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Abstract 
Evolutionary constraints on the structural similarity of proteins and applications to 

comparative protein structure modeling 
 

Mark Erik Peterson 

 

Proteins evolve through a process of divergence from common ancestors and 

subsequent selection, and so the evolutionary relationships shared by any set of proteins 

will affect the relationships among their sequences and structures.  Comparative 

modeling, a strategy to predict protein structures, takes advantage of these evolutionary 

relationships and uses a template protein’s structure to predict the structure of an 

evolutionarily related target protein. 

 Evolutionary relationships between proteins can be complex and often are 

difficult to deduce.  Comparative modeling typically relies on a single template, but a 

given protein has many more related proteins.  Additionally, there are several different 

ways in which proteins can diverge through evolution.  Gene duplication events produce 

paralogs, proteins that are generally less likely to maintain the same function than 

orthologs, which are produced by speciation events.  The work in this dissertation focuses 

on how these complexities affect the sequence-structure relationships between proteins 

and on our ability to leverage those relationships to predict protein structure. 

In the first study (Chapter 2), I examine effects of orthology and paralogy on 

relationships between pairs of proteins’ sequence and structure.  Using established 

methods for quantifying the sequence-structure relationships in proteins, this study 
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examined differences in those relationships that are a consequence of the evolutionary 

relationships between pairs of proteins.  I found that, at the same intermediate levels of 

sequence identity, orthologs are more structurally similar than paralogs.  These results 

indicate that incorporating knowledge of orthology into comparative modeling could 

result in improved model accuracy.   

In Chapter 3, I examine new ways of using multiple templates in comparative 

protein structure modeling.  In this study, I established Modeller’s baseline performance 

in modeling using multiple templates, compared the performance when using a new 

method of weighting templates, and established an upper bound on the performance 

improvement possible from changing the method for how template weights are 

determined.  I found that using statistical potentials to weight the contributions from 

multiple templates instead of using sequence similarity did not provide significant 

improvements.  These studies further suggested that Modeller’s current weighting 

scheme is already performing close to optimally.  
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Chapter 1  

Introduction 

1.1. Protein sequence, structure, and function 

Proteins are organic macromolecules, collections of atoms that are held together 

by chemical bonds.  A typical protein might be composed of several thousand atoms.  

Proteins are essential to the survival of cells and higher organisms because of the many 

functions they perform.  For example, enzymes catalyze chemical reactions, transport 

proteins transport other molecules across cell membranes and throughout the organism, 

receptors regulate and coordinate bodily activities by detecting chemical signals, and 

structural proteins provide support for cells and organs.   

Every protein is made up of a linear chain, or sequence, of amino acid residues 

that are joined together by peptide bonds between the amino and carboxyl groups of 

adjacent residues.  Physical interactions between the side chains of the amino acid 

residues in the sequence determine the three-dimensional structure of a protein, and it is 

the protein’s structure that determines what function it can perform.  These sequence-

structure-function dependencies can be exploited for many different purposes.  For 

example, comparing the structures of related proteins can help deduce their evolutionary 
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relationships (Nagano et al. 2002; Glasner et al. 2006; Ojha et al. 2007).  Since structure 

determines function, determining a protein’s structure can help scientists predict its 

function or can aid in identifying which proteins would be the best starting points for 

engineering a new function (O'Loughlin et al. 2006; Glasner et al. 2007).  A protein’s 

structure also determines what can bind to it, and so knowing its structure can help 

determine enzyme substrates (Hermann et al. 2006; Hermann et al. 2007) and even aid in 

drug discovery (Blundell et al. 2002; Kitchen et al. 2004).   

1.2. Experimental Determination of Protein Sequence and Structure 

As protein sequence, structure, and function information can be applied to many 

problems, considerable effort has been devoted to developing methods for obtaining such 

information.  To determine the amino acid sequence of a protein, for example, a variety 

of methods are available.  For the past three decades, a majority of the sequencing done 

has employed the chain-termination method developed by Sanger et al. (Sanger and 

Coulson 1975; Sanger et al. 1977).  This method sequences DNA from a genome, and 

this DNA sequence can then be used to deduce the corresponding amino acid sequence 

for which it codes.   

The dye-terminator sequencing method (Lee et al. 1992) provided an 

improvement in ease of use and cost, and is now being used for most small sequencing 

projects.  High-throughput sequencing methods have also been developed recently 

(Church 2006; Hall 2007), and provide a means of generating many sequences at the 

same time by parallelizing the process.  Metagenomics (Handelsman et al. 1998; Venter 

et al. 2004) uses environmental samples of materials such as soil or water to determine 

the sequences of many organisms at once.  Over the past ten years, as sequencing has 
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become quicker and cheaper, there has been an explosion in the amount of sequence 

information available.  The amount of protein structure information, however, has not 

kept pace. 

There are several ways of experimentally determining the structures of proteins.  

The two most common are x-ray crystallography (Ilari and Savino 2008) and nuclear 

magnetic resonance (NMR) spectroscopy (Wuthrich 1989).  X-ray crystallography is a 

method of determining the arrangements of atoms in a molecule in which a beam of x-

rays strikes a crystal composed of many copies of the molecule and scatters.  The angles 

and intensities of the scattered beams are recorded and used to construct a three-

dimensional model of the electron density within the crystal.  Using this map of electron 

density, the average positions of the atoms and the chemical bonds that compose the 

molecule can be determined.  NMR spectroscopy uses a sample of the protein in solution 

and determines multiple conformations of the protein using measurements of shifts in 

resonance frequencies that depend on local chemical environments.  X-ray 

crystallography yields information about a single conformation of the protein, which may 

not be its active conformation or the conformation in which it most often exists in vivo.  

Although NMR spectroscopy gives information about multiple conformations, structures 

determined using this technique are typically at lower resolution than those determined 

by x-ray crystallography.   

These and other methods for structure determination have several drawbacks.  

First, they are time-consuming.  It is not uncommon for years to be devoted to the 

experimental determination of a protein structure.  Second, they are costly.  

Determination of a single structure in an independent academic laboratory has been 
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estimated to cost between $250,000 and $300,000 (Service 2005).  Third, some protein 

structures are not amenable to experimental determination.  For example, structures of 

membrane-bound proteins in particular are notoriously difficult to determine 

experimentally (White 2004).  However, these difficulties can be avoided when it is 

possible to accurately determine the structure of a protein computationally. 

1.3. Computational Prediction of Protein Structure  

Since the structure of a protein determines what functions it can perform, 

knowledge of structure is useful for researchers interested in predicting protein functions 

(Hegyi and Gerstein 1999; Whisstock and Lesk 2003), predicting protein-protein 

interactions (Davis et al. 2006; Hoskins et al. 2006), or finding natural substrates 

(Kalyanaraman et al. 2005; Hermann et al. 2006; Hermann et al. 2007; Song et al. 2007).  

Despite this usefulness, comparatively few experimentally determined protein structures 

are available.  As of 2008, slightly more than 50,000 protein structures (RCSB 2008) had 

been experimentally determined, a number far less than the number of protein sequences 

than have been determined (Wu et al. 2006).  However, because many experimentally 

determined protein sequences are available and because a protein’s sequence will 

determine its structure, we can use information about a protein’s sequence to predict its 

structure.  

Different methods for computational determination (or prediction) of a protein’s 

structure differ in the type of information that is used.  Ab initio modeling (Bradley et al. 

2005; Misura et al. 2006; Skolnick 2006) predicts the structure using the protein’s 

sequence and physics-based rules for scoring the energy of physical interactions between 

the amino acids without relying on structural information from related proteins of known 
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structure.  Many conformations are sampled and the lowest-energy conformation found is 

the resulting predicted structure.  An advantage of ab initio modeling is that it does not 

require the use of any other experimentally determined structures, and so can be 

employed when no related proteins have known structures.  While ab initio modeling has 

been successful for smaller proteins (roughly, those less than 100 amino acids long), 

comparative modeling has proven to be more accurate for larger proteins (Baker and Sali 

2001).  Comparative modeling (Sali and Blundell 1993; Sali and Overington 1994; Marti-

Renom et al. 2000; Baker and Sali 2001; Fiser 2004; Wallner and Elofsson 2005) uses 

one or more experimentally determined structures of evolutionarily related proteins as a 

starting point to determine the structure of some protein of interest.  To determine what 

structure should be used as a starting point, comparative modeling relies on detectable 

sequence similarity between most of the sequence to be modeled (the target) and the 

protein or proteins of known structure (the templates). 

Comparative modeling consists of four steps (Marti-Renom et al. 2000).  The first 

is to search a database of experimentally determined protein structures to find one with a 

closely related sequence.  This will be the template, and the goal is to model the target’s 

structure based on the template’s already known structure.  The second step is to align the 

sequences of the target and template proteins.  This allows one to determine what 

structural features in the template correspond to various parts of the target’s sequence.  

Many ways exist to build the model using the alignment.  For this work, we used the 

program Modeller.  With Modeller, the third step in the modeling process is to extract 

spatial restraints on the model of the target structure from the template structure.  

Restraints are limits on the structural features of the model.  As an example, a feature of 
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the final model might be the distance between two amino acid residues.  To get an 

estimate of what that distance should be, one can look to the distance between the aligned 

residues in the template and expect that the corresponding distance in the target should be 

similar.   The derived restraint thus specifies that the distance in the target be close to that 

of the corresponding distance in the template.  A large number of structural features of 

the model are restrained in this way, and in the fourth step, a model is built that violates 

the collection of restraints as little as possible.  Thus both sampling and scoring are based 

on the satisfaction of spatial restraints. 

1.4. Protein Evolution 

Evolution has produced many types of proteins that perform a range of different 

functions.  Diversity among proteins is the result of a continual process of duplication 

and divergence of the genetic sequences that code for proteins.  Divergence occurs as 

proteins evolve from earlier versions by accumulating mutations over multiple 

generations.  Mutations are permanent, transmissible changes to genetic code, often 

caused by errors in the duplication process or by environmental factors such as radiation, 

chemicals, or viruses.  Examples include point mutations, in which a single nucleotide is 

changed, and crossovers, insertions, deletions, and rearrangements, in which larger pieces 

of the genetic code are changed.  Some changes are beneficial, and so enjoy a selective 

advantage, increasing the chances of an organism passing on its genetic code, while 

others are deleterious and decrease the chances of that change being passed along.   

New lineages of proteins can be created by sexual or asexual reproduction, gene 

duplication, speciation, or horizontal gene transfer.  Gene duplication occurs when a 

second copy of a gene is created within a genome.  Speciation is the process by which 



  7

new, genetically isolated species of organisms are created.  Horizontal gene transfer 

occurs when an organism incorporates genetic material from another organism without 

being its offspring. 

 A protein’s evolutionary history defines its relationship to other proteins, and the 

evolutionary relationships shared by any set of proteins will affect the relationships 

among their sequences and structures.  Orthologs are homologous proteins that are 

related by a speciation event and tend to show more functional similarity than other 

homologs (Sonnhammer and Koonin 2002; Koonin 2005).  Paralogs are homologous 

proteins that are related by a gene duplication event, and tend to show less functional 

similarity than orthologs (Koonin 2005).  Although useful, accurately identifying 

orthologs and paralogs is not trivial (Koonin 2005).  However, despite the impossibility 

of reconstructing the ancestry of any particular gene with complete certainty, various 

methods have been developed for identifying orthology and paralogy and for assessing 

the accuracy of these identifications (Chen et al. 2007).  Some methods for identifying 

orthology and paralogy use phylogenetic analysis and/or tree reconciliation (Mirkin et al. 

1995; Altschul et al. 1997; Page and Charleston 1997; Eulenstein et al. 1998; Arkin and 

Fletcher 2006), which typically involves reconciling a gene tree with a species tree.  The 

complications involved in this approach, such as dealing with horizontal gene transfer, 

various artifacts in the trees, and computational expense, often make this approach 

impractical, and more comprehensive orthology classifications can be made without 

requiring phylogenetic analysis (Koonin et al. 2004).  The most commonly used 

databases of orthology and paralogy assignments, such as COG (Tatusov et al. 1997; 

Tatusov et al. 2003), do not use tree reconciliation.  Instead, a simplifying assumption is 
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made that orthologous genes in pairs of genomes can be identified as symmetrical best 

hits when comparing gene sequences.  For the work presented in this dissertation, we 

obtained orthology and paralogy assignments from the recently developed, automated 

ortholog identification tool,  OrthoMCL DB (Chen et al. 2006), which assigns orthology 

and paralogy using comparisons of full-length sequences, genome similarity, and Markov 

clustering.  

 The concepts of orthology and paralogy have been used primarily to identify sets 

of proteins likely to share similar functions (in the case of orthologs) or likely to be more 

divergent in function (in the case of paralogs).  The impact of orthology on functional 

similarity has been studied in the past (Tatusov et al. 1997; Hulsen et al. 2006).  In one 

study, inspection of 1330 clusters of orthologous groups containing one-to-one orthologs 

from E. coli and B. subtilis showed no clear-cut cases of significantly different functions 

(Koonin 2005).  Another found that selective pressure acts differentially on paralogs even 

immediately following duplication (Kondrashov et al. 2002).   

The ability to identify proteins likely to share functions is especially useful for 

applications such as the annotation of newly sequenced genomes.  It also can aid in 

comparative modeling, in which functionally similar proteins to the target might provide 

better templates, particular for modeling functional sites.  For protein engineering, in 

which new functions are designed, starting with a template protein that has functional 

capabilities as close as possible to the desired function is similarly valuable.   

1.5. Outline of Thesis 

 Protein evolution is complex.  A single protein will be related to many other 

proteins by different types of evolutionary relationships.  This thesis explores how these 
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complicated evolutionary relationships affect the sequence-structure relationship and how 

our ability to exploit those complications can improve comparative modeling.   

 In Chapter 2, I discuss how the relationship between sequence similarity and 

structural similarity between pairs of proteins differs depending on how those proteins are 

evolutionarily related.  Although a quantitative relationship between sequence similarity 

and structural similarity has long been established, little is known about the impact of 

orthology on the relationship between protein sequence and structure.  Among homologs, 

orthologs more frequently have similar functions than paralogs.  The central hypothesis 

of this work was that an orthologous pair will tend to exhibit greater structural similarity 

than a paralogous pair at the same level of sequence similarity.  To test this hypothesis, 

we used 284,459 pairwise structure-based alignments of 12,634 unique domains from 

SCOP as well as orthology and paralogy assignments from OrthoMCL DB. We divided 

the comparisons by sequence identity and determined whether the sequence-structure 

relationship differed between the orthologs and paralogs. We found that at levels of 

sequence identity between 30% and 70%, orthologous domain pairs indeed tend to be 

significantly more structurally similar than paralogous pairs.  An even larger difference is 

found when comparing ligand binding residues instead of whole domains. These 

differences between orthologs and paralogs are expected to be useful for selecting 

template structures in comparative modeling and target proteins in structural genomics.  

The results of this study were submitted for publication in Protein Science in 2008. 

In Chapter 3, I discuss how using multiple templates, instead of single templates, 

can improve comparative modeling and how much potential for improvement exists in 

how we combine information from multiple templates.  The principal source of structural 
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information when building a comparative model is the template or set of templates.  

Although a set of multiple templates generally contains more information than does a 

single template, this additional information does not necessarily result in better models.  

In this study, we investigated a new method of weighting the contributions of multiple 

templates to a single model that allows this information to be better utilized.  This method 

uses statistical potentials derived from a database of protein structures to assess the likely 

local structural similarity between each template and the target.  Restraints on the final 

model structure derived from each template are then weighted accordingly.  We have 

assessed the resulting model quality and present a comparison of Modeller’s performance 

using this method of template weighting to its performance using a method based on 

sequence similarity.  Our results indicate that using statistical potentials to weight the 

contributions of each template to the final model can improve model quality, but by a 

relatively small margin.   
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Chapter 2  

Evolutionary Constraints on 

Structural Similarity in Orthologs 

and Paralogs 

2.1. Abstract 

Although a quantitative relationship between sequence similarity and structural 

similarity has long been established, little is known about the impact of orthology on the 

relationship between protein sequence and structure.  Among homologs, orthologs more 

frequently have similar functions than paralogs.  Here, we hypothesize that an 

orthologous pair will tend to exhibit greater structural similarity than a paralogous pair at 

the same level of sequence similarity.  To test this hypothesis, we used 284,459 pairwise 

structure-based alignments of 12,634 unique domains from SCOP as well as orthology 

and paralogy assignments from OrthoMCL DB. We divided the comparisons by sequence 

identity and determined whether the sequence-structure relationship differed between the 

orthologs and paralogs. We found that at levels of sequence identity between 30% and 

70%, orthologous domain pairs indeed tend to be significantly more structurally similar 



  12

than paralogous pairs.  An even larger difference is found when comparing ligand 

binding residues instead of whole domains. These differences between orthologs and 

paralogs are expected to be useful for selecting template structures in comparative 

modeling and target proteins in structural genomics.   

The results of this study were submitted for publication in Protein Science in 

2008. 

2.2. Introduction 

One of the foundations of molecular biology is that a protein’s sequence 

determines its structure, which in turn determines how the protein functions.  These 

sequence-structure-function dependencies allow us to better deduce evolutionary 

relationships between proteins and between organisms, to better discern the functions of 

the thousands of genes from many genome sequencing projects, and to improve design of 

new protein functions and drugs.   

Protein sequence-structure-function relationships have been investigated and 

quantified in various ways.  Structural similarity between proteins (measured, for 

example, by the root mean square deviation (RMSD) between the backbone atoms of the 

common cores of two protein structures) is clearly related to their sequence similarity 

(Chothia and Lesk 1986; Hubbard and Blundell 1987; Flores et al. 1993; Russell et al. 

1997; Sauder et al. 2000; Wilson et al. 2000).  Other studies have established the level of 

sequence similarity at which structural similarity is likely to be observed (Rost 1999; 

Yang and Honig 2000).   

Quantitative analyses of the relationship between sequence similarity and 

functional similarity have frequently focused on the degree of sequence similarity 
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required to be able to transfer functional annotations from one protein to another.  

Although not without limitations (Babbitt 2003), Enzyme Commission (E.C.) numbers 

(Tipton and Boyce 2000) constitute one of the most common ways of specifying protein 

function for such studies. Sequence similarity thresholds above which E.C. numbers can 

be reliably transferred from one protein to another have been suggested (Devos and 

Valencia 2000; Wilson et al. 2000; Rost 2002; Tian and Skolnick 2003).  Measures of 

function other than E.C. number have also been used (Joshi and Xu 2007; Sangar et al. 

2007), and the expected functional similarity between pairs of proteins for a broad range 

of sequence identities has been determined (Hegyi and Gerstein 1999; Todd et al. 2001; 

Rost 2002). 

The relationships between structural similarity and functional similarity have also 

been studied (Hegyi and Gerstein 1999; Thornton et al. 1999; Wilson et al. 2000; 

Whisstock and Lesk 2003; Shakhnovich and Harvey 2004).  A correlation has been 

observed between functional similarity and RMSD between pairs of proteins (Wilson et 

al. 2000), although structure and function generally seem to be less closely correlated 

than sequence and structure (Wilson et al. 2000; Shakhnovich and Harvey 2004). 

Much of the power of the relationships between sequence, structure, and function 

lies in conclusions applying broadly to many classes of proteins.  However, we can ask 

more specifically if the relationships are quantitatively different depending on the subset 

of proteins examined.  To some extent, this approach has been taken by those who have 

examined sequence-structure-function relationships by protein family or by fold class.  

For example, it has been found that sequence similarity and structural similarity are 

correlated within protein families (Koehl and Levitt 2002), but that this relationship 
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varies between different protein families (Wood and Pearson 1999).  In contrast, 

sequence-structure relationships do not appear to be significantly determined by fold 

class alone (Flores et al. 1993; Wilson et al. 2000). 

We present another informative way of selecting subsets of proteins to examine: 

dividing proteins according to orthology and paralogy (Fitch 1970).  Orthologs are 

homologous proteins that are related by a speciation event and tend to show more 

functional similarity than other homologs (Sonnhammer and Koonin 2002; Koonin 

2005).  Paralogs are homologous proteins that are related by a gene duplication event, 

and tend to show less functional similarity than orthologs (Koonin 2005).  The impact of 

orthology on functional similarity has been studied in the past (Tatusov et al. 1997; 

Hulsen et al. 2006), and we add to these studies by examining orthology and paralogy 

from a structural perspective.  Surprisingly, little is known empirically about the impact 

of orthology on the relationship between protein sequence and structure. It is generally 

recognized that proteins with similar functions tend to have similar structures.  Consider a 

particular reference protein and its paralogs and orthologs.  A paralog, having relaxed 

functional constraints due to the possible redundancy of gene duplication, may be free to 

acquire sequence changes that alter its structure. An ortholog with the same sequence 

identity to the reference, however, must retain function and may share greater structural 

similarity with the reference protein than the paralog.  Here, we test this hypothesis by 

quantitatively comparing the relationship between sequence and structure in orthologous 

and paralogous proteins.  In so doing, we examine how similarity in functional 

constraints (as suggested by evolutionary relationship) impacts the relationship between 

sequence and structure. 
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The identification of orthologs and paralogs itself is not a solved problem (Koonin 

2005).  Although it is impossible to reconstruct the ancestry of any particular gene with 

complete certainty, various methods have been developed for identifying orthology and 

paralogy and for assessing the accuracy of these identifications (Chen et al. 2007).  Some 

methods for identifying orthology and paralogy use phylogenetic analysis and/or tree 

reconciliation (Mirkin et al. 1995; Altschul et al. 1997; Page and Charleston 1997; 

Eulenstein et al. 1998; Arkin and Fletcher 2006), which typically involves reconciling a 

gene tree with a species tree.  The complications involved in this approach, such as 

dealing with horizontal gene transfer, various artifacts in the trees, and computational 

expense, often make this approach impractical, and more comprehensive orthology 

classifications can be made without requiring phylogenetic analysis (Koonin et al. 2004).  

The most commonly used databases of orthology and paralogy assignments, such as 

COG (Tatusov et al. 1997; Tatusov et al. 2003), do not use tree reconciliation.  Instead, a 

simplifying assumption is made that orthologous genes in pairs of genomes can be 

identified as symmetrical best hits when comparing gene sequences.  For our study, we 

obtain orthology and paralogy assignments from the recently developed, automated 

ortholog identification tool,  OrthoMCL DB (Chen et al. 2006), which assigns orthology 

and paralogy using comparisons of full-length sequences, genome similarity, and Markov 

clustering.  We chose to use OrthoMCL because in a recent performance evaluation 

(Chen et al. 2007), OrthoMCL was shown to provide a good balance of sensitivity and 

specificity. 

Implications of this study include not only new knowledge of how sequence-

structure relationships differ between proteins, but also extend to improving methods for 
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comparative modeling and structural genomics.  In both of these applications, sequence 

similarity is used as a predictor of structural similarity.  Making this prediction more 

accurate by adding information about orthology would in turn allow better selection of 

templates in comparative modeling (Baker and Sali 2001; Petrey and Honig 2005; 

Ginalski 2006; Misura et al. 2006; Eswar et al. 2008) and better selection of targets for 

structural genomics (Kim 1998; Sanchez and Sali 1998; Todd et al. 2001; Bray et al. 

2004; Chandonia et al. 2006). 

We begin by presenting results from our large-scale analyses of whole protein 

domains and sets of ligand-binding residues within those protein domains.  We find that 

orthologs do indeed tend to be more structurally similar than paralogs at the same level of 

sequence similarity (Results).  We then present two examples taken from these large-

scale analyses that demonstrate the overall trends found in the data, as well as two 

counterexamples.  Next, we suggest an explanation for those results that depart from the 

more general trends (Discussion).  Finally, we discuss possible applications of our work 

in comparative modeling and in structural genomics. 

2.3. Results 

2.3.1. Comparisons of whole domains 

We hypothesized that at a given sequence identity, structural similarity will be 

higher for orthologs than for paralogs.  To quantify any such increase as a function of 

sequence identity, we plotted sequence identity versus structural divergence (measured 

by RMSD, the root-mean-square deviation between the aligned Cα atoms of two 

structures) separately for orthologous and paralogous domains (Figure 2.1).  This plot 
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includes 86,676 pairs of orthologs and 197,783 pairs of paralogs, and can be divided into 

two regions corresponding to sequence identities above and below 70% (Table 2.1).  We 

also constructed the corresponding plots using only crystallographically determined 

structures (all resolutions, resolutions better than 2.5 Å, and resolutions better than 2.0 

Å); the resulting plots were similar to each other (data not shown).   

 

Figure 2.1. Global RMSD as a function of sequence identity for orthologous domain pairs (red 

squares) and paralogous domain pairs (blue triangles) 

RMSD calculated over alignment positions for which the Cα atoms from the aligned residues were 

within 3.5 Å of each other in the structural superposition.  Larger values of RMSD indicate greater 

structural divergence.  Error bars represent the 95% confidence interval of the mean RMSD for 

each sequence identity range.  Sample sizes are shown for orthologous pairs (red bars) and 

paralogous pairs (blue bars) for each range of sequence identities. 
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Table 2.1. Global RMSD for orthologous domain pairs and paralogous domain pairs with sequence 
identities above and below 70%. 

 

Orthologous pairs of domains Paralogous pairs of domains 
Sequence 
identity 

range (%) 
Average Cα 
RMSD (Å) 

Standard 
deviation 
σ2 (Å) 

Sample 
size n 

Radius of 
95% 

confidence 
interval (Å) 

Average 
Cα RMSD 

(Å) 

Standard 
deviation 
σ2 (Å) 

Sample 
size n 

Radius of 
95% 

confidence 
interval (Å) 

0-70 1.05 0.30 72,732 0.002 1.55 0.29 196,860 0.001 
70-100 0.77 0.40 14,003 0.01 0.72 0.23 969 0.01 

 

The two curves have the largest separation for domains that share less than 70% 

sequence identity.  In this range, orthologs are indeed substantially more structurally 

similar than paralogs of the same sequence identity (average Cα RMSDs of 1.05 ± .002 Å 

and 1.55 ± .001 Å, respectively; ranges given are 95% confidence intervals for the 

means). Because of the large sample sizes (72,732 and 196,860, respectively) in this 

range of sequence identity, the confidence intervals are small despite relatively large 

standard deviations for the Cα RMSDs (standard deviations are 0.30 Å and 0.29 Å for 

orthologous and paralogous pairs, respectively). 

For pairs of domains with sequence identities above 70%, the observed 

differences between average Cα RMSDs for orthologs and paralogs essentially disappear: 

Cα RMSDs averaged 0.77 ± .01 Å and 0.72 ± .01 Å for orthologs and paralogs, 

respectively. Again, the confidence intervals are small because of the large sample sizes, 

although the sample sizes were smaller than those at less than 70% sequence identity 

(Figure 2.1, Table 2.1).  Trends were similar when using both Cα and Cβ atoms to 

calculate RMSDs, as well as when using all main-chain atoms (data not shown).   

The effect of orthology versus paralogy on the relationship between sequence and 

structure may also be considered by specifying the level of structural similarity and 

comparing the sequence identities for orthologous and paralogous pairs.  For example, 



  19

interpolating between the points shown in Figure 2.1, at an average Cα RMSD of 1.0 Å, 

the corresponding sequence identities are 48% for orthologous pairs and 65% for 

paralogous pairs.  This observation indicates that a paralogous pair of proteins has a 

sequence identity that is, on average, approximately 17 percentage points higher than a 

corresponding orthologous pair with the same structural similarity. 

2.3.2. Comparisons of ligand-binding residues 

Ligand-binding residues deliver function by providing specific interactions 

between proteins and their ligands (e.g., substrates, cofactors, other proteins, or 

inhibitors).  As these residues tend to be conserved during evolution, we expect not only 

that the structural similarity between orthologs is greater than that for paralogs at any 

level of sequence similarity, but also that this difference in structural similarities should 

be larger for ligand-binding residues than for whole domains.  Ligand-binding residues 

were identified using known complexed structures annotated in LigBase (Stuart et al. 

2002).  From our original sets of orthologous and paralogous domain pairs (described 

above), 5,066 and 28,938 pairs, respectively, had at least three aligned residue pairs that 

were identified as ligand-binding.  The average number of aligned ligand-binding 

residues in a pair was 20.  The plot of local Cα RMSD for these aligned ligand-binding 

residues versus local sequence identity (Figure 2.2) can be divided into three regions, 

corresponding to sequence identities below 20%, between 20% and 90%, and above 90% 

(Table 2.2).  Although the trends here are similar to those for whole-domain comparisons, 

we found, as expected, that there was a greater separation between the two curves over a 

larger range of sequence identities for ligand-binding residues than there was for whole 

domains. 
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Figure 2.2. Local RMSD as a function of local sequence identity for orthologous domain pairs (red 

squares) and paralogous domain pairs (blue triangles) 

RMSD and sequence identity calculated over alignment positions for which one of the residues 

was designated a ligand-binding residue in LigBase and for which the Cα atoms from the aligned 

residues were within 3.5 Å of each other in the structural superposition.  Larger values of RMSD 

indicate greater structural divergence.  Error bars represent the 95% confidence interval of the 

mean RMSD for each sequence identity range.  Sample sizes are shown for orthologous pairs (red 

bars) and paralogous pairs (blue bars) for each range of sequence identities. 

 

Table 2.2. RMSD of ligand-binding residues grouped by sequence identity for orthologous domain 
pairs and paralogous domain pairs. 

 

Ligand-binding residues in orthologous pairs 
of domains 

Ligand-binding residues in paralogous pairs 
of domains 

Sequence 
identity 

range (%) 

Average 
Cα 

RMSD 
(Å) 

Standard 
deviation 
σ2 (Å) 

Sample 
size n 

Radius of 
95% 

confidence 
interval 

(Å) 

Average 
Cα 

RMSD 
(Å) 

Standard 
deviation 
σ2 (Å) 

Sample 
size n 

Radius of 
95% 

confidence 
interval 

(Å) 
0-20 1.19 0.70 1,302 0.038 1.35 0.58 24,871 0.007 

20-90 0.98 0.26 17,048 0.004 1.20 0.25 55,324 0.002 
90-100 0.78 0.38 9,638 0.008 0.71 0.32 1,078 0.019 
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2.3.3. Using a common reference structure to compare whole domains 

We also compared orthologous versus paralogous sequence-structure 

relationships using a common query domain to limit each comparison to proteins of 

similar structure (e.g., in the same family).  Specifically, we examined 3,816 triplets of 

proteins, each triplet consisting of a query domain, an ortholog of the query domain, and 

a paralog of the query domain.  As before, orthology and paralogy assignments were 

obtained using OrthoMCL DB.  Each point in Figure 2.3 shows the difference in 

sequence identities between the orthologous pair and the paralogous pair of the triplet, as 

well as the corresponding difference in structural similarities.  If the type of evolutionary 

relationship between pairs of protein domains does not affect the relationship between 

sequence identity and structural similarity, then the trend line (fitted by linear least-

squares regression) would be expected to intersect the origin, corresponding to equal 

sequence identities resulting in equal structural similarities for both orthologs and 

paralogs.  Instead, we observed a marked departure of the trend line from the origin.  At 

the same level of structural similarity, paralogous domain pairs have sequence identities 

that are on average 10 percentage points higher than those of orthologous domain pairs.  

Similarly, for comparable sequence identities, orthologous domain pairs have Cα RMSDs 

that are 0.11 Å lower than those of paralogous domain pairs. 
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Figure 2.3.   Structural differences as a function of sequence difference when comparing orthologs 

and paralogs to the same reference structure 

Each point represents a triplet of protein domains.  A single triplet consists of a query domain, one 

ortholog to that query, and one paralog to that query.  The x-axis shows the difference between the 

sequence identity of the ortholog to the query and the sequence identity of the paralog to the 

query.  The y-axis shows the difference between the query-ortholog RMSD and the query-paralog 

RMSD.  The trend line was fit by linear least-squares regression.  The equation of the line is y = -

0.011 x – 0.153, and it intersects the x-axis at -14.2% (with a 95% confidence interval of (-14.86, -

13.64)) and the y-axis at -0.15 Å (with a 95% confidence interval of (-0.180, -0.126)).  Its R2 

value is 0.30, with the R2 value representing a measure of its goodness-of-fit (the R2 statistic can 

range from -1 to 1, with 1 representing perfect positive correlation and -1 representing perfect 

negative correlation).   
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2.3.4. Investigations of representative and anomalous cases 

We visually inspected a large number of cases, including both those that 

conformed to our hypothesis and those that did not.  In Figure 2.4, we present two 

examples of using a common reference structure to compare whole domains: in each case 

both an ortholog and a paralog to the same domain were superposed on that domain’s 

structure.  The first case shows a relationship between domains of similar sequence 

identities that supports our hypothesis (27% sequence identity and 1.3 Å RMSD for the 

ortholog versus 30% sequence identity and 1.8 Å RMSD for the paralog) (Figure 2.4a). 

There are no large (≥ 15 residues) contiguous regions in which the residues of one of the 

homologs are closer to their aligned residues in the query than are those in the other 

homolog. There are also no contiguous regions longer than four residues in which one 

homolog is at least 0.5 Å closer to the query than the other homolog.  Rather, the ortholog 

is more consistently closer to the query, but by a smaller margin than is seen for the 

second case below (Figure 2.4b).  The higher structural similarity between the orthologs 

in this case is accompanied by greater functional similarity.  Both of the orthologs form 

essential heterodimeric components of a neuregulin-receptor complex, while the paralog 

to the query domain forms a tetramer that binds insulin-like growth factor 1 (IGF1) with 

a high affinity and IGF2 with a lower affinity.  Additional inspected cases consistent with 

our hypothesis displayed similar behavior; others showed more variation in the structural 

divergence between the query domain and its ortholog/paralog. 
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Figure 2.4.  Examples of orthologs that share greater or lesser structural similarity than paralogs 

a) Superposition of an ortholog (SCOP domain d1n8yc4, in red) and a paralog (SCOP domain 

d1igra3, in blue) onto middle domain of human Supernatant protein factor (SPF) (SCOP domain 

d1s78a3, in gray).  The plot shows distances between middle domain of human receptor tyrosine-

protein kinase erbB-2 and aligned Cα atoms in its ortholog (red curve) and its paralog (blue curve) 

after superposition onto erbB-2. Resolutions are listed for each domain beside their respective 

SCOP codes.  b) Superposition of an ortholog (SCOP domain d1q4jb2, in red) and a paralog 

(SCOP domain d4pgtb2, in blue) onto C-terminal domain of human Glutathione S-transferase 

(GST) (SCOP domain d1pkwa2, in gray).  The plot shows distances between middle domain of 

human Glutathione S-transferase (GST) and aligned Cα atoms in its ortholog (red curve) and its 

paralog (blue curve) after superposition onto Glutathione S-transferase (GST) as a function of 

Glutathione S-transferase (GST) residue number.  Molecular graphics images were produced using 

the UCSF Chimera package (Pettersen et al. 2004) from the Resource for Biocomputing, 

Visualization, and Informatics at the University of California, San Francisco (supported by NIH 

P41 RR-01081). 
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The second case (Figure 2.4b) shows a counterexample (32% sequence identity 

and 1.5 Å RMSD for the ortholog versus 24% sequence identity and 1.2 Å RMSD for the 

paralog) in which the ortholog is more structurally divergent despite its higher sequence 

identity.  In this counterexample, there is one region (alignment positions 35-45) in which 

the superposed ortholog is closer (0.55 Å on average) to the query structure than is the 

paralog.  However, there are also two regions (alignment positions 28-34 and 62-78) in 

which the paralog is closer (1.2 Å and 1.1 Å on average) to the query structure than is the 

ortholog. Additional inspected cases inconsistent with our hypothesis displayed similar 

behavior; others showed less variation in the structural divergence from the query 

domain. 

In Figure 2.5, we show examples of relationships similar to those above (in 

support of and against the hypothesis) for ligand-binding residues in particular.  Over the 

sets of ligand-binding residues, the ortholog and paralog in Figure 2.5a have local 

RMSDs of 1.0 Å and 1.4 Å, respectively, to the ligand-binding residues of the query 

domain.  RMSD values were calculated using all non-hydrogen atoms of the aligned 

residues, including the side chains.  Those in Figure 2.5b have local RMSDs of 1.1 Å and 

0.8 Å, respectively. The reference structures used for these cases share between 23 and 

32% global sequence identity with the orthologs and paralogs shown. The atomic 

distances between the orthologs/paralogs and the query structures were quite variable 

(distances between aligned Cβ atoms of ligand-binding residues varied between 0.1 Å and 

1.4 Å).  Both cases included positions at which the orthologs’ ligand-binding residues 

were closer to and positions at which the ortholog’s ligand-binding residues were more 

distant from the query than were the paralog’s. 
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Figure 2.5. Greater and lesser structural similarity among ortholog and paralog binding sites 

a) Superposition of ligand-binding residues from an ortholog (SCOP domain d1nt0g1, in red) and 

a paralog (SCOP domain d1nzib1, in blue) onto those of human MBL-associated protein 19 (Map 

19) (SCOP domain d1szba1, in gray).  b) Superposition of ligand-binding residues from an 

ortholog (SCOP domain d1xsm__, in red) and a paralog (SCOP domain d1smsb_, in blue) onto 

those of ribonucleotide reductase from S. cerevisiae (SCOP domain d1jk0a_, in gray). 

2.4. Discussion 

Elaborating on previous work that examined sequence-structure relationships in 

proteins (Chothia and Lesk 1986; Hubbard and Blundell 1987; Flores et al. 1993; Russell 

et al. 1997; Rost 1999; Wood and Pearson 1999; Sauder et al. 2000; Wilson et al. 2000; 

Yang and Honig 2000; Koehl and Levitt 2002), we asked whether orthologs at a 

particular level of sequence similarity show more structural similarity than paralogs at 

that same level of sequence similarity.  To address this question, we identified pairs of 

orthologous and paralogous domains and compared the average structural divergences 

between pairs of orthologs and pairs of paralogs as a function of sequence identity. Our 

hypothesis was confirmed for sequence identities below 70%, with the greatest 

divergence between orthologs and paralogs seen when sequence identities were between 
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30% and 70%.  We now discuss these results and their implications for comparative 

modeling and structural genomics. 

2.4.1. Results by sequence identity range 

The middle range of sequence identities (30-70%), in which our hypothesis was 

most strongly confirmed (average Cα RMSDs of 1.00 Å and 1.34 Å, for orthologs and 

paralogs, respectively), is also the range in which we expect our data to be most reliable.  

In this range, more reliable sequence alignments are possible than at lower sequence 

identities, and consequently more accurate estimates of the “true” sequence identity (that 

based on an alignment of evolutionarily equivalent positions) and RMSD are possible.  

Similarly, discrimination between orthologs and paralogs is also expected to be most 

accurate at this intermediate level of sequence similarity. 

At very low sequence identities (below 30%), the structural differences between 

orthologs and paralogs (average Cα RMSDs of 1.47 Å and 1.63 Å, respectively), were 

somewhat weaker than those observed at intermediate levels of sequence identity.  One 

possible reason for the weaker differences in this range is the greater uncertainty in 

sequence and structure alignments at less than 30% sequence identity (Sanchez and Sali 

1998; Baker and Sali 2001; Kryshtafovych et al. 2005; Ginalski 2006), which can lead to 

less accurate predictions of orthology and paralogy, as well as less accurate assessments 

of sequence similarity and structural divergence. 

As expected, little difference was found between orthologs and paralogs above 

70% sequence identity (average Cα RMSDs of 0.77 Å and 0.72 Å, respectively).  We can 

reliably generate high-accuracy alignments for proteins with high sequence identities. In 

contrast, sequence-based detection of orthology and paralogy differentiates between the 
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two on the basis of differences in sequence similarity, thus becoming more difficult for 

groups of very similar sequences. In addition, underlying our central hypothesis is the 

expectation that in the presence of fewer functional constraints, a protein will be free to 

acquire more sequence changes that have a marked effect on its structure. Evidence of 

this effect will be less apparent from proteins that are very similar in sequence.    

As alignment methods and methods for orthology and paralogy assignment 

improve, additional studies could further test our hypothesis.  Improvements in 

computing power alone should allow larger-scale application of tree-based methods for 

assigning orthology and paralogy. In addition, as new genomes continue to be sequenced, 

additional data will become available for a more comprehensive analysis. 

2.4.2. Abstraction of general principles from individual cases 

We tried to determine, by inspecting many cases, common structural features that 

lead to greater structural similarity among orthologs compared to paralogs.  Although the 

overall trends in the data are statistically significant, there were also many exceptions 

(e.g., Figure 2.4b and Figure 2.5b).  Therefore, we also inspected cases in which paralogs 

had greater structural similarity than orthologs.  However, despite being able to 

rationalize to some degree the observed sequence and structure differences in individual 

cases, we were not able to discern any general principles that would allow us to predict 

when individual cases would conform to our hypothesis.  In fact, there is no guarantee 

that there are such general principles, other than the laws of physics that determine how a 

protein sequence folds to its native structure. 
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2.4.3. Significance of results 

The small confidence intervals shown in Figure 2.1 and Figure 2.2 are in part due 

to the large sample sizes available for our analyses.  As described below, these 

confidence intervals were calculated based on the Student t distribution, allowing us to 

use the sample standard deviation to estimate the intervals.  These intervals do not 

assume a particular underlying distribution of the RMSDs between orthologous or 

paralogous pairs.  The calculation of the confidence intervals accounts for the variance in 

the samples, and thereby also accounts for any non-systematic errors in the determination 

of crystallographic structures, the alignment process, or the determination of orthology.  

Some protein families are more or less abundant than others in SCOP and therefore in our 

data set.  Although this uneven distribution of protein families certainly affects the 

average RMSDs determined in our analysis, in the absence of a clear framework for 

determining how protein space should be sampled, we used all available pairs of proteins.   

We recognize a difference between statistical significance of a difference between 

two samples (which depends on the sizes of the samples) and practical utility of the 

difference for predictive purposes (which depends on its magnitude).  We suggest that it 

is in the middle range of sequence identities (30-70%) that using evolutionary 

relationships is most useful as an adjunct to using sequence identity to estimate structural 

similarity; in this range, the difference appears large enough to have practical utility, for 

example in the selection of templates for comparative modeling, as discussed next. 

2.4.4. Implications for comparative modeling 

We have shown that for a large set of orthologs (86,676 pairs of domains) and 

paralogs (197,783 pairs of domains), orthologs sharing sequence identities below 70% 
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are more structurally similar than paralogs at a similar level of sequence identity (Figure 

2.1).  These results have implications for comparative modeling.  The accuracy of any 

comparative model is directly dependent on the structural similarity between the target 

and the template.  Because sequence similarity is frequently used as a predictor of 

structural similarity, the protein with the highest sequence similarity to the target is often 

chosen as the template.  Our results show that combining knowledge of orthology or 

paralogy with sequence similarity provides a better predictor of structural similarity, and 

thus, of the best template for modeling.  In the range of target-template sequence 

identities below 70%, using an ortholog is therefore expected to give better results on 

average than using a paralog.  Better results are expected even when the sequence 

identity between the target and its ortholog is lower than the sequence identity between 

the target and a paralog by up to 17 percentage points.  We suggest that for sequence 

identities below 70%, the choice of templates for comparative modeling should be based 

not only on sequence identity, but also take into account the evolutionary relationship 

between the target and possible templates. 

Predicting protein function is a difficult task, and when looking to comparative 

models for clues about function, accuracy of the modeled functional residues becomes 

critical.  We found that functional residues in pairs of orthologous proteins were more 

structurally similar (up to 0.26 Å lower in average RMSD) than functional residues in 

pairs of paralogs in the same range of sequence similarity (Figure 2.2).  Therefore, using 

orthologous templates becomes even more important when accurate modeling of 

functional residues is critical, such as when using models to predict function or for 
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computational docking of ligands (Shoichet 2004; Huang et al. 2006; Huang and 

Jacobson 2007). 

2.4.5. Implications for structural genomics projects 

Our results also have implications for target selection for structural genomics 

projects, and more generally when attempting to determine which protein structures 

would provide the most complete coverage of protein structure space (Baker and Sali 

2001; Bray et al. 2004; Chandonia and Brenner 2005; Chandonia et al. 2006; Minary and 

Levitt 2008).  High-priority proteins for structural determination are often identified as 

those having low sequence similarity to any previously solved protein structure.  

However, our results show that predictions of whether a pair of proteins is orthologous or 

paralogous can significantly change the expected structural similarity between the two.  

Thus, known orthologous or paralogous relationships between candidate proteins for 

structure determination and known structures should ideally be factored in when 

prioritizing structures to be solved. 

2.4.6. Future directions 

Here, we addressed the question of whether or not sequence-structure 

relationships that had been found to apply to general classes of proteins were 

quantitatively different for orthologs versus paralogs.  We can make our study even more 

specific by dividing the set of examined proteins not only by orthology or paralogy, but 

also by additional attributes such as fold class, superfamily, or family; by length; or by 

any other physicochemical properties.  Additionally, since our hypothesis was based on 

the idea that it is functional similarity between orthologs that leads to their more similar 
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structures at a given level of sequence identity, separating by functional attributes those 

groups of proteins that are to be analyzed makes sense. 

2.5. Methods 

We required sequence identities and structural similarities between pairs of 

domains of known evolutionary relationship (orthologous or paralogous).  Next, we 

describe our methods for obtaining data sets of whole domains with known structures, 

identifying evolutionary relationships (orthology or paralogy) among these domains, 

identifying the ligand-binding residues of the domains, aligning sequences to calculate 

sequence identity, and obtaining the structural superpositions necessary to calculate 

structural similarity. 

2.5.1. Protein domains of known structure 

We focused our analyses on single domains to avoid the difficulties inherent in 

large-scale, automated comparisons of multi-domain structures; these difficulties arise 

from differences in the relative positions and orientations of their domains.  Our data set 

consisted of all domains in the manually curated SCOP 1.69 database of protein domains 

(Murzin et al. 1995) for which the full protein sequence was identical to all or part of a 

gene sequence listed in the OrthoMCL DB V1 database of ortholog group predictions for 

55 complete genomes (Chen et al. 2006).  If multiple SCOP domains matched a single 

sequence in OrthoMCL DB, a single representative SCOP domain was chosen.  

Whenever possible, the representative domain was from the same species as the 

OrthoMCL DB gene sequence.  Otherwise, the highest-resolution crystallographic 

structure from any species was chosen.  When no crystallographic structure was 



  33

available, an NMR structure was used.  Although data sets filtered by different criteria 

might yield different results, we chose this one to have as large a sample as reasonably 

possible.  Restricting the data set to crystallographically determined structures with 

resolutions better than 2.5 Å and to those with resolutions better than 2.0 Å gave very 

similar results to those presented above. 

2.5.2. Evolutionary relationships between pairs of protein domains 

We adopted orthology and paralogy definitions from OrthoMCL DB, which uses 

whole-genome alignments to determine clusters of orthologous groups.  The OrthoMCL 

method (Frazer et al. 2003; Chen et al. 2007) overcomes the inability of simple reciprocal 

best hit approaches to detect many-to-many relationships by including bridging in-

paralogous relationships (arising from duplication events subsequent to species 

divergence).  Orthologous relationships are detected using comparisons of full-length 

protein sequences.  We labeled pairs of domains as orthologous when both domains in 

the pair were from different species and belonged to the same set of orthologous groups 

in OrthoMCL DB.  Pairs of domains were labeled as paralogous whenever they were 

from the same species and not in the same OrthoMCL DB groups.  This process resulted 

in 86,676 pairs of orthologous domains and 197,783 pairs of paralogous domains.  

Among the orthologous pairs, 8,277 distinct SCOP domains were included, and among 

the paralogous pairs, 8,765 distinct SCOP domains were included (of 70,859 available 

SCOP domains).   

2.5.3. Ligand-binding residues 

For each domain, we used the annotations in LigBase (Stuart et al. 2002), a 

structural database of aligned ligand binding sites, to determine which residues bound 
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ligands.  Ligand-binding residues are defined as those residues with at least one atom 

within 5 Å of any ligand atom in an experimentally determined structure.  These ligands 

include small molecules, such as metal ions, nucleotides, and peptides, but exclude 

nucleic acids and other proteins.   

2.5.4. Sequence alignments 

Coordinate files and sequences for the studied protein domains were taken from 

the ASTRAL compendium for sequence and structure analysis (Chandonia et al. 2004).  

We used sequence identity as a measure of the similarity between pairs of sequences 

because sequence identity is a commonly used and well understood measure that 

correlates well with structural similarity above 30% sequence identity (Chothia and Lesk 

1986; Wilson et al. 2000).  Other measures of sequence similarity were also used, such as 

sequence similarity calculated using the BLOSUM 62 substitution matrix (Henikoff and 

Henikoff 1992; Styczynski et al. 2008), but did not change our conclusions (data not 

shown).  To calculate sequence identities between pairs of domains, structure-based 

pairwise alignments were constructed using three different methods: align3d, available as 

part of Modeller 9v2 (Sali and Blundell 1993), CE (Shindyalov and Bourne 1998), and 

TM-Align (Zhang and Skolnick 2005).  For each pair of domains, we selected the best 

resulting alignment, defined as the alignment with the greatest number of equivalent 

positions (i.e., the number of aligned residue pairs with Cα atoms within 3.5 Å of each 

other when the domain structures were superposed).  When multiple programs produced 

alignments that were equivalent by this measure, the alignment with the lowest pairwise 

RMSD upon structural superposition was chosen.  When all three alignments had the 

same RMSD, we selected the alignment obtained using align3d.  These alignments of 
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domain pairs were used both for superposing whole domains and for superposing sets of 

ligand-binding residues. 

2.5.5. Structure superpositions 

We used Modeller’s superpose method to create pairwise structural 

superpositions.  Cα RMSDs between pairs of aligned protein domains were calculated 

using all equivalent positions (as defined above), and the resulting superposition for any 

pair of domains was the one that minimized this Cα RMSD.  Superpositions of aligned 

ligand-binding residues were calculated to minimize RMSD over all atoms in those 

ligand-binding residues only (i.e., the remaining residues in those domains did not affect 

the superposition).  The residues superposed included those from all alignment positions 

in which the residue from the query domain was determined to be a ligand-binding 

residue.  RMSDs for ligand-binding residues were not included in the analysis if there 

were fewer than three such alignment positions. 

2.5.6. Statistical analysis 

Two-sided 95% confidence intervals for the mean RMSDs were calculated using 

the Student t distribution (Hogg and Ledolter 1987), using sample standard deviations to 

estimate the intervals. 
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Chapter 3  

Improving Comparative Protein 

Structure Modeling Through the Use 

of Multiple Templates 

3.1. Abstract 

The principal source of structural information when building a comparative model 

is the template or set of templates.  Although a set of multiple templates generally 

contains more information than does a single template, this additional information does 

not necessarily result in better models.  Here we investigate a new method of weighting 

the contributions of multiple templates to a single model that allows this information to 

be better utilized.  This method uses statistical potentials derived from a database of 

protein structures to assess the likely local structural similarity between each template 

and the target.  Restraints on the final model structure derived from each template are 

then weighted accordingly.  We have assessed resulting model quality and present a 

comparison of Modeller’s performance using this method of template weighting to its 

performance using a method based on sequence similarity.  Our results indicate that using 
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statistical potentials to weight the contributions of each template to the final model can 

significantly improve model quality. 

3.2. Introduction 

Proteins serve a great variety of purposes in living organisms, including providing 

structure, cell signaling and ligand transport, and catalyzing chemical reactions.  Every 

protein is made up of a linear chain, or sequence, of amino acid residues.  This sequence 

in turn determines the three-dimensional structure of a protein, and it is the protein’s 

structure that determines what function it can perform. 

Knowledge of protein structure can be useful in many ways.  For example, 

comparing the structures of related proteins can help deduce their evolutionary 

relationships (Nagano et al. 2002; Glasner et al. 2006; Ojha et al. 2007).  Since structure 

determines function, determining a protein’s structure can help scientists predict its 

function or can aid in identifying which proteins would be the best starting points for 

engineering a new function (O'Loughlin et al. 2006; Glasner et al. 2007).  A protein’s 

structure also determines what can bind to it, and so knowing its structure can help 

determine enzyme substrates (Hermann et al. 2006; Hermann et al. 2007) and even aid in 

drug discovery (Blundell et al. 2002; Kitchen et al. 2004).   

There are several ways of experimentally determining the structures of proteins.  

The two most common are x-ray crystallography (Ilari and Savino 2008) and nuclear 

magnetic resonance imaging (Wuthrich 1989).  However, these and other methods have 

drawbacks.  First, they are time-consuming.  It is not uncommon for years to be devoted 

to the experimental determination of a protein structure.  Second, they are costly.  

Determination of a single structure in an independent academic laboratory has been 
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estimated to cost between $250,000 and $300,000 (Service 2005).  Third, some protein 

structures are not amenable to experimental determination.  For example, structures of 

membrane-bound proteins in particular are notoriously difficult to determine 

experimentally (White 2004).  However, these difficulties can be avoided when it is 

possible to accurately determine the structure of a protein computationally. 

Different methods for computational determination (or prediction) of a protein’s 

structure differ in the type of information that is used.  Ab initio modeling predicts the 

structure using only its sequence and laws of physics, without relying on structural 

information from related proteins of known structure.  While ab initio modeling has been 

successful for smaller proteins (roughly, those less than 100 amino acids long), 

comparative modeling has proven to be more accurate for larger proteins(Baker and Sali 

2001).   

Comparative modeling relies on detectable sequence similarity between most of 

the modeled sequence and another protein of known structure.  It bases its model of the 

protein for which a structure prediction is desired (the target) on its alignment to one or 

more related protein structures (the templates).  It consists of four steps: finding known 

structures with sequences similar to the target, aligning the target and template sequences, 

using structural features of the template proteins to construct a model of the target 

protein, and assessing the resulting model (Marti-Renom et al. 2000). 

Comparative modeling can use a single template to generate a model for the target 

protein, or it can use multiple templates.  Each template contains information about the 

mapping between sequence and structure for sequences similar to that of the target 

protein.  Using multiple templates therefore increases the amount of relevant information 
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that is available to predict the structure of the protein of interest.  Depending on how well 

this additional information can be used, this in turn means that more accurate models 

should result when using multiple templates than when using single templates, and that 

we would expect to be able to accurately model a greater number of protein structures 

when able to use multiple templates.  Greater accuracy of protein structure models means 

that these models are more useful.  Studying catalytic mechanisms of proteins, for 

example, is generally possible only with high-accuracy models (Baker and Sali 2001).   

Despite the potential advantages of using multiple templates, experiments have 

shown that, in practice, typically little advantage is gained.  That is, models created using 

multiple templates are on average little closer to the true structure of the target protein 

than those created using a single template (Larsson et al. 2008).    

The only large-scale study comparing the accuracy of models built using multiple 

templates to those built using single templates was done in 2003 by Contreras-Moreira et 

al. using 3D-JIGSAW (Bates et al. 2001).  They modeled 271 targets using both multiple 

templates and single templates, and found that using multiple templates produced results 

that were no better than those obtained using the best single template, and could be much 

worse (Contreras-Moreira et al. 2003). 

In 2003, Venclovas looked at results from CASP (2003), a biennial blind protein 

structure prediction experiment, that used Modeller (Sali and Blundell 1993; Sali and 

Overington 1994) to built comparative models.  11 of the 18 models that used multiple 

templates were more accurate than the corresponding models built using single templates, 

suggesting that using multiple templates may provide an advantage at least some of the 

time.  Venclovas attributed these successes to Modeller’s ability to select the right 
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segments from each template when modeling the target protein (Venclovas 2003).  He 

also concluded that more effective combination of multiple templates was needed to 

move the comparative modeling field forward. 

Until now, a large-scale study of Modeller’s ability to improve the accuracy of 

models by using multiple templates had not been conducted.  In this work, we chose to 

use Modeller as a platform for testing different methods of weighting templates for 

comparative modeling because of the accessibility of its documentation and code and 

because it is one of the most commonly used software packages for comparative 

modeling. 

Modeller works by satisfaction of spatial restraints; that is, Modeller first derives 

restraints from each template on the inter-atomic distances and dihedral angles of the 

model of the target structure.  It then attempts to find the model whose structure violates 

these restraints as little as possible.  When there are multiple restraints on the same 

structural feature of the model (typically, there will be one such restraint from each 

template that is used), the restraints are weighted according to the local sequence 

similarity between the template from which it was derived and the part of the target 

sequence to which it applies.  Models that violate the restraints as little as possible are 

found by combining the restraints into an objective function that is optimized by a 

combination of conjugate gradients and molecular dynamics with simulated annealing. 

An alternative to using local sequence similarity to weight the restraints from 

different templates is to use statistical potentials.  Statistical potentials (Melo et al. 2002; 

Buchete et al. 2004; Shen and Sali 2006) score the spatial relationships between atoms 

that make up a particular protein structure.  These relationships are between pairs of 
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atoms and are characterized by the types of the two atoms involved and their distance 

from each other.  The scores are based on the frequency of particular spatial relationships 

in a database of experimentally determined structures, with more frequently occurring 

relationships scored more favorably. 

This work provides three products.  The first is a benchmarking of our ability to 

use multiple templates to build comparative models.  The second is an answer to the 

question of whether statistical potentials, which allow the use of more structural 

information in the weighting of template-derived restraints, can improve our ability to use 

information from multiple templates in the modeling process.  The third is a 

quantification of the possible improvement in weighting information from multiple 

templates.    

We begin by presenting results from our large-scale benchmarking of Modeller’s 

ability to use the information from multiple templates.  We then compare these results to 

those obtained when using statistical potentials to weight the information available in 

multiple templates and to those obtained when using the best possible weights 

(determined using structural information for the target as well as for the templates) 

(Results).  Finally, we suggest explanations for our results and discuss possible 

applications of our work in comparative modeling, as well as future directions 

(Discussion). 
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3.3. Methods 

3.3.1. Overview 

To assess our method of weighting the contributions of different templates to the 

restraints used in model building, we first selected a broad test set of targets and 

templates with which to build models.  Models were first built using the current method 

(residue neighborhood difference, which relies heavily on sequence similarity (Sali and 

Blundell 1993)) for weighting template contributions to establish a baseline against 

which our new method could be compared.  When using residue neighborhood 

difference, weights are calculated for each residue in the template structure.  For each 

template residue, all residues in the template structure within 5.0 Å are first identified.  

The sequence dissimilarity between these residues and their aligned residues in the target 

sequence is then scored.  This score is then scaled and used to weight the restraints from 

the template, with restraints derived from more similar segments of the proteins weighted 

more heavily.  Models were also built using statistical potentials, instead of residue 

neighborhood difference, to weight the contributions from each template.  Finally, several 

different measures were used to compare the accuracy of the models obtained using each 

method, and to assess whether statistical potentials were better for weighting the 

contributions from each template structure. 

3.3.2. Data set – Targets and templates for modeling 

We selected a diverse set of triplets of proteins of known structure, each 

consisting of a target and two templates, to provide a common basis for the comparison 

of different modeling protocols. 
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Starting from the 84,719 structures of protein chains available from the Protein 

Data Bank (Berman et al. 2000) (release #2007_01_21), the online server PDB-REPRDB 

(Noguchi et al. 2000; Noguchi and Akiyama 2003) was used to eliminate structures of 

lower quality.  The structures eliminated were those that were not crystallographically 

determined, that contained fewer than 40 residues, contained only backbone or only Cα 

coordinates, contained any non-standard residues, contained any chain breaks, had a 

resolution worse than 3.0 Å, or had an R-factor greater than 0.3.  The remaining 38,607 

chains were then clustered by sequence identity.  Clusters were formed by connecting any 

pair of chains sharing at least 90% sequence identity, and the highest quality structure 

from each cluster was chosen as a representative.  This process resulted in a set of 6,719 

chains. 

Next, SCOP families were identified that had at least three members among that 

set of 6,719 chains, none of which were associated with other SCOP families.  This was 

done so that each triplet belonged to a different SCOP family, in order to maximize the 

structural and evolutionary diversity represented in the data set.  There were 349 such 

SCOP families.  Next, from each of these families, 10 randomly selected triplets of 

chains from the set of 6,719 were chosen.   

Using information from DBAli (Marti-Renom et al. 2001), the chains constituting 

these triplets and the relationships between them were characterized.  A single triplet was 

then chosen from the ten corresponding to each SCOP code.  The chosen triplet was the 

one with the greatest sum of the three pairwise sequence identities between them that also 

had all three DBAli alignment P-values >= 4 and all three pairwise sequence identities 

between 25% and 85%, inclusive.  If no such triplet from the set of ten satisfied this latter 
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condition, then the one with the greatest sum of the three pairwise sequence identities 

between them that also had all three DBAli alignment P-values >= 4 and no sequence 

identity equal to 100% was taken.  If no such triplet from the set of ten satisfied this last 

condition, then the one with the greatest sum of the three pairwise sequence identities 

between them that also had all three DBAli alignment P-values >= 4 was taken.  If no 

triplet had such P-values, none was taken from that SCOP family.  Finally, the best-

resolution chain from that set of three chains was taken as the target, and the other two 

chains as templates. 

This process resulted in a set of 323 triplets of proteins.  These triplets represent 

broad coverage of the space of possible relationships between sequence identities of the 

target and templates (Figure 3.1). The average resolutions of the targets and templates in 

this data set were 1.68 Å and 2.15 Å, respectively.  Their average length was 204 amino 

acid residues.  The average target-template sequence identity was 41.0% and the average 

sequence identity between each pair of templates was 42.5%. 

3.3.3. Alignments and model building 

A structure-based alignment for each triplet of proteins was constructed using 

salign, available as part of Modeller 9v1 (Sali and Blundell 1993).  salign is a general 

dynamic programming alignment procedure for aligning sequences, structures or a 

combination of the two (Sali and Blundell 1990; 1993; Madhusudhan in preparation).  

Models were built with these alignments as input to Modeller’s automodel function.  For 

each triplet consisting of a target and two templates, 50 models were generated and the 

best-scoring one was selected using Modeller’s DOPE assessment method (Shen and Sali 

2006).  This single model was then used for subsequent analyses. 
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3.3.4. Statistical potential-based template weighing 

The relative weights of the distance restraints used to build the models determine 

the relative penalties assessed for any violations of these restraints during optimization.  

The weight for any distance restraint was determined as the average of the weights 

assigned to the two residues spanning the distance.  To determine the weight assigned to 

a single residue, all neighboring residues within a 5 Å radius were found, and a database-

derived DOPE statistical potential (described in more detail in (Shen and Sali 2006)) was 

used to assess the substructure defined by the three-dimensional Euclidian coordinates of 

all of the neighboring residues in the template with the amino acid residue types of the 

corresponding aligned residues from the target sequence.  The function used to determine 

these weights is  

 

 w(s) = w(s) / Σj w(sj),  

 

where s is the assessed statistical potential, w(s) = s / 46.4 + 0.85, and Σj w(sj) = 1.  

The parameters in the formula for w(s) were empirically determined. These scaling 

parameters for the assessed statistical potential were chosen so that the resulting 

distribution of weights was centered at the midpoint of Modeller’s range of allowable 

weights.  The range of allowable weights was originally determined as that range which 

was appropriate for the use of residue neighborhood difference, the sequence similarity-

based measure used to weight templates by Modeller 9v1.  We scaled the statistical 

potentials to remain within this range for ease of implementation.   
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3.3.5. Assessment of template weighting 

To directly determine how often the weights assigned to each residue in a 

template were correct, we calculated the percentage of cases in which a greater weight 

was assigned to the residue in the template that was more structurally similar to the 

target.  Here the measure of structural similarity was the Euclidian distance between the 

residue in the template and the aligned residue in the target’s crystal structure after the 

two structures have been superposed as rigid bodies.   

Other assessments of how well Modeller was able to weight the contributions 

from each template examined how often it appeared that Modeller had “chosen” the 

correct (i.e. more structurally similar) template in modeling each part of the target.  This 

frequency was determined from the final selected model.  Each template was first 

superposed onto the model.  Then, for each position in the alignment of the two template 

sequences and the target sequence, we determined whether the position of that residue in 

the model was closer to the template that was more structurally similar to the target 

(correct) or to the template that was more structurally dissimilar (incorrect).  Here the 

measure of structural similarity was the Euclidian distance between the residue in the 

template and the aligned residue in the target’s crystal structure after the two structures 

have been superposed.   

We also calculated a similar measure using intra-molecular distances rather than 

residue positions.  For each pair of positions in the alignment of the two template 

sequences and the target sequence, we determined whether the distance spanning the two 

corresponding residues in the model was closer to that distance in the template that was 

structurally more similar to the target (correct) or to that in the structurally more 
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dissimilar template (incorrect).  Here, the measure of structural similarity was the 

difference between that distance in the template and the corresponding distance in the 

target’s crystal structure (with a smaller difference corresponding to greater similarity).  

Distances for which this difference was considered negligible (< 0.5 Å) were excluded 

from the analysis. 

Finally, a global measure of the quality of the models produced using different 

weighting schemes was also calculated.  This evaluation permitted assessments of the 

relative performance of the different weighting schemes.  The measure used for these 

comparisons was global root-mean-square deviation (RMSD) between the model and the 

target’s crystal structure.  

3.3.6. Establishing upper bounds on possible improvements 

For each model, we established the percentage of distances and the percentage of 

residue positions that were more similar in the model to the better of the two templates.  

This calculation allowed us to compare the outcome of weighting by statistical potentials 

to that from the currently used method as well as to the outcome we might see when the 

templates are always weighted correctly.  This comparison in turn allows an assessment 

of how much more room for improvement exists, and thus how important the template-

weighting problem is for the future development of comparative modeling.  

To determine an upper bound on the number of positions correct for each 

modeling case, each template was superposed onto the crystal structure of the target.  

Using this superposition, at each residue position the template with the closer aligned 

residue was determined.  At each position in the alignment, the template with the closer 

residue was used in determining restraints on the final model, while the other template 
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was assigned a weight of zero.  The resulting model was then assessed according to the 

methods described above. 

3.3.7. Model assessment 

Overall model accuracy for each method of weighting template contributions was 

assessed using Cα RMSD between the models and the crystal structures of the targets.  

Cα DRMS was also used.  DRMS (distance root-mean square deviation) is a measure of 

overall similarity between two protein structures in which distances (each distance being 

defined as the distance between a pair of residues in a single structure) from one structure 

are compared to corresponding distances in a second structure.  The sum of the squares of 

the differences between these distances is the DRMS for the pair of proteins.    

3.4. Results 

3.4.1. Benchmarking Modeller 9v1 

We first benchmarked the performance of Modeller 9v1 to be able to compare our 

new method (using statistical potentials to weight multiple templates) to Modeller’s 

current method (using sequence similarity to weight multiple templates).  This 

benchmark also provides a data set with which any other comparative modeling and 

multiple-template methods can be compared.    

323 triplets of proteins were selected, with one protein from each triplet 

designated the target and the other two templates used to model that target.  A structure-

based alignment of each triplet of proteins was used in modeling the target, but otherwise 

no structural information about the target was used.  The resulting model of each target 

protein was then compared to its experimentally determined structure to assess the 
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accuracy of the model.  As shown in Table 3.1, the average Cα  RMSD (using a cutoff of 

3.5 Å) between the model and its crystallographic structure was 1.27 Å, and the average 

cutoff Cα DRMS (using a cutoff of 3.5 Å) was 1.04 Å.  The average fraction of 

equivalent positions was also used as a measure of model accuracy.  The number of 

equivalent positions is the number of aligned residues whose α-carbons are within 3.5 Å 

of each other when the target structure and the corresponding model are superposed.  The 

fraction of equivalent positions is the number of equivalent positions divided by the 

length of the target sequence.  The average fraction of equivalent positions was 0.787.  

These three measures thus provide a baseline for assessing other variants of Modeller as 

well as other methods of predicting protein structures based on multiple templates.   

Table 3.1. Comparisons of model accuracy using different methods of determining template weights. 
 

Model assessment measure (± standard error) 
Method of 

determining 
template weighting 

Average cutoff Cα 
RMSD (Å) (n = 249) 

Average cutoff Cα 
DRMS  (Å) (n = 

249) 

Average % 
equivalent 

positions (n = 
249) 

Average % positions 
correct (n = 113) 

Sequence similarity 
(Modeller 9v1) 

1.27 ± 0.04 1.04 ± 0.03 78.7 ± 1.9 68.5 ± 2.0   

Statistical potentials 1.26 ± 0.04 1.04 ± 0.03 79.4 ± 1.8 67.4 ± 2.0 
Ideal weights (based 

on local DRMS) 
1.21 ± 0.04 1.03 ± 0.03 79.6 ± 1.9 73.5 ± 1.7 

 

3.4.2. Using statistical potentials to weight template information 

We employed a similar framework to determine whether or not using statistical 

potentials to weight the information from multiple template structures improves the 

accuracy of the models.  We built models using the same pairs of templates as when 

benchmarking Modeller 9v1, but using statistical potentials rather than sequence 

similarity to weight the restraints derived from each template.  As shown in Table 3.1, the 

resulting average Cα RMSD (using a cutoff of 3.5 Å) between the model and its crystal 
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structure was 1.26 Å, the average cutoff Cα DRMS (using a cutoff of 3.5 Å) was 1.04 Å, 

and the average fraction of equivalent positions was 0.794.  Thus, the improvement was 

very slight, and within the standard errors.  However, it should be noted that although the 

average performance in model building was nearly the same, some models improved 

significantly while others were worse.  Therefore, if we were able to identify the best 

performing method for combining template information in each individual case, we 

would significantly improve modeling based on multiple templates.   

3.4.3. Using ideal weights to determine room for improvement 

We also addressed the question of how much improvement in model building was 

possible by changing the method by which restraints from multiple templates were 

weighted.  Using a structure-based alignment between each pair of templates and their 

target, we determined at each alignment position which template’s local structure was 

more similar to that of the target.  This template was then considered the better of the two 

templates and was given a relative weight of 1 at that position, and the other template a 

weight of 0.  Then, when building the model from the pair of templates, only the better, 

more structurally similar template was used at each position.  Although such weighing is 

not possible in practice, when a crystal structure for the target is unavailable, it does 

allow us to measure the accuracy of the models that would result if we could know with 

certainty which template was the better one.  As shown in Table 3.1, the resulting average 

Cα RMSD (using a cutoff of 3.5 Å) between the model and its crystal structure was 1.21 

Å, the average cutoff Cα DRMS (using a cutoff of 3.5 Å) was 1.03 Å, and the average 

fraction of equivalent positions was 0.796.  This assessment suggests that some 

methodology other than statistical potentials or sequence similarity as we employed them 
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can in principle slightly improve the accuracy of a model based on multiple templates.  

However, perfect identification of the better template for each residue position in the 

target sequence is potentially as difficult a problem as perfectly accurate modeling.  

Furthermore, the utility of achieving a maximum possible improvement of 0.05 Å would 

also need to be considered before devoting resources to attempting to improve this aspect 

of comparative modeling methods.   

3.5. Discussion 

3.5.1. Explanation of results 

One might expect using statistical potentials to weight the distance restraints from 

multiple templates to provide better results because statistical potentials exploit structural 

information that is ignored when using sequence similarity to weight the restraints.  

Sequence similarity does not explicitly account for any structural information. In 

contrast, statistical potentials score structural relationships based on their frequency in a 

database of experimentally determined protein structures.  Thus, information on naturally 

occurring protein structures is implicitly captured by using statistical potentials.  

Structural information is important because the better template is the one that is more 

structurally similar to the target.  Thus, any weighting scheme for the information 

contained in multiple templates strives to weight more heavily that template.  In this 

work, statistical potentials were used to assess the favorability of the structure resulting 

from combining the target’s amino acid sequence with the three-dimensional coordinates 

of the template structures.  That is, we assessed structures with three-dimensional 
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coordinates identical to those of the templates and differing only in the identities of the 

amino acid residues at those coordinates.   

This use of statistical potentials is similar to how they are more commonly used.  

They have been developed and are typically used to assess how well a protein structure 

matches its sequence, and thus are useful for protein structure prediction, comparative 

modeling, fold recognition, and design (Lazaridis and Karplus 2000; Buchete et al. 2004; 

Miyazawa and Jernigan 2005). Empirical evidence suggests that statistical potentials 

provide a good measure of the compatibility of a given sequence and a given structure 

(Melo and Feytmans 1997; Fang and Shortle 2005; Miyazawa and Jernigan 2005), and so 

suggests that they should also be helpful for weighting templates as proposed here. 

The improvement seen when using statistical potentials to weight information 

from multiple templates was slight.  One reason for this small improvement may be the 

comparatively low numbers of atoms on which the weights are based.  Empirical tests of 

the statistical potentials show that their performance generally deteriorates when applied 

to fewer than about 50 atoms.  That some deterioration in performance would occur is to 

be expected, since including fewer atoms means including less information.  A tradeoff is 

necessary, however, as weights are required for the templates’ local rather than global 

structures. 

Assessment of model accuracy using the best possible weights showed that there 

was little room for improvement within the current framework for using multiple 

templates. 
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3.5.2. Implications and future directions 

To improve our ability to use multiple templates, we need to change more of the 

modeling method than was explored here. Two ideas emerge based on our results above. 

First, we may be able to improve the average performance by using both template 

weighting schemes to produce models and then using model assessment schemes to select 

the better of the two resulting models.  Although the average model accuracies using 

Modeller 9v1 and using statistical potentials were very similar, there was more variation 

in the difference in model accuracy between targets.  Thus being able either to select the 

better template weighting scheme for a given target or being able to select the better 

model from among those produced using those two schemes could improve the average 

model accuracy.   

Second, in this work, we changed only the relative weights that were assigned to 

each of the templates at each position in the alignment.  However, Modeller uses pairs of 

these position weights to determine weights for restraints on inter-atomic distances.  The 

weight assigned to each inter-atomic distance from a given template is the average of the 

weights assigned to each of the two positions (the endpoints defining the distance). Thus, 

for a protein of length n, there will be n2 distances to be weighted, and their weights will 

be specified by n numbers.  It would also be possible to weight the n2 distances using up 

to n2 independent weights.  This would allow more flexibility in how the distance 

information from the templates is combined, and by doing so, Modeller’s performance in 

predicting target structures might be improved.   

An alternative means of testing the best possible improvement in Modeller’s 

ability to weight information from multiple templates would be to sample the space of all 
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possible weights (where weights are assigned either only to each alignment position for 

each template, as in the current system, or instead assigned independently to each inter-

atomic distance from each template).  Using any sets of weights that consistently yield 

better models than the weights already assigned by Modeller, it might be possible to 

determine what function would more often yield those better weights.   

As discussed above, alternative frameworks, such as one in which every inter-

atomic distance from each template was weighted independently, might yield better 

results. Modeller works by satisfaction of spatial restraints.  

3.5.3. Conclusions 

This study presents a benchmark for assessing the performance of any method for 

comparative modeling that allows for the use of multiple templates.  Further, Modeller’s 

ability to build models using multiple templates is assessed using this benchmark, and is 

compared to its performance using statistical potentials to weight the information from 

multiple templates instead of sequence similarity.  Finally, we assessed the maximum 

possible improvement using weights for each alignment position for each template.   

Our results show that, although there are many cases for which weighting using 

statistical potentials yields superior models for particular targets than does weighting 

using sequence similarity, the average difference in model accuracy is quite small.  The 

results also show that there is little improvement in model accuracy possible by changing 

how the weights are calculated using the current framework.  This finding suggests that 

future improvements in model accuracy when using multiple templates will require more 

substantial changes to the way Modeller uses multiple templates.  We suggested two 

specific such developments. 
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Chapter 4  

Conclusion and Future Directions 
 

This dissertation has presented a body of work to study how evolutionary 

relationships affect the protein sequence-structure relationship and how we can exploit 

such relationships to improve comparative modeling.  For our analyses, we used large, 

publicly available databases of experimentally determined sequence and structure 

information, as well as computationally determined predictions of evolutionary 

relationships among proteins and of protein structures.  Using computational methods for 

these analyses ensures that our analyses can be conducted systematically on large sets of 

data and that they can easily be replicated by other groups.  It also allows other 

researchers to change aspects of the analyses done herein to answer new questions or to 

revisit old ones when more data becomes available.   

One of the central pieces of this body of work, described in Chapter 2, is the study 

on the effect of evolutionary relationships on the sequence-structure relationship in 

proteins.  Using structure-based alignments and structural superpositions of pairs of 

putative orthologs and pairs of putative paralogs, we determined that at intermediate 

levels of sequence identity, orthologs were significantly more structurally similar than 
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paralogs.  The results of this study could be used to improve comparative modeling by 

allowing us to better select and weight templates.  Knowing that a template was 

orthologous to the target protein would significantly increase its chances of being a better 

template than another protein.   

Although it was beyond the scope of this dissertation, there are several directions 

in which we believe in would be fruitful to extend this work.  One unexpected result of 

our analyses was that we found little to no additional structural similarity in orthologs at 

high and low levels of sequence identity.  We hypothesize that at low levels of sequence 

identity, alignment accuracy and inaccuracies in the identification of orthologs versus 

paralogs contribute enough noise that the separation between orthologs and paralogs was 

diminished.  Better (perhaps expert-curated) ortholog identification would help reduce 

this effect, and that combined with more accurate alignments (possibly constructed by 

experts using groups of proteins rather than pairs) would either increase the separation 

between orthologs’ and paralogs’ structural similarity or suggest that there are biological 

reasons behind the different observations at low sequence identities.   

We also hypothesize that at high levels of sequence identity, the lack of additional 

structural similarity among orthologous pairs of proteins is due to the lack of divergence 

between pairs of proteins.  With less evolutionary “time” during which selection pressure 

can act differentially on orthologs and paralogs, one would expect less separation 

between the structural similarities within these two populations of proteins.  Additionally, 

more similar sequences may make accurately separating orthologs from paralogs by 

sequence analysis more difficult.  Using an expert-curated set of orthologs and paralogs 

could help address the second concern.  Using a larger set of orthologs and paralogs 
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might allow the difference in structural similarities between orthologs and paralogs to be 

described more precisely as a function of sequence similarity.   

Our results could be applied in at least two ways to improve comparative 

modeling.  The first is to provide, as part of the modeling protocol, a means of helping 

the user identify orthologs to the target protein that might serve as better templates than 

other proteins that either are not orthologs of the target or cannot be identified as such.  

The second is to modify the weighting scheme used to integrate information from 

multiple templates so that templates that are orthologous to the target are weighted more 

heavily.  Further studies into what regions of the protein (including types of residues, 

functional regions, etc.) are responsible for the difference in structural similarities 

between orthologs and paralogs could also allow more finely tuned differences in 

weighting templates.  A logical next step for this project would therefore be to implement 

and test these ideas to quantify their ability to improve comparative modeling. 

 The other central piece of this work, described in Chapter 3, is the study on 

benchmarking and improving the use of multiple templates in comparative modeling.  

Using structure-based alignments and structural superpositions of triplets of proteins, we 

established Modeller’s baseline performance in modeling using multiple templates, 

compared the performance of a new method of weighting templates, and established an 

upper bound on the possible improvement of Modeller from changing the method for 

weighting the templates.  The results of this study could be used to assess future 

improvements in comparative modeling with multiple templates, and also suggest that 

using statistical potentials to weight templates does not significantly improve the 

accuracy of models.   
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For this project as well, there are several directions in which to extend the work.  

Although using statistical potentials to weight the templates did not significantly improve 

the average accuracy of the models, the accuracy of some of the models in the data set 

was improved while that of others worsened.  An accurate model assessment would allow 

us to employ either sequence similarity or statistical potentials for weighing templates, 

according to whichever results in a better model.  This approach could produce a more 

significant average improvement in model accuracy. 

We determined that as the weighting is currently done in Modeller, little 

improvement in model accuracy is possible from changing the weights assigned to each 

template.  However, changing how those weights are used, rather than how they are 

determined, might allow further improvement.  Although Modeller assigns a weight to 

each template residue, restraints are applied to each inter-residue distance in the model, 

and the weights applied to the distance restraints from each template are a function of the 

weights assigned to each of the two residues at the endpoints of the distance in the 

template.  Assigning independent weights to each inter-residue distance (instead of to 

each residue) in the templates would allow more detailed weighting of the information 

from each template.  Each inter-residue distance consists of two endpoints that define a 

set of residues.  One way of assigning independent weights would be to weight each such 

inter-residue distance by the sequence similarity between the target and the template for 

the corresponding sets of residues.  However, independently calculating a greater number 

of weights would also increase the computational time associated with the process of 

extracting and applying these weights.  Instead of the number of weights to be assigned 
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being proportional to the number of residues in each template, the number of weights 

would scale with the square of the number of residues in each template.   

Modeller works by attempting to weight more heavily whichever template is more 

likely to be more structurally similar to the target.  We use sequence similarity or 

statistical potentials in an attempt to predict which template this is. In addition, we 

established a ceiling on the possible improvement in performance from changing the 

weighting scheme by using a priori knowledge of which template actually was more 

structurally similar to the target.  Although unlikely, it is theoretically possible that 

weighting schemes that do not weight the more structurally similar template more heavily 

could perform better.  Thus, another approach to determining the best possible 

performance of any weighting scheme is to search the space of all possible sets of 

weights for a given pair of templates to find the set of weights that yields the best model.  

Computational expense would be a significant impediment to this more comprehensive 

approach, however.  Modeller uses stochastic optimization to build models, and so 

multiple models would need to be built with each set of weights to assess it.  

Additionally, the search space would be n-dimensional, with n being the number of 

residue positions at which weights needed to be assigned.    

Finally, programs for comparative protein structure modeling other than Modeller 

use different methods for weighting templates and building models.  Investigating other 

methods, particularly to see how much room for improvement exists in how they weight 

information from multiple templates, would allow us to determine how general the results 

obtained with Modeller are.   
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The more we develop methodologies for comparative modeling, the more we find 

that improving accuracy is extremely challenging.  This challenge is in part because 

protein evolution has resulted in proteins with sequence-structure relationships that are 

neither uniform nor completely predictable.  The work in this dissertation provides a 

foundation for further work in this field that will be necessary to develop an accurate and 

comprehensive picture of how evolutionary relationships shape the sequence-structure 

relationship and what areas will provide the most fertile ground for improving 

comparative modeling. 



  61

References 
 
2003. CASP5. Proceedings of the 5th Meeting on the Critical Assessment of Techniques 

for Protein Structure Prediction. 1-5 December 2002, Asilomar, California, USA. 
Proteins 53 Suppl 6: 333-595. 

Altschul, S.F., Madden, T.L., Schaffer, A.A., Zhang, J., Zhang, Z., Miller, W., and 
Lipman, D.J. 1997. Gapped BLAST and PSI-BLAST: a new generation of protein 
database search programs. Nucleic Acids Res 25: 3389-3402. 

Arkin, A.P., and Fletcher, D.A. 2006. Fast, cheap and somewhat in control. Genome Biol 
7: 114. 

Babbitt, P.C. 2003. Definitions of enzyme function for the structural genomics era. Curr 
Opin Chem Biol 7: 230-237. 

Baker, D., and Sali, A. 2001. Protein structure prediction and structural genomics. 
Science 294: 93-96. 

Bates, P.A., Kelley, L.A., MacCallum, R.M., and Sternberg, M.J. 2001. Enhancement of 
protein modeling by human intervention in applying the automatic programs 3D-
JIGSAW and 3D-PSSM. Proteins Suppl 5: 39-46. 

Berman, H.M., Westbrook, J., Feng, Z., Gilliland, G., Bhat, T.N., Weissig, H., 
Shindyalov, I.N., and Bourne, P.E. 2000. The Protein Data Bank. Nucl. Acids Res. 
28: 235-242. 

Blundell, T.L., Jhoti, H., and Abell, C. 2002. High-throughput crystallography for lead 
discovery in drug design. Nat Rev Drug Discov 1: 45-54. 

Bradley, P., Misura, K.M., and Baker, D. 2005. Toward high-resolution de novo structure 
prediction for small proteins. Science 309: 1868-1871. 

Bray, J.E., Marsden, R.L., Rison, S.C., Savchenko, A., Edwards, A.M., Thornton, J.M., 
and Orengo, C.A. 2004. A practical and robust sequence search strategy for 
structural genomics target selection. Bioinformatics 20: 2288-2295. 

Buchete, N.V., Straub, J.E., and Thirumalai, D. 2004. Development of novel statistical 
potentials for protein fold recognition. Curr Opin Struct Biol 14: 225-232. 

Chandonia, J.M., and Brenner, S. 2005. Update on the pfam5000 strategy for selection of 
structural genomics targets. Conf Proc IEEE Eng Med Biol Soc 1: 751-755. 

Chandonia, J.M., Hon, G., Walker, N.S., Lo Conte, L., Koehl, P., Levitt, M., and 
Brenner, S.E. 2004. The ASTRAL Compendium in 2004. Nucleic Acids Res 32: 
D189-192. 

Chandonia, J.M., Kim, S.H., and Brenner, S.E. 2006. Target selection and deselection at 
the Berkeley Structural Genomics Center. Proteins 62: 356-370. 



  62

Chen, F., Mackey, A.J., Stoeckert, C.J., Jr., and Roos, D.S. 2006. OrthoMCL-DB: 
querying a comprehensive multi-species collection of ortholog groups. Nucl. 
Acids Res. 34: D363-368. 

Chen, F., Mackey, A.J., Vermunt, J.K., and Roos, D.S. 2007. Assessing performance of 
orthology detection strategies applied to eukaryotic genomes. PLoS ONE 2: e383. 

Chothia, C., and Lesk, A.M. 1986. The relation between the divergence of sequence and 
structure in proteins. EMBO J 5: 823-826. 

Church, G.M. 2006. Genomes for all. Sci Am 294: 46-54. 
Contreras-Moreira, B., Fitzjohn, P.W., and Bates, P.A. 2003. In silico protein 

recombination: enhancing template and sequence alignment selection for 
comparative protein modelling. J Mol Biol 328: 593-608. 

Davis, F.P., Braberg, H., Shen, M.Y., Pieper, U., Sali, A., and Madhusudhan, M.S. 2006. 
Protein complex compositions predicted by structural similarity. Nucleic Acids 
Res 34: 2943-2952. 

Devos, D., and Valencia, A. 2000. Practical limits of function prediction. Proteins 41: 
98-107. 

Eswar, N., Eramian, D., Webb, B., Shen, M.Y., and Sali, A. 2008. Protein structure 
modeling with MODELLER. Methods Mol Biol 426: 145-159. 

Eulenstein, O., Mirkin, B., and Vingron, M. 1998. Duplication-based measures of 
difference between gene and species trees. J Comput Biol. 5: 135-148. 

Fang, Q., and Shortle, D. 2005. A consistent set of statistical potentials for quantifying 
local side-chain and backbone interactions. Proteins 60: 90-96. 

Fiser, A. 2004. Protein structure modeling in the proteomics era. Expert Rev Proteomics 
1: 97-110. 

Fitch, W.M. 1970. Distinguishing homologous from analogous proteins. Syst Zool 19: 
99-113. 

Flores, T.P., Orengo, C.A., Moss, D.S., and Thornton, J.M. 1993. Comparison of 
conformational characteristics in structurally similar protein pairs. Protein Sci 2: 
1811-1826. 

Frazer, K.A., Elnitski, L., Church, D.M., Dubchak, I., and Hardison, R.C. 2003. Cross-
species sequence comparisons: a review of methods and available resources. 
Genome Res 13: 1-12. 

Ginalski, K. 2006. Comparative modeling for protein structure prediction. Curr Opin 
Struct Biol 16: 172-177. 

Glasner, M.E., Fayazmanesh, N., Chiang, R.A., Sakai, A., Jacobson, M.P., Gerlt, J.A., 
and Babbitt, P.C. 2006. Evolution of structure and function in the o-
succinylbenzoate synthase/N-acylamino acid racemase family of the enolase 
superfamily. J Mol Biol 360: 228-250. 

Glasner, M.E., Gerlt, J.A., and Babbitt, P.C. 2007. Mechanisms of protein evolution and 
their application to protein engineering. Adv Enzymol Relat Areas Mol Biol 75: 
193-239, xii-xiii. 

Hall, N. 2007. Advanced sequencing technologies and their wider impact in 
microbiology. J Exp Biol 210: 1518-1525. 

Handelsman, J., Rondon, M.R., Brady, S.F., Clardy, J., and Goodman, R.M. 1998. 
Molecular biological access to the chemistry of unknown soil microbes: a new 
frontier for natural products. Chem Biol 5: R245-249. 



  63

Hegyi, H., and Gerstein, M. 1999. The relationship between protein structure and 
function: a comprehensive survey with application to the yeast genome. J Mol 
Biol 288: 147-164. 

Henikoff, S., and Henikoff, J.G. 1992. Amino acid substitution matrices from protein 
blocks. Proc Natl Acad Sci U S A 89: 10915-10919. 

Hermann, J.C., Ghanem, E., Li, Y., Raushel, F.M., Irwin, J.J., and Shoichet, B.K. 2006. 
Predicting substrates by docking high-energy intermediates to enzyme structures. 
J Am Chem Soc 128: 15882-15891. 

Hermann, J.C., Marti-Arbona, R., Fedorov, A.A., Fedorov, E., Almo, S.C., Shoichet, 
B.K., and Raushel, F.M. 2007. Structure-based activity prediction for an enzyme 
of unknown function. Nature 448: 775-779. 

Hogg, R.V., and Ledolter, J. 1987. Engineering Statistics. Macmillan Publishing 
Company, New York, pp. 420. 

Hoskins, J., Lovell, S., and Blundell, T.L. 2006. An algorithm for predicting protein-
protein interaction sites: Abnormally exposed amino acid residues and secondary 
structure elements. Protein Sci 15: 1017-1029. 

Huang, N., and Jacobson, M.P. 2007. Physics-based methods for studying protein-ligand 
interactions. Curr Opin Drug Discov Devel 10: 325-331. 

Huang, N., Kalyanaraman, C., Bernacki, K., and Jacobson, M.P. 2006. Molecular 
mechanics methods for predicting protein-ligand binding. Phys Chem Chem Phys 
8: 5166-5177. 

Hubbard, T.J., and Blundell, T.L. 1987. Comparison of solvent-inaccessible cores of 
homologous proteins: definitions useful for protein modelling. Protein Eng 1: 
159-171. 

Hulsen, T., Huynen, M.A., de Vlieg, J., and Groenen, P.M. 2006. Benchmarking ortholog 
identification methods using functional genomics data. Genome Biol 7: R31. 

Ilari, A., and Savino, C. 2008. Protein structure determination by x-ray crystallography. 
Methods Mol Biol 452: 63-87. 

Joshi, T., and Xu, D. 2007. Quantitative assessment of relationship between sequence 
similarity and function similarity. BMC Genomics 8: 222. 

Kalyanaraman, C., Bernacki, K., and Jacobson, M.P. 2005. Virtual screening against 
highly charged active sites: identifying substrates of alpha-beta barrel enzymes. 
Biochemistry 44: 2059-2071. 

Kim, S.H. 1998. Shining a light on structural genomics. Nat Struct Biol 5 Suppl: 643-
645. 

Kitchen, D.B., Decornez, H., Furr, J.R., and Bajorath, J. 2004. Docking and scoring in 
virtual screening for drug discovery: methods and applications. Nat Rev Drug 
Discov 3: 935-949. 

Koehl, P., and Levitt, M. 2002. Sequence variations within protein families are linearly 
related to structural variations. J Mol Biol 323: 551-562. 

Kondrashov, F.A., Rogozin, I.B., Wolf, Y.I., and Koonin, E.V. 2002. Selection in the 
evolution of gene duplications. Genome Biol 3: RESEARCH0008. 

Koonin, E.V. 2005. Orthologs, paralogs, and evolutionary genomics. Annu Rev Genet 39: 
309-338. 

Koonin, E.V., Fedorova, N.D., Jackson, J.D., Jacobs, A.R., Krylov, D.M., Makarova, 
K.S., Mazumder, R., Mekhedov, S.L., Nikolskaya, A.N., Rao, B.S., et al. 2004. A 



  64

comprehensive evolutionary classification of proteins encoded in complete 
eukaryotic genomes. Genome Biol 5: R7. 

Kryshtafovych, A., Venclovas, C., Fidelis, K., and Moult, J. 2005. Progress over the first 
decade of CASP experiments. Proteins 61 Suppl 7: 225-236. 

Larsson, P., Wallner, B., Lindahl, E., and Elofsson, A. 2008. Using multiple templates to 
improve quality of homology models in automated homology modeling. Protein 
Sci 17: 990-1002. 

Lazaridis, T., and Karplus, M. 2000. Effective energy functions for protein structure 
prediction. Curr Opin Struct Biol 10: 139-145. 

Lee, L.G., Connell, C.R., Woo, S.L., Cheng, R.D., McArdle, B.F., Fuller, C.W., 
Halloran, N.D., and Wilson, R.K. 1992. DNA sequencing with dye-labeled 
terminators and T7 DNA polymerase: effect of dyes and dNTPs on incorporation 
of dye-terminators and probability analysis of termination fragments. Nucleic 
Acids Res 20: 2471-2483. 

Marti-Renom, M.A., Ilyin, V.A., and Sali, A. 2001. DBAli: a database of protein 
structure alignments. Bioinformatics 17: 746-747. 

Marti-Renom, M.A., Stuart, A.C., Fiser, A., Sanchez, R., Melo, F., and Sali, A. 2000. 
Comparative protein structure modeling of genes and genomes. Annu Rev Biophys 
Biomol Struct 29: 291-325. 

Melo, F., and Feytmans, E. 1997. Novel knowledge-based mean force potential at atomic 
level. J Mol Biol 267: 207-222. 

Melo, F., Sanchez, R., and Sali, A. 2002. Statistical potentials for fold assessment. 
Protein Sci 11: 430-448. 

Minary, P., and Levitt, M. 2008. Probing protein fold space with a simplified model. J 
Mol Biol 375: 920-933. 

Mirkin, B., Muchnik, I., and Smith, T.F. 1995. A biologically consistent model for 
comparing molecular phylogenies. J Comput Biol. 2: 493-507. 

Misura, K.M., Chivian, D., Rohl, C.A., Kim, D.E., and Baker, D. 2006. Physically 
realistic homology models built with ROSETTA can be more accurate than their 
templates. Proc Natl Acad Sci U S A 103: 5361-5366. 

Miyazawa, S., and Jernigan, R.L. 2005. How effective for fold recognition is a potential 
of mean force that includes relative orientations between contacting residues in 
proteins? J Chem Phys 122: 024901. 

Murzin, A.G., Brenner, S.E., Hubbard, T., and Chothia, C. 1995. SCOP: a structural 
classification of proteins database for the investigation of sequences and 
structures. J Mol Biol 247: 536-540. 

Nagano, N., Orengo, C.A., and Thornton, J.M. 2002. One fold with many functions: the 
evolutionary relationships between TIM barrel families based on their sequences, 
structures and functions. J Mol Biol 321: 741-765. 

Noguchi, T., and Akiyama, Y. 2003. PDB-REPRDB: a database of representative protein 
chains from the Protein Data Bank (PDB) in 2003. Nucleic Acids Res 31: 492-
493. 

Noguchi, T., Onizuka, K., Ando, M., Matsuda, H., and Akiyama, Y. 2000. Quick 
selection of representative protein chain sets based on customizable requirements. 
Bioinformatics 16: 520-526. 



  65

O'Loughlin, T.L., Patrick, W.M., and Matsumura, I. 2006. Natural history as a predictor 
of protein evolvability. Protein Eng Des Sel 19: 439-442. 

Ojha, S., Meng, E.C., and Babbitt, P.C. 2007. Evolution of function in the "two 
dinucleotide binding domains" flavoproteins. PLoS Comput Biol 3: e121. 

Page, R.D.M., and Charleston, M.A. 1997. From Gene to Organismal Phylogeny: 
Reconciled Trees and the Gene Tree/Species Tree Problem. Molecular 
Phylogenetics and Evolution 7: 231-240. 

Petrey, D., and Honig, B. 2005. Protein structure prediction: inroads to biology. Mol Cell 
20: 811-819. 

Pettersen, E.F., Goddard, T.D., Huang, C.C., Couch, G.S., Greenblatt, D.M., Meng, E.C., 
and Ferrin, T.E. 2004. UCSF Chimera--a visualization system for exploratory 
research and analysis. J Comput Chem 25: 1605-1612. 

RCSB. 2008. RCSB PDB Annual Report. RESEARCH COLLABORATORY FOR 
STRUCTURAL BIOINFORMATICS (RCSB). 

Rost, B. 1999. Twilight zone of protein sequence alignments. Protein Eng 12: 85-94. 
Rost, B. 2002. Enzyme function less conserved than anticipated. J Mol Biol 318: 595-

608. 
Russell, R.B., Saqi, M.A., Sayle, R.A., Bates, P.A., and Sternberg, M.J. 1997. 

Recognition of analogous and homologous protein folds: analysis of sequence and 
structure conservation. J Mol Biol 269: 423-439. 

Sali, A., and Blundell, T.L. 1990. Definition of general topological equivalence in protein 
structures. A procedure involving comparison of properties and relationships 
through simulated annealing and dynamic programming. J Mol Biol 212: 403-
428. 

Sali, A., and Blundell, T.L. 1993. Comparative protein modelling by satisfaction of 
spatial restraints. J Mol Biol 234: 779-815. 

Sali, A., and Overington, J.P. 1994. Derivation of rules for comparative protein modeling 
from a database of protein structure alignments. Protein Sci 3: 1582-1596. 

Sanchez, R., and Sali, A. 1998. Large-scale protein structure modeling of the 
Saccharomyces cerevisiae genome. Proc Natl Acad Sci U S A 95: 13597-13602. 

Sangar, V., Blankenberg, D.J., Altman, N., and Lesk, A.M. 2007. Quantitative sequence-
function relationships in proteins based on gene ontology. BMC Bioinformatics 8: 
294. 

Sanger, F., and Coulson, A.R. 1975. A rapid method for determining sequences in DNA 
by primed synthesis with DNA polymerase. J Mol Biol 94: 441-448. 

Sanger, F., Nicklen, S., and Coulson, A.R. 1977. DNA sequencing with chain-
terminating inhibitors. Proc Natl Acad Sci U S A 74: 5463-5467. 

Sauder, J.M., Arthur, J.W., and Dunbrack, R.L., Jr. 2000. Large-scale comparison of 
protein sequence alignment algorithms with structure alignments. Proteins 40: 6-
22. 

Service, R. 2005. Structural biology. Structural genomics, round 2. Science 307: 1554-
1558. 

Shakhnovich, B.E., and Harvey, J.M. 2004. Quantifying structure-function uncertainty: a 
graph theoretical exploration into the origins and limitations of protein annotation. 
J Mol Biol 337: 933-949. 



  66

Shen, M.Y., and Sali, A. 2006. Statistical potential for assessment and prediction of 
protein structures. Protein Sci 15: 2507-2524. 

Shindyalov, I.N., and Bourne, P.E. 1998. Protein structure alignment by incremental 
combinatorial extension (CE) of the optimal path. Protein Eng 11: 739-747. 

Shoichet, B.K. 2004. Virtual screening of chemical libraries. Nature 432: 862-865. 
Skolnick, J. 2006. In quest of an empirical potential for protein structure prediction. Curr 

Opin Struct Biol 16: 166-171. 
Song, L., Kalyanaraman, C., Fedorov, A.A., Fedorov, E.V., Glasner, M.E., Brown, S., 

Imker, H.J., Babbitt, P.C., Almo, S.C., Jacobson, M.P., et al. 2007. Prediction and 
assignment of function for a divergent N-succinyl amino acid racemase. Nat 
Chem Biol 3: 486-491. 

Sonnhammer, E.L., and Koonin, E.V. 2002. Orthology, paralogy and proposed 
classification for paralog subtypes. Trends Genet 18: 619-620. 

Stuart, A.C., Ilyin, V.A., and Sali, A. 2002. LigBase: a database of families of aligned 
ligand binding sites in known protein sequences and structures. Bioinformatics 
18: 200-201. 

Styczynski, M.P., Jensen, K.L., Rigoutsos, I., and Stephanopoulos, G. 2008. BLOSUM62 
miscalculations improve search performance. Nat Biotech 26: 274-275. 

Tatusov, R.L., Federova, N.D., Jackson, J.D., Jacobs, A.R., Kiryutin, B., Koonin, E.V., 
Krylov, D.M., Mazumder, R., Mekhedov, S.L., Nikolskaya, A.N., et al. 2003. The 
COG database: an updated version includes eukaryotes. BMC Bioinformatics 4. 

Tatusov, R.L., Koonin, E.V., and Lipman, D.J. 1997. A Genomic Perspective on Protein 
Families. Science 278: 631-637. 

Thornton, J.M., Orengo, C.A., Todd, A.E., and Pearl, F.M. 1999. Protein folds, functions 
and evolution. J Mol Biol 293: 333-342. 

Tian, W., and Skolnick, J. 2003. How well is enzyme function conserved as a function of 
pairwise sequence identity? J Mol Biol 333: 863-882. 

Tipton, K., and Boyce, S. 2000. History of the enzyme nomenclature system. 
Bioinformatics 16: 34-40. 

Todd, A.E., Orengo, C.A., and Thornton, J.M. 2001. Evolution of function in protein 
superfamilies, from a structural perspective. J Mol Biol 307: 1113-1143. 

Venclovas, C. 2003. Comparative modeling in CASP5: progress is evident, but alignment 
errors remain a significant hindrance. Proteins 53 Suppl 6: 380-388. 

Venter, J.C., Remington, K., Heidelberg, J.F., Halpern, A.L., Rusch, D., Eisen, J.A., Wu, 
D., Paulsen, I., Nelson, K.E., Nelson, W., et al. 2004. Environmental genome 
shotgun sequencing of the Sargasso Sea. Science 304: 66-74. 

Wallner, B., and Elofsson, A. 2005. All are not equal: a benchmark of different homology 
modeling programs. Protein Sci 14: 1315-1327. 

Whisstock, J.C., and Lesk, A.M. 2003. Prediction of protein function from protein 
sequence and structure. Q Rev Biophys 36: 307-340. 

White, S.H. 2004. The progress of membrane protein structure determination. Protein Sci 
13: 1948-1949. 

Wilson, C.A., Kreychman, J., and Gerstein, M. 2000. Assessing annotation transfer for 
genomics: quantifying the relations between protein sequence, structure and 
function through traditional and probabilistic scores. Journal of Molecular 
Biology 297: 233-249. 



  67

Wood, T.C., and Pearson, W.R. 1999. Evolution of protein sequences and structures. J 
Mol Biol 291: 977-995. 

Wu, C.H., Apweiler, R., Bairoch, A., Natale, D.A., Barker, W.C., Boeckmann, B., Ferro, 
S., Gasteiger, E., Huang, H., Lopez, R., et al. 2006. The Universal Protein 
Resource (UniProt): an expanding universe of protein information. Nucleic Acids 
Res 34: D187-191. 

Wuthrich, K. 1989. Protein structure determination in solution by nuclear magnetic 
resonance spectroscopy. Science 243: 45-50. 

Yang, A.S., and Honig, B. 2000. An integrated approach to the analysis and modeling of 
protein sequences and structures. II. On the relationship between sequence and 
structural similarity for proteins that are not obviously related in sequence. J Mol 
Biol 301: 679-689. 

Zhang, Y., and Skolnick, J. 2005. TM-align: a protein structure alignment algorithm 
based on the TM-score. Nucleic Acids Res 33: 2302-2309. 

 
 
 



  68

Appendix A.  Detailed results for each 

target  

A.1.1. Results using Modeller 9v1 

Target 
PDB code 

Template 
PDB code 

Template 
PDB code 

RMSD DRMS % 
equivalent 
positions 

% 
positions 
correct 

1dlwA 1s69A 1dlyA 0.91 0.78 97.4 54.1 

1qpwB 1jebD 1g08B 0.62 0.50 99.3 68.3 

1cpcA 1allA 1gh0A 0.72 0.42 100.0 91.4 

1ks8A 1ia7A 1cem_ 1.21 1.02 92.8 94.1 

1aj8A 1o7xC 1owcA 1.57 1.22 86.5 55.4 

1izoA 1og5A 1pq2A 2.10 1.62 74.7 43.7 

1bk5A 1ibrB 1qgkA 2.86 1.80 1.2 37.6 

1ujkA 1lf8B 1mhqA 0.85 0.81 92.4 44.0 

1nq7A 1k7lA 1osvA 1.69 1.37 87.7 71.4 

1furA 1k7wC 1i0aC 1.66 1.53 71.1 56.0 

1rqjA 1v4eA 1uby_ 1.73 1.53 74.2 67.2 

1iw0A 1n45A 1dveA 1.28 0.91 99.0 42.3 
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1jltB 1godA 1bjjA 0.94 0.87 96.7 56.4 

1g72B 1lrwB 1h4iB 1.55 1.07 64.9 0.0 

1j0pA 1up9A 1czj_ 1.23 1.00 95.4 76.9 

1a32_ 1g1xB 1kuqA 0.97 0.98 78.8 54.5 

2lisA 1gakA 3lynB 1.07 0.78 94.7 95.8 

1tzyH 1aoiC 1kx5C 1.43 1.42 54.8 50.0 

1n1jA 1bh9A 1n1jB 0.00 1.31 0.0 20.0 

1f1mA 1ggqA 1g5zA 0.78 0.55 99.4 65.6 

1cpq_ 1gqaA 1mqvA 1.30 0.90 97.7 76.8 

1aew_ 1rcd_ 1ji4A 0.51 0.45 100.0 100.0 

1mxrA 1uzrB 1r2fA 1.68 1.46 73.5 45.7 

1eteA 1hulA 1v7mV 1.40 1.82 0.7 66.7 

1m4rA 1wu3I 1au1A 2.17 1.73 62.7 56.0 

1lfmA 1yeb_ 1c6rA 0.73 0.58 100.0 97.5 

1m70A 1fcdC 1h1oA 1.44 1.23 88.9 89.7 

1nkd_ 1gtoA 1f4nA 0.82 0.61 98.3 - 

1nkpB 1an4A 1nkpA 2.35 1.65 31.3 50.0 

1e8aB 1a4pA 1irjA 1.06 0.99 90.9 36.4 

1rwyA 1bu3_ 1b8lA 0.93 0.81 97.2 20.6 

1n0yB 1bjfA 1avsB 0.94 0.91 88.6 93.3 

1k94A 1np8A 1gjyA 1.28 0.89 97.6 69.3 

1r5rA 1dqeA 1ow4A 0.00 1.81 0.0 75.0 

1jggA 1enh_ 9antA 0.69 0.69 96.5 50.0 
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1hcrA 1u78A 1tc3C 1.34 1.33 75.0 100.0 

1gvdA 1h88C 1gv2A 1.01 0.76 96.2 9.1 

1k78E 1k78I 6paxA 2.31 1.22 57.3 75.0 

1bc8C 1duxC 1k7aA 1.01 0.91 90.3 31.6 

1lj9A 1jgsA 1p4xA 1.38 1.52 53.5 54.5 

1bkrA 1bhdA 1sh5A 1.10 0.87 95.4 95.5 

1mylA 1bdvC 1bdtA 0.85 0.71 97.8 33.3 

1fk5A 1hyp_ 1rzl_ 1.06 0.94 96.8 100.0 

1owfB 1huuC 1owfA 1.66 1.21 78.7 86.7 

1hm6A 1i4aA 1a8a_ 1.23 1.10 84.3 70.9 

1cunA 1hciA 1u4qA 2.02 0.97 91.1 63.5 

1m9xC 1em9A 1p7nA 2.14 1.88 1.4 50.0 

1lp1B 1deeG 1lp1A 0.78 0.49 100.0 72.7 

1dk8A 1fqjE 1emuA 0.87 0.83 89.1 98.7 

1gwuA 1schA 1fhfA 0.92 0.87 98.7 - 

1oaqL 1f6lL 1wtlA 1.34 1.06 90.9 61.1 

1lk2B 1kjvB 1cqkA 0.67 0.61 99.0 100.0 

1nepA 1xwvA 1ktjA 1.61 1.29 92.3 50.0 

1fnf_ 1fnhA 1i1rA 1.19 1.74 25.3 100.0 

2mcm_ 1j48A 1noa_ 1.11 0.90 97.3 - 

1to4A 1eso_ 1srdA 0.88 0.73 98.1 - 

1qwzA 1ng5A 1t2wA 0.92 0.67 88.9 100.0 

1amm_ 1elpA 1ha4A 0.53 0.44 99.4 100.0 



  71

1pvc3 1eah3 1b35C 1.28 0.81 85.5 97.2 

1pgl1 1ny72 1pgl2 3.08 1.89 3.2 100.0 

1ng0A 1f2nA 4sbvC 1.16 0.90 96.9 75.9 

1gmeD 1gmeA 1shsA 1.10 1.18 79.1 43.5 

1od3A 1uxxX 1uy4A 0.87 0.66 96.9 - 

1rvxA 1rv0H 2viuA 1.22 0.77 97.5 - 

1nbcA 1anu_ 1g43A 1.05 0.81 96.1 100.0 

1qhvA 1kacA 1knb_ 1.00 1.02 87.2 40.0 

1pk6B 1pk6C 1kxgA 1.13 0.89 95.5 95.9 

1aun_ 1du5A 1pcvA 0.59 0.51 98.6 85.3 

1lenB 1dglA 1lofD 1.43 0.98 83.0 48.0 

1gpiA 1ojjA 3ovwA 1.31 1.17 82.3 - 

1pvxA 1m4wA 1te1B 1.04 0.94 96.9 49.4 

1uaiA 1vavA 1j1tA 1.56 1.28 84.3 92.0 

1umzA 1gbg_ 1cpn_ 0.00 1.87 0.0 50.0 

1c1lA 1w6nB 1qmjA 1.02 0.93 91.1 43.1 

1lhuA 1okqA 1qu0C 2.33 1.85 5.7 50.0 

1f86A 1tfpA 1kgiC 0.54 0.41 100.0 73.7 

1nykA 1rie_ 1rfs_ 1.72 1.53 59.0 50.0 

1q3lA 1pdqA 1e0bA 1.10 0.92 96.2 100.0 

1bbzC 1shfA 1bu1A 3.38 1.65 1.7 75.0 

1rzxA 1nf3C 1pdr_ 0.97 0.66 98.0 81.4 

1mgqA 1i4kI 1d3bL 1.21 0.70 93.2 92.5 
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3chbF 1r4pB 1djrH 0.47 0.34 100.0 100.0 

1v1qB 1jmcA 1qvcB 2.34 1.65 66.7 - 

1fl0A 1gd7A 1ntgA 0.93 0.75 98.8 100.0 

1c9oA 1smxA 1mjc_ 1.02 0.88 98.5 96.4 

1e9gB 2prd_ 1udeA 1.40 1.26 61.1 70.7 

1rg8A 1qqlA 1bfg_ 0.87 0.79 92.2 63.4 

1md6A 1ilr2 2mib_ 1.41 1.18 84.4 47.9 

1abrB 1ggpB 2aaiB 1.10 0.76 95.1 - 

1r8nA 1avaC 1r8oA 1.54 1.27 85.4 100.0 

1i8dA 1kzlA 1pkvA 1.24 1.03 93.2 58.1 

1ty9B 1g79A 1t9mA 0.84 0.69 99.5 94.6 

1qq4A 2sfa_ 1sgpE 1.25 1.00 94.4 - 

1gvlA 1eptA 2cgaA 1.44 1.22 82.1 - 

1svpA 1befA 1vcpA 0.73 0.73 85.6 98.9 

1kzkB 1sguA 1c6yA 0.68 0.52 100.0 51.7 

1wkrA 1izdA 1ibqA 1.67 1.37 81.8 59.1 

1uheA 1pt1B 1aw8B 0.95 0.82 90.7 50.0 

1unqA 1eazA 1faoA 1.17 1.17 81.2 63.2 

1bypA 1bxvA 1pcs_ 1.03 0.87 97.0 35.0 

1oe3A 1snrB 1mzyA 0.67 0.60 97.6 60.4 

1dzkA 1n0sA 1bbpA 2.19 1.66 66.9 41.3 

1kqwA 1gglA 1opbA 0.55 0.43 99.3 88.6 

1h0pA 1qoiA 1cynA 0.49 0.52 95.1 83.3 
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1itvA 1gen_ 1pex_ 1.75 1.25 90.8 58.1 

1f8eA 1eur_ 1ivd_ 1.03 0.85 98.2 - 

1h4iA 1lrwA 1flgA 0.39 0.30 100.0 99.5 

1mooA 1jd0A 1v9eA 0.69 0.55 100.0 - 

1ospO 1p4pA 1rjlC 0.00 1.82 0.0 50.0 

1ugxA 1jotA 1c3mA 0.30 0.23 100.0 98.9 

1nplA 1jpc_ 1xd6A 1.00 0.51 97.2 52.2 

1bn8A 1oocA 1o88A 1.32 1.10 85.7 95.9 

1czfA 1hg8A 1ia5A 0.88 0.64 99.1 79.1 

1oi6B 1ep0A 1dzrA 1.46 1.14 85.1 38.8 

1dgwX 1l3jA 1dgwA 2.50 1.82 18.4 42.9 

1bdo_ 1onlA 1htp_ 1.53 1.46 75.0 80.0 

1sixA 1q5hB 1dupA 1.21 1.06 79.7 49.1 

1qqhA 1tueE 1r6nA 1.01 1.01 88.2 76.4 

1mo0B 1amk_ 1sw0A 0.73 0.59 99.2 75.9 

1p1xA 1o0yA 1ub3A 1.10 1.13 79.6 72.2 

1hfbC 1rzmA 1g7vA 2.62 1.53 13.5 70.7 

1izcA 1dxeA 1sgjA 1.79 1.47 77.3 89.3 

1f8mA 1s2tA 1igwC 0.94 0.86 92.3 95.7 

1ezwA 1rhcA 1f07A 1.62 1.00 92.8 94.1 

1h1yA 1tqxA 1rpxA 0.73 0.57 99.5 83.7 

1km4A 1dvjA 1losC 0.39 0.31 100.0 41.7 

1vc4A 1a53_ 1i4nA 1.34 1.16 94.9 62.6 
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1aj2_ 1ad1A 1twsA 1.35 1.15 90.1 72.4 

1vyrA 1gwjA 1oyc_ 0.94 0.82 96.7 63.6 

1pwmA 1q5mA 1j96A 0.90 0.77 97.8 54.1 

1ta3B 1nq6A 1ghsA 1.01 0.85 98.7 95.1 

1e4mM 1qoxA 1e4iA 1.25 1.16 84.0 41.3 

1eokA 2ebn_ 1edt_ 1.86 1.67 56.0 54.0 

1rkqA 1nf2A 1wr8B 2.19 1.48 70.8 27.3 

1h4yA 1vc1A 1th8B 1.57 1.21 91.3 91.5 

1nzyA 1hzdA 1ey3A 1.71 1.21 90.0 68.9 

1on3E 1xnyA 1pixB 1.09 0.78 96.0 97.0 

1hqkA 1kz1C 1ejbA 1.12 0.95 92.2 25.0 

4eugA 1okbA 1udh_ 1.25 0.75 96.9 93.3 

1gegE 1ae1B 1nffA 1.21 0.98 94.9 66.1 

1dz3A 1peyB 1tmy_ 0.00 1.63 0.0 66.7 

1i7qB 1qdlB 1gpwB 1.37 1.12 94.3 100.0 

1rw7A 1onsA 1oi4A 1.66 1.41 82.1 56.3 

1oboA 2fcr_ 1ag9A 0.76 0.60 100.0 81.3 

1i6mA 1o5tA 1jikA 2.28 1.55 68.7 74.4 

1qjcA 1tfuA 1vlhC 0.85 0.68 97.5 57.5 

1fl2A 1cl0A 1vdc_ 1.34 1.02 97.4 - 

1j2rA 1nf9A 1im5A 1.50 1.25 83.0 34.6 

2cmkA 1tevA 2ukd_ 2.09 1.68 44.3 66.7 

1cp2A 1g3qA 1eg7A 1.77 1.53 71.7 76.6 
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1g64B 1tf7A 1e0jB 2.78 1.71 27.4 66.7 

1g6hA 1l2tB 1jj7A 1.59 1.46 64.6 47.1 

1xtiA 2pjrF 1vecA 1.36 1.33 52.2 95.2 

1nsf_ 1svmC 1tueD 1.97 1.87 0.4 53.8 

1kao_ 1c1yA 1wa5A 1.36 0.87 96.4 70.3 

1to2E 1svn_ 1bh6A 0.73 0.35 98.2 92.5 

1d3vA 1pq3A 2cevA 0.67 0.59 99.0 91.5 

1nm8A 1xmcB 1t7qA 0.63 0.57 98.3 94.1 

1jf8A 1y1lA 1jl3B 0.87 0.63 98.5 89.1 

1p15A 1fprA 1l8kA 1.14 1.04 93.5 70.1 

2trxB 1nswA 1xwaA 1.09 0.95 94.4 90.2 

1o73A 1qq2A 1uulA 3.08 1.75 0.7 50.0 

1i6pA 1ddzA 1g5cA 1.24 1.11 86.0 68.6 

1czaN 1v4sA 1ig8A 1.09 0.98 47.7 94.2 

1cz9A 1asu_ 1bisB 0.74 0.61 95.0 96.3 

1odkD 1xe3D 1q1gA 1.16 1.00 94.9 60.0 

1oc7A 1qjwA 1dysA 0.74 0.64 98.6 84.8 

1qhfA 1xq9A 1riiB 0.88 0.67 98.3 82.3 

1dkqA 1nd6B 1rpa_ 1.74 1.61 62.2 71.1 

1g2qA 1bd3A 1i5eA 2.45 1.60 51.7 75.8 

1mjnA 1pt6B 1v7pC 1.43 1.23 90.5 74.0 

1jkxA 1cddA 1njsA 0.80 0.66 97.6 65.2 

1inlC 1uirB 1iy9A 1.04 0.97 90.8 54.8 
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1l1eA 1tpyA 1kphB 0.76 0.68 97.1 63.0 

1g8aA 1nt2A 1g8sA 1.60 0.85 88.1 21.2 

1gdeA 1uu1B 1b5pA 1.20 0.93 90.7 - 

1qz9A 1jf9A 1n31A 1.79 1.40 85.4 43.7 

2oatA 1bt4A 1bjoA 2.22 1.77 51.0 68.1 

1h7eA 1qwjB 1jylA 1.95 1.49 78.0 78.4 

1c7jA 1aqlA 1f6wA 1.41 1.23 82.9 50.8 

1brt_ 1hkhA 1a8s_ 0.59 0.46 100.0 94.7 

1uwcA 1lgyA 1tib_ 1.41 1.18 86.6 49.1 

1qgeE 1ku0A 1tahA 2.70 1.82 10.3 57.1 

1jkmB 1jjiA 1u4nA 1.44 1.36 77.0 57.1 

1dqzA 1f0nA 1sfrA 0.73 0.61 96.8 59.1 

1g66A 1qozA 1cex_ 0.60 0.48 99.5 99.2 

1bn6A 1iz7A 1ede_ 0.93 0.86 97.3 92.9 

1s3vA 1ai9A 1cz3B 1.59 1.28 86.0 70.7 

1ojrA 1k0wA 1e4cP 1.90 1.57 61.7 75.6 

1w0dA 1xaa_ 1a05A 1.64 1.28 88.1 - 

1pvvA 1ep9A 1dxhA 0.88 0.80 95.5 64.6 

1jflA 1iu9A 1b74A 1.25 1.17 73.7 96.6 

1fcjB 1pwhA 1p5jA 1.87 1.65 80.9 29.6 

1euhA 1wndA 1a4sA 1.53 1.11 96.0 47.7 

1php_ 1vpe_ 13pkA 2.23 1.34 70.6 20.8 

4pgaA 1nnsA 1agx_ 0.74 0.67 98.8 68.9 
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1toaA 1n2zA 1pszA 1.73 1.13 85.6 93.3 

1m1nA 1m1nB 1mioB 2.16 1.64 69.4 55.4 

2dri_ 1sxgA 1gca_ 1.75 1.20 95.6 61.4 

1xvxA 1usyG 1p99A 2.88 1.78 0.6 - 

1sdxA 1dot_ 1ovt_ 0.92 0.71 95.5 53.4 

1e5mA 1j3nA 1tqyB 0.87 0.65 99.5 83.9 

1uwzA 1r5tA 1ctt_ 0.94 0.76 99.2 88.7 

1a2pA 1mgwA 2rbiA 0.42 0.32 100.0 100.0 

12asA 1b7yA 1usyB 2.52 1.86 8.6 42.9 

1pz4A 1iktA 1c44A 1.22 1.10 90.3 57.6 

1qstA 1yghA 1cm0A 1.04 0.83 95.6 - 

1t44G 1d0nA 1rgiG 1.13 1.13 70.1 60.0 

1f7sA 1cfyA 1cnuA 1.12 0.88 91.9 40.5 

1acf_ 1f2kA 1a0k_ 0.45 0.34 100.0 98.9 

1j3wB 1skoB 1skoA 1.69 1.41 79.3 74.1 

1a3aA 1xizB 1a6jB 1.69 1.30 92.4 58.0 

1v8mA 1g0sB 1k2eA 1.50 1.32 84.9 92.3 

1hzwA 1j3kC 1tsy_ 0.93 0.79 99.6 65.3 

1cyo_ 1lj0A 1m2mA 0.66 0.57 95.5 43.8 

1iybA 1sglA 1dixA 0.78 0.57 98.1 - 

1qxyA 1o0xA 1xnzA 1.16 0.93 98.4 32.4 

1ytbA 1mp9A 1cdwA 0.64 0.45 100.0 99.3 

1b77A 1plq_ 1czdA 0.59 0.49 99.6 98.6 
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1j1bB 1g3nA 1unlA 1.27 1.22 70.9 69.5 

1ugqA 1v29A 1ahjA 1.57 0.99 84.7 37.1 

1gnuA 1ugmA 1eo6B 0.90 0.69 97.4 95.0 

1wriA 1awd_ 1iueA 0.89 0.77 100.0 80.0 

2sak_ 1qqrC 1c4pC 3.06 1.69 1.7 29.4 

2igd_ 1qkzA 1em7A 1.25 0.63 95.1 76.5 

1gk9A 1e3aA 1oqzB 1.09 1.06 77.4 78.6 

1rypG 1ryp1 1rypB 1.25 1.12 82.0 77.9 

1k2xB 2gacB 1apyB 1.40 1.08 94.8 65.8 

1a7tA 1dd6B 1ko3A 1.29 0.92 94.3 59.0 

1s95B 1tcoA 1jk7A 0.97 0.94 89.5 60.9 

1mrj_ 1onkA 2mllA 1.31 1.08 95.5 40.5 

1j34A 1jwiB 1kcgB 1.12 1.25 77.5 43.3 

1koe_ 1dy2A 1bnlA 0.46 0.35 100.0 81.6 

1roaA 1cewI 1r4cA 1.23 1.16 89.2 100.0 

1gy6A 1jkgA 1gybB 1.10 0.91 92.0 72.7 

1jc9A 2fibA 1fzdA 1.02 0.88 97.3 68.3 

1d0cA 1dwvA 1vagA 0.73 0.58 99.3 54.7 

1kb9A 1hr6D 1hr6A 1.54 1.28 92.6 69.0 

1lqvB 1jfmA 1tmcA 2.09 1.57 61.3 60.9 

1rv9A 1t8hA 1rw0A 1.00 0.82 97.5 72.5 

1jyoA 1l2wA 1n5bA 2.23 1.47 46.9 41.2 

1qqyA 1iizA 2eql_ 0.76 0.67 96.2 96.7 
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1j7dB 1y6lA 1qcqA 1.22 0.86 96.0 24.4 

1bd8_ 1ihbA 1uohA 1.12 0.79 98.7 66.7 

1nyeA 1lqlC 1nyeD 0.44 0.35 99.3 99.0 

1qveB 1ay2_ 1oqwA 1.68 1.29 80.0 79.6 

1bkf_ 1q1cA 1r9hA 0.84 0.71 99.1 52.2 

1ppn_ 1m6dA 1fh0A 0.99 0.81 97.2 - 

1qtoA 1bylA 1ecsA 1.09 0.85 94.3 83.3 

1lkdA 1q0oA 1mpyA 1.75 1.33 85.0 46.7 

1vh5A 1sh8A 1q4uA 1.23 1.07 89.9 91.5 

1qdvA 1a68_ 1dsxA 0.54 0.77 88.9 40.0 

1agi_ 1rbd_ 1e21A 0.00 1.81 0.0 - 

2fdn_ 1rgvA 1blu_ 0.78 0.57 100.0 73.3 

7fd1A 1jb0C 1h98A 0.74 1.03 70.8 100.0 

1sj1B 1fxd_ 1fxrA 0.00 1.65 0.0 50.0 

1gxuA 1w2iA 1ulrA 1.81 1.13 89.8 46.4 

1cc8A 1osdA 1fe0B 1.37 1.07 95.8 85.7 

1ftrA 1m5sB 1m5hA 1.00 0.76 98.6 49.1 

1vfjA 2pii_ 1qy7A 1.66 1.18 82.8 55.2 

1nzaA 1naqA 1oscB 0.99 0.70 98.1 63.3 

1npk_ 1nueA 1nsqA 0.76 0.65 96.7 50.0 

1u1qA 1m5kC 1oiaA 0.00 1.80 0.0 0.0 

1r8hA 1a7gE 1vhiB 1.08 0.93 90.8 - 

1is1A 1eh1A 1iseA 0.84 0.60 98.9 75.0 
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1g6sA 1uae_ 1rf6A 1.54 1.33 88.5 79.9 

8rucI 1ir21 3rubS 0.60 0.58 100.0 51.2 

1qd9A 1nq3A 1oniA 0.67 0.50 100.0 61.1 

1nmuB 1rlgB 1e7kA 1.71 1.38 81.7 46.7 

1iv3A 1jn1A 1h48C 1.40 1.17 79.3 39.6 

1otfA 1s0yB 4otcA 0.60 0.40 100.0 86.2 

1gd0A 1hfoA 1uizA 0.59 0.55 97.5 79.1 

1f9rA 1plfB 1ml0D 0.63 0.44 98.5 100.0 

1nox_ 1kqbA 1vfrA 1.67 1.34 82.5 64.5 

830cB 1qibA 1hv5E 0.69 0.72 94.6 - 

1keiA 1bqbA 1npc_ 0.74 0.65 100.0 60.9 

1s4bP 1r42A 1i1iP 1.24 0.92 98.9 92.7 

1atlA 1iag_ 1nd1A 0.44 0.32 100.0 72.0 

1o4rA 1lklA 1h9oA 1.05 0.77 96.2 100.0 

1opd_ 1sphA 1mu4B 1.00 0.82 98.8 47.2 

1g9zA 1mowA 1r7mA 0.87 0.56 96.1 100.0 

1nbuA 1sqlJ 1dhn_ 0.80 0.59 100.0 63.0 

1as4A 1lq8G 7apiA 0.90 0.66 98.8 - 

1iyeA 3daaA 1kt8B 1.34 1.10 93.8 66.7 

1i2aA 1dwuA 1ad2_ 0.82 0.60 100.0 96.1 

1nymA 1ghpA 1iysA 1.27 1.06 93.2 89.3 

1dgfA 1si8A 1a4eA 1.80 0.79 90.3 70.5 

1qgxA 1g0hA 2hhmA 1.46 1.45 64.4 68.1 
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1sh0B 1xr6A 1xr7A 1.89 1.57 67.0 39.3 

1pxrA 1h2sA 1h2sB 1.06 0.79 96.5 100.0 

1nekC 1kf6D 1nekD 2.69 1.70 2.3 80.0 

1v54C 1m56C 1qleC 1.24 0.95 91.5 56.5 

1rzhL 1l9bM 1eysL 1.57 0.99 91.1 69.5 

1ppjH 1ezvH 1l0lH 1.11 0.84 100.0 100.0 

1nkzB 1lghB 1ijdB 2.93 1.77 14.6 50.0 

2por_ 1pho_ 2omf_ 1.62 1.49 77.4 - 

1bhp_ 1okhA 1wuwA 0.34 0.21 100.0 100.0 

1i71A 3kiv_ 1ceaB 1.00 0.56 96.4 - 

1mkkA 1rv6W 1wq8A 1.27 0.82 96.8 44.0 

2tgi_ 1rewA 1tgj_ 1.41 0.75 98.2 49.0 

1bndA 1bet_ 1bndB 1.32 0.93 90.8 36.4 

1h03P 1ridA 1ly2A 2.42 1.79 18.4 50.0 

1extA 1sg1X 1d4vA 3.47 1.85 0.6 72.7 

1uhaA 1ulkA 1ehdA 0.66 0.47 97.6 83.3 

1kliL 1kigL 1rfnB 2.00 1.05 78.7 26.1 

1djtA 1sn4A 1omyA 0.68 0.42 100.0 27.3 

1b0yA 2hipA 1hpi_ 0.00 1.85 0.0 25.0 

1llmC 1f2iG 2gliA 1.34 1.33 60.9 100.0 

2nllA 1r0nB 1a6yA 0.96 0.71 100.0 - 

1t9pA 2rdvA 1iu5A 0.62 0.51 98.1 92.3 

1jd5A 1g73C 1xb0C 0.77 0.71 87.6 50.0 
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1an1I 1tbrR 1hpt_ 1.66 0.79 92.5 100.0 

1v6pA 1kbaA 1vb0A 1.30 0.71 98.4 90.0 

1aapA 1fakI 1f7zI 0.71 0.54 98.2 22.2 

1n7sC 1jthD 1kilE 1.73 1.25 62.0 48.1 

1jcdA 1kfnA 1t8zC 2.14 1.54 18.0 81.8 

1gk6A 1gk4A 1gk4C 2.24 0.81 83.6 76.5 

1tu3F 1x79B 1tu3J 1.17 0.52 100.0 96.8 

1jnmB 1dh3A 1a02F 2.27 0.91 77.2 50.0 

1re3D 1rf1D 1fzaA 0.87 0.59 98.4 65.2 

2eboA 1g2cL 1g2cA 1.95 1.21 45.9 70.0 

1n0qB 1mj0A 1svxA 0.47 0.41 98.9 80.0 

 

 

A.1.2. Results using statistical potentials 

Target 
PDB 
code 

Template 
PDB code 

Template 
PDB code

RMSD DRMS % 
equivalent 
positions 

% positions 
correct 

1dlwA 1s69A 1dlyA 1.04 0.78 98.3 51.4 

1qpwB 1jebD 1g08B 0.65 0.53 98.6 39.0 

1cpcA 1allA 1gh0A 1.01 0.61 100.0 37.1 

1aj8A 1o7xC 1owcA 1.60 1.19 89.5 58.6 

1izoA 1og5A 1pq2A 2.20 1.63 76.2 40.8 

1bk5A 1ibrB 1qgkA 2.67 1.79 0.2 44.7 

1ujkA 1lf8B 1mhqA 1.01 0.78 92.4 44.0 
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1nq7A 1k7lA 1osvA 1.64 1.38 85.7 69.6 

1furA 1k7wC 1i0aC 1.69 1.50 69.3 38.5 

1rqjA 1v4eA 1uby_ 1.66 1.48 78.6 60.7 

1jltB 1godA 1bjjA 0.86 0.82 96.7 66.7 

1g72B 1lrwB 1h4iB 2.33 1.24 52.6 100.0 

1a32_ 1g1xB 1kuqA 0.96 1.03 77.6 36.4 

2lisA 1gakA 3lynB 0.98 0.75 94.7 95.8 

1tzyH 1aoiC 1kx5C 1.72 1.41 61.9 100.0 

1n1jA 1bh9A 1n1jB 0.00 1.39 0.0 73.3 

1f1mA 1ggqA 1g5zA 0.78 0.56 98.8 53.1 

1aew_ 1rcd_ 1ji4A 0.50 0.44 100.0 100.0 

1mxrA 1uzrB 1r2fA 1.69 1.46 73.2 60.0 

1eteA 1hulA 1v7mV 2.88 1.82 2.2 66.7 

1lfmA 1yeb_ 1c6rA 0.71 0.57 100.0 97.5 

1m70A 1fcdC 1h1oA 1.35 1.18 86.8 68.2 

1nkd_ 1gtoA 1f4nA 0.72 0.50 98.3 - 

1nkpB 1an4A 1nkpA 2.53 1.68 32.5 66.7 

1e8aB 1a4pA 1irjA 0.98 0.99 90.9 36.4 

1n0yB 1bjfA 1avsB 1.01 0.89 88.6 93.3 

1k94A 1np8A 1gjyA 1.29 0.89 97.6 69.3 

1r5rA 1dqeA 1ow4A 2.83 1.84 1.7 75.0 

1jggA 1enh_ 9antA 0.71 0.71 96.5 56.3 

1hcrA 1u78A 1tc3C 1.31 1.31 75.0 100.0 
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1k78E 1k78I 6paxA 1.15 1.20 54.8 56.3 

1lj9A 1jgsA 1p4xA 1.71 1.54 61.1 45.5 

1bkrA 1bhdA 1sh5A 1.10 0.89 95.4 95.5 

1mylA 1bdvC 1bdtA 1.16 0.83 97.8 33.3 

1fk5A 1hyp_ 1rzl_ 1.11 0.95 96.8 100.0 

1owfB 1huuC 1owfA 1.79 1.23 92.6 82.2 

1hm6A 1i4aA 1a8a_ 1.26 1.07 85.4 49.2 

1m9xC 1em9A 1p7nA 2.84 1.91 3.4 75.0 

1lp1B 1deeG 1lp1A 0.60 0.50 98.1 72.7 

1gwuA 1schA 1fhfA 1.02 0.89 98.4 - 

1oaqL 1f6lL 1wtlA 1.35 1.07 90.9 55.6 

1fnf_ 1fnhA 1i1rA 1.50 1.72 27.7 100.0 

1qwzA 1ng5A 1t2wA 0.73 0.71 89.4 100.0 

1amm_ 1elpA 1ha4A 0.54 0.42 99.4 100.0 

1pvc3 1eah3 1b35C 0.60 0.83 85.1 98.6 

1pgl1 1ny72 1pgl2 2.97 1.85 1.1 100.0 

1ng0A 1f2nA 4sbvC 1.04 0.83 95.8 78.3 

1gmeD 1gmeA 1shsA 1.06 1.20 79.1 41.3 

1nbcA 1anu_ 1g43A 1.01 0.81 96.1 100.0 

1qhvA 1kacA 1knb_ 1.93 1.03 89.2 41.7 

1pk6B 1pk6C 1kxgA 1.12 0.87 95.5 94.6 

1aun_ 1du5A 1pcvA 0.58 0.50 98.6 85.3 

1pvxA 1m4wA 1te1B 1.06 0.93 96.9 47.1 
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1umzA 1gbg_ 1cpn_ 0.00 1.88 0.0 16.7 

1c1lA 1w6nB 1qmjA 0.88 0.96 88.1 63.1 

1lhuA 1okqA 1qu0C 2.98 1.84 6.9 0.0 

1nykA 1rie_ 1rfs_ 1.83 1.59 58.3 50.0 

1q3lA 1pdqA 1e0bA 1.02 0.82 98.1 100.0 

1bbzC 1shfA 1bu1A 0.00 1.68 0.0 25.0 

1rzxA 1nf3C 1pdr_ 0.90 0.63 99.0 81.4 

1mgqA 1i4kI 1d3bL 1.13 0.65 94.6 90.0 

1v1qB 1jmcA 1qvcB 2.49 1.65 47.7 - 

1fl0A 1gd7A 1ntgA 0.98 0.76 98.8 100.0 

1e9gB 2prd_ 1udeA 1.40 1.31 60.4 62.1 

1rg8A 1qqlA 1bfg_ 0.77 0.71 90.8 61.0 

1md6A 1ilr2 2mib_ 1.93 1.18 87.0 52.1 

1r8nA 1avaC 1r8oA 1.36 1.27 81.6 100.0 

1i8dA 1kzlA 1pkvA 1.28 1.04 93.2 39.5 

1gvlA 1eptA 2cgaA 1.20 1.22 81.2 - 

1svpA 1befA 1vcpA 0.79 0.83 85.6 98.9 

1kzkB 1sguA 1c6yA 0.75 0.58 100.0 41.4 

1wkrA 1izdA 1ibqA 1.62 1.32 83.5 52.3 

1bypA 1bxvA 1pcs_ 0.93 0.87 96.0 50.0 

1dzkA 1n0sA 1bbpA 2.23 1.65 68.9 43.5 

1kqwA 1gglA 1opbA 0.54 0.43 99.3 86.4 

1itvA 1gen_ 1pex_ 1.44 1.22 91.3 67.4 
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1f8eA 1eur_ 1ivd_ 1.03 0.85 97.9 - 

1h4iA 1lrwA 1flgA 0.40 0.32 99.7 99.5 

1ospO 1p4pA 1rjlC 0.00 1.82 0.0 66.7 

1ugxA 1jotA 1c3mA 0.30 0.23 100.0 98.9 

1bn8A 1oocA 1o88A 1.28 1.12 84.7 95.9 

1dgwX 1l3jA 1dgwA 2.64 1.73 17.1 71.4 

1bdo_ 1onlA 1htp_ 1.58 1.47 71.3 70.0 

1sixA 1q5hB 1dupA 1.08 1.14 78.4 80.7 

1qqhA 1tueE 1r6nA 0.97 0.87 88.9 77.8 

1mo0B 1amk_ 1sw0A 0.71 0.58 99.2 74.7 

1p1xA 1o0yA 1ub3A 1.13 1.09 80.4 53.7 

1hfbC 1rzmA 1g7vA 1.81 1.56 68.4 65.5 

1izcA 1dxeA 1sgjA 1.82 1.49 74.9 89.3 

1ezwA 1rhcA 1f07A 1.38 1.03 92.8 91.6 

1h1yA 1tqxA 1rpxA 0.72 0.58 99.5 71.4 

1vc4A 1a53_ 1i4nA 1.33 1.17 94.1 60.6 

1aj2_ 1ad1A 1twsA 1.74 1.11 90.8 64.4 

1vyrA 1gwjA 1oyc_ 0.95 0.83 96.7 60.8 

1pwmA 1q5mA 1j96A 1.01 0.75 98.1 73.0 

1ta3B 1nq6A 1ghsA 1.01 0.86 98.7 95.1 

1e4mM 1qoxA 1e4iA 1.84 1.20 83.8 27.9 

1eokA 2ebn_ 1edt_ 2.21 1.66 52.1 49.2 

1rkqA 1nf2A 1wr8B 2.17 1.47 69.4 31.4 
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1h4yA 1vc1A 1th8B 1.57 1.25 93.0 91.5 

1nzyA 1hzdA 1ey3A 1.79 1.24 89.2 66.7 

1on3E 1xnyA 1pixB 1.03 0.81 95.6 97.0 

4eugA 1okbA 1udh_ 1.23 0.78 96.9 82.9 

1gegE 1ae1B 1nffA 1.27 1.02 95.3 69.6 

1dz3A 1peyB 1tmy_ 0.00 1.65 0.0 38.9 

1i7qB 1qdlB 1gpwB 1.35 1.13 94.3 100.0 

1rw7A 1onsA 1oi4A 1.66 1.43 81.3 54.2 

1oboA 2fcr_ 1ag9A 0.73 0.58 100.0 80.0 

1i6mA 1o5tA 1jikA 1.83 1.52 79.4 73.6 

1qjcA 1tfuA 1vlhC 1.70 0.72 98.7 46.6 

2cmkA 1tevA 2ukd_ 1.79 1.64 45.7 57.1 

1cp2A 1g3qA 1eg7A 1.77 1.54 70.3 76.6 

1g64B 1tf7A 1e0jB 2.97 1.71 11.6 66.7 

1xtiA 2pjrF 1vecA 1.16 1.36 52.2 95.2 

1nsf_ 1svmC 1tueD 2.37 1.88 14.2 46.2 

1d3vA 1pq3A 2cevA 0.70 0.60 99.0 91.5 

1nm8A 1xmcB 1t7qA 0.76 0.55 99.2 94.3 

1jf8A 1y1lA 1jl3B 0.86 0.63 98.5 89.1 

1p15A 1fprA 1l8kA 1.15 1.06 92.7 69.1 

2trxB 1nswA 1xwaA 1.17 0.97 94.4 70.6 

1o73A 1qq2A 1uulA 2.75 1.73 9.7 45.8 

1i6pA 1ddzA 1g5cA 1.36 1.14 88.3 84.3 
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1czaN 1v4sA 1ig8A 1.10 0.98 47.6 93.4 

1cz9A 1asu_ 1bisB 0.74 0.61 95.0 96.3 

1odkD 1xe3D 1q1gA 1.20 1.00 94.4 60.8 

1oc7A 1qjwA 1dysA 0.80 0.68 98.6 81.9 

1dkqA 1nd6B 1rpa_ 1.82 1.63 60.7 47.4 

1g2qA 1bd3A 1i5eA 1.71 1.59 65.7 58.1 

1mjnA 1pt6B 1v7pC 1.46 1.23 91.1 66.0 

1jkxA 1cddA 1njsA 0.74 0.63 98.1 79.7 

1inlC 1uirB 1iy9A 1.07 0.93 92.8 54.0 

1l1eA 1tpyA 1kphB 0.76 0.68 97.1 63.0 

1g8aA 1nt2A 1g8sA 0.81 0.82 87.2 24.0 

1gdeA 1uu1B 1b5pA 1.19 0.91 90.5 - 

1qz9A 1jf9A 1n31A 1.76 1.41 84.9 60.8 

2oatA 1bt4A 1bjoA 2.18 1.78 50.7 72.5 

1c7jA 1aqlA 1f6wA 1.46 1.22 83.1 49.2 

1uwcA 1lgyA 1tib_ 1.51 1.20 88.9 52.6 

1qgeE 1ku0A 1tahA 2.85 1.82 8.2 57.1 

1jkmB 1jjiA 1u4nA 1.52 1.44 76.5 42.9 

1dqzA 1f0nA 1sfrA 0.78 0.59 97.9 59.1 

1bn6A 1iz7A 1ede_ 0.96 0.90 96.9 91.1 

1w0dA 1xaa_ 1a05A 1.62 1.28 89.6 - 

1pvvA 1ep9A 1dxhA 0.88 0.79 95.8 65.2 

1jflA 1iu9A 1b74A 1.20 1.19 72.4 96.6 
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1fcjB 1pwhA 1p5jA 1.93 1.63 83.6 31.3 

1euhA 1wndA 1a4sA 1.46 1.09 96.0 46.8 

1php_ 1vpe_ 13pkA 2.17 1.35 71.8 24.7 

4pgaA 1nnsA 1agx_ 0.82 0.73 98.5 65.2 

1toaA 1n2zA 1pszA 1.61 1.14 82.7 92.3 

2dri_ 1sxgA 1gca_ 1.77 1.20 94.8 55.1 

1xvxA 1usyG 1p99A 2.77 1.77 10.6 - 

1sdxA 1dot_ 1ovt_ 0.80 0.73 94.9 47.7 

1e5mA 1j3nA 1tqyB 0.85 0.66 99.3 83.4 

1uwzA 1r5tA 1ctt_ 0.94 0.76 99.2 87.1 

1a2pA 1mgwA 2rbiA 0.39 0.31 100.0 100.0 

12asA 1b7yA 1usyB 2.47 1.87 9.5 42.9 

1qstA 1yghA 1cm0A 1.05 0.84 96.9 - 

1t44G 1d0nA 1rgiG 1.39 1.14 68.8 60.0 

1f7sA 1cfyA 1cnuA 1.06 0.77 93.5 57.1 

1acf_ 1f2kA 1a0k_ 0.47 0.35 100.0 98.9 

1a3aA 1xizB 1a6jB 1.68 1.32 89.7 68.1 

1v8mA 1g0sB 1k2eA 1.69 1.35 84.9 92.3 

1hzwA 1j3kC 1tsy_ 0.92 0.77 99.6 62.1 

1cyo_ 1lj0A 1m2mA 0.63 0.57 94.3 50.0 

1ytbA 1mp9A 1cdwA 0.91 0.58 99.4 78.0 

1b77A 1plq_ 1czdA 0.59 0.49 99.6 98.6 

1j1bB 1g3nA 1unlA 1.33 1.29 70.6 56.5 
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1ugqA 1v29A 1ahjA 1.00 1.04 88.2 43.5 

1gnuA 1ugmA 1eo6B 0.93 0.72 97.4 95.0 

1wriA 1awd_ 1iueA 0.91 0.79 100.0 50.0 

2sak_ 1qqrC 1c4pC 2.04 1.64 51.2 35.3 

2igd_ 1qkzA 1em7A 1.03 0.61 96.7 70.6 

1gk9A 1e3aA 1oqzB 1.62 1.01 83.7 89.3 

1rypG 1ryp1 1rypB 1.31 1.18 83.2 57.0 

1k2xB 2gacB 1apyB 1.43 1.12 94.8 55.3 

1a7tA 1dd6B 1ko3A 1.43 0.95 95.2 51.4 

1s95B 1tcoA 1jk7A 0.95 0.90 88.6 55.4 

1mrj_ 1onkA 2mllA 1.26 1.06 94.7 37.9 

1j34A 1jwiB 1kcgB 1.72 1.22 82.2 78.3 

1koe_ 1dy2A 1bnlA 0.45 0.34 100.0 63.2 

1roaA 1cewI 1r4cA 1.44 1.18 88.3 100.0 

1gy6A 1jkgA 1gybB 1.17 0.92 92.8 74.5 

1jc9A 2fibA 1fzdA 0.96 0.86 96.4 68.3 

1d0cA 1dwvA 1vagA 0.70 0.57 99.0 44.9 

1kb9A 1hr6D 1hr6A 1.58 1.32 92.3 60.6 

1lqvB 1jfmA 1tmcA 2.38 1.62 67.1 37.0 

1jyoA 1l2wA 1n5bA 2.08 1.51 66.9 35.3 

1qqyA 1iizA 2eql_ 0.72 0.68 96.2 96.7 

1j7dB 1y6lA 1qcqA 1.17 0.89 94.6 26.7 

1bd8_ 1ihbA 1uohA 1.11 0.77 99.4 68.3 
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1nyeA 1lqlC 1nyeD 0.69 0.46 97.9 99.0 

1bkf_ 1q1cA 1r9hA 0.86 0.73 99.1 34.8 

1qtoA 1bylA 1ecsA 0.98 0.83 95.9 70.8 

1lkdA 1q0oA 1mpyA 1.77 1.30 86.8 51.9 

1qdvA 1a68_ 1dsxA 0.48 0.60 88.9 60.0 

2fdn_ 1rgvA 1blu_ 0.81 0.57 100.0 33.3 

7fd1A 1jb0C 1h98A 0.81 0.98 71.7 100.0 

1sj1B 1fxd_ 1fxrA 0.00 1.62 0.0 62.5 

1ftrA 1m5sB 1m5hA 0.90 0.74 98.6 72.2 

1vfjA 2pii_ 1qy7A 1.53 1.22 82.8 75.9 

1nzaA 1naqA 1oscB 0.82 0.65 99.0 89.8 

1npk_ 1nueA 1nsqA 0.69 0.66 96.7 53.8 

1u1qA 1m5kC 1oiaA 0.00 1.81 0.0 0.0 

1r8hA 1a7gE 1vhiB 1.38 0.96 89.7 - 

1is1A 1eh1A 1iseA 0.89 0.74 97.8 57.6 

1g6sA 1uae_ 1rf6A 1.64 1.36 87.8 70.5 

8rucI 1ir21 3rubS 0.63 0.57 96.7 31.7 

1qd9A 1nq3A 1oniA 0.74 0.53 100.0 66.7 

1nmuB 1rlgB 1e7kA 1.65 1.38 79.8 53.3 

1otfA 1s0yB 4otcA 0.75 0.57 100.0 82.8 

1gd0A 1hfoA 1uizA 0.64 0.48 97.5 86.0 

1f9rA 1plfB 1ml0D 0.81 0.52 98.5 100.0 

1nox_ 1kqbA 1vfrA 1.90 1.33 87.0 57.9 
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1keiA 1bqbA 1npc_ 0.75 0.64 100.0 60.1 

1s4bP 1r42A 1i1iP 1.16 0.81 99.2 92.7 

1atlA 1iag_ 1nd1A 0.45 0.31 100.0 64.0 

1opd_ 1sphA 1mu4B 0.99 0.79 98.8 44.4 

1g9zA 1mowA 1r7mA 0.85 0.52 96.1 100.0 

1nbuA 1sqlJ 1dhn_ 0.76 0.56 100.0 71.7 

1as4A 1lq8G 7apiA 0.94 0.68 98.8 - 

1i2aA 1dwuA 1ad2_ 0.79 0.60 100.0 96.1 

1dgfA 1si8A 1a4eA 0.79 0.83 88.3 70.5 

1sh0B 1xr6A 1xr7A 1.98 1.59 64.2 42.0 

1pxrA 1h2sA 1h2sB 1.02 0.78 97.3 100.0 

1nekC 1kf6D 1nekD 3.06 1.67 4.7 60.0 

1v54C 1m56C 1qleC 1.09 0.78 97.7 50.7 

1rzhL 1l9bM 1eysL 1.13 0.90 95.7 82.3 

1ppjH 1ezvH 1l0lH 1.11 0.79 100.0 100.0 

1nkzB 1lghB 1ijdB 2.65 1.82 19.5 50.0 

1mkkA 1rv6W 1wq8A 1.35 0.95 90.3 42.0 

1bndA 1bet_ 1bndB 1.16 0.81 92.7 51.5 

1h03P 1ridA 1ly2A 2.74 1.75 11.2 50.0 

1extA 1sg1X 1d4vA 0.00 1.88 0.0 45.5 

1uhaA 1ulkA 1ehdA 0.71 0.45 97.6 83.3 

1kliL 1kigL 1rfnB 1.98 1.05 80.3 26.1 

1djtA 1sn4A 1omyA 0.57 0.40 100.0 72.7 
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1b0yA 2hipA 1hpi_ 0.00 1.74 0.0 50.0 

1llmC 1f2iG 2gliA 1.30 1.35 60.9 100.0 

1t9pA 2rdvA 1iu5A 0.77 0.65 96.3 69.2 

1jd5A 1g73C 1xb0C 0.81 0.75 87.6 40.0 

1an1I 1tbrR 1hpt_ 1.27 0.84 95.0 100.0 

1aapA 1fakI 1f7zI 0.72 0.55 98.2 22.2 

1jcdA 1kfnA 1t8zC 2.84 1.54 14.0 90.9 

1gk6A 1gk4A 1gk4C 1.45 0.69 94.5 79.4 

1tu3F 1x79B 1tu3J 0.80 0.44 100.0 100.0 

1jnmB 1dh3A 1a02F 1.94 0.90 68.4 54.5 

1re3D 1rf1D 1fzaA 0.81 0.62 98.4 60.9 

2eboA 1g2cL 1g2cA 2.05 1.41 37.8 70.0 

 
 

A.1.3. Results using ideal weights 

Target 
PDB 
code 

Template 
PDB code 

Template 
PDB code

RMSD DRMS % 
equivalent 
positions 

% positions 
correct 

1dlwA 1s69A 1dlyA 0.92 0.78 97.4 64.9 

1qpwB 1jebD 1g08B 0.57 0.50 99.3 75.6 

1cpcA 1allA 1gh0A 0.63 0.33 100.0 - 

1ks8A 1ia7A 1cem_ 1.24 1.02 93.3 - 

1aj8A 1o7xC 1owcA 1.50 1.20 87.6 59.9 

1izoA 1og5A 1pq2A 2.07 1.62 77.6 56.3 

1bk5A 1ibrB 1qgkA 2.17 1.78 43.1 - 
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1ujkA 1lf8B 1mhqA 0.70 0.62 95.2 84.0 

1nq7A 1k7lA 1osvA 1.59 1.31 88.1 67.0 

1furA 1k7wC 1i0aC 1.85 1.53 73.5 59.3 

1rqjA 1v4eA 1uby_ 1.72 1.54 75.3 - 

1iw0A 1n45A 1dveA 1.20 0.88 98.6 77.5 

1jltB 1godA 1bjjA 0.83 0.80 96.7 71.8 

1g72B 1lrwB 1h4iB 1.83 0.91 87.7 100.0 

1j0pA 1up9A 1czj_ 1.26 0.99 95.4 - 

1a32_ 1g1xB 1kuqA 0.87 1.08 78.8 68.2 

2lisA 1gakA 3lynB 1.00 0.77 93.9 95.8 

1tzyH 1aoiC 1kx5C 1.39 1.38 67.9 50.0 

1n1jA 1bh9A 1n1jB 0.00 1.45 0.0 - 

1f1mA 1ggqA 1g5zA 0.69 0.58 98.8 81.3 

1cpq_ 1gqaA 1mqvA 1.25 0.84 98.4 - 

1aew_ 1rcd_ 1ji4A 0.51 0.45 100.0 100.0 

1mxrA 1uzrB 1r2fA 1.69 1.44 73.7 68.6 

1eteA 1hulA 1v7mV 2.76 1.81 0.7 66.7 

1m4rA 1wu3I 1au1A 2.25 1.73 65.5 - 

1lfmA 1yeb_ 1c6rA 0.71 0.57 100.0 - 

1m70A 1fcdC 1h1oA 1.17 1.11 89.5 - 

1nkd_ 1gtoA 1f4nA 0.96 0.64 98.3 - 

1nkpB 1an4A 1nkpA 1.96 1.78 32.5 - 

1e8aB 1a4pA 1irjA 1.04 0.83 96.6 - 
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1rwyA 1bu3_ 1b8lA 0.76 0.70 97.2 - 

1n0yB 1bjfA 1avsB 1.04 0.82 88.6 - 

1k94A 1np8A 1gjyA 1.13 0.79 100.0 76.0 

1r5rA 1dqeA 1ow4A 0.00 1.82 0.0 50.0 

1jggA 1enh_ 9antA 0.59 0.58 98.2 - 

1hcrA 1u78A 1tc3C 1.30 1.23 75.0 - 

1gvdA 1h88C 1gv2A 0.84 0.69 96.2 - 

1k78E 1k78I 6paxA 2.61 1.22 60.5 - 

1bc8C 1duxC 1k7aA 0.80 0.81 91.4 - 

1lj9A 1jgsA 1p4xA 1.51 1.45 68.1 54.5 

1bkrA 1bhdA 1sh5A 1.09 0.89 95.4 95.5 

1mylA 1bdvC 1bdtA 1.02 0.72 97.8 - 

1fk5A 1hyp_ 1rzl_ 1.09 0.95 96.8 - 

1owfB 1huuC 1owfA 1.58 1.13 85.1 - 

1hm6A 1i4aA 1a8a_ 1.24 1.08 86.6 74.6 

1cunA 1hciA 1u4qA 1.45 0.81 97.7 63.5 

1m9xC 1em9A 1p7nA 2.93 1.89 3.4 - 

1lp1B 1deeG 1lp1A 0.62 0.50 98.1 - 

1dk8A 1fqjE 1emuA 0.89 0.88 90.5 - 

1gwuA 1schA 1fhfA 0.94 0.84 99.0 - 

1oaqL 1f6lL 1wtlA 1.34 1.07 90.0 - 

1lk2B 1kjvB 1cqkA 0.70 0.61 99.0 - 

1nepA 1xwvA 1ktjA 1.63 1.29 91.5 90.0 
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1fnf_ 1fnhA 1i1rA 1.41 1.74 28.0 - 

2mcm_ 1j48A 1noa_ 1.06 0.87 97.3 - 

1to4A 1eso_ 1srdA 0.82 0.70 97.4 - 

1qwzA 1ng5A 1t2wA 0.75 0.68 89.4 - 

1amm_ 1elpA 1ha4A 0.57 0.48 99.4 100.0 

1pvc3 1eah3 1b35C 1.11 0.85 85.5 95.9 

1pgl1 1ny72 1pgl2 0.00 1.87 0.0 50.0 

1ng0A 1f2nA 4sbvC 1.02 0.92 95.8 - 

1gmeD 1gmeA 1shsA 1.44 1.23 80.9 - 

1od3A 1uxxX 1uy4A 0.85 0.65 97.7 - 

1rvxA 1rv0H 2viuA 1.04 0.69 98.1 - 

1nbcA 1anu_ 1g43A 1.03 0.83 96.1 100.0 

1qhvA 1kacA 1knb_ 1.26 1.02 87.2 45.0 

1pk6B 1pk6C 1kxgA 1.11 0.87 95.5 - 

1aun_ 1du5A 1pcvA 0.50 0.39 100.0 94.1 

1lenB 1dglA 1lofD 1.99 0.99 74.5 - 

1gpiA 1ojjA 3ovwA 1.18 1.15 83.7 - 

1pvxA 1m4wA 1te1B 0.82 0.76 97.4 80.5 

1uaiA 1vavA 1j1tA 1.48 1.29 83.0 - 

1umzA 1gbg_ 1cpn_ 0.00 1.85 0.0 - 

1c1lA 1w6nB 1qmjA 0.98 0.88 92.6 - 

1lhuA 1okqA 1qu0C 2.80 1.83 3.4 - 

1f86A 1tfpA 1kgiC 0.57 0.44 100.0 77.2 
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1nykA 1rie_ 1rfs_ 2.33 1.54 51.3 - 

1q3lA 1pdqA 1e0bA 1.01 0.76 98.1 - 

1bbzC 1shfA 1bu1A 0.00 1.71 0.0 - 

1rzxA 1nf3C 1pdr_ 0.98 0.66 99.0 - 

1mgqA 1i4kI 1d3bL 0.85 0.63 94.6 - 

3chbF 1r4pB 1djrH 0.46 0.30 100.0 - 

1v1qB 1jmcA 1qvcB 2.23 1.61 62.2 - 

1fl0A 1gd7A 1ntgA 1.09 0.77 98.8 - 

1c9oA 1smxA 1mjc_ 1.01 0.89 98.5 - 

1e9gB 2prd_ 1udeA 1.47 1.31 61.5 - 

1rg8A 1qqlA 1bfg_ 0.73 0.70 91.5 - 

1md6A 1ilr2 2mib_ 1.36 1.16 85.7 - 

1abrB 1ggpB 2aaiB 0.88 0.72 95.5 - 

1r8nA 1avaC 1r8oA 1.30 1.25 80.5 - 

1i8dA 1kzlA 1pkvA 1.21 1.05 94.2 - 

1ty9B 1g79A 1t9mA 0.81 0.67 99.5 - 

1qq4A 2sfa_ 1sgpE 1.19 1.05 92.9 - 

1gvlA 1eptA 2cgaA 1.27 1.20 81.6 - 

1svpA 1befA 1vcpA 0.80 0.78 86.9 98.9 

1kzkB 1sguA 1c6yA 0.63 0.47 100.0 65.5 

1wkrA 1izdA 1ibqA 1.58 1.34 82.9 54.5 

1uheA 1pt1B 1aw8B 0.70 0.81 90.7 - 

1unqA 1eazA 1faoA 1.13 1.21 80.3 60.5 
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1bypA 1bxvA 1pcs_ 0.94 0.88 96.0 - 

1oe3A 1snrB 1mzyA 0.74 0.66 96.7 - 

1dzkA 1n0sA 1bbpA 2.40 1.65 69.6 - 

1kqwA 1gglA 1opbA 0.54 0.41 99.3 - 

1h0pA 1qoiA 1cynA 0.53 0.53 95.1 75.0 

1itvA 1gen_ 1pex_ 1.41 1.22 91.3 - 

1f8eA 1eur_ 1ivd_ 1.02 0.86 97.7 - 

1h4iA 1lrwA 1flgA 0.39 0.29 100.0 99.5 

1mooA 1jd0A 1v9eA 0.65 0.53 100.0 - 

1ospO 1p4pA 1rjlC 0.00 1.79 0.0 - 

1ugxA 1jotA 1c3mA 0.30 0.23 100.0 98.9 

1nplA 1jpc_ 1xd6A 0.83 0.60 95.4 - 

1bn8A 1oocA 1o88A 1.33 1.10 85.7 95.2 

1czfA 1hg8A 1ia5A 0.90 0.64 98.2 75.2 

1oi6B 1ep0A 1dzrA 1.40 1.10 86.1 - 

1dgwX 1l3jA 1dgwA 2.70 1.78 7.9 85.7 

1bdo_ 1onlA 1htp_ 1.69 1.44 75.0 - 

1sixA 1q5hB 1dupA 1.24 1.24 79.7 - 

1qqhA 1tueE 1r6nA 0.85 0.86 87.5 84.7 

1mo0B 1amk_ 1sw0A 0.73 0.59 99.2 73.4 

1p1xA 1o0yA 1ub3A 1.05 1.11 79.6 79.6 

1hfbC 1rzmA 1g7vA 1.76 1.52 67.8 81.9 

1izcA 1dxeA 1sgjA 1.79 1.52 73.2 - 
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1f8mA 1s2tA 1igwC 1.07 0.83 91.1 - 

1ezwA 1rhcA 1f07A 1.62 1.00 93.4 95.0 

1h1yA 1tqxA 1rpxA 0.71 0.56 99.5 77.6 

1km4A 1dvjA 1losC 0.41 0.33 100.0 - 

1vc4A 1a53_ 1i4nA 1.27 1.10 95.7 61.6 

1aj2_ 1ad1A 1twsA 1.64 1.07 93.3 63.8 

1vyrA 1gwjA 1oyc_ 0.91 0.81 96.7 - 

1pwmA 1q5mA 1j96A 0.98 0.73 98.1 - 

1ta3B 1nq6A 1ghsA 0.98 0.84 98.3 95.1 

1e4mM 1qoxA 1e4iA 1.26 1.17 84.6 43.8 

1eokA 2ebn_ 1edt_ 2.34 1.66 32.6 69.8 

1rkqA 1nf2A 1wr8B 1.81 1.51 85.6 73.6 

1h4yA 1vc1A 1th8B 1.64 1.21 93.9 - 

1nzyA 1hzdA 1ey3A 1.69 1.23 90.3 - 

1on3E 1xnyA 1pixB 1.04 0.79 95.6 97.0 

1hqkA 1kz1C 1ejbA 1.02 0.89 92.2 65.9 

4eugA 1okbA 1udh_ 0.94 0.72 96.4 93.3 

1gegE 1ae1B 1nffA 1.49 0.99 95.3 68.7 

1dz3A 1peyB 1tmy_ 0.00 1.62 0.0 61.1 

1i7qB 1qdlB 1gpwB 1.41 1.09 97.4 100.0 

1rw7A 1onsA 1oi4A 1.60 1.39 83.0 60.4 

1oboA 2fcr_ 1ag9A 0.68 0.54 100.0 90.0 

1i6mA 1o5tA 1jikA 1.72 1.45 80.4 78.5 
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1qjcA 1tfuA 1vlhC 1.62 0.73 98.7 - 

1fl2A 1cl0A 1vdc_ 1.20 0.92 97.7 - 

1j2rA 1nf9A 1im5A 1.45 1.23 87.8 42.3 

2cmkA 1tevA 2ukd_ 2.02 1.70 41.6 61.9 

1cp2A 1g3qA 1eg7A 1.80 1.51 74.3 78.7 

1g64B 1tf7A 1e0jB 2.71 1.70 23.2 - 

1g6hA 1l2tB 1jj7A 1.45 1.45 63.8 - 

1xtiA 2pjrF 1vecA 1.41 1.28 52.2 - 

1nsf_ 1svmC 1tueD 2.71 1.87 9.3 61.5 

1kao_ 1c1yA 1wa5A 1.32 0.85 96.4 - 

1to2E 1svn_ 1bh6A 0.48 0.40 98.6 - 

1d3vA 1pq3A 2cevA 0.69 0.62 99.0 90.4 

1nm8A 1xmcB 1t7qA 0.64 0.54 98.6 93.8 

1jf8A 1y1lA 1jl3B 0.86 0.64 98.5 - 

1p15A 1fprA 1l8kA 1.19 1.03 93.9 - 

2trxB 1nswA 1xwaA 1.19 0.88 99.1 80.4 

1o73A 1qq2A 1uulA 3.11 1.74 2.1 45.8 

1i6pA 1ddzA 1g5cA 1.61 1.10 87.9 - 

1czaN 1v4sA 1ig8A 1.21 0.98 48.7 91.4 

1cz9A 1asu_ 1bisB 0.73 0.61 95.0 96.3 

1odkD 1xe3D 1q1gA 1.05 0.89 96.2 - 

1oc7A 1qjwA 1dysA 0.79 0.68 98.9 85.7 

1qhfA 1xq9A 1riiB 0.92 0.64 99.2 - 
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1dkqA 1nd6B 1rpa_ 1.93 1.60 62.4 - 

1g2qA 1bd3A 1i5eA 1.83 1.61 67.4 51.6 

1mjnA 1pt6B 1v7pC 1.43 1.25 90.5 - 

1jkxA 1cddA 1njsA 0.72 0.68 98.1 62.3 

1inlC 1uirB 1iy9A 0.92 0.89 92.2 65.9 

1l1eA 1tpyA 1kphB 0.77 0.68 97.1 66.7 

1g8aA 1nt2A 1g8sA 0.81 0.78 88.1 20.5 

1gdeA 1uu1B 1b5pA 1.21 0.89 91.2 - 

1qz9A 1jf9A 1n31A 1.77 1.35 85.1 67.1 

2oatA 1bt4A 1bjoA 2.15 1.75 55.0 63.8 

1h7eA 1qwjB 1jylA 1.96 1.51 80.0 - 

1c7jA 1aqlA 1f6wA 1.40 1.24 81.6 54.8 

1brt_ 1hkhA 1a8s_ 0.61 0.46 100.0 - 

1uwcA 1lgyA 1tib_ 1.40 1.19 87.4 - 

1qgeE 1ku0A 1tahA 2.39 1.76 9.3 57.1 

1jkmB 1jjiA 1u4nA 1.43 1.36 78.9 - 

1dqzA 1f0nA 1sfrA 0.66 0.58 97.1 81.8 

1g66A 1qozA 1cex_ 0.60 0.46 100.0 99.2 

1bn6A 1iz7A 1ede_ 0.95 0.84 97.6 - 

1s3vA 1ai9A 1cz3B 1.47 1.28 84.4 67.1 

1ojrA 1k0wA 1e4cP 1.86 1.57 59.5 - 

1w0dA 1xaa_ 1a05A 1.24 1.06 95.3 - 

1pvvA 1ep9A 1dxhA 0.81 0.71 96.2 67.7 
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1jflA 1iu9A 1b74A 1.31 1.23 72.8 96.6 

1fcjB 1pwhA 1p5jA 1.80 1.50 87.8 60.0 

1euhA 1wndA 1a4sA 1.32 1.06 94.7 68.2 

1php_ 1vpe_ 13pkA 2.14 1.34 60.2 54.5 

4pgaA 1nnsA 1agx_ 0.76 0.60 99.7 66.7 

1toaA 1n2zA 1pszA 1.64 1.12 84.8 93.3 

1m1nA 1m1nB 1mioB 2.27 1.64 66.7 47.3 

2dri_ 1sxgA 1gca_ 1.63 1.19 96.3 - 

1xvxA 1usyG 1p99A 3.06 1.81 2.6 - 

1sdxA 1dot_ 1ovt_ 0.84 0.73 96.1 42.0 

1e5mA 1j3nA 1tqyB 0.75 0.61 99.5 90.2 

1uwzA 1r5tA 1ctt_ 0.94 0.77 99.2 - 

1a2pA 1mgwA 2rbiA 0.38 0.31 100.0 - 

12asA 1b7yA 1usyB 2.55 1.84 10.1 57.1 

1pz4A 1iktA 1c44A 1.13 1.04 91.2 - 

1qstA 1yghA 1cm0A 1.02 0.82 97.5 - 

1t44G 1d0nA 1rgiG 1.17 1.15 70.1 60.0 

1f7sA 1cfyA 1cnuA 1.07 0.79 93.5 - 

1acf_ 1f2kA 1a0k_ 0.47 0.35 100.0 98.9 

1j3wB 1skoB 1skoA 1.69 1.36 85.2 66.7 

1a3aA 1xizB 1a6jB 1.70 1.30 93.1 50.7 

1v8mA 1g0sB 1k2eA 1.41 1.29 85.5 - 

1hzwA 1j3kC 1tsy_ 0.99 0.78 99.3 71.8 
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1cyo_ 1lj0A 1m2mA 0.71 0.58 94.3 - 

1iybA 1sglA 1dixA 0.68 0.53 98.1 - 

1qxyA 1o0xA 1xnzA 1.08 0.89 98.0 45.9 

1ytbA 1mp9A 1cdwA 0.83 0.56 100.0 - 

1b77A 1plq_ 1czdA 0.59 0.47 100.0 - 

1j1bB 1g3nA 1unlA 1.39 1.24 71.7 - 

1ugqA 1v29A 1ahjA 1.44 1.04 94.1 50.0 

1gnuA 1ugmA 1eo6B 0.90 0.71 97.4 - 

1wriA 1awd_ 1iueA 0.86 0.75 100.0 70.0 

2sak_ 1qqrC 1c4pC 0.00 1.63 0.0 - 

2igd_ 1qkzA 1em7A 0.87 0.59 96.7 - 

1gk9A 1e3aA 1oqzB 1.66 1.02 84.1 - 

1rypG 1ryp1 1rypB 1.34 1.15 84.0 - 

1k2xB 2gacB 1apyB 1.31 1.02 95.6 - 

1a7tA 1dd6B 1ko3A 1.13 0.88 94.7 65.7 

1s95B 1tcoA 1jk7A 0.92 0.90 88.6 73.9 

1mrj_ 1onkA 2mllA 1.20 1.03 95.1 33.6 

1j34A 1jwiB 1kcgB 1.09 1.27 74.4 - 

1koe_ 1dy2A 1bnlA 0.47 0.35 100.0 - 

1roaA 1cewI 1r4cA 1.35 1.15 88.3 - 

1gy6A 1jkgA 1gybB 1.12 0.87 92.8 - 

1jc9A 2fibA 1fzdA 0.88 0.85 95.0 68.3 

1d0cA 1dwvA 1vagA 0.74 0.57 99.8 53.6 
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1kb9A 1hr6D 1hr6A 1.79 1.29 93.3 - 

1lqvB 1jfmA 1tmcA 1.96 1.47 78.6 - 

1rv9A 1t8hA 1rw0A 1.04 0.78 98.3 - 

1jyoA 1l2wA 1n5bA 2.20 1.49 60.8 - 

1qqyA 1iizA 2eql_ 0.85 0.73 97.7 70.5 

1j7dB 1y6lA 1qcqA 1.23 0.91 96.0 - 

1bd8_ 1ihbA 1uohA 1.25 0.95 97.4 - 

1nyeA 1lqlC 1nyeD 0.48 0.38 99.3 - 

1qveB 1ay2_ 1oqwA 1.57 1.25 81.6 - 

1bkf_ 1q1cA 1r9hA 0.75 0.65 99.1 - 

1ppn_ 1m6dA 1fh0A 1.04 0.84 97.2 - 

1qtoA 1bylA 1ecsA 1.04 0.84 95.1 84.7 

1lkdA 1q0oA 1mpyA 1.68 1.23 86.8 65.2 

1vh5A 1sh8A 1q4uA 1.26 1.07 89.9 90.2 

1qdvA 1a68_ 1dsxA 0.56 0.75 88.9 - 

1agi_ 1rbd_ 1e21A 2.53 1.79 0.8 - 

2fdn_ 1rgvA 1blu_ 0.75 0.53 100.0 86.7 

7fd1A 1jb0C 1h98A 0.73 1.03 70.8 - 

1sj1B 1fxd_ 1fxrA 0.00 1.74 0.0 - 

1gxuA 1w2iA 1ulrA 1.79 1.14 92.0 - 

1cc8A 1osdA 1fe0B 1.30 1.05 95.8 - 

1ftrA 1m5sB 1m5hA 0.85 0.69 98.6 82.4 

1vfjA 2pii_ 1qy7A 1.67 1.33 81.9 - 
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1nzaA 1naqA 1oscB 0.94 0.64 99.0 - 

1npk_ 1nueA 1nsqA 0.77 0.63 99.3 - 

1u1qA 1m5kC 1oiaA 0.00 1.78 0.0 - 

1r8hA 1a7gE 1vhiB 1.02 0.94 89.7 - 

1is1A 1eh1A 1iseA 0.79 0.65 99.5 - 

1g6sA 1uae_ 1rf6A 1.61 1.34 90.2 75.4 

8rucI 1ir21 3rubS 1.11 0.63 96.7 - 

1qd9A 1nq3A 1oniA 0.68 0.52 100.0 - 

1nmuB 1rlgB 1e7kA 1.66 1.38 80.8 46.7 

1iv3A 1jn1A 1h48C 1.37 1.21 78.0 - 

1otfA 1s0yB 4otcA 0.82 0.58 100.0 - 

1gd0A 1hfoA 1uizA 0.59 0.50 99.2 - 

1f9rA 1plfB 1ml0D 0.67 0.47 98.5 - 

1nox_ 1kqbA 1vfrA 1.72 1.39 82.5 - 

830cB 1qibA 1hv5E 0.68 0.68 95.8 - 

1keiA 1bqbA 1npc_ 0.60 0.50 100.0 79.7 

1s4bP 1r42A 1i1iP 1.15 0.87 98.9 92.7 

1atlA 1iag_ 1nd1A 0.51 0.37 100.0 - 

1o4rA 1lklA 1h9oA 1.02 0.78 96.2 - 

1opd_ 1sphA 1mu4B 0.85 0.72 98.8 - 

1g9zA 1mowA 1r7mA 0.74 0.56 96.1 100.0 

1nbuA 1sqlJ 1dhn_ 0.77 0.57 100.0 54.3 

1as4A 1lq8G 7apiA 0.86 0.65 99.1 - 
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1iyeA 3daaA 1kt8B 1.34 1.07 94.1 - 

1i2aA 1dwuA 1ad2_ 0.81 0.62 100.0 - 

1nymA 1ghpA 1iysA 1.24 1.08 93.2 - 

1dgfA 1si8A 1a4eA 0.72 0.81 87.9 - 

1qgxA 1g0hA 2hhmA 1.59 1.44 66.7 63.8 

1sh0B 1xr6A 1xr7A 1.91 1.57 70.0 44.6 

1pxrA 1h2sA 1h2sB 1.12 0.80 97.3 100.0 

1nekC 1kf6D 1nekD 3.38 1.68 0.8 60.0 

1v54C 1m56C 1qleC 1.48 0.97 88.4 - 

1rzhL 1l9bM 1eysL 1.43 0.76 95.4 84.8 

1ppjH 1ezvH 1l0lH 1.02 0.84 93.9 - 

1nkzB 1lghB 1ijdB 2.88 1.73 7.3 - 

2por_ 1pho_ 2omf_ 1.65 1.52 74.4 - 

1bhp_ 1okhA 1wuwA 0.29 0.20 100.0 - 

1i71A 3kiv_ 1ceaB 0.76 0.45 100.0 - 

1mkkA 1rv6W 1wq8A 1.37 0.98 91.4 - 

2tgi_ 1rewA 1tgj_ 1.14 0.64 99.1 51.0 

1bndA 1bet_ 1bndB 1.23 0.84 92.7 - 

1h03P 1ridA 1ly2A 2.96 1.79 12.8 - 

1extA 1sg1X 1d4vA 0.00 1.88 0.0 - 

1uhaA 1ulkA 1ehdA 0.76 0.49 97.6 83.3 

1kliL 1kigL 1rfnB 1.55 1.06 85.2 - 

1djtA 1sn4A 1omyA 0.59 0.41 100.0 - 
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1b0yA 2hipA 1hpi_ 0.00 1.64 0.0 - 

1llmC 1f2iG 2gliA 1.29 1.33 62.1 - 

2nllA 1r0nB 1a6yA 0.78 0.60 100.0 - 

1t9pA 2rdvA 1iu5A 0.66 0.58 98.1 - 

1jd5A 1g73C 1xb0C 0.79 0.77 87.6 - 

1an1I 1tbrR 1hpt_ 1.52 0.90 92.5 - 

1v6pA 1kbaA 1vb0A 1.20 0.75 96.8 - 

1aapA 1fakI 1f7zI 0.73 0.50 98.2 - 

1n7sC 1jthD 1kilE 2.27 1.37 50.6 - 

1jcdA 1kfnA 1t8zC 2.42 1.42 12.0 - 

1gk6A 1gk4A 1gk4C 1.53 0.66 92.7 - 

1tu3F 1x79B 1tu3J 1.49 0.43 100.0 - 

1jnmB 1dh3A 1a02F 2.33 1.39 45.6 - 

1re3D 1rf1D 1fzaA 0.78 0.65 98.4 91.3 

2eboA 1g2cL 1g2cA 1.93 1.29 39.2 - 

1n0qB 1mj0A 1svxA 0.48 0.41 98.9 - 
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