the 

template contact maps with the most similar solutions to the query contact map. Thus, it 

is necessary to have a robust similarity measure for contact maps to reliably compare 

each new contact map (i.e., a new case), with the contact maps in the case-base (i.e., 

previously solved cases). This measure should be used so that the retrieved contact maps 

from the case-base have substructural patterns that are in common with the new contact 

map. There are two different approaches to quantify the similarity between a pair of 

contact maps: alignment-based and alignment-free.  

The first approach, alignment-based, quantifies the amount of similarity between 

contact maps by aligning two contact map graphs. Unlike sequence alignment, contact 

map alignment is an NP-complete
2
 problem, even in the pair-wise case, since the solution 

to this problem will involve, for instance, the computation of maximum common sub-

graphs [5].  

The second approach, alignment-free, attempts to quantify the similarity between 

a pair of contact maps without having to align them, avoiding the NP-Complete problem 

of contact map alignment. The Universal Similarity Metric (USM) is an example of 

alignment-free approach that was developed for our system [6]. The USM is an 

alignment-free distance function that can capture all the characteristics of similarity 

between any two objects, quantifying the distance between them [7].  

 

                                                      

2
 NP-Complete is the class of the hardest computable problems in computer science.  
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1.2 Motivation 

The USM approach, however, does not align contact maps; rather, it quantifies the global 

similarity between a pair of contact maps without determining the regions of similarity. 

Locating these regions would serve to identify common substructural patterns between 

the query contact map (unknown structure), and every similar retrieved template contact 

map (known structure) from the case-base, which is crucial for the Adaptation phase of 

the CBR system. The main objective of this phase is to adapt the retrieved solutions to 

the new problem in the following way. All amino acid residues in the common 

substructural patterns for the current query contact map that have corresponding residues 

in the template structure are given the coordinate information from these residues [8]. 

This thesis primarily focuses on the Adaptation phase, with the goal of identifying 

common substructural patterns in pairs of contact maps, using both sequence and 

structural information. 

1.2.1 Goals and Objectives 

Hence, the main goal of this thesis is to locate regions of local similarity between pairs of 

contact maps. The reasons behind this goal are: 

1. Locating similar regions in contact maps would identify common sub-secondary 

structures which could be used as building blocks for a bottom-up approach to 

protein structure prediction. 
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2. Locating similar regions in contact maps would also help to understand, rather 

than merely quantify, the similarity between contact maps. 

        In order to achieve the goal of identifying common sub-secondary structures in pairs 

of contact maps using sequence information, it is essential, as an objective, to investigate 

the relationship between contact maps similarity and sequences similarity. Understanding 

the relationship between contact map similarity and sequence similarity could provide 

insight into understanding protein similarity relationships, which is useful in the 

following ways:  

1. Understanding protein similarity relationships would lead to the further 

understanding of protein functional similarity and evolutionary relationships. 

2. Understanding protein similarity relationships would also help to evaluate protein 

similarity methods at different levels of detail.  

1.3 Research Hypothesis  

The main research hypothesis of this thesis assumes that sequence information can help 

to identify local similarities between a pair of similar contact maps.  Therefore, this thesis 

examines whether sequence similarity information helps to locate regions of similarity in 

contact maps that correspond to the local similarities in the structure of proteins. In other 

more specific words, we study the following research hypothesis: Similar protein sub-

sequences correspond to regions of similarity in contact maps, identifying common sub-

structures in proteins.  
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1.4 Thesis Organization  

The next chapter of this thesis reviews the biological background of the domain of 

this research, providing the reader with the necessary information to understand the 

concepts later used by discussing the main structural levels of proteins: primary, 

secondary, and tertiary structures. Chapter 3 provides a literature review for various 

computational techniques available for protein sequence comparison and contact map 

comparison. Chapter 4 elaborates on the methodology of the research, describing the 

different stages of the experiment conducted to perform the multi-regional analysis of 

contact maps, presenting and analyzing the experimental results of the proposed 

methodology. Finally, Chapter 5 provides the conclusions of the thesis, highlighting both 

the contributions and the limitations of this study. It also presents a set of potential future 

directions that suggests possible further research.  
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Chapter 2 

Background - The Hierarchical 

Nature of Protein Architecture  

 

This chapter reviews the biological background of the domain of this research, 

providing the reader with the necessary information to understand the concepts later used 

in this thesis. It gives an overview of the main structural levels of proteins: primary 

structure, secondary structure, and tertiary structure, as well as other higher structural 

organizations of proteins. This chapter also presents both distance and contact maps as a 

compact two-dimensional representation of protein tertiary structure. 
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2.1 Protein Primary Structure   

Protein primary structure is the simplest way to represent proteins. This 

representation is the sequence of amino acids. Amino Acids are the basic chemical units 

of which all proteins are composed. Each amino acid contains amino group (–NH2) and 

carboxylic acid group (–COOH). There exists many amino acids, yet only 20 standard 

amino acids are common to proteins. As shown in Figure 2-1, each amino acid has the 

general formula NH2–CαR–COOH, where Cα is called the alpha carbon, and R is called 

the side chain. Varying side chains results in different amino acids. For example, if R is 

just a hydrogen atom, this results in Glycine NH2CH2COOH (abbreviated as Gly, or 

simply G), whereas if R is a methyl group (CH3), this results in Alanine 

CH3CH(NH2)COOH (abbreviated as Ala, or simply A). 

 

 

Figure 2-1: General Chemical Structure of Amino Acid 
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2.1.1 Standard Amino Acids 

The twenty amino acids shown in Figure 2-2 are the standard amino acids that are 

naturally incorporated in proteins. Depending on the side chain, R, each amino acid 

varies in shape, charge, acidity, functional groups, hydrogen bonds, and chemical 

reactivity. Each amino acid has an abbreviated three-letter name, as well as a one-letter 

code. For example, the amino acid Histidine is abbreviated as His or simply H.   

 

Figure 2-2: Chemical Structure of the Twenty Standard Amino Acids (Reproduced with 

permission from [27])  



 

11 

 

2.1.2 Amino Acid Classification  

Amino acid residues have different properties that allow them to diverge in the 

chemical reactivity. These properties can greatly affect the overall functional 3D structure 

of proteins and therefore affect how the protein achieves its final conformational shape. 

Depending on the polarity of the side chain, amino acids can be hydrophilic or 

hydrophobic to various degrees [26]. This influences their interaction, whether within the 

protein itself, or with other proteins. The distribution of hydrophilic and hydrophobic 

amino acids determines the tertiary structure of the protein, and their physical location on 

the outside structure of the proteins affects their quaternary structure. 

Amino acids with similar properties can be classified into several groups. 

Common groups of amino acids include: Polar (Hydrophilic), Non-polar (Hydrophobic), 

Acidic (Negatively Charged), Basic (Positively Charged), and Neutral. Polar amino acids 

are generally able to dissolve in water due to the polar nature of the water molecule 

(H2O); that is the reason why they are also called Hydrophilic. On the other hand, Non-

polar amino acids are not dissolvable in water (Hydrophobic). Among the Polar group, 

there are Acidic amino acids whose carboxylic side chains lose an H
+
 ion (proton) and 

therefore they are negatively charged, as well as Basic amino acids which, in contrast, 

accept an H
+
 ion (proton) and therefore they are positively charged. Table 2-1 

summarises the classification of the twenty standard amino acids.    
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Table 2-1:  Classification of the Twenty Standard Amino Acids 

 

 

2.1.3 Peptide Chains 

Amino acids form short polymer chains called peptides or polypeptides which 

eventually form structures called proteins. A polymer is a large molecule composed of 

repeating structural units (amino acids) that are typically connected by covalent chemical 

bonds. Peptide bonds are created through the condensation reaction, which is illustrated 

in Figure 2.3. In this reaction, two amino acids join together within a protein when the 

carboxyl (COOH) group on one amino acid reacts with the amino (NH2) group on 

another amino acid to form a peptide bond (CONH) with the elimination of water (H2O). 
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After losing the water molecule, amino acids are normally referred to as amino acid 

residues, or simply residues, for short.  

 

Figure 2-3: Condensation reaction between two amino acids to form a peptide chain. Through 

this reaction a peptide bond is formed between the carbon atom in Carboxyl group and the 

Nitrogen atom in Amino group after releasing a water molecule (Reproduced with permission 

from [27]). 
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2.2 Protein Secondary Structure  

The native structure of a protein is stabilized when it achieves minimal energy 

conformations of its individual residues. The secondary structure is the formation of 

energetically-favorable structures by hydrogen bonds between main chain atoms of 

amino acids. Two common standard conformations of secondary structures are helices 

and sheets. [55] 

2.2.1 The Hydrogen Bonding Patterns in Helices 

The most common pattern of helix in proteins is the α-helix, in which the NH group of 

residue i is hydrogen bonded to the C=O group
3
 of residue i + 4 (see Figure 2-4). If the 

chain winds up more tightly than in an α-helix, an alternative hydrogen bonded structure, 

called the 310 helix, can form. In a 310 helix, the N-H of residue i forms a hydrogen bond 

to the C=O of residue i + 3. On the other hand, if the chain winds up less tightly than in 

the α-helix, it can form a π-helix, in which the N-H of residue i is hydrogen bonded to the 

C=O of residue i + 5. Both 310 helix and π-helix are very rare in proteins [55], whereas α-

helix is not only  the most common type of helix, but also the major structural element of 

protein structures. The structure of the α-helix was first introduced by Pauling, Corey and 

Branson [56]. The lengths of α-helices vary from 4 or 5 residues to over 40 residues, with 

an average length of about 10 residues [50].  

                                                      

3
 A carbon atom double-bonded to an oxygen atom (C=O) is called a carbonyl group. One of the most 

common carbonyl compounds is Carboxylic acid  -C(=O)OH, or simply written as -COOH.  
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Figure 2-4:  Structural representation of alpha helix showing (a) the alpha carbons only, (b) the 

backbone, and (c) the full structure with hydrogen bonds (in red) between the residue pairs i and i 

+ 4 (Reproduced with permission from [27]). 
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2.2.2 The Hydrogen Bonding Patterns in Sheets 

The other major structural element in protein structures, after helices, is the sheet. A       

β-sheet is formed from separate strands. A pair of adjacent strands in a β-sheet may 

interact in two possible orientations: parallel or antiparallel. A parallel β-sheet has all 

adjacent strands parallel (see Figure 2-5a). In contrast, an antiparallel β-sheet has all 

adjacent strands antiparallel (See Figure 2-5b). A β-sheet can also have mixed (parallel 

and antiparallel) adjacent strands (see Figure 2-5c). Parallel and antiparallel sheets differ 

in hydrogen bonding patterns. The principle is that the main chain hydrogen bonding 

groups (N-H and C=O) are in the plane of the sheet, with N-H and C=O groups from 

successive residues pointing in opposite directions (see Figure 2-6). Unlike α-helix, 

hydrogen binding in β-sheets occurs between neighboring peptide-chains, not inside a 

continuous region. In many proteins, two adjacent parallel strands require a bridging 

segment, often an α-helix, forming a common supersecondary structure called β-α-β unit.    

 

2.3 Supersecondary Structure 

Supersecondary structures, or motifs, are the standard conformation of a region of 

polypeptide chain formed by the interaction of at least two secondary structures in a 

particular geometric arrangement; for example, the β-α-β unit formed by two parallel 

strands of β-sheet connected by an α-helix [55]. The tertiary structure of a protein is 

mainly determined by its supersecondary structures [57] [58].  
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(a)                                                                                     (b) 

 

 

 

 

 

 

 

 

 

 

                                                                   

                                                                      

 

 

                                                                 (c) 

 

Figure 2-5: Cartoon representation for (a) Parallel β-Sheet (b) Anti-parallel β-Sheet (c) Mixed β-

Sheet (Reproduced with permission from [55]). 



 

18 

 

 

Figure 2-6: Atomistic Representation of Parallel and Antiparallel β-sheets (Reproduced with 

permission from [27]). 

 

2.3.1 Domain Structure 

Domain structures are larger associations of at least two supersecondary 

structures, or mixtures of two or more secondary and supersecondary structures. Domain 

structures are also called protein modules which largely correspond to an elemental 

building block of protein folds. Domain structures of proteins usually have specific 

functional properties.  
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2.4 Tertiary Structure 

Tertiary structure is the actual three-dimensional unit, or subunit, of a protein’s 

shape. It is the topological arrangement of all protein’s atoms in space. Tertiary structure 

could generally be described as the total folded conformation of a combination of 

secondary structure elements linked by turns and loops (see Figure 2-7). 

 A protein’s tertiary structure is the principal determinate of its function [59]. 

Unfortunately, the functional properties of many proteins are unclear, since the tertiary 

structures of these proteins are unknown. Although experimental structure determination 

methods are providing high-resolution structural information about a subset of the 

proteins, computational structure prediction methods will provide an inexpensive 

alternative to predict the tertiary structure for the huge amount of protein sequences 

revealed by the genome sequencing projects [1][60]. Protein structure prediction is 

therefore an active research area in bioinformatics.    

 

2.5 Quaternary Structure 

Quaternary structure represents chemically interacting two or more protein 

subunits to form a multi-subunit protein complex (see Figure 2-8). While some proteins 

do not necessarily have such higher-order assembly, quaternary structures are found to be 

especially common in the case of enzymes [61]. Enzymes are globular proteins of sizes 
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ranging from as few as 62 residues to over 2500 residues that catalyze chemical 

reactions.   

 

Figure 2-7: An example of a tertiary structure that consists of eight beta strands with connecting 

alpha helices (Reproduced with permission from [27]). 

 

Figure 2-8: An example of quaternary structure of two interacting protein subunits. (Reproduced 

with permission from [27]).   
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Arthur Lesk in [55] provides an interesting analogy between the nature of protein 

architecture and the analysis of text.  If we consider amino acids correspond to letters, 

then secondary structures would correspond to words, and supersecondary structures 

could be considered as phrases that contain two or more words. In this sense, elements of 

tertiary structure would correspond to complete sentences – this is the level at which true 

individuality appears. Based on this, the domains would correspond to paragraphs, and 

the structure of a full polypeptide chain could be considered as a chapter. Eventually we 

can associate the quaternary structure to the assembly of some chapters into a complete 

book. It is worth mentioning though that not every single protein should necessarily form 

a complete book. 

 

2.6 Two-dimensional Representation of Protein 

Structure  

Analyzing the full three-dimensional structure of proteins is obviously not a 

straightforward task. Therefore, it is necessary to have another simpler, yet well-

representative alternative for the three-dimensional protein structure. A two-dimensional 

representation of protein structures such as distance and contact maps is a good 

alternative. This is because it is readily amenable to machine learning algorithms and it is 

easily transferable back to the real three-dimensional protein structure. Thus, it would be 

a good compromise between the simplicity and the competency.    
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2.6.1 Distance Map 

A distance map, D, for a protein of n amino acids is a two-dimensional n x n 

matrix. Each cell in this matrix represents the distance between the corresponding pair of 

alpha-carbon atoms to this cell as shown in Figure 2-9. The darker the region is, the 

closer the distance of its corresponding atom pairs is, and vice versa. This distance can be 

used to infer the interactions among residues of proteins by constructing another        

same-sized matrix called a contact map. Distance maps are used to generate contact 

maps. Routinely, a contact is said to exist when a certain distance is below a threshold. 

The distance may be that between Cα atoms [57],  Cβ atoms, or it may be the minimum 

distance between any pair of atoms belonging to the side chain or to the backbone of the 

two residues [62][63]. While the best definition for inter-residue distance is the minimum 

distance between side-chain or alpha-carbon atoms with a cut-off distance of around      

1.0 Ångstrom ( 1.0 Å = 0.1 nm)  [64], backbone atom-based definitions (e.g. Cα or Cβ 

distances) with longer distance cut-offs are more readily projected into three     

dimensions [16]. In [20], extensive experimental results show that a cut-off distance of 

Cα, ranging from 10 to 18 Å, allows the reconstruction of 3D models from contact maps 

to be similar to the protein’s native structure 

2.6.2 Contact Map 

Contact maps provide a compact representation of the 3D conformation of a 

protein. They capture useful interaction information that can be used to efficiently 

compare proteins, even if sequence homology is ignored [8]. Sequence homology refers 
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to the situation where protein sequences are similar because they are evolutionarily 

related (i.e., they have a common ancestor); thus, homology suggests that sequences are 

very similar. 

In particular, a contact map, C, is an n x n binary matrix in which each cell 

represents whether or not the corresponding pair of residues to this cell is in contact to 

each other, as shown in Figure 2-10.  An element of the i
th

  and j
th

  residues of a contact 

map, C(i,j), can be defined as follows: 

 

                                  1;    if  D(i,j)    Threshold 

           C(i,j) =   

                                 0;    otherwise 

Where D(i,j) is the equivalent entry in the distance map of the i
th

 and j
th

 residues. 

 

Different secondary structures have distinctive structural patterns in a contact map. These 

patterns could generally help to identify secondary structure elements of proteins. In 

particular, an α-helix appears as an unbroken row of contacts between i, i ± 4 pairs along 

the main diagonal, while beta-sheets appear as an unbroken row of contacts in the off-

diagonal regions [16]. A row of contacts that is parallel to the main diagonal represents a 

pair of parallel β-sheets, while a row of contacts that is perpendicular to the main 

diagonal represents a pair of anti-parallel β-sheets. Furthermore, contacts between 

secondary structure elements could also be recognized through a contact map.  In general, 

contacts between α-helices and other secondary structure elements appear as broken rows 

or ―tire tracks.‖ If the two contacting elements are both helices, then the contacts appear 

http://www.biology-online.org/dictionary/Situation
http://www.biology-online.org/dictionary/Protein
http://www.biology-online.org/dictionary/Sequences
http://www.biology-online.org/dictionary/Similar
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in every 3 or 4 residues in both directions, following the periodicity of the helix. If one of 

the elements is a β-sheet, a periodicity of 2 in the contacts will appear, since the side 

chains in strands alternate between the two sides of the β-sheet [16].  

 

 

 

 

 

 

Figure 2-9: Distance map for a protein of 115 amino acid residues. 

 

 

 

 

 

 

   

Figure 2-10: Contact map for the same protein above (all local contacts that are less than 3.8 Å 

are ignored – See Section 4.4.2  for a detailed reason why local contacts are practically ignored.) 
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Chapter 3 

Computational Techniques  

 

This chapter provides a literature review for various computational techniques available 

for protein sequence comparison and contact maps comparison.  For protein sequence 

comparison, this chapter makes a distinction between local versus global sequence 

alignments, discussing different substitution matrices and techniques available for protein 

sequence comparison. For contact map comparison, this chapter differentiates between 

alignment-based and alignment-free approaches that are frequently used to compare pairs 

of contact maps.  
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3.1 Protein Sequence Comparison 

There are three main variations on the theme of protein sequence comparison.  The first 

one, called Local Sequence Alignment, aims at finding the best local region of similarity 

between two sequences. The best local region is defined as the common subsequence, 

with the maximum score using a standard scoring matrix that best suits the purpose of 

sequence comparison.  The second variation, called Global Sequence Alignment, is much 

more concerned with the best overall global alignment of two sequences. The third 

variation, known as Many Local Alignments, aims at identifying many highly local 

similar regions between pairs of sequences.   

 

3.1.1 Local versus Global Alignment 

The local alignment approach identifies the most similar region(s) shared between two 

sequences, ignoring differences beyond these region(s).  On the other hand, the global 

alignment approach considers the global similarity for the full sequence. Global scores 

require the alignment to begin at the beginning of each sequence and extend to the end of 

each sequence. Therefore, unlike local alignment, global alignment completely aligns 

sequences from beginning-to-end. In general, the choice of the best approach depends on 

the problem under consideration. For example, the global alignment approach is more 

appropriate in the case of building evolutionary trees when homology has already been 

established, while the local alignment approach is usually more appropriate for searching 

protein databases for particular subsequences [71]. In this study, we are interested in 
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identifying similar local subsequences between pairs of sequences to check how well the 

local sequence similarity of these subsequences is actually represented in their 

corresponding local contact map regions. Therefore, the Many Local Alignment method is 

the type of protein sequence comparison that was considered in our experiments.   

 

3.1.2 Standard Pair-wise Alignment Techniques  

There are two general classes in pair-wise sequence comparison algorithms: the first class 

includes rigorous optimal algorithms that are guaranteed to calculate an optimal 

similarity score. These rigorous optimal algorithms include several similarity algorithms: 

the first similarity algorithm, called NeedlemanWunsch algorithm, was introduced by 

Needleman & Wunsch in 1970 for calculating the optimal similarity score of Global 

Sequence Alignment between two sequences [67]. The second similarity algorithm, called 

SmithWaterman algorithm, was introduced by Smith & Waterman in 1981 for calculating 

the optimal similarity score of Local Sequence Alignment between two sequences [68]. 

Another space-efficient similarity algorithm, SIM algorithm [14], was introduced by 

Huang and Miller in 1991 for calculating the optimal similarity score of Many Local 

Alignments between two sequences. Figure 3-1 presents a summary for all these sequence 

comparison algorithms. The second class of pair-wise sequence comparison algorithms 

includes rapid heuristic algorithms that are not guaranteed to calculate an optimal score, 

but their performance is faster compared to the optimal algorithms of the first class. As 

shown in Figure 3-2, these methods are 5–50 times faster than the Smith-Waterman 

algorithm. Smith-Waterman takes around 10 min to find an optimal solution, while rapid 
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heuristic algorithms take (2 min – 20 sec) to find a near-optimal solution. Examples of 

such rapid heuristic algorithms are FASTA [69], which was introduced by Pearson & 

Lipman in 1988, and BLAST [70], which was introduced by Altschul et al. in 1990. 

While such heuristic algorithms can produce results of similar quality to optimal 

algorithms, they are sometimes inappropriate for biological sequence comparison. This is 

because the heuristic method that actually contributes to their rapid execution sometimes 

discards substantial biochemical information of sequences [71]. Moreover, these 

algorithms examine only a portion of the potential alignments between two sequences, 

making the improvement of the performance come at the cost of the quality. Thus, these 

methods are not considered in our research, as we are much more concerned with the 

quality of sequence comparison than the execution time of the comparison process itself. 

 

 

Figure 3-1: Hierarchical summary of sequence comparison algorithms.  
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Figure 3-2: The alignment paths of the optimal and heuristic alignments show the trade-

off between the execution-time and the quality (adapted from [71] ) 

 

3.1.3 Dynamic Programming Algorithms  

Pair-wise protein sequence alignment aims to line up each amino acid residue in one 

sequence with either another residue, or a gap in the other sequence. There are many 

possible alignments for any two sequences with length N and M. For example, the 
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Match             M = +1 

Mismatch             S = -1 

Indel (insertion/deletion)      D = -2   

 

X      A B D D E F G H I 

              x1 x2 x3 x4 x5 x6 x7 x8 x9 
 

Y      A B D E G K H I 

              y1 y2 y3 y4 y5 y6 y7 y8  
 

exhaustive search requires time proportional to O . In general, a good 

alignment is the way that transforms one sequence into the other with the minimum 

number of edits (i.e. mismatch, insertion, and deletion), or in other words, with the 

maximum similarity scores between sequence pairs. Most sequence similarity algorithms 

use the dynamic programming approach to find the local or global alignment between 

pairs of sequences [72]. This approach is particularly useful to calculate the maximum 

similarity scores between two sequences. This is because dynamic programming requires 

time proportional to only O(NM) for any two sequences with lengths N and M, which is 

significantly less than the exhaustive search time. Moreover, dynamic programming 

could be easily visualized with an alignment path as shown in Figure 3-3, Figure 3-4, and       

Figure 3-5.  These figures show global and local alignment paths as solutions to an 

alignment problem adapted from [71]. In this alignment problem, it is required to align 

the following pair of sequences X & Y according to the scoring scheme below:  

   

 

 

 

 Scoring Scheme:  
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The goal along a global alignment path is to maximize the similarity score for the 

alignment between X and Y that starts at the beginning of the alignment matrix, and ends 

at the end of the alignment matrix. Each entry, Aij, in the global alignment matrix, A, is 

calculated as follows: 

 

 

Figure 3-3: One possible global alignment path (optimal score = 2). 
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X      A B D D E F G H I        (top) 

               

Y      A B D  – E G K H I       (side) 

               
 

X      A B D D E F G H I        (top) 

               

Y      A B  – D E G K H I       (side) 

               
 

 

Figure 3-4: Another possible global alignment path (optimal score = 2). 

 

Figure 3-3 and Figure 3-4 show that there are two possible alignments that produce the optimal 

score of 2. The first optimal global alignment: 

 

 

                  Score = 6 (M) + 2 (S) + 1 (D) = 6(1) + 2(-1) + 1(-2) = 6-2-2=   

                  The second optimal global alignment: 

 

 

                  Score = 6 (M) + 2 (S) + 1 (D) = 6(1) + 2(-1) + 1(-2) = 6-2-2=   

2 

2 
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X      A B D     (top) 

               

Y      A B D      (side) 

               
 

The goal along the local alignment path is to maximize the similarity score for the 

alignment between X and Y that starts at any position in the alignment matrix, and ends 

at the maximal value from anywhere in the alignment matrix. In order to have this 

achieved, two minor, yet significant changes were considered. Firstly, the best score must 

be saved at each step, not only at the very last step like in the global alignment case, since 

in local alignment we can end at any position in the matrix. Secondly, a 0 term is added 

to the Max comparison, since every possible starting position must be considered, and 

therefore similarity scores can not fall below zero [71]. Based on this, each entry, Aij, in 

the local alignment matrix, A, is calculated as follows: 

 

As shown in Figure 3-5, there are several near-optimal alignments with scores of 2, but 

the optimal local alignment produces the best score of 3. 

 

The optimal local alignment: 

 

 

 

 

                                             

                                                  Score = 3 (M) = 3(1) =  3 
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Figure 3-5: Optimal local alignment path (best score = 3) 

 

3.1.4 Scoring Matrices  

In practice, applying dynamic programming to quantify the similarity value of protein 

sequence alignment requires a more sophisticated scoring scheme than just adding +1 in 

the case of a match, and applying a cost of -1 in case of a mismatch. The most effective 

matrices are based on the actual frequency of substitutions that occur between related 

proteins. There are three ways in which similarity scoring matrices can differ: their 

construction method, their information content (which is related to the number of 

residues that must be aligned to produce a statistically significant score), and their scale 
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(i.e., the amount of information provided per unit score). Two general approaches have 

been used to construct scoring matrices. The first approach examines several hundred 

alignments between very closely related proteins, and then calculates the frequency with 

which each amino acid residue changed into each of the others at a certain evolutionary 

distance. PAM (Point Accepted Mutation) scoring matrix was produced by Dayhoff et al. 

in 1978 using this approach [18]. In PAM1, as an example, the evolutionary distance is 

considered to be sufficient to change only 1% of the residues (i.e., the evolutionary 

distance is very short).  The PAM1 matrix is used as the basis for calculating other PAM 

matrices by assuming that repeated mutations would follow the same pattern as those in 

the PAM1 matrix, and multiple substitutions can occur at the same site. By following this 

assumption, the PAM250 matrix could be produced by simply multiplying PAM1 against 

itself 250 times. Therefore, PAM250 reflects (or, approximates) the frequency of change 

for proteins that have diverged 250% (i.e., the evolutionary distance is very long).  

As shown in Figure 3-6, if two protein sequences have diverged by 250%, it is 

expected that they will share about 20% sequence identity. The PAM250 matrix has been 

therefore widely used, because 20% sequence identity could generally be considered the 

lower limit of detectable significant similarity. As shown in Figure 3-7, the PAM250 

substitution matrix is a symmetric 20 X 20 matrix. The diagonal elements of   this matrix 

are the scores given to amino-acid identities (i.e., match cases), while the off-diagonal 

elements are the scores used for amino-acid substitutions (i.e., mismatch cases).  
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Figure 3-6: The expected effect of evolutionary distance on protein sequence identity 

(Reproduced from [71]). 

 

Figure 3-7: The PAM 250 scoring matrix (Reproduced from [71]) 
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The first approach of comparing closely related proteins turned out not to work 

very well for aligning evolutionarily divergent sequences. This is because changes of 

sequences over long evolutionary-time scales cannot perfectly be approximated by just 

multiplying small changes that occur over short evolutionary-time scales. Moreover, 

errors in PAM1 are scaled 250 times in PAM250 matrix that is mainly used for 

evolutionarily divergent sequences. The second approach of constructing scoring 

matrices tackled this problem by directly using multiple alignments of evolutionarily 

divergent proteins. This approach examines ―blocks‖ of aligned sequences that differ by 

no more than X%. The lower the X value is, the better the approach is for detecting 

evolutionarily divergent sequences. Conversely, the higher the X value, the better the 

approach for closely related sequences. BLOSUM (BLOcks of Amino Acid SUbstitution 

Matrix)  was  produced  by  Henikoff  and  Henikoff   in  1992,  using  this          

approach [17]. For example, as shown in Figure 3-8, BLOSUM62 matrix is derived from 

substitution data for blocks of aligned sequences that are no more than 62% identical. It is 

worth mentioning that BLOSUM62 is successfully used by the BLAST rapid comparison 

program. BLOSUM62 has shown considerably better performance when using optimal 

gap penalties [20][73].  The fact that the BLOSUM62 matrix did an excellent job in 

detecting similarities for distant sequences makes it more suitable for our experiments, in 

which a non-homologous dataset is used (please see Section 4.2) . It is important not to 

confuse PAM scales with BLOSUM scales. In fact, the higher numbers in the PAM 

matrix (PAM100, PAM250) denote that a larger evolutionary change has taken place, 
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while the higher numbers in the BLOSUM matrix (BLOSUM62, BLOSUM100) denote 

higher sequence similarity; therefore, smaller evolutionary change has taken place.   

 

Figure 3-8: The BLOSUM62 Scoring Matrix (reproduced from [17]) 

 

3.2 Contact Map Comparison 

Contact maps provide a compact representation of the 3D conformation of                        

a protein (refer to Section 2.6.2). Thus, contact map comparison has recently received 

great attention from researchers, because it could be utilized to score the similarity of 

proteins. Several methods for protein structure comparison are actually based on 

comparing their binary contact maps, following the hypothesis that a contact map 

captures useful interaction information of protein native structure, and therefore can be 
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used to efficiently compare proteins [10]. Based on this, one can assume that similarity 

between contact maps generally results in similarity between protein structures. In fact, 

this assumption is experimentally supported in [74].  

There are two different approaches for contact map comparison: alignment-based 

approach and alignment-free approach. The main difference between these two 

approaches is the requirement of contact map alignment for contact map comparison. As 

it appears from their names, alignment-based approach scores the similarity between a 

pair of contact maps based on their alignment, while alignment-free approach scores the 

similarity between a pair of contact map without having to align them, circumventing the 

complexity of contact map alignment.      

3.2.1 Alignment-based Approach  

 

Contact map comparison using an alignment-based approach turns out to be a 

computationally difficult task. For example, the computational complexity of pair-wise 

contact map alignment is much higher than both pair-wise sequence alignment and 

multiple sequence alignment. Maximum Contact Map Overlap (Max-CMO) [10] is the 

most challenging mathematical problem of contact map alignment.  In alignment-based 

approach, a protein native structure is represented by an undirected graph, as shown in 

Figure 3-9. More specifically, a protein contact map is represented as an adjacency matrix 

of graph whose nodes correspond to the amino acids of the native structure of that 

protein. There is an edge between any two nodes of the graph whenever their 
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corresponding amino acids are in contact, i.e., their positions in the three-dimensional 

structure of the protein are within a specified distance threshold of one another (refer to 

Section 2.6.1). The problem now is how to calculate the similarity of proteins by aligning 

the two contact map graphs. The amount of similarity between two such graphs is 

determined by the size of the maximum common sub-graph (Max-CMO), which is 

identified by the alignment. More specifically, the amount of similarity represents the 

number of the edges that connect two equivalent nodes in both of the graphs, as shown in 

Figure 3-10.  

 

Figure 3-9: Pictorial diagram represents (a) protein native structure, (b) contact map of 

this protein, and (c) graph representation for such contact map (extended from [10]).  
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While Max-CMO problem is NP-Complete [82][84], several algorithms have been 

proposed to address this problem. One algorithm called a Branch-and-Cut Algorithm was 

developed by Lancia et. al. in 2001 [75]. Another algorithm called a Memetic 

Evolutionary Algorithm was described by Carr et al. in 2002 [76]. Furthermore, 

Lagrangian Relaxation Algorithm is another algorithm for Max-CMO problem that was 

discussed by Caprara et al. in 2002 [77].   

 

 

Figure 3-10: An example of a maximum alignment between two graphs of a pair of      

proteins (reproduced from [10]). 
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The Branch-and-Cut Algorithm 

This algorithm is the first successful attempt to gain a good approximation of the Max-

CMO problem. It applies an Integer Programming (IP) [79] formulation of the problem 

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

branch nodes. A Linear Programming (LP) [80] formulation is also considered in an 

effort to provide upper bounds on the value of the optimal alignments. These upper and 

lower bounds for the value of the resulting structural overlap of two proteins potentially 

guarantee the quality of the alignment, and therefore they could fairly indicate the real 

amount of similarity between the two protein structures. In fact, the success of this 

algorithm could be attributed to the integration of heuristics to solve the problem [10].  

 

The Memetic Evolutionary Algorithm 

In [76], Carr et al. suggested a Memetic Evolutionary algorithm to solve Max-CMO 

problem by the integration of both local and evolutionary random search methods. The 

evolutionary random search, or genetic algorithm, helps to globally explore the search 

space, while the local search method helps to fine tune the solution of the global search or 

to supply raw material for further iterations [81]. A key advantage of the Memetic 

Evolutionary algorithm is that it generates not just a single solution (i.e., one contact map 

overlap), but rather a set of solutions (which represents a population for a genetic 

algorithm). The mathematical details of the Memetic Evolutionary algorithm are beyond 

the scope of this thesis; interested readers can refer to [76][82][81][83] for further details.  
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Lagrangian Relaxation Algorithm 

In [77], Caprara et al. suggested the use of a Lagrangian Relaxation algorithm to solve 

the Max-CMO problem. The key advantage of this algorithm is that it outputs the 

solution of the problem (i.e., the maximum contact map overlap), while providing a 

guarantee of the quality of that solution, i.e., an upper bound that shows how far the 

solution is from its optimal value. The quality of the solution is guaranteed by using a 

Lagrangian relaxation of IP/LP models, which is equivalent to changing the 

representation of the problem in such a way that solutions to the new problem are more 

easily found, while the quality of the upper bounds is maintained [10].  

3.2.2 Alignment-free Approach 

 

Alternatively, contact map comparison could be performed using an alignment-free 

approach to avoid Max-CMO problem. The Universal Similarity Metric (USM) is an 

alignment-free distance function that can capture all the characteristics of similarity 

between any two objects. The USM is based on the concept of Kolmogorov complexity 

[78]. Kolmogorov complexity is the shortest bit-length description of a string on a 

universal Turing machine.  It is not the intention of this thesis to discuss the mathematical 

details of Kolmogorov complexity and USM as these have been dealt elsewhere [74]. The 

interested reader may refer to [25][78] for a detailed discussion of them. However, the 

intention is to give the reader a taste of the main ideas behind this approach. USM 

assumes normalized information distance whose real values fall between 0 and 1. The 
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power of USM is attributed to the fact that it satisfies the main three properties of a 

metric: identity, symmetry, and triangle inequality. Moreover, the most important 

property of USM is its universality (i.e., if two objects are similar under any other metric, 

they will also be similar under USM). Unfortunately, the power of the USM is paid off by 

its non-computability, because Kolmogorov complexity is a non-computable function. 

One way to get around the problem of non-computability of Kolmogorov complexity and 

consequently the USM is to approximate Kolmogorov complexity using existing real-

world data compression algorithms. This idea is based on the fact that Kolmogorov 

complexity of a string is the ultimate lower bound for the maximum amount of 

compression on it [61]. A good approximation for the USM is the Normalized 

Compression-based Distance (NCD) that manifests successful results when applied to the 

native protein contact maps [29]. Moreover, NCD shows tolerance when applied to a 

noisy version of native contact maps [29]. An essential point that should be highlighted is 

that the power of the USM applies for only large input data, since in practice, USM fails 

when the input data is not plentiful enough to make up for the compression           

overhead [60]. 

 

3.3 Protein Similarity Relationships 

Although a protein with a given sequence may potentially exist in different 

conformations, the chances that two similar sequences will fold into distinctly different 

structures are so small that they are often neglected in research practice [85]. This 
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suggests that sequence similarity could generally indicate structure similarity. 

Furthermore, a pair of proteins with similar structure has similar contact maps [13]. 

Therefore, as shown in Figure 3-11, by the transitivity relationship, a logical inference 

could be drawn regarding the association between sequence similarity and contact map 

similarity. The premise of the method of multi-regional analysis of contact maps in this 

thesis (refer to section 4.4) is based on this transitive similarity relationship between 

contact map and protein sequence (via structure). That being said, protein structures are 

better evolutionarily conserved than protein sequences [5], since the latter evolve rapidly 

compared to protein structures. This makes it sometimes unclear to authoritatively define 

sharp protein similarity relationships at different representational levels of detail (1D 

sequence, 2D contact maps, and 3D structures).  

 

Figure 3-11: Protein similarity relationships at different representational levels. 
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Chapter 4 

Methodology and Results 

 

This chapter elaborates on the methodology of the research, describing the 

different stages of the experiment conducted to perform the multi-regional analysis of 

contact maps. It also gives a brief description of the dataset, the experimental setup, and 

the computational techniques adopted to best suit this study.  Furthermore, it restates the 

hypothesis of the thesis to evaluate whether thesis goals are satisfactorily met. Finally, it 

presents a statistical analysis and discussion for the experimental results. 
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4.1 Overview 

The premise of multi-regional analysis of contact maps method is based on the 

transitive similarity relationship between contact map and protein sequence (via 

structure). As discussed earlier, contact map comparison is crucial for the retrieval phase 

of our Case-Based Reasoning (CBR) system
4
. Thus, an alignment-free technique of 

contact maps comparison is proposed in [6] to provide a rigorous score for the global 

similarity between pairs of contact maps, circumventing the NP-Complete problem of 

performing alignment-based techniques for contact map [9][10].  Unfortunately, the 

alignment-free approach can only quantify the global similarity between pairs of contact 

maps, but not specify where such similarity is locally represented in them. 

 Locating regions of similarities within pairs of contact maps identifies common 

substructural patterns between the query contact map (the new case) and the retrieved 

similar cases from the case-base (template contact maps). Identifying these common 

substructural patterns is crucial for the adaptation phase of CBR system. In the adaptation 

phase, all amino acid residues in the common substructural patterns for the current query 

contact map that have corresponding residues in the template structure are given the 

coordinate information from these residues [8]. The main objective of the multi-regional 

                                                      

4 The CBR system predicts protein structures using contact maps. A robust similarity 

measure for contact maps is essential in the retrieval phase of the CBR system to reliably 

compare each new contact map (i.e., query contact map) with the contact maps in the 

case-base (previous solved cases). This measure should be used so that the retrieved 

contact maps from the case-base have substructural patterns that are in common with the 

new contact map. 
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analysis of contact maps is to provide insight into the relationship between contact map 

similarity and sequence similarity, which could be utilized to locate common 

substructural patterns between contact map pairs using sequence information.  

4.2 Dataset 

The benchmark Chew-Kedem (CK) dataset is adopted for our experiments. The CK 

dataset is a non-homologous, medium-size protein data set of 35 proteins from 5 different 

protein families (3 different protein classes) that was introduced in [11], and further 

extensively studied in several other studies [25][48][49]. It is important for our 

experiments to use an evolutionarily unrelated (non-homologous) protein dataset so that 

the structural features can be considered independently distributed, which is essential for 

the experimental quality of the statistical analysis of protein structures. 

CK data-set contains 35 medium size proteins from five different families: 

 globins {1eca, 5mbn, 1hlb, 1hlm, 1babA, 1babB, 1ithA, 1mba, 2hbg, 

2lhb, 3sdhA, 1ash, 1flp, 1myt, 1lh2, 2vhb} 

 alpha-beta {1aa9, 1gnp, 6q21, 1ct9, 1qra, 5p21} 

 tim-barrels {6xia, 2mnr, 1chr, 4enl} 

 all beta {1cd8, 1ci5, 1qa9, 1cdb, 1neu, 1qfo, 1hnf} 

 all alpha {1cnp,1jhg} 
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4.3 Experimental Setup  

First, PDB files are extracted from the Protein Database (PDB) [2]. As shown                  

in Figure 4-1, DSSP files (Dictionary of Secondary Structures of Proteins) are generated 

from PDB files using DSSP software [12] developed by Wolfgang Kabasch and Chris 

Sander to define the geometrical features and the secondary structures of proteins, given 

atomic coordinates in the original PDB files. The executable file of this program is 

available at the DSSP website [13]. Next, the distance maps are computed from the DSSP 

files using the Euclidian distance between alpha carbon (Cα) atoms. Once distance maps 

are computed, contact maps can be extracted by employing a threshold technique on 

distance maps. Using all-against-all strategy, the multi-regional analysis of contact maps 

method is applied to every combination pair of contact maps in the CK dataset. 

 

Figure 4-1: Pictorial Diagram for the Experimental Setup 
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4.4 Multi-Regional Analysis of Contact Maps 

The first stage of this method aims to analyze the pair of protein sequences for each 

combination pair of contact maps in order to quantify the pair-wise local similarities. The 

next stage aims to find an appropriate similarity score for the regions of contact maps that 

correspond to the similar sub-sequences found in the first stage. The goal of the final 

stage of this method is to statistically compare sequence similarity scores which is 

resulted from the first stage against their corresponding contact map similarity scores 

generated from the second stage [86][87].    

4.4.1 Protein Sequence Analysis 

For the sequence analysis stage, it is required to align every combination pair of 

sequences to find the subsequences with the most and least similarity score among the top 

100 similar subsequence regions between sequence pair. The SIM Algorithm [14] is used 

for this purpose. This algorithm is also known as Many Local Alignments algorithm (refer 

to section 3.1) that employs dynamic programming techniques to find user-defined, non-

intersecting alignments that are the best (i.e. with the highest similarity score) between 

pairs of sequences. The results from the alignments are sorted descendingly according to 

the similarity score [15]. In this method we are only interested in alignments of at least 10 

residues, and at most 20 residues. We are not interested in alignments of length less than 

10 residues because identical polypeptides of up 10 residues are known to occur in 

different structure states [21][22], besides these alignments would not generally form a 

complete substructural pattern (for example, the lengths of alpha helices vary from 4 or 5 
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residues to over 40 residues, with an average length of about 10 residues [50]).  We are 

also not interested in long alignments because most methods for contact maps analysis 

are known to be far more accurate on local contacts (those contacts that are clustered 

around the main diagonal), than non-local (long range) contacts [16]. Thus, to eliminate 

one source of uncertainty of the long-range contacts, long alignments of a length greater 

than 20 residues are not considered. Given the fact that every sequence alignment will be 

used to locate its corresponding contact map region, our method does not favour using 

gapped alignments to locate such regions, since contact maps have no representation of 

gaps at the sequence.   

In the sequence analysis stage, the best 100 alignments are generated from every 

combination pair of sequences. Thus, a selection strategy is used to select the two 

alignments with the highest and lowest similarity score (to study the relationship in case 

of low and high similarity – See Appendix A), given that: 

 Alignment length is not below 10 residues.  

 Alignment length does not exceed 20 residues.  

 Alignment has no gaps, if possible
5
.  

As for the substitution matrix, BLOSUM62 was adopted to score sequence 

alignment. The BLOSUM substitution matrix was developed by Henikoff [17] as a new 

                                                      

5
  If the alignment happens to include gaps, the selection strategy would look for the 

successive non-gapped alignment with the next similarity score, until the 50
th

 alignment 

is reached. If there is no success in finding non-gapped alignment, then the selection 

strategy will rather consider going back to the initial alignment with gaps. 
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approach for the Percent Accepted Mutation (PAM) scoring matrix that was developed 

earlier by Margaret Dayhoff who pioneered this approach in the 1970's [18] . Unlike 

PAM, BLOSUM62 matrix did an excellent job in detecting similarities for distant 

sequences, making it more suitable for the non-homologous CK dataset. 

As for the gap score, it is evident that affine gap scores [19][20] with a large 

penalty for opening a gap and a much smaller one for extending it, have generally proven 

to be effective. Opening gap penalty is a penalty for the first residue in a gap, and 

extended gap penalty is a penalty for every additional residue in a gap. Therefore, in our 

experiments, the open and extended gap penalties are set to 10, 1 respectively.   

 

4.4.2 Contact Map Analysis 

  The second stage of multi-regional analysis of contact maps is to locate contact 

map regions whose similarity score needs to be compared with the similarity score of 

their corresponding protein subsequences. In order to efficiently compare the diagonal 

contact map regions, we ignored the local contacts in the main diagonal between each 

residue and itself, since comparing the main diagonal of contact maps will neither add 

meaningful information for their similarity nor dissimilarity, (for example, even too 

distant contact maps will share a similar main diagonal). Based on the fact that the 

minimum distance between any pair of different residues cannot be less than 3.8 Å [16], 

every local contact of each residue and itself that is less than this threshold is ignored. In 

this stage we examined three pivotal questions: Firstly, what is the contact map threshold 
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that best suits our experiments? Secondly, what is the strategy of locating contact map 

regions in a case where their corresponding protein subsequences contain gaps? Thirdly, 

what is the similarity score metric that should be used to quantify contact maps similarity 

of such regions?      

 

First Question: Contact Map Threshold 

In [23] extensive experimental results show that contact map thresholds ranging 

from 10 to 18 Ångstrom allow the reconstruction of 3D models, from contact maps, to be 

similar to the protein’s native structure. In this thesis, to find the contact map threshold 

that best suits our experiments, different contact map thresholds were applied in a series 

of experiments as shown in Figure 4-2, a threshold of 8 Å missed some structural 

information of the protein, whereas a threshold of 12 Å added much noise in the 

structural information of the protein. This suggests that a threshold of 10 Å is a good 

compromise; therefore, it is adopted in our experiments. 

 

Second Question: Gaps Issue 

If sequence alignment results in protein subsequences with no gaps, the corresponding 

contact map region for every subsequence will be located by setting the beginning of the 

region to the index of the first residue in this subsequence. The end of this region will be 

normally at the index of the last residue in this subsequence, as illustrated in Figure 4-3. 
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The question now is what if the sequence alignment results in protein subsequences that 

do have gaps? Shall we set the end of the contact map region to the index of the last 

residue of such gapped sequence, even though full contact maps have no representation 

of gaps at their corresponding protein sequences? Shall we rather split gapped 

subsequence into small pieces before and after every gap, and locate contact map regions 

for these small pieces? Two different possible techniques to locate contact map regions 

need to be studied.   

 

 

Figure 4-2: The common sub-secondary structure in the diagonal regions of a pair of contact 

maps using dynamic programming to perform a pair-wise sequence alignment, and BLOSUM62 

substitution matrix to score the alignment. A. A threshold of 8 Å is used to generate contact 

maps.  B. A threshold of 10 Å is used to generate contact maps. C. A threshold of 12 Å is used 

to generate the contact maps. 
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Figure 4-3: The study of the similarity of protein subsequences and their corresponding contact 

maps regions;  red  regions are bounded by the start and the end of every protein subsequence. 
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The first technique is to locate contact map regions that correspond to the sequence with 

gaps is the splitting technique in which we split every subsequence into little pieces 

before and after every gap, and we only consider the contact map sub-regions that 

correspond to these little pieces. In this case, the contact map similarity score will be set 

to the average (or preferably, the weighted average) similarity score for all these contact 

map sub-regions. This technique, however, has a main disadvantage: It is not structurally 

meaningful to identify the common subsecondary structures of proteins by just checking 

the corresponding little contact map sub-regions to protein subsequences, with lengths 

shorter than 10 residues. (See Section 4.4.1. for a detailed discussion of the reason why 

short sequences should not be considered.) 

The second technique, the non-splitting technique, on the other hand, would take 

into consideration the contact map region wholly (i.e. without splitting) that correspond 

to the entire sequence, including the gap. This technique overcomes the previously 

mentioned disadvantage of the first technique, since this technique will not cause the 

deterioration of the structural information of contact maps. The possible argument for the 

fact that we entirely consider the contact map regions that correspond to the gapped 

subsequence, even though full contact maps have no representation for gaps in sequences, 

could be justified in the following ways. A contact map is meant to hold structure 

information. Gaps, whether insertions or deletions, are meant to align two similar 

sequences with some mutated residues. These mutated portions do not necessarily reflect 

a corresponding mutation in the protein structure, since protein structure is more 
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evolutionarily conserved than protein sequence [24]. It is also worth noting that the 

selection technique of our method does not favour gapped subsequences so long as it is 

possible (See Section 4.4.1. for a detailed discussion of the selection strategy) 

 

Third Question: Contact Map Similarity Metric 

The Universal Similarity Metric (USM) is a distance measure that is theoretically 

rigorous, but not computable [7]. The USM can be approximated using data compressors 

[25].  A good approximation for the USM is the Normalized Compression-based 

Distance (NCD) that manifests successful results when applied to ideal contact maps [6]. 

The NCD also shows noise tolerance ability when applied to a noisy version of contact 

maps. NCD, however, was applied to complete contact maps (i.e., the goal was to find the 

similarity score for complete contact maps of entire protein sequences of lengths ranging 

from about 90 to 370 residues). In our experiments, contact maps are ideal but not 

complete (i.e., we are rather interested in scoring the similarity of contact map regions 

that correspond to sequences of lengths ranging from 10 to 20 residues).  This significant 

difference suggests that USM will not be suitable in our experiments, because of the fact 

that the compression ratio for such small contact map regions would not be as efficient as 

for the complete contact maps (i.e., the compression overhead for these small contact 

map regions would be non-negligible compared to their original size (refer to          

Section 3.2.2). 
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There are several other similarity measures for binary data [28] that can be used to 

measure contact map similarity: For example, Simple Matching Coefficient (SMC) [29] 

and Jaccard’s Coefficient [31]. SMC is based on Hamming distance. If two contact map 

regions have the same size, we can use SMC to count the number of digits in positions 

where they have similar values. SMC is useful when binary values hold equal 

information (i.e. symmetry). For example, ―gender‖ can be considered a symmetric 

attribute because numbers of male and female carry equal information [29].  Assume C11 

is number of digits that equal ―1‖ for both contact maps, C10 is number of digits that equal 

―1‖ for the first contact map and equal ―0‖ for the second contact map, C01 is number of 

digits that equal ―0‖ for the first contact map and equal ―1‖ for the second contact map, 

C00 is number of digits that equal ―0‖ for both contact maps, and S is the contact map size 

which apparently equals the sum of all variables i.e. S = C11 + C10 +  C01 +   C00 . 

 

                                                                                        (4.1) 

 

In contact maps binary values do not hold equal information because of the fact 

that ―0‖ values hold no information (they mean there is no contact between protein 

residues) as opposed to ―1‖ values where contacts between protein residues occurred. 

Another drawback of SMC is that it considers counting the number of digits that equal 
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―0‖ for both contact maps (C00). These regions represent the ―double absence‖ where 

there are no contacts for both contact maps, making them of less interest in this study. 

Jaccard’s Coefficient is widely used in information retrieval as a measure of 

similarity [30]. It is suitable for asymmetric information on binary (and non-binary) 

variables where binary values do not have to carry equal information [29], resolving the 

first issue of SMC. Furthermore, Jaccard’s Coefficient does not consider counting the 

number of digits that equal ―0‖ for both contact maps, removing the significance of the 

―double absence‖ that has neither meaningful contribution to the similarity, nor the 

dissimilarity, of contact maps. Therefore, Jaccard’s Coefficient is chosen as the contact 

map similarity metric that best suits our experiments.  

 

                                   (4.2) 

4.5 Results and Discussion 

All-against-all analysis results in several hundreds of pairs of contact maps, even for a 

small dataset like Chew-Kedem. Our goal is to identify as many local contact map 

similarities as possible, while testing as few contact map pairs as possible among the 

retrieved template contact maps that have substructural patterns in common with the 

query protein.   
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Figure 4-4 contrasts the quantitative trend of the long-range contact map similarity with 

their corresponding sequence similarity. This contrast does not really imply a promising 

correlation between local sequence similarity and long-range contacts at the off-diagonal 

regions of contact maps, yet a scatter plot is still necessary to shed more light on this. 

 

Figure 4-4:  The quantitative trend of the Long-range contact map (CM) similarity and its 

corresponding sequence similarity (SQ). 

 

Figure 4-5 and Figure 4-6 visualize the quantitative trends of the short-range contact map 

similarity and their corresponding sequence similarity. This visualization implies a more 

promising correlation between local sequence similarity and short-range contacts at the 

diagonal regions of contact maps. However,  the sharp oscillating trend of both data 

series does not really help to authoritatively associate sequence similarity with short-

range (local) contact map similarity.  Therefore, a scatter plot is adopted instead to 

summarize the experimental results, as shown in Figure 4-7. 
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Figure 4-5: The quantitative trend of the short-range contact map (CM) similarity and its 

corresponding sequence similarity (SQ) for the most similar alignments (M). 

 

 

 

 

 

Figure 4-6: The quantitative trend of the short-range contact map (CM) similarity and its 

corresponding sequence similarity (SQ) for the least similar alignments (L).  
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Figure 4-7: Correlation between sequence similarities and their contact map similarities at the 

diagonal & the off-diagonal areas. 

   

Figure 4-7 is a scatter plot that contrasts the correlation between sequence similarity at 

the diagonal area and their short-range contact map similarity, with the correlation 

between sequence similarity at the off-diagonal area and their long-range contact map 

similarity. While the correlation between sequence similarity at the diagonal area and 

short-range contact map similarity does not appear to be very strong, it is apparent that 

the correlation between sequence similarity at the off-diagonal regions and long-range 

contact map similarity is not strong enough to associate sequence similarity at the off-

diagonal area with long-range contacts.   The finding that sequence similarity at the 

diagonal area is not ideally correlated with the short-range contact map similarity could 

be considered non-supportive to the hypothesis of this study at first. However, the fact 
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that Chew-Kedem is a non-homologous protein dataset with an average sequence 

similarity of (22 – 36 %), which mostly falls in the twilight zone, could be responsible for 

this surprising, yet convincing, finding. Another possible reason for this finding is that 

sequence alignments can distinguish between protein pairs of similar and non-similar 

structure only when the pairwise sequence identity is high (>40%) [53].  That being said, 

there are many pairs and groups of proteins with similar folds and interaction patterns, 

while their sequence similarity is below the threshold of easily recognizable sequence 

homology [51]. The threshold of 50% of protein sequence identity is usually used as a 

safe definition of sequence homology [52]. 

    In an effort to identify similar structural patterns in case of low sequence 

similarity, we need to include some structural information to the pairwise sequence 

alignment, since the standard pairwise sequence alignment based on only sequence 

information does not appear to be sufficient to identify local contact map similarities for 

non-homologous proteins (i.e., with low sequence similarity).  Based on the NCD score 

of contact maps, which are already calculated in the Retrieval phase, template and query 

contact maps can be hierarchically clustered in a dendogram of different levels. The 

hierarchical cluster of contact maps of the Chew-Kedem dataset is available in              

this study [32]. Each hierarchical level contains structurally similar contact maps. We 

give each contact map a different rank based on the level to which it is clustered, utilizing 

the fact that the more difference there is in the cluster hierarchy between contact maps, 

the more dissimilar they are. Therefore, one piece of structural information that could be 
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incorporated is the Rank Difference (RD) between the query and every template contact 

map, which would help to determine how structurally similar each one is to the other. 

Therefore, RD between a contact map pair can be formally defined as the difference 

between the ranks at the levels to which both contact maps are clustered.  

        Another piece of structural information that could be also incorporated is the 

Protein Class. The Chew-Kedem dataset has three different protein classes (Mainly-

Alpha, Mainly-Beta, Alpha-Beta). We test the hypothesis that comparing contact maps of 

the same protein class will improve the performance of identifying common substructural 

pattern between them. 

The experimental results are, therefore, divided into two subsets: 

 Subset 1 contains the cases where the query and template contact map 

pairs are of the same protein class.  

 Subset 2 contains the other cases where the query and template contact 

map pairs are of a different protein class.  

Each subset is divided into four groups:  

 Group 1 contains the cases with RD less than or equal 3  

 Group 2 contains the cases with RD less than or equal 5. 

 Group 3 contains the cases with RD less than or equal 10. 

 Group 4 contains the cases with RD less than or equal 25. 
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4.6 Statistical Analysis 

Careful statistical analysis for different ranges of RD for each subset is necessary to 

detect whether or not considering the structural information has improved the 

performance, and by how much.   

A box-and-whisker plot (or boxplot) [65] is a good visual representation for a 

dataset with many values, because it presents information from certain statistics of the 

dataset rather than all the data. It shows only the median, the quartiles, and the smallest 

and greatest values in the distribution, as shown in Figure 4-8. The median is the middle 

of a distribution (i.e., half of the values are above the median and the other half are below 

it). Quartiles separate a dataset into four equal parts.  Each of these parts contains one-

fourth of the data.  Q1 is the first quartile (or lower quartile), which is the median of the 

lower part of the data. Q3 is the third quartile (or upper quartile), which is the median of 

the upper part of the data. Q2 is the second quartile, which is simply another name for the 

median of the entire dataset.  

Quartiles can also be defined in terms of percentiles. Generally speaking, a 

percentile is a measure below which a certain percent of the dataset falls. Thus, the lower 

quartile is the 25
th

 percentile of the dataset (i.e., the lower 25% of the dataset). Similarly, 

the upper quartile is the 75
th

 percentile of the dataset, and the median is obviously the 50
th

 

percentile of the dataset.    
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 The box and whisker plots [66] are a quick way of examining one or more sets of 

data graphically, because of many reasons. Firstly, the spacings between the different 

parts of the plot are useful to visualize the central tendency, the degree of dispersion 

(spread), and the overall range for the distribution of the data. Secondly, these plots are 

especially useful for indicating if there are potential outliers in the distribution. 

Furthermore, these plots take up less space (compared to histograms, for instance), 

making them more practical for comparing distributions among several groups or sets of 

data.   

 

 

Figure 4-8: Box-and-Whisker Plot. 
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Figure 4-9: Boxplots for different ranges of rank difference for most similar subsequences.   

Outlier 
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Figure 4-10: Boxplots for different ranges of rank difference for least similar subsequences.   

Outliers 

Potential Outlier 
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Figure 4-9 and Figure 4-10 use boxplots to visually contrast the central tendency of 

subset 1 (where the query and template contact maps are of the same protein class) with 

subset 2 (where the query and template contact maps are of the different  protein class) 

for different ranges for RDs. These figures show that the central tendency of subset 1  is 

much better (i.e., higher) than the central tendency of the other subset. This suggests that 

considering the protein class as one piece of structural information is a good step towards 

improving the ability to identify highly similar local contact map regions. On the other 

hand, considering a small range of the RD is a good way to reduce the search space 

without significantly affecting the quality of identifying contact map regions, which is 

represented in the overall central tendency of the data. For example, as shown in      

Figure 4-9, reducing the search space from the Top 136 contact map pairs (with RD ≤ 25) 

to the Top 39 contact map pairs (with RD ≤ 3) has reduced the average of the contact 

map similarity by only 2.75%.  

 It is also worth noting in Figure 4-10 that many more outliers occurred in the 

cases with least similar subsequences and a different protein class, as opposed to the 

other cases. This denotes that a better reliability for detecting similar contact map regions 

occurs when there is a higher sequence similarity, and when the protein class of the query 

and template contact map is the same (i.e., in Subset 1). Even though the average 

sequence similarity of Subset 1 is only 36% (i.e., in the twilight zone of sequence 

similarity [53]), incorporating sequence information with structural information has 

helped to detect 68 highly similar contact map regions in the diagonal area among the 
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Top 136 contact map pairs. The highly similar contact map regions are defined by those 

region pairs with similarity ≥ 80%. This threshold is the 75
th

 percentile of subset 1.  

Table 4-1 and Table 4-2 present a summary of the central tendency analysis, the 

upper, and the lower quartiles for different ranges of RD of each subset. In these tables, 

the ―Average Best 25%‖ means the average of the occurring best 25% of the cases within 

different RD ranges. The corresponding percentage next to the Average Best 25% and the 

Average Worst 25% in parentheses describes its rank within its dataset that corresponds 

to different RD ranges as a percentage of this dataset. That is, as an example from Table 

4-1, 83.53% is greater than 91.20% of all values in the dataset that corresponds to         

RD ≤ 3, i.e., in the top 39 contact map pairs.   

    It is apparent from these tables that incorporating structural information has 

improved the ability to identify common substructural patterns of contact maps in the 

following ways. Firstly, comparing contact map pairs of the same protein class has not 

only reduced the search space, but has also improved the performance of identifying the 

best regions of common substructural patterns between contact maps by 41.66% on 

average, as opposed to the cases when the query and template contact maps are of a 

different protein class. Samples of these common patterns are shown in Figure 4-11. 

Secondly, checking smaller ranges of Rank Differences has helped to reduce the search 

space even more without severely affecting the performance, fulfilling our goal of 

identifying as many regions of local contact map similarity as possible from as few 

contact map pairs as possible.  
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Subset 1 RD ≤ 3 (Top 39) RD ≤ 5 (Top 63) RD ≤ 10 (Top 100) RD  ≤ 25 (Top 136) 

Central Tendency Analysis 

   Mean (%) 69.47% 69.79% 71.6% 72.22% 

Std (%) 11.38% 10.78% 10.36% 10.10% 

Median (%) 70.59% 70.59% 72.21% 74.30% 

Upper Quartile Analysis of the Diagonal Regions  

  Average Best 25% 83.53%    (91.20%) 83.53%    (91.20%) 83.58%    (88.30%) 83.70%    (87.40%) 

Best Regions 

 (Above 80%) 

18 regions in the top 

 39 contact map pairs 

30 regions in the top 

 63 contact map pairs 

51 regions in the top 

 100 contact map pairs 

68 regions in the top 

 136 contact map pairs 

Lower Quartile Analysis of the Diagonal Regions 

  Average Worst 25% 56.95%     (11.10%) 57.58%     (10.50%) 57.99%     (8.70%) 58.40%     (7.80%)  

Worst Regions 

 (Below  64%) 

23 regions in the top 

 39 contact map pairs 

37 regions in the top 

 63 contact map pairs 

55 regions in the top 

 100 contact map pairs 

68 regions in the top 

 136 contact map pairs 

Table 4-1: Statistical analysis of the diagonal contact map regions that correspond to the most 

similar subsequences in subset 1. 

 

Subset 2 RD ≤ 3 (Top 30) RD ≤ 5 (Top 47) RD ≤ 10 (Top 95) RD ≤ 25 (Top 165) 

Central Tendency Analysis 

   Mean (%) 54.85% 54.87% 55.22% 54.44% 

Std (%) 8.87% 8.98% 9.36% 9.06% 

Median (%) 55.04% 55.00% 54.76% 54.17% 

Upper Quartile Analysis of the Diagonal Regions 

  Average Best 25% 65.74%    (94.00%) 67.06%    (92.90%) 67.12%     (90.00%) 66.44%    (88.20%) 

Best Regions 

 (Above 80%) 

1 regions in the top 

 30 contact map pairs 

4 regions in the top 

 47 contact map pairs 

8 regions in the top 

 95 contact map pairs 

13 regions in the top 

 165 contact map pairs 

Lower Quartile Analysis of the Diagonal Regions 

  Average Worst 25% 41.41%     (5.30%) 43.51%     (6.30%) 44.02%     (9.90%) 43.83%     (11.10%)  

Worst Regions 

 (Below  64%) 

49  regions in the top 

 30 contact map pairs 

76  regions in the top 

 47 contact map pairs 

145 regions in the top 

 95 contact map pairs 

285 regions in the top 

 165 contact map pairs 

Table 4-2: Statistical analysis of the diagonal contact map regions that correspond to the most 

similar subsequences in subset 2. 
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The worst regions that occur in the lower quartile (the worst 25% of the data) do not 

cause significant trouble in our CBR system, since these regions can be removed by 

simply setting a similarity threshold of 80% to accept the identified regions. This 

threshold represents the 75
th

 percentile of subset 1.  

 

 

Figure 4-11: Samples of common pairs of substructural patterns (alpha- 

helices) of 9 contact map pairs with similarity ≥ 80 %. 
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Chapter 5 

Conclusions and Future 

Directions 

This chapter provides the conclusions of the thesis. It highlights the contributions 

as well as the limitations of this study. It also presents a set of potential future directions 

that suggests possible further research.  

 

5.1 Summary 

Since contact map comparison is crucial for the retrieval phase of our Case-Based 

Reasoning (CBR) system, an alignment-free technique of contact maps comparison is 
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proposed in [6] to provide a reliable score for the global similarity between pairs of 

contact maps, while circumventing the NP-Complete problem of performing alignment-

based techniques for contact map [9][10]. This technique should be used so that the 

retrieved contact maps from the case-base have substructural patterns that are in common 

with the query contact map. Although this technique has manifested successful results 

when applied to contact maps [6],  its ability to quantify the global similarity between 

pairs of contact maps is achieved without specifying where such similarity is locally 

represented. 

Therefore, the need of identifying regions of local similarities within pairs of 

contact maps has arisen in order to identify the common substructural patterns between 

the query and each template contact map, which is crucial for the adaptation phase of 

CBR system. A computational method is proposed in an attempt to identify the local 

contact map similarities using standard pair-wise sequence information.   

In spite of those exceptional cases where similar protein sequences can yield 

dissimilar structures, the amino acids of a protein largely determine its 3D structure. This 

suggests that sequence similarity could generally indicate structure similarity. 

Furthermore, a pair of proteins with similar structure has similar contact maps [8]. 

Therefore, by the transitivity relationship, a logical inference could be drawn regarding 

the association between sequence similarity and contact map similarity. The premise of 

the computational method of multi-regional analysis of contact maps in this study is 
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based on this transitive similarity relationship between contact map and protein sequence 

(via structure). 

5.2 Contributions 

In this study, the case-based reasoning framework for protein structure prediction from 

predicted contact maps is presented with the focus on identifying common substructural 

patterns between the query and every template contact map, as a necessary step for the 

adaptation phase of the framework. 

Structural information, such as the Protein Class and the Rank Difference (RD), is 

suggested to be combined with the standard pairwise sequence alignment information. 

RD helps to determine how structurally similar a contact map is to another, based on their 

normalized compression-based distance scores. Such structural information is considered 

in order to improve the performance of the method of identifying common substructural 

patterns for the challenging non-homologous protein dataset that was used in the 

experiments. This is because sequence information of the standard pairwise sequence 

alignment alone does not generally appear to be sufficient for detecting common local 

substructural patterns even at the diagonal regions of contact maps for non-homologous 

proteins. A possible explanation for this is that non-homologous proteins would generally 

have low average sequence similarity which falls in the twilight zone (i.e., less than 

40%). In particular, the average of the least and most similar sequences in the 

experimental dataset that is used in this study ranges from (22 – 36 %).  
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Despite such low average sequence similarity, incorporating structural 

information has improved the ability to identify common substructural patterns of contact 

maps in the following ways. Firstly, comparing contact map pairs of the same protein 

class has not only reduced the search space, but has also improved the performance of 

identifying the best regions of common substructural patterns between contact map pairs 

by 41.66% [86][87], as opposed to the cases when the query and template contact maps 

are of a different protein class. Secondly, checking smaller ranges of Rank Differences 

has helped to reduce the search space even more without severely affecting the 

performance, fulfilling our ultimate goal of identifying as many regions of local contact 

map similarity as possible from as few contact map pairs as possible.  This is an 

encouraging increase for the performance of the proposed method to identify common 

structural patterns, even among non-homologous protein contact maps.    

 

5.3 Limitations 

Sequence information was insufficient for detecting common substructural patterns at 

off-diagonal areas of contact maps, even after incorporating structural information to the 

standard pair-wise sequence alignment information. This is because long-range contacts 

at the off-diagonal areas are uncertain by nature [16].   

The hypothesis that sequence similarity results in contact map similarity cannot 

wholly be confirmed (despite the current promising results), without carrying out several 

other experiments. These experiments need to be applied to several other protein datasets 
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that vary in size, proportion of each protein class they represent, and average sequence 

similarity among their proteins. The more evolutionary-related (homologues) proteins 

that are in a dataset, the more the average sequence similarity would be for the dataset.       

5.4 Future Directions   

One possible future direction is to further apply our method to homologous protein 

datasets. This is in order to check whether or not combining the structural information to 

the standard pair-wise sequence alignment information would be as helpful as it has 

shown for identifying local contact map similarities (short-range contacts) of non-

homologous proteins.  

Furthermore, contact map regions at the off-diagonal areas contain long-range 

contacts that are too fuzzy to be identified using only standard pair-wise sequence 

alignment information. There are other pieces of information that are useful for the case 

of long-range contacts [54], and therefore may need to be incorporated in future studies. 

Examples of such information are: 

 Non-sparse evolutionary profiles from multiple sequence alignment on 

families with many homologs.  

 Solvent accessibility of the protein that helps to define which amino acids 

in protein’s molecular sequence are on the exterior of the molecule, and 

thus available to participate in interactions with other molecules. 
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 Global information about the protein sequence such as, the average 

properties of the entire template protein (of known structure), the overall 

composition of amino acids, and protein length.  

Another possible future direction would be to give the coordinate information for all 

amino acid residues in the common substructural patterns of the query contact map from 

their corresponding residues in every top template structure. This is in order to start 

building, adapting, and evaluating different possible structures for the query contact map 

in our bottom-up approach for protein structure prediction.  
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Appendix A 

A List of Detailed Result Tables for the Top 10 Similar Proteins               

of Chew-Kedem Dataset 

  

Query Protein # 1 1ith 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

2 1flp 57.1% 14 28 20.0% 10 11 76.36% 0.00% 0.00% 81.08% 

3 1mba 40.0% 15 19 20.0% 15 11 65.22% 0.00% 0.00% 65.79% 

4 5mbn 50.0% 10 26 20.0% 10 11 76.32% 0.00% 0.00% 67.57% 

5 3sdh 54.5% 11 24 23.1% 13 11 69.23% 0.00% 0.00% 80.39% 

6 1ash 40.0% 20 24 27.3% 11 11 65.79% 4.48% 4.48% 71.80% 

7 2hbg 50.0% 10 25 40.0% 10 12 81.58% 0.00% 0.00% 91.67% 

8 1myt 27.8% 18 20 16.7% 12 11 77.38% 0.00% 0.00% 75.00% 

9 1hlb 38.5% 13 22 27.3% 11 11 78.95% 0.00% 0.00% 80.95% 

10 1hlm 38.5% 13 17 27.3% 11 10 84.31% 0.00% 0.00% 69.77% 

11 1gnp 42.9% 14 30 27.3% 11 10 68.57% 0.00% 0.00% 51.22% 

12 5p21 42.9% 14 30 27.3% 11 10 69.01% 0.00% 0.00% 52.38% 

13 1eca 50.0% 12 32 27.3% 11 10 86.36% 0.00% 0.00% 73.81% 

14 2vhb 40.0% 15 27 27.3% 11 11 70.77% 0.00% 0.00% 69.77% 

15 2lhb 41.7% 14 21 36.4% 11 10 81.25% 0.00% 0.00% 58.33% 

16 1aa9 42.9% 14 30 0.0% 11 11 66.67% 0.00% 0.00% 70.83% 

17 1qra 42.9% 14 30 27.3% 11 10 68.06% 0.00% 0.00% 47.62% 

18 6q21 42.9% 14 30 0.0% 11 11 62.50% 0.00% 0.00% 60.42% 

19 1cnp 33.3% 12 21 18.8% 16 9 75.00% 0.00% 0.00% 62.96% 

20 1jhg 25.0% 12 16 36.4% 11 9 87.76% 0.00% 0.00% 77.50% 

21 1cdb 30.8% 13 17 20.0% 10 10 52.94% 0.00% 0.00% 43.24% 

22 1qa9 30.8% 13 17 15.4% 13 9 53.85% 0.00% 0.00% 55.10% 

23 1lh2 30.8% 13 25 40.0% 10 12 77.59% 0.00% 0.00% 64.10% 

24 1cd8 31.2% 16 18 27.3% 11 11 52.11% 0.00% 0.00% 48.78% 

25 1qf0 41.2% 17 22 17.6% 17 10 43.66% 11.77% 11.77% 44.21% 

Table A - 1: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top first protein among the top 25 highly similar proteins of Chew-

Kedem dataset. 
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Query Protein # 2 1flp 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 

local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

3 1mba 42.9% 14 27 27.3% 11 11 67.74% 0.00% 0.00% 74.42% 

4 5mbn 47.1% 17 25 
15.8% 19 10 79.71% 0.00% 0.00% 64.21% 

5 3sdh 22.2% 18 22 25.0% 16 10 74.70% 0.00% 0.00% 83.01% 

6 1ash 50.0% 12 27 20.0% 10 10 71.43% 0.00% 0.00% 75.00% 

7 
2hbg 

20.0% 24 0 11.0% 11 11 88.31% 0.00% 0.00% 60.00% 

8 
1myt 

26.3% 19 28 50.0% 20 10 65.26% 9.17% 9.17% 83.67% 

9 
1hlb 

50.0% 10 26 20.0% 10 10 77.78% 0.00% 0.00% 72.97% 

10 
1hlm 

41.7% 12 25 27.3% 11 11 71.80% 0.00% 0.00% 83.72% 

11 1gnp 42.9% 14 28 33.3% 18 11 73.33% 0.00% 0.00% 52.63% 

12 5p21 42.9% 14 28 33.3% 18 11 73.77% 0.00% 0.00% 52.56% 

13 
1eca 

40.0% 15 27 23.1% 13 10 59.70% 0.00% 0.00% 50.00% 

14 
2vhb 

30.8% 13 26 
27.3% 11 10 

78.18% 0.00% 0.00% 
76.19% 

15 
2lhb 

40.0% 15 23 36.4% 11 11 72.73% 0.00% 0.00% 78.95% 

16 1aa9 42.9% 14 28 20.0% 10 11 59.72% 0.00% 0.00% 70.27% 

17 1qra 42.9% 14 28 33.3% 18 11 70.97% 0.00% 0.00% 49.35% 

18 6q21 42.9% 14 28 20.0% 10 11 49.23% 32.91% 32.91% 62.16% 

19 
1cnp 

41.7% 12 16 23.1% 13 8 79.59% 0.00% 0.00% 74.14% 

20 
1jhg 

36.4% 11 16 23.1% 13 10 76.74% 0.00% 0.00% 75.00% 

21 
1cdb 

28.6% 14 20 30.0% 10 9 54.83% 0.00% 0.00% 42.42% 

22 
1qa9 

28.6% 14 20 30.0% 10 9 55.00% 0.00% 0.00% 45.16% 

23 
1lh2 

38.5% 13 23 27.3% 11 11 68.63% 7.60% 7.60% 82.93% 

24 1cd8 40.0% 10 19 18.2% 11 10 44.44% 0.00% 0.00% 45.95% 

25 1qf0 33.3% 12 25 36.4% 
11 11 43.75% 4.00% 4.00% 54.00% 

Table A - 2: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top second protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 
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Query Protein # 3 1mba 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map local 
region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

4 5mbn 38.5% 13 23 27.3% 11 11 84.31% 0.00% 0.00% 82.50% 

5 3sdh 41.7% 12 25 20.0% 10 11 67.31% 0.00% 0.00% 71.43% 

6 1ash 31.2% 16 23 9.1% 11 10 64.56% 0.00% 0.00% 73.33% 

7 2hbg 60.0% 10 29 25.0% 12 11 66.67% 23.17% 23.17% 73.91% 

8 1myt 20.0% 24 0 11.0% 11 11 79.69% 0.00% 0.00% 86.00% 

9 1hlb 30.8% 13 23 18.2% 11 10 71.43% 0.00% 0.00% 78.57% 

10 1hlm 31.2% 16 26 26.7% 15 10 79.71% 0.00% 0.00% 56.92% 

11 1gnp 29.4% 17 23 27.3% 11 10 65.22% 0.00% 0.00% 54.76% 

12 5p21 29.4% 17 23 27.3% 11 10 63.83% 0.00% 0.00% 55.56% 

13 1eca 45.5% 11 21 18.2% 11 11 67.44% 0.00% 0.00% 75.68% 

14 2vhb 31.2% 16 21 18.2% 11 10 57.97% 0.00% 0.00% 87.81% 

15 2lhb 50.0% 12 28 20.0% 10 11 75.00% 0.00% 0.00% 44.44% 

16 1aa9 29.4% 17 23 18.2% 11 10 56.47% 0.00% 0.00% 87.18% 

17 1qra 29.4% 17 23 27.3% 11 10 55.42% 16.05% 16.05% 57.14% 

18 6q21 29.4% 17 23 18.2% 11 10 51.22% 0.00% 0.00% 82.50% 

19 1cnp 27.3% 11 24 15.4% 13 9 77.27% 0.00% 0.00% 80.36% 

20 1jhg 41.7% 12 23 15.4% 13 9 85.71% 0.00% 0.00% 65.08% 

21 1cdb 45.5% 11 24 36.4% 11 11 46.00% 0.00% 0.00% 34.88% 

22 1qa9 45.5% 11 24 27.3% 11 11 52.08% 0.00% 0.00% 55.26% 

23 1lh2 30.8% 13 20 25.0% 12 10 61.67% 0.00% 0.00% 67.93% 

24 1cd8 33.3% 12 17 25.0% 12 9 69.77% 0.00% 0.00% 42.00% 

25 1qf0 41.2% 17 32 23.5% 17 10 38.89% 0.00% 0.00% 38.24% 

Table A - 3: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top third protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 
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Query Protein # 4 5mbn 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

5 3sdh 33.3% 12 25 23.1% 13 10 77.08% 10.35% 10.35% 80.39% 

6 1ash 45.5% 11 22 40.0% 10 12 87.50% 0.00% 0.00% 65.00% 

7 2hbg 50.0% 10 32 30.0% 10 11 86.11% 12.86% 12.86% 71.80% 

8 1myt 35.3% 17 24 23.1% 13 11 76.00% 0.00% 0.00% 83.64% 

9 1hlb 20.0% 20 24 27.3% 11 11 69.89% 0.00% 0.00% 68.42% 

10 1hlm 25.0% 12 28 30.0% 10 11 85.11% 0.00% 0.00% 69.44% 

11 1gnp 42.9% 14 19 10.0% 20 10 43.86% 0.00% 0.00% 61.17% 

12 5p21 42.9% 14 19 10.0% 20 10 46.55% 0.00% 0.00% 66.67% 

13 1eca 40.0% 10 21 28.6% 14 11 71.43% 0.00% 0.00% 61.29% 

14 2vhb 44.4% 18 36 30.0% 10 11 61.45% 0.00% 0.00% 73.68% 

15 2lhb 42.9% 14 28 27.3% 11 10 75.00% 12.50% 12.50% 69.57% 

16 1aa9 42.9% 14 19 15.4% 13 11 42.37% 3.85% 3.85% 70.69% 

17 1qra 42.9% 14 19 10.0% 20 10 40.68% 0.00% 0.00% 62.11% 

18 6q21 42.9% 14 19 15.4% 13 11 40.68% 2.88% 2.88% 72.22% 

19 1cnp 54.5% 11 25 18.2% 11 10 76.74% 0.00% 0.00% 65.96% 

20 1jhg 15.4% 13 22 30.0% 10 10 77.78% 0.00% 0.00% 76.92% 

21 1cdb 27.3% 11 21 20.0% 20 11 51.16% 0.00% 0.00% 46.29% 

22 1qa9 27.3% 11 21 16.7% 12 10 65.00% 12.33% 12.33% 47.37% 

23 1lh2 30.8% 13 19 18.2% 11 11 86.28% 0.00% 0.00% 75.00% 

24 1cd8 42.9% 14 23 18.2% 11 9 40.35% 0.00% 0.00% 31.92% 

25 1qf0 54.5% 11 23 20.0% 10 9 41.86% 0.00% 0.00% 77.78% 

Table A - 4: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top fourth protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 
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Query Protein # 5 3sdh 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

6 1ash 36.4% 11 23 30.0% 10 10 68.29% 37.36% 37.36% 82.93% 

7 2hbg 30.8% 13 25 33.3% 12 11 80.36% 0.00% 0.00% 83.33% 

8 1myt 40.0% 10 22 25.0% 12 10 76.32% 0.00% 0.00% 75.93% 

9 1hlb 40.0% 15 36 8.3% 12 10 71.88% 0.00% 0.00% 77.36% 

10 1hlm 33.3% 15 29 25.0% 12 11 68.33% 8.65% 8.65% 59.18% 

11 1gnp 25.0% 16 29 30.0% 10 10 58.33% 0.00% 0.00% 61.11% 

12 5p21 25.0% 16 29 30.0% 10 10 56.47% 0.00% 0.00% 61.11% 

13 1eca 35.7% 14 35 27.3% 11 83 82.76% 0.00% 0.00% 79.07% 

14 2vhb 40.0% 10 21 35.7% 14 11 68.57% 0.00% 0.00% 68.97% 

15 2lhb 25.0% 16 25 20.0% 10 11 84.51% 3.57% 3.57% 55.56% 

16 1aa9 25.0% 16 29 27.3% 11 11 52.22% 0.00% 0.00% 85.00% 

17 1qra 25.0% 16 29 30.0% 10 10 56.32% 0.00% 0.00% 55.56% 

18 6q21 25.0% 16 29 27.3% 11 11 52.27% 0.00% 0.00% 82.50% 

19 1cnp 31.6% 19 26 18.2% 11 9 75.82% 0.00% 0.00% 73.59% 

20 1jhg 27.3% 11 19 20.0% 10 9 79.55% 0.00% 0.00% 83.78% 

21 1cdb 33.3% 15 22 16.7% 12 10 50.73% 0.00% 0.00% 48.94% 

22 1qa9 33.3% 9 26 18.2% 11 10 55.39% 3.28% 3.28% 50.00% 

23 1lh2 30.8% 13 24 23.5% 17 10 74.55% 0.00% 0.00% 60.00% 

24 1cd8 31.6% 19 24 23.1% 13 10 47.13% 0.00% 0.00% 50.59% 

25 1qf0 33.3% 15 25 7.7% 13 10 68.25% 0.00% 0.00% 42.22% 

Table A - 5: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top fifth protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 



 

94 

 

 

  

Query Protein # 6 1ash 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

7 2hbg 27.8% 18 23 33.3% 12 10 53.77% 0.00% 0.00% 63.38% 

8 1myt 40.0% 10 19 20.0% 10 11 77.50% 0.00% 0.00% 74.36% 

9 1hlb 27.3% 11 19 16.7% 12 11 59.57% 0.00% 0.00% 65.31% 

10 1hlm 36.4% 11 25 20.0% 15 11 60.00% 2.17% 2.17% 83.61% 

11 1gnp 33.3% 15 24 35.7% 14 13 52.38% 25.19% 25.19% 74.14% 

12 5p21 33.3% 15 24 35.7% 14 13 54.76% 24.27% 24.27% 77.97% 

13 1eca 40.0% 10 21 28.6% 14 11 72.50% 0.00% 0.00% 83.64% 

14 2vhb 14.3% 14 18 18.2% 11 10 75.00% 0.00% 0.00% 56.82% 

15 2lhb 41.7% 12 22 20.0% 10 10 65.96% 0.00% 0.00% 77.78% 

16 1aa9 33.3% 15 24 17.6% 17 13 54.55% 0.00% 0.00% 81.25% 

17 1qra 33.3% 15 24 35.7% 14 13 54.32% 23.49% 23.49% 77.59% 

18 6q21 33.3% 15 24 17.6% 17 13 55.56% 0.00% 0.00% 77.47% 

19 1cnp 33.3% 12 22 18.2% 11 10 63.64% 0.00% 0.00% 66.67% 

20 1jhg 40.0% 10 28 18.2% 11 9 86.11% 0.00% 0.00% 65.79% 

21 1cdb 38.9% 18 27 23.1% 13 10 45.46% 0.00% 0.00% 50.75% 

22 1qa9 38.9% 18 27 16.7% 12 11 48.68% 0.00% 0.00% 49.06% 

23 1lh2 23.5% 17 27 25.0% 16 10 69.62% 0.00% 0.00% 60.00% 

24 1cd8 36.4% 11 18 33.3% 12 9 43.59% 0.00% 0.00% 55.10% 

25 1qf0 30.0% 20 22 6.7% 15 10 48.78% 16.13% 16.13% 55.00% 

Table A - 6: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top sixth protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 
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Query Protein # 7 2hbg 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

8 1myt 31.2% 16 23 30.8% 13 11 59.77% 0.00% 0.00% 81.48% 

9 1hlb 37.5% 16 21 36.4% 11 11 67.47% 0.00% 0.00% 82.93% 

10 1hlm 43.8% 16 23 18.8% 16 11 55.70% 0.00% 0.00% 81.94% 

11 1gnp 35.7% 14 25 30.0% 10 10 47.46% 0.00% 0.00% 83.33% 

12 5p21 35.7% 14 25 30.0% 10 10 50.00% 0.00% 0.00% 83.78% 

13 1eca 25.0% 20 26 30.0% 10 10 52.80% 32.01% 32.01% 68.29% 

14 2vhb 27.8% 18 21 20.0% 10 11 81.39% 0.00% 0.00% 78.38% 

15 2lhb 41.2% 17 25 20.0% 10 77 76.54% 2.94% 2.94% 80.56% 

16 1aa9 35.7% 14 25 16.7% 12 11 45.76% 0.00% 0.00% 77.78% 

17 1qra 35.7% 14 25 30.0% 10 10 49.15% 0.00% 0.00% 80.56% 

18 6q21 35.7% 14 25 16.7% 12 11 45.76% 0.00% 0.00% 75.56% 

19 1cnp 41.7% 12 24 27.3% 11 10 83.67% 0.00% 0.00% 68.18% 

20 1jhg 35.3% 17 20 10.0% 10 9 62.64% 0.00% 0.00% 68.29% 

21 1cdb 38.5% 13 25 28.6% 14 10 48.28% 1.47% 1.47% 46.67% 

22 1qa9 38.5% 13 25 30.0% 10 9 50.00% 3.51% 3.51% 47.37% 

23 1lh2 35.7% 14 28 20.0% 10 10 83.61% 0.00% 0.00% 69.23% 

24 1cd8 33.3% 12 20 31.2% 16 10 47.92% 0.00% 0.00% 47.95% 

25 1qf0 25.0% 12 24 33.3% 12 12 55.10% 22.73% 22.73% 42.55% 

Table A - 7: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top seventh protein among the top 25 highly similar proteins of 

Chew-Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and 

each target protein sequence, Len is the sequence length, and Score is the sequence similarity 

score using BLOSUM62 scoring matrix. 
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Query Protein # 8 1myt 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map local 
region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

9 1hlb 26.7% 15 20 36.4% 11 11 76.47% 1.05% 1.05% 71.74% 

10 1hlm 25.0% 16 20 40.0% 10 11 70.59% 0.00% 0.00% 78.57% 

11 1gnp 40.0% 10 22 7.1% 14 10 84.38% 0.00% 0.00% 55.56% 

12 5p21 40.0% 10 22 7.1% 14 10 80.00% 0.00% 0.00% 56.06% 

13 1eca 33.3% 18 23 18.2% 11 10 69.66% 0.00% 0.00% 73.91% 

14 2vhb 27.3% 11 21 27.3% 11 10 84.62% 0.00% 0.00% 60.78% 

15 2lhb 45.5% 11 23 16.7% 18 10 88.01% 0.00% 0.00% 58.33% 

16 1aa9 40.0% 10 22 9.1% 11 10 75.68% 0.00% 0.00% 74.42% 

17 1qra 40.0% 10 22 7.1% 14 10 55.56% 0.00% 0.00% 81.82% 

18 6q21 40.0% 10 22 9.1% 11 10 87.01% 0.00% 0.00% 78.57% 

19 1cnp 22.2% 18 25 18.8% 16 10 58.65% 6.00% 6.00% 74.32% 

20 1jhg 37.5% 16 20 20.0% 15 10 69.56% 0.00% 0.00% 73.85% 

21 1cdb 46.2% 13 28 18.2% 11 10 51.79% 0.00% 0.00% 52.17% 

22 1qa9 46.2% 13 28 18.2% 11 10 53.70% 0.00% 0.00% 60.98% 

23 1lh2 42.9% 14 27 36.4% 11 11 74.24% 10.31% 10.31% 81.40% 

24 1cd8 50.0% 12 17 20.0% 15 10 42.55% 0.00% 0.00% 46.15% 

25 1qf0 33.3% 15 25 21.1% 19 11 47.69% 0.00% 0.00% 45.88% 

Table A - 8: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top eighth protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 
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Query Protein # 9 1hlb 

  

The Most (M) and the Least (L)  local 
sequence similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

10 1hlm 38.5% 13 21 16.7% 12 10 72.73% 0.00% 0.00% 67.35% 

11 1gnp 31.6% 19 32 25.0% 12 11 52.48% 0.00% 0.00% 76.74% 

12 5p21 31.6% 19 32 25.0% 12 11 55.00% 0.00% 0.00% 71.11% 

13 1eca 18.2% 11 17 27.3% 11 11 81.40% 0.00% 0.00% 87.81% 

14 2vhb 50.0% 10 28 20.0% 10 10 88.24% 0.00% 0.00% 81.08% 

15 2lhb 29.4% 17 22 27.3% 11 10 78.26% 0.00% 0.00% 77.27% 

16 1aa9 31.6% 19 32 33.3% 12 11 55.34% 0.00% 0.00% 55.10% 

17 1qra 31.6% 19 32 25.0% 12 11 56.00% 0.00% 0.00% 66.67% 

18 6q21 31.6% 19 32 33.3% 12 11 51.96% 0.00% 0.00% 51.02% 

19 1cnp 28.6% 14 16 20.0% 10 10 76.19% 0.00% 0.00% 62.50% 

20 1jhg 42.9% 14 22 9.1% 11 9 62.69% 0.00% 0.00% 84.09% 

21 1cdb 36.4% 11 20 13.3% 15 11 60.47% 0.00% 0.00% 53.13% 

22 1qa9 26.3% 19 19 23.1% 13 9 51.52% 0.00% 0.00% 46.43% 

23 1lh2 35.7% 14 20 14.3% 14 11 78.33% 0.00% 0.00% 74.58% 

24 1cd8 35.3% 17 20 18.2% 11 9 43.82% 0.00% 0.00% 55.00% 

25 1qf0 29.4% 17 23 18.2% 11 11 48.10% 0.00% 0.00% 55.26% 

Table A - 9: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top ninth protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 
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Query Protein # 10 1hlm 

  

The Most (M) and the Least (L)  local sequence 
similarities 

Their four combinations of Contact Map 
local region similarities 

ID 
Target 
P’ Sim % Len Score Sim % Len Score MM ML LM LL 

11 1gnp 21.1% 19 30 25.0% 12 11 55.56% 0.00% 0.00% 64.71% 

12 5p21 21.1% 19 30 25.0% 12 11 53.47% 0.00% 0.00% 72.00% 

13 1eca 57.1% 14 37 27.3% 11 10 71.43% 0.00% 0.00% 72.73% 

14 2vhb 27.8% 18 26 30.0% 91 122 54.76% 0.00% 0.00% 87.50% 

15 2lhb 25.0% 20 28 30.0% 10 10 71.91% 0.00% 0.00% 53.57% 

16 1aa9 21.1% 19 30 36.4% 11 11 53.85% 0.00% 0.00% 55.00% 

17 1qra 21.1% 19 30 25.0% 12 11 52.94% 0.00% 0.00% 65.39% 

18 6q21 21.1% 19 30 36.4% 11 11 50.49% 0.00% 0.00% 53.85% 

19 1cnp 42.1% 19 31 20.0% 10 10 69.66% 0.00% 0.00% 90.24% 

20 1jhg 18.2% 11 20 7.1% 14 10 82.93% 0.00% 0.00% 72.06% 

21 1cdb 30.0% 10 20 15.4% 13 11 67.57% 0.00% 0.00% 56.36% 

22 1qa9 30.0% 10 20 20.0% 10 11 55.56% 0.00% 0.00% 63.89% 

23 1lh2 50.0% 14 30 15.4% 13 11 50.77% 9.38% 9.38% 72.41% 

24 1cd8 40.0% 10 16 30.8% 13 9 54.17% 0.00% 0.00% 60.00% 

25 1qf0 46.2% 13 18 18.2% 11 10 52.17% 25.00% 25.00% 63.04% 

Table A - 10: Similarity analysis of the most and the least sequences, and their corresponding 

contact map regions for the top tenth protein among the top 25 highly similar proteins of Chew-

Kedem dataset. Sim % is the sequence identity percentage for the pair of the query and each target 

protein sequence, Len is the sequence length, and Score is the sequence similarity score using 

BLOSUM62 scoring matrix. 

 


