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        ABSTRACT 

Sequence variation is investigated in two different contexts: protein domains of unknown 

function or DUFs, and virus-host protein-protein interactions. In Chapter I, an integrative 

Bioinformatics approach is used to elaborate the phylogenetic distribution, extent of structural 

knowledge, and size characteristics of DUFs, as well as to infer essentiality and possible 

functions. DUFs are often found to be conserved across all kingdoms of life, although they are 

particularly common among bacteria, where we report 238 essential DUFs or eDUFs. Unlike 

non-DUFs, essentiality for DUFs does not appear to be related to conservation. Chapter II 

presents a methodology for investigating essential interactions of eDUFs using systematic 

mutation of interface residues, which we propose will aid in solving the function of eDUFs. In 

Chapter III, a computational pipeline for extracting essential protein-protein interactions between 

a virus and its host (HIV-1 – human), and identifying sequence variants in host proteins that alter 

interaction (hence potentially susceptibility), is developed. 45 human proteins were predicted to 

lose HIV-1 binding as a result of one or more variants at the predicted interaction interface. 

Chapter IV presents a general computational model for predicting loss of binding due to protein 

mutation. This more sophisticated model uses machine-learning with features from comparisons 

of docking simulations of wild-type and mutant complexes, for which affinity of binding (kD) 

has been experimentally-defined. We show that this model has a remarkably low false-positive 

rate, compared with commonly-used predictors. We apply the model to a set of well-
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characterized HIV-1 – human protein interactions with known structures, finding 12 novel 

sequence variants that are likely to abolish interaction. We speculate that these sequence variants 

may provide some degree of resistance to HIV-1, in carriers. The computational models 

described can be used together to iteratively refine a high-confidence set of host sequence 

variants with a role in susceptibility to viral disease, or indeed any disease with an altered 

landscape of protein interactions arising from mutations (such as cancer). 



v 
 

Acknowledgements 

I would like to acknowledge my mentor, Dr. Cathy Wu, for her commitment and support over 

the years, and for being a bold leader. I thank Dr. Peter Uetz for his curiosity and the sense of 

adventure. I admit that I have benefitted from the keen intellects and attitudes of Dr. Mark 

Danielsen and Dr. Nathan Edwards, which have always steered towards progress. I also am 

grateful to Dr. Sona Vasudevan for her thoughtfulness as a teacher. I would also like to 

acknowledge Dr. Li Liao and Dr. Hongzhan Huang for their time and investment in the project, 

at the early stages, and Dr. Natalia Roberts for her computational expertise. Thanks to all those 

who were there along the way, as well as those who are yet in the future, especially Penn.  

 

  



vi 
 

TABLE OF CONTENTS 
INTRODUCTION…………………………………………………………………………………………………………………………………..…..1 

CHAPTER I: A SURVEY OF ESSENTIALITY IN PROTEIN DOMAINS OF UNKNOWN FUNCTION ........................ 9 

1.1 Introduction – eDUFs, essential protein domains of unknown function ............................................ 9 

1.2 Methods ............................................................................................................................................ 13 

1.2.1 Data sources ............................................................................................................................... 13 

1.2.2 Phylogenetic distribution of domains and DUFs ........................................................................ 16 

1.2.3 Size distribution of domains and DUFs ...................................................................................... 17 

1.2.4 Structural representation of DUFs ............................................................................................. 17 

1.2.5 Functional clues for DUFs .......................................................................................................... 18 

1.2.6 Essentiality Analysis - eDUFs ...................................................................................................... 20 

1.2.7 DUFs in common model organisms – including pathogens ....................................................... 21 

1.3 Results ............................................................................................................................................... 21 

CHAPTER II: MAPPING OF ESSENTIAL INTERACTIONS OF DUFs .................................................................. 39 

2.1 Conditional essentiality of proteins .................................................................................................. 39 

2.2 Interactions of essential, uncharacterized proteins ......................................................................... 41 

2.3 Interaction epitopes of essential proteins ........................................................................................ 44 

CHAPTER III: THE EFFECT OF HUMAN GENETIC POLYMORPHISMS ON INTERACTIONS BETWEEN HUMAN 

AND HIV-1 PROTEINS .................................................................................................................................. 49 

3.1 Introduction ...................................................................................................................................... 49 

3.2 Aims and Objectives of virus-host study ........................................................................................... 51 

3.3 Rationale for choice of virus-host system (HIV-1 – human)  (SA3.1) ................................................ 53 

3.3.1 Bacteriophage  - E. coli ............................................................................................................... 54 

3.3.2 HIV-1  - human ........................................................................................................................... 56 

3.3.3 Hepatitis C – human ................................................................................................................... 59 

3.3.4 Influenza A - human ................................................................................................................... 60 

3.3.5 Herpes – human ......................................................................................................................... 62 

3.3.6 Summary – advantages of HIV-1 – human system for studying genetic variants in the context 

of virus-host PPIs ................................................................................................................................. 63 

3.4 Data mining to identify high-confidence interactions between HIV-1 and human proteins (SA3.2)

 ................................................................................................................................................................ 64 

3.4.1 Primary evidence from NCBI HIV1db ......................................................................................... 65 



vii 
 

3.4.2 Supporting evidence from global RNAi and MS screens ............................................................ 65 

3.4.3 Additional interactions from literature meta-analyses ............................................................. 67 

3.4.3 Filtering of HIV1db human – HIV-1 protein-protein interactions (SA3.2 proteins)................... 67 

3.5 Collection and inference of human non-synonymous genetic variants (SA3.3) ............................... 69 

3.5.1 Non-synonymous genetic variants from dbSNP ........................................................................ 70 

3.5.2 Additional non-synonymous genetic variants inferred from 1000 Genomes Study ................. 70 

3.6 Bioinformatics pipeline for identifying HIV-1 – human interactions with a high potential for 

disruption by human protein sequence variation (SA3.4) ...................................................................... 73 

3.6.1 Aims and Objectives ................................................................................................................... 73 

3.6.2 Introduction to the Gonzalez, Liao, and Wu ipHMM topology for interacting domain-domain 

pairs. .................................................................................................................................................... 74 

3.6.3 Methods ..................................................................................................................................... 75 

3.6.4 Results ........................................................................................................................................ 80 

3.6.5 Discussion ................................................................................................................................... 87 

3.7 Future directions – expanding the pipeline using docking ............................................................... 88 

CHAPTER IV: A COMPUTATIONAL MODEL FOR PREDICTING BINDING LOSS DUE TO PROTEIN MUTATION

 .................................................................................................................................................................... 90 

4.1 Experimental methods for the study of altered protein binding...................................................... 90 

4.2 Computational methods for prediction and study of altered protein binding ................................. 91 

4.3. Docking tools and methodologies ................................................................................................... 92 

4.3.1 General overview ....................................................................................................................... 92 

4.3.2 Overview of HADDOCK .............................................................................................................. 94 

4.4 Pilot docking study #1: Recapturing structures of solved HIV-1 – human (crystal) complexes in the 

Protein Data Bank using HADDOCK ........................................................................................................ 96 

4.4.1 Methods ..................................................................................................................................... 96 

4.4.2 Results ........................................................................................................................................ 98 

4.5 Pilot docking study #2: Exploring the use of protein docking for predicting altered binding ........ 101 

4.5.1 Methods ................................................................................................................................... 102 

4.5.2 Results ...................................................................................................................................... 102 

4.6 Using docking features to predict binding loss – a machine-learning approach ............................ 104 

4.6.1 Overview .................................................................................................................................. 104 

4.6.2 Methods ................................................................................................................................... 107 

4.6.3 Results ...................................................................................................................................... 111 



viii 
 

4.6.4 Discussion ................................................................................................................................. 117 

4.6.5 Limitations of the model .......................................................................................................... 121 

4.7 Prediction of nsSNPs that abolish human – HIV-1 protein-protein interactions using the docking 

model .................................................................................................................................................... 124 

4.7.1 Methods ................................................................................................................................... 126 

4.7.2 Results ...................................................................................................................................... 127 

4.7.3 Discussion ................................................................................................................................. 132 

CHAPTER V. CONCLUSIONS AND DISCUSSION .......................................................................................... 134 

5.1 Significance of findings and importance of project ........................................................................ 134 

5.2 Future directions ............................................................................................................................. 138 

BIBLIOGRAPHY .......................................................................................................................................... 142 

 

 

 

 

 

 

 

 

 

 

 

 



ix 
 

LIST OF FIGURES 

Figure 1     Overview of sequence variation in the context of domains of unknown function (DUFs), 

essentiality, and protein interactions (PPIs) ................................................................................................ .6 

Figure  1.1  A survey of bacterial DUFs ....................................................................................................... 15 

Figure 1.2   Comparison of DUF repertoires of 3 superkingdoms of life. ................................................... 23 

Figure 1.3   A phylogeny of DUFs. (A) .......................................................................................................... 24 

Figure 1.4   Protein length in bacteria and eukaryotes. .............................................................................. 26 

Figure 1.5   Mapping GO terms to DUFs. .................................................................................................... 29 

Figure 1.6   Essential domains of unknown function (eDUFs) are common among bacteria. .................... 32 

Figure 1.7   Essential domains of unknown function (eDUFs) are not highly conserved. ........................... 33 

Figure 2.1   Systematic identification of epitopes for essential interactions of essential proteins. ........... 44 

Figure 2.2   Determination of the function of a DUF through structural analysis involving the 

determination of interaction epitopes. ...................................................................................................... 45 

Figure 2.3   Methods for identifying interacting residues using interface prediction and refinement. ..... 48 

Figure 3.1   Distribution of variants for human proteins that bind viral proteins. ..................................... 63 

Figure 3.2   HIV-1 – human protein-protein interactions (PPIs) used in Bioinformatics “pipeline” (SA3.2 

proteins). ..................................................................................................................................................... 68 

Figure 3.3   Schematic showing BLAT algorithm overview. ...................................................................... 722 

Figure 3.4   Increasing discovery rate of ipHMM interacting residue prediction model of sequence variant 

effects using PSI-BLAST. .............................................................................................................................. 79 

Figure 3.5   Predicted interaction probabilities for wild-type vs. mutant SA3.4 proteins………………………. 83 

Figure 3.6   Identification of a disruptive sequence variant in the suspected HIV-1 cofactor, human 

protein disulfide-isomerase A6 (Uniprot ID Q15086), by visual inspection of predicted interface and 

conserved sites. .......................................................................................................................................... 86 

Figure 3.7   Structural and interaction site information for biochemically-characterized HIV-1 – human 

protein-protein interactions. ..................................................................................................................... .89 

Figure 4.1   Ambiguous Interaction Restraints (AIRs) used by HADDOCK docking tool............................. .95 

Figure 4.2   Additional HADDOCK restraint information. ........................................................................... .96 

Figure 4.3   Best HADDOCK result for docking of solved HIV-1 – human protein complexes. ................. 101 

Figure 4.4   Pilot study for using HADDOCK to predict experimentally-determined alterations in binding 

due to protein mutation. .......................................................................................................................... 103 

Figure 4.5   Distinguishing binding from non-binding protein mutants.................................................... 105 

Figure 4.6. Docking-derived and conservation features for predicting loss of binding. ........................... 113 

Figure 4.7. Boxplots of values for features used in model. ...................................................................... 114 

Figure 4.8   Q plot for non-binders............................................................................................................ 115 

Figure 4.9   Confidence of Non-binding Class Prediction vs. Experimental kD and classification of 

undefined mutant protein pairs. .............................................................................................................. 116 

Figure 4.10   Experimental design for testing hypothesis that false binder re-docking differs from control 

(true non-binder re-docking). ................................................................................................................... 123 

Figure 4.11   Results of redocking for free energy of binding (∆∆G) scores. .......................................... 1244 



x 
 

Figure 4.12   Structural and interaction site information for biochemically-characterized HIV-1 – human 

protein-protein interactions. .................................................................................................................... 125 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



xi 
 

LIST OF TABLES 

Table 1.1   PRIMARY RESOURCES USED IN CHAPTER I, SURVEY OF BACTERIAL DUFS ................................ 14 

Table 1.2   INTERPRO STATISTICS FOR ALL DOMAINS AND DUFS ACROSS ALL KINGDOMS OF  LIFE. ........ 14 

Table 1.3   TOP 20 DUFS WITH EXPERIMENTALLY DETERMINED 3D-STRUCTURES .................................... 27 

Table 1.4   Top 50 DUFs IN PROTEINS WITH KNOWN FUNCTION IN SIX SAMPLE ORGANISMS. ................ 29 

Table 1.5   NUMBER OF DOMAINS/DUFS IN SELECTED PATHOGENS AND MODEL ORGANISMS. .............. 34 

Table 2.1   ESSENTIAL*, UNCHARACTERIZED* PROTEINS AND PPIS IN SELECTED BACTERIA. .................... 43 

Table 3.1 SOURCES AND SUPPORTING EVIDENCES FOR HIV-1 - HUMAN INTERACTIONS ......................... 66 

Table 3.2   PIPELINE PREDICTIONS (SA3.4 PROTEINS)  - SEQUENCE VARIANTS THAT CAUSE LARGE SHIFTS 

IN INTERACTION PROBABILITITY AT PREDICTED INTERFACE RESIDUES. .................................................... 84 

Table 4.1   RESULTS OF HADDOCK DOCKING OF HIV-1 – HUMAN CRYSTAL COMPLEXES IN THE PROTEIN 

DATA BANK. .............................................................................................................................................. 100 

Table 4.2   PREDICTED LOSS OF BINDING DUE TO NSSNPS FOR BIOCHEMICALLY-CHARACTERIZED HUMAN 

– HIV-1 PROTEIN PAIRS. ............................................................................................................................ 128 



1 
 

INTRODUCTION 

Nature is an endless tinkerer, producing seemingly endless themes and styles of 

variation in the universe of protein sequences, whether in humans, eukaryotes, bacteria, or 

archaea. This diversity is necessary for performing the diversity of molecular functions of which 

life is capable, and upon which it depends. In particular, protein sequence variation underlies 

the vast assortment of protein-protein interactions (PPIs) that drive the majority of these 

molecular functions. However, this sequence variation remains only partially understood. In 

particular, current understanding is insufficient to explain which interactions are essential, what 

the underlying epitopes of essential interactions are, and what the effect of sequence variation 

is on pathogen-host interactions.  

Protein domain families are highly-conserved families of sequences that correspond to 

the same independently-folding tertiary structural unit regardless of surrounding sequence. 

Often, a specific cellular or molecular function can be ascribed to a protein domain family. 

Collections of domain families (e.g. the Pfam database (Bateman et al., 2004), with ~15,000 

domains in the most recent 2014 release) are powerful because they allow functional 

annotation of newly-discovered sequences to be automated. However, this is only true when 

the specific function of the family is known. Approximately one-third of all protein domains still 

have no known function, but are likely to be essential (lethal to the organism when knocked 

out) (Goodacre et al., 2013 – summarized in Chapter I).  

Functional characterization of domains of unknown function (DUF) often begin with 

knockout screens of proteins containing only the single DUF, but such screens are of little 
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benefit for the characterization of essential DUFs (eDUFs), as non-viable cell culture prevents 

close comparison and observation of affected pathways. In a small number of well-studied 

organisms, this problem can be circumvented by leveraging the large amount of known 

“conditional” essentiality information. For example, for the bacterium Escherichia coli, at least 

2,000 different essentiality phenotypes have been defined based on a range of environmental 

nutrient chemical sensitivity parameters (Bochner et al., 2009). Repeating knock-out screens 

across these various parameters can lead to “rescue” of the cell, and offer clues about the 

function of the DUF at the same time (i.e. the function is related to the value of the parameter).  

Approximately 4,000 (93%) of E.coli proteins have partial or complete essentiality 

information in the Keiko Collection (Baba et al., 2006). This information, although incomplete, 

could in theory be transferred to other organisms by homology (domain family membership). 

So far, little research exists confirming or denying whether this is a valid approach. Significant 

insight could be generated through the study of protein-protein interactions (PPIs) and their 

constituent domain-domain interactions (DDIs). DDIs, through allowing protein-protein 

interactions (PPIs) that in turn assemble and operate the working machinery of cells, underpin 

nearly all physiological processes and therefore are likely to play a role in most cases of 

essentiality. Specifically, although an eDUF in a protein may have a number of different 

interactions partners, it is likely that the essentiality of the eDUF depends on only one or a few 

of these interactions – EUIs. Focusing on only the essential PPIs and DDIs underlying a particular 

physiological process has been shown to aid in the solving of function for uncharacterized 

proteins, for example in the recent solving of function for former domain of unknown function 
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(DUF)143, now known as ribosomal silencing factor in stationary phase (RsfS) (Häuser et al., 

2012).  

EUIs may differ between organisms as a result of domain-domain interaction (DDI) 

variability. DUFs – like all protein domains – can have very different interactions as a result of a 

small amount of sequence variation. Two separate proteins containing the same DUF have 

sequence differences too small to affect domain family membership, but significant enough to 

alter key residues that mediate interactions with partner proteins, even when no other 

domains are present in the proteins. In 2012, Hamp and Rost conducted a global survey of 

protein complexes in the Protein Data Bank (PDB). For complexes containing the same pair of 

interacting domains, overlap among interacting residues was found to be on average only 60-

65%. The remaining 35-40% is likely to explain differences in EUIs, hence essentiality, between 

two closely-related organisms. However, the extent to which this is true, or indeed to which 

essentiality is known to different between organisms, is poorly understood at present as 

research remains mostly theoretical. Essential interactions promise to elucidate the role of 

sequence variants among closely-related proteins, for example by identifying essential 

interaction epitopes (the variable 35-40%, on average) (Dreze et al., 2009; Ear and Michnick, 

2009; Sahni et al., 2013). Chapter II presents a methodology for the identification and knock-

down of essential DDIs of eDUFs, through mutation of interface residues rather than knock-

down of entire domains. We expect that will lead to key functional insights, as for RsfS (Häuser 

et al., 2012).  
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An alternative to transferring essentiality information is studying it in a narrower 

context. E.coli contains approximately 4,000 genes and 2,000 conditional phenotypes. 

Therefore, complete essentiality information for E.coli would consist of at least 8,000,000 

(4,000 x 2,000) data points. For more complex organisms, essentiality information is surely 

more extensive.  However, this information is comparatively easy to define for viruses, whose 

small genomes are optimized for hijacking host molecular machinery to evade cellular defenses 

and successfully replicate. Irrefutable evidence of evolutionary “arms races” between virus and 

host support this view. For example, it has been shown that the rapid rate of viral evolution has 

accelerated the rate of sequence divergence in target host proteins, for example in the case of 

APOBEC3 family proteins in primates, which “hitch-hike” inside maturing lentiviral capsids and 

mutate viral DNA to produce non-viable proteins (Mangeat, 2003). In turn, APOBEC3 proteins 

are targeted by lentiviral infectivity factor (Vif) proteins (Sheehy, Gaddis, and Malim 2003). 

Therefore, from a theoretical perspective, virus-host interactions are more likely to be essential 

than host-host interactions. Essentiality of virus-host interactions is also easier to define from 

an experimental perspective, as successful replication and spread of a virus in the laboratory 

setting is evidence that all vital virus-host interactions have occurred.  

As a model system, virus-host interactions are the ideal context for investigating the 

effect of sequence variation among closely-related proteins, and their research has the 

potential to result in important medical discoveries, as well. The latter is particularly relevant in 

light of the still-scarce understanding of the role of human genetic variability in disease, 

generally, and on aberrant protein interactions leading to disease, in particular. The effect of 

human non-synonymous polymorphisms (nsSNPs), or point mutations that results in a single 
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amino-acid change, on virus-host interactions is the subject of Chapter III. A large, public 

database of HIV-1 – human PPIs, NCBI’s HIV1db, has been published (Fu et al., 2009). In 

addition, a number of global screens for additional human cofactors of HIV-1 infection have 

been performed (e.g. RNAi studies by Brass et al., 2008; Konig et al., 2008; Zhou et al., 2008; 

shRNA study by Yeung et al., 2009). These provide multiple sources of supporting information, 

to identify which HIV1db interactions are likely to be essential. As will be discussed, the primary 

limitation of focusing on virus-host PPIs is the lack of structural knowledge, which necessitates 

the development of certain computational tools for extending the usefulness of known 

structures. One such tool is developed in the present study (Chapter IV), and is applicable to 

PPIs generally, where the same limitation is likely to be commonplace.    
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Figure 1  Overview of sequence variation in the context of domains of unknown function 
(DUFs), essentiality, and protein interactions (PPIs) 

Proteins, and their constituent domains, can be characterized in terms of their sequence 
variants, interactions with partner proteins, and essentiality to either the organism itself or a 
pathogen such as a virus. The better the inter-relatedness of these aspects of a proteins is 
understood, the better the prediction of protein function. Part 1 focuses on the essentiality of 
domains of unknown function (eDUFs), while Part 2 proposes a methodology for determining 
essential PPIs and epitopes. Part 3 identifies essential PPIs between a virus (HIV-1) and its host, 
while Part 4 described a machine-learning model for predicting which sequence variants lose 
interaction. 
 

The present work is divided into four parts, the inter-relatedness among which is shown 

above, in Figure 1. Chapter I is a survey of protein domains of unknown function (DUFs), which 

comprise nearly 30% of all Pfam domains, across all kingdoms of life. Chapter I also investigates 

the essentiality of these domains of unknown function (eDUFs), finding a considerable number 

in well-known bacterial pathogens.  Much of Chapter I has been published already in the 

journal mBio (Goodacre et al., 2013). Chapter II is a discussion of a proposed methodology for 

identifying essential protein-protein interactions (PPIs) among a network of interactions for a 
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protein, through epitope mapping and mutagenesis. Chapter III focuses on one type of 

essential PPI, those between a virus and its host. The hijacking of host proteins through direct 

interaction is essential for the replication of all viruses. Using HIV-1 – human as a model virus-

host system because of the extent of known interactions and medical relevance, Chapter III 

presents a computational framework or “pipeline” for the selection of human sequence 

variants with a potential role in viral susceptibility. This pipeline refines a high-confidence set of 

~500 human cofactors of HIV-1 from the thousands of putative hits reported by high-

throughput protein-interaction screens and other experiments.  

Between 80 and 100 human proteins have biochemically well-characterized interactions 

with HIV-1 proteins (Figure 3.7), a subset of which (~20) have sufficient structure in the Protein 

Data Bank to conduct in-depth macromolecular analysis of the effects of their sequence 

variants. These proteins are used as a gold standard for assessing the performance of 

computational pipeline in Chapter III. However, as this pipeline is intended for high-throughput 

use, favoring high discovery rate over precision, the gold standard proteins do not form the 

subject of computational investigation until later The present work culminates in Chapter IV, 

which describes a machine-learning methodology for predicting binding loss in protein mutants, 

wherein features are derived from a comparison between mutant and wild-type docking scores 

(∆∆ scores). The development of the machine-learning method in Chapter IV is to be presented 

at the 2014 ACM Conference on Bioinformatics, Computational Biology, and Health Informatics 

(ACM-BCB) and published in the proceedings (citation not available at the time of writing of this 

document). Chapter IV also analyzes variants of the ~20 structurally-characterized members of 

the “gold standard” set, and their effect on interaction with HIV-1 partners.  
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The present work prioritizes sequences variants with a role in disease. Chapter I 

identifies domains of unknown function occurring in pathogens that appear to play an essential 

role (eDUFs). Insight into the possible pathogenic role of these eDUFs could be achieved 

systematically by identifying essential uncharacterized interactions (EUIs) and underlying 

epitopes, and comparing findings for pathogens vs. non-pathogens (Chapter II). Ultimately, the 

bioinformatics pipeline described in Chapter III could be applied to various diseases (such as 

cancer, in which accumulated somatic mutations result in an altered landscape of protein 

interactions). In turn, the machine-learning model from Chapter IV could be used to validate 

the predictions from the bioinformatics pipeline. This model could also be used to study EUIs, 

through predicting mutations at epitopes that are likely to abolish binding, and thereby 

accelerating the discovery of EUIs in homologs once these have been defined for one species.  

As evolutionary biology theorist Richard Dawkins has commented, the “tyranny of the 

discontinuous mind” (Dawkins, 2011) or tendency to systematically categorize often does not 

solve practical problems in the life sciences. Variation and adaptation are at work constantly at 

every level of life, from individual amino acids to major cellular and organ structures, and even 

between organisms. Therefore, examination of the role of variants within protein domain 

families, as well as across protein domain families, on inter- as well as intra-organismal as well 

as inter-organismal interactions, has the potential to yield insight into domain function, 

whether DUFs or non-DUFs, and into the extent to which this function may differ between 

organisms or individuals as a result of subtly affected landscapes of protein interaction.  
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Chapter I: A SURVEY OF ESSENTIALITY IN PROTEIN DOMAINS OF 

UNKNOWN FUNCTION 

1.1 Introduction – eDUFs, essential protein domains of unknown function  

The functional units of proteins are domains. Typically, each domain has a distinct 

structure and function. Most genomes, other than viral, encode thousands of domains. Because 

of the universality of domains, elaborated further below in the section Phylogenetic distribution 

of domains and DUFs, understanding the precise function of domains is of key interest to 

virtually all fields of molecular biology. However, a significant proportion of domains have no 

known function (“DUFs” = domains of unknown function). Often, DUFs seem to be specific to a 

particular genus or species, and hence they are often ignored as of little relevance. However, as 

research on DUFs by the present study shows, many DUFs are essential (“eDUFs”) based on 

their presence in essential proteins. It will be shown that eDUFs are often essential even if they 

are not very common, although, in general, more common DUFs are more often essential than 

rare DUFs.  

Most proteins are built of one or several domains that serve as the key mediators for 

their function(s). Although the primary definition of a domain, insofar as the function of the 

domain is concerned, is as a structural unit, sequence-based definitions can be more easily 

formalized using mathematical and computational techniques. Given the ease of sequence 

acquisition today the classic definition of a domain as an independently folding, and largely 

independent, tertiary structural unit is often replaced by a sequence-based "domain" concept, 

outside of structural biology (Kessel and Ben-Tal, 2012; Sigrist et al., 2012). Segmenting proteins 
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based on homology alone (Mulder et al., 2008) is powerful because it does not require a 

representative with a known structure, and the initial predictions are largely automatable. Over 

time, structure determination can refine the domain boundaries, using the geometric positional 

criterion that atomic contacts within a domain are denser than those between a domain and 

atoms belonging to neighboring sequence (Busetta and Barrans, 1984). However, a large 

proportion of protein functional insights today are derived experimentally before 3D-structural 

information becomes available. Sequence-based formalizations can be enriched by sequence-

to-structure predictions tools that identify, for example, active sites or binding surfaces based 

on sequence alone. 

A variety of sequence-based domain collections exist, however, there is substantial 

overlap among databases (Mulder et al., 2008). Interpro, which integrates Pfam as well as other 

sequence signatures, covers a large proportion of the protein sequences in Uniprot and offers a 

good initial understanding of domain diversity (Table 1.1). Pfam (if one includes Pfam B which 

contains automatically generated domain annotations) currently lists about 15,000 protein 

families (Punta et al., 2012). For example, the genome of Escherichia coli K12 (MG1655) 

encodes 5,475 recognizable domain structures belong to proteins that are classified into 2,429 

families in Pfam 26.0. The most highly represented domain in E. coli, the ATP-binding domain of 

the ABC transporter family (PF00005), is detected in 78 proteins with a total of 95 copies in the 

K12 strain.  

Sequence-based domain assignment requires detectable homology between several 

protein fragments. However, very few proteins or domains are universally conserved across all 
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species. In 2010 (Pfam release 23.0), only 16% of all characterized domains were found in all 

kingdoms of life (but not necessarily in all species) (Bateman, Coggill, and Finn, 2010). The 

number of recurrent domains by the sequence-based definition is about three orders of 

magnitude smaller than the number of species (thousands vs. millions). A majority of these can 

be presumed to correspond to independently folding fragments that are more likely tractable in 

the laboratory than full-length proteins, especially in medium or high-throughput experiments 

(Littler, 2010). The small number of proteins or domains that are universally conserved across 

all species may obscure, in many cases, the high level of conservation within large phylogenetic 

groups, e.g. Kingdoms or phyla. One of the purposes of the present study (Chapter I) is to 

explore the extent of conservation of domains and DUFs within bacterial phyla, as well as 

smaller phylogenetic groups (down to the level of families).  

Domain assignments have become an effective starting point for studying and 

understanding molecular biology across the bewildering multitude of species. However, despite 

decades of research more than 20% of all domains in the Pfam database, the ~3,600 so-called 

domains of unknown function (DUFs) (Punta et al., 2012) remain poorly understood (Bateman, 

Coggill, and Finn 2010). Pfam's DUF families are composed entirely of functionally 

uncharacterized protein fragments when they are assigned by the curators. New information 

about individual members may emerge before the next time the assignment is reconsidered, 

however automation of new domain families (e.g. Pfam B families) does not extend to 

functional characterization, and therefore the functional characterization of DUFs generally 

awaits the in-depth characterization of function by independent experiments. Therefore, in 

most instances, DUFs are in need of further study before they can be as informative as other 
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Pfam domains. One of the primary goals of the present study (Chapter I) is to aid the further 

study and characterization of DUFs by prioritizing lists of the most “important” DUFs in terms of 

conservation across disparate phylogenetic groups, essentiality, or functional clues that could 

be inferred. The present survey profiles DUFs according to a number of such (as well as 

additional) features; these approaches are explained in greater detail in the following section. 

The present study (Chapter I) focuses primarily on bacterial DUFs. Taxonomically, about 9% of 

the DUFs in Pfam 23.0 spanned all kingdoms (Bacteria, Archaea, and Eukaryotes) while nearly 

half (43%) had been detected only in bacteria. Another 19% were only found in eukaryotes, and 

3% were restricted to archaea (Bateman, Coggill, and Finn, 2010). 

The importance of prioritizing DUFs has been recognized in various experimental and/or 

computational characterization efforts (e.g. Punta et al., 2012; Bateman, Coggill, and Finn, 

2010; Häuser et al., 2012). Bateman, Coggill, and Finn (2010) discussed DUFs from a structural 

perspective without providing specific information or prioritization for experimental study. By 

contrast, Dessailly et al. (2009) prioritized the most phylogenetically common domains for 

crystallization but did not focus on DUFs in their approach. While many conserved domains 

have been preferred targets in previous studies (e.g. Häuser et al., 2012) there has been no 

global attempt to provide a priority list for bacterial proteins. Related projects such as CALIPHO 

(“Computer and Laboratory Investigation of Proteins of Human Origin”, Rajagopala et al., 2010), 

focus on the approximately 5,000 human proteins with unknown function. However, highly 

conserved proteins may yield insights into the biology of many processes and species. Here 

DUFs are examined from a microbiological perspective, and the focus is on the prospects of 

targeting DUFs found in bacteria. Not only is sequence information from culturable and 
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unculturable bacterial isolates increasing faster than for other taxonomic groups but bacterial 

proteins are also the most tractable by high-throughput experiments in the laboratory, not the 

least because of their availability as complete clone sets (e.g. Fonkwo, 2008). The bacterial 

kingdom also makes a substantive contribution to human infectious disease burden and death 

(Hunter et al., 2012), which calls for a better understanding of the protein complement of 

pathogenic species. Here we attempted to identify DUFs that should be rewarding targets for 

experimental analysis in bacteria, and bacterial pathogens in particular. We identified not only 

DUFs that are highly conserved but that are essential in at least one species. Many of these 

uncharacterized bacterial domains are also found in eukaryotes, hence experimental analysis of 

these prokaryotic representatives should also shed light on the biology of higher life forms. 

1.2 Methods 

1.2.1 Data sources 

Data sources. Domain, protein, and phylogenetic information for all kingdoms of life 

was obtained from the databases listed in Table 1.1 and Figure 1.1A. We specifically focused on 

the 1540 bacterial, 290 eukaryotic, and 120 archaeal organisms with complete proteomes in 

Uniprot (version 2012_06, Uniprot Consortium, 2012). All proteins and associated annotations 

were parsed from a local flat file version of Uniprot, using the taxonomic identifiers of these 

complete proteomes as a screen. Then, from the Pfam database (v26) domains named 

“DUFxxx” where  xxx is the number for the DUF, or containing “unknown function” in the name 

were collected and make up the list of “DUFs” considered in this study (Chapter I) (Figure 1.1B). 

Essentiality information was obtained from the Database of Essential Genes. Clusters of 
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orthologous groups of proteins (COG) for all extracted proteins were obtained from the COG 

database.  

Table 1.1   PRIMARY RESOURCES USED IN CHAPTER I, SURVEY OF BACTERIAL DUFS 

Name URL coverage/type ref 

Pfam 26.0 http://pfam.sanger.ac.uk/  ~13,600 domain families, all phyla Punta et al., 2012 

Interpro 36.0 www.ebi.ac.uk/interpro/ 
~22,000 domain families and other 
signatures, all phyla 

Hunter et al., 2011 

Uniprot 
(2012_01, 
2012_09) 

http://www.uniprot.org/  

Protein and domain annotation for 
all species and kingdoms 

Uniprot 
Consortium, 2012 

  
http://www.uniprot.org/taxonomy/
complete-proteomes  

List of 1456 completely-sequenced 
bacterial genomes 

Uniprot 
Consortium, 2012 

NCBI 
Taxonomy (6-
27-2012) 

http://www.ncbi.nlm.nih.gov/taxon
omy  

taxdmp nodes.gmp files contain 
taxid parent-child relationships 

Federhen, 2012 

iTOL 2.1 http://itol.embl.de/  

189 representative species 
(including 145 bacterial) from all 
kingdoms  

Letunic and Bork, 
2007 

STRING v9 http://string-db.org functional partners 
Szklarczyk et al., 
2011 

PATRIC (6-
2012) 

http://www.patricbrc.org/ Pathogen genomes 
Gillespie et al., 
2011 

COG (6-2012) http://ncbi.nlm.nih.gov 
Clusters of orthologous groups of 
proteins 

Tatusov et al., 
2003 

 

Table 1.2   INTERPRO STATISTICS FOR ALL DOMAINS AND DUFS ACROSS ALL KINGDOMS OF 
LIFE. 

  

Total 
domains / 
DUFs 

                        # common domains / DUFs 

Kingdom Bacteria Archaea Animals Plants Fungi Protists Viruses 

Bacteria 7835/2704   2957/640 2702/311 3283/529 2556/332 2976/438 762/97 

Archaea 3273/751     1781/140 2077/201 1781/143 1995/206 421/21 

Animals 5785/725       3650/352 3532/339 4053/430 603/28 

Plants 5136/852     5   3460/339 3988/477 540/22 

Fungi 4575/638           3734/407 490/12 

Protists 5106/758             557/21 

Viruses 1789/215               

 

http://pfam.sanger.ac.uk/
http://www.uniprot.org/
http://www.uniprot.org/taxonomy/complete-proteomes
http://www.uniprot.org/taxonomy/complete-proteomes
http://www.ncbi.nlm.nih.gov/taxonomy
http://www.ncbi.nlm.nih.gov/taxonomy
http://itol.embl.de/
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Figure  1.1 A survey of bacterial DUFs  

(A) Protein databases used in this study and data integration process. All proteins in Uniprot 
(Swiss-Prot and TrEMBL combined) belonging to organisms with completely-sequenced 
genomes were extracted (center). These proteins were then marked as either DUF-containing 
or non DUF-containing, using annotation from Pfam (upper center). NCBI taxonomic identifiers 
were then transferred to complete proteome organisms at the protein level, by mapping 
Uniprot IDs to NCBI RefSeq identifiers (right). All known bacterial pathogens were then 
extracted from the PATRIC database (bottom right). Results of phylogenetic analyses of DUFs 
were mapped onto the Tree of Life (Letunic and Bork, 2007) (top). Functional predictions for 
DUFs were conducted, using Uniprot and STRING (bottom left), as well as Gene Ontology 
functional annotation (left). (B) Overview of methodology. Initially, all DUFs are extracted from 
Pfam searching for “DUF” and “unknown function” in the description. These DUFs are then 
separated into non-bacterial, bacterial, and overlapping categories. For the latter two 
categories, domain membership is broken down by phylum (bottom two cylinders) and also 
family (not shown).  

1.2.2 Phylogenetic distribution of domains and DUFs 

The phylogenetic diversity of domains was investigated using the NCBI taxonomy, iTOL, 

and the PATRIC database.  

Phylogenetic analysis. Because most of the Uniprot organism taxonomic identifiers 

were at the strain level, they differed from the NCBI taxonomic identifiers (the more 

commonly-used system). Proteins extracted from Uniprot were mapped to their NCBI protein 

equivalents (Uniprot accession -> NCBI RefSeq accession, using the Uniprot ID mapping tool), 

then, NCBI taxonomic identifiers for the RefSeq target proteins were transferred back to the 

original Uniprot proteins as annotation. Strain mapping to higher phylogenetic levels (family, 

phylum, kingdom, superkingdom) was performed by climbing up the NCBI taxonomy hierarchy 

using a script developed from a complete hierarchy file (available at: 

ftp://ftp.ncbi.nlm.nih.gov/pub/taxonomy/). Domain and DUF representation was calculated for 

all extracted proteins, and then proteins belonging to the same phylogenetic group were 

pooled. Summary statistics were calculated for domains and DUFs, for all phylogenetic groups, 

ftp://ftp.ncbi.nlm.nih.gov/pub/taxonomy/
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and the results for bacterial phyla as well as non-bacterial kingdoms were plotted on the 

interactive tree of life (iTOL, Letunic and Bork, 2007). Visualization on iTOL was performed using 

a definition file with one representative organism (selected as the most central leaf of the 

outermost clade) per phylum.  Domain and DUF representation among 1,123 pathogenic 

bacterial strains recorded in PATRIC (Gillespie et al., 2011) (May 2012 release) was also 

calculated. This was achieved by parsing the extracted set of complete proteome proteins (with 

transferred NCBI taxids) using PATRIC taxids (which share the NCBI taxonomy).  

Domains and DUFs were then ranked by prevalence among completely-sequenced 

bacterial genomes (pathogenic as well as non-pathogenic). Subsequent analyses focused on the 

top 50 DUFs according to this ranking. Additional analyses were performed to calculate total 

protein count, structure (PDB), and protein length (both # amino acids and # domains).  

1.2.3 Size distribution of domains and DUFs 

The size of all DUF-containing and non-DUF-containing proteins was calculated from 

existing Uniprot annotation, using two metrics: number of unique domains, as well as the total 

length (amino acids), for each protein. This was repeated separately for bacterial and 

eukaryotic proteins. Histograms were generated for the resulting distributions using a bin size 

of 1 domains and 50 amino acids, for the two measures of protein length extracted from the 

Uniprot annotation.  

1.2.4 Structural representation of DUFs 

In order to discover which DUFs had known structures, only Pfam A domains, or those 

with high confidence for family membership, were used. The Pfam annotation files (available 
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from the Pfam (v26) ftp site, ftp://ftp.ebi.ac.uk/pub/databases/Pfam) Pfam-A.seed and Pfam-

A.full were read using a script in Python (v2.7), to collect structures associated first with only 

sequences belonging to the seed or family-definition multiple alignment for each DUF, and 

subsequently structures associated with any sequence containing the DUF, respectively.   

1.2.5 Functional clues for DUFs 

It was desirable to “shrink” the set of organisms being analyzed, because part of the 

functional inference included collecting STRING functional partners, thereby greatly increasing 

the overall dataset size. A sample of 13 model organisms (10 bacterial, 3 eukaryotic) contained 

within the complete proteomes was used for the functional inference stage of analysis. These 

were selected as those used by our lab and for which large or complete clone sets were 

available, or those of outstanding interest to the research and medical community (e.g. 

humans). Proteins belonging to these 13 organisms, containing at least one top-50 DU, were 

extracted from the complete proteome set upon which the phylogenetic analysis was 

performed. Our specifically DUF-focused analyses used proteins from only the 10 bacterial 

model organisms, for the actual functional inference stages, although representation of findings 

among the 3 eukaryotic model organisms was calculated. 

Two methods for collecting tentative functional clues for DUFs were used. The first used 

Gene Ontology (GO) annotation in Uniprot. This method was chosen because it was a simple 

way of leveraging systematically organized annotation for proteins – Uniprot annotation. The 

second method employed STRING, a database that provides evidence for function based on 

interaction partners, gene fusion events, and co-expression data. STRING was chosen because it 

contains functional information from a large number – over 1100, in the version used (v9.0) – of 

ftp://ftp.ebi.ac.uk/pub/databases/Pfam
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organisms (Szklarczyk et al., 2010). This large number of organisms incorporate a large amount 

of genetic and functional diversity, making STRING predictions among the most sensitive – likely 

to generate positive predictions – of easily-accessible functional predictions tools. Although this 

sensitivity comes with a price – a relatively high rate of false positives – high sensitivity was 

considered to be more important than high specificity for the purposes of this study, as the aim 

was only to generate clues, not make bonafide predictions.  

All GO terms accompanying each of the (full-length) proteins in Uniprot were collected, 

then GO terms associated with any non-DUF domains were removed, according to the (largely 

manually curated) Pfam2GO mapping on the Gene Ontology consortium website 

(http://www.geneontology.org/external2go/pfam2go) (Ashburner et al., 2000). Any remaining 

GO terms were considered to be functional clues for the DUF(s) in the protein, by inference. 

The coverage of the Pfam2GO file was limited (~4,000 domains or ~25% of Pfam). Therefore to 

avoid ambiguity of GO term assignment, no inferences were drawn from proteins with non-DUF 

domains not in the mapping file. This inference protocol for DUF-associated GO terms is 

illustrated in Figure 1.5A. 

Because the majority of interaction information is from yeast, STRING uses COGs 

(clusters of orthologous groups of proteins) in order to allow predictions to be extrapolated to 

homologs in various other organisms. These model organism proteins were mapped to COGs 

(“clusters of orthologous groups of proteins”), which were then mapped to STRING identifiers. 

Both steps were performed using map files from the STRING database (version 9.0) (Szklarczyk 

et al., 2011) available at the STRING website (http://string-db.org/). A local, flat-file version of 

http://www.geneontology.org/external2go/pfam2go
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the STRING (v9.0) database was also downloaded, for subsequent analyses. Functions of 

partner proteins of the model organism set were parsed from the local STRING database file. 

STRING partners with a score of at least 700 (scale 1-1000) were considered.  

For the STRING-based contribution to the analysis, GO terms were collected from 

STRING (v9.0) for predicted functional partners of all proteins containing a DUF; no removal of 

non-DUF specific GO terms was performed. GO terms found in at least 50% of all functional 

partners of all proteins with a particular DUF were included as hypothetical functions for that 

DUF, if they were not too general. To avoid overly general GO term functions (e.g. “molecular 

function” or “binding”), only GO terms at a depth greater than 3 in the GO hierarchy were 

included. This functional inference method is illustrated in Figure 1.5B. 

1.2.6 Essentiality Analysis - eDUFs 

The Database of Essential Genes (DEG) v8.5 (last updated July 2013) was used to define 

essential proteins. Entrez GI numbers from DEG were mapped to Uniprot accessions. Uniprot 

was also used to provide a list of domains/DUFs for each DEG protein. Pfam annotation from a 

recent Pfam release (v26, Sept. 2012) as well as an earlier release (v23, July 2008) was used to 

investigate how the numbers of essential DUFs change over time. The 355 DEG proteins with 

DUFs were analyzed to define essential DUFs. This combinatorial analysis was carried out using 

the following definitions for cases of essential and non-essential domains. Essential domains 

were defined using three cases: single-domain essential proteins, unique domains in multiple 

essential proteins (e.g. cases of the form A-B-C and C-D-E, where C is the inferred essential 

domain), and by comparison with non-essential proteins of similar domain membership (i.e. 

cases of the form A-B-C essential, A-B non-essential protein; C is the inferred essential domain). 
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Non-essential domains were also defined as those not present in any essential proteins (case 1), 

or those in essential proteins only when all other domains are essential (case 2). The 

combinatorial analysis then employed the following algorithm. Because defining non-essential 

domains helps define essential domains by removing domains from each protein’s stack, these 

5 cases were defined in a loop until no further essential domains could be found. Finally, the 

DUFs among the essential domains were taken and assigned the label of “eDUFs” (Goodacre et 

al., 2013 Supplementary Info).  

1.2.7 DUFs in common model organisms – including pathogens 

Domain and DUF representation among 1,123 pathogenic bacterial strains recorded in 

PATRIC (Gillespie et al., 2011) was also calculated. This was achieved by adding a filtering layer 

over the initial set of complete proteome proteins extracted from Uniprot. Proteins belonging 

to these PATRIC strains were used to count domains/DUFs. The results were then ranked by 

prevalence among bacterial sequenced genomes.  

 

1.3 Results 

Phylogenetic diversity of DUFs. Domains of unknown function occur in large numbers in 

all kingdoms of life, ranging from about just over 1,500 in eukaryotes to 2,704 in bacteria 

(Figure 1.2). However, DUFs represent a much greater proportion of domains in bacteria than 

they do in other kingdoms with about one third of all detected domains being DUFs. This is 

surprising as a large number of DUFs are shared between bacteria and other kingdoms (Figure 

1.2). There are nearly 900 DUFs in common between bacteria and eukaryotes.  In fact, more 
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than 300 DUFs are found in all three kingdoms of life (Figure 1.2). It is noteworthy that over 

three times as many DUFs have been defined in bacteria as in plants, the kingdom with the 

next-highest DUF count, although the difference may be explained largely by the differing 

numbers of completely sequenced genomes from the two kingdoms. According to Interpro 

(36.0) (Hunter et al., 2012) 2,702 bacterial domains are present in animals too, including 311 

DUFs (Goodacre et al., 2013 Supplementary Info).  

Among bacterial phyla, we observe a trend for larger phyla to have proportionally more 

DUFs, reflecting their larger genetic diversity (Figure 1.3A). For example, 31% of proteobacterial 

domains are DUFs while this fraction is only 25% for Actinobacteria and 21% for Spirochaetes. 

For these three phyla, the total number of domains annotated in Pfam 26.0 is 6203, 4029, and 

2966, respectively. A chi-square test for the significance of the observed greater proportion of 

DUFs in larger phyla vs. smaller phyla was performed using Proteobacteria and Spirochaetes. 

The contingency classes were present-in-phylum vs. absent-in-phylum, DUF vs. non-DUF. 

Proteobacteria were found to have a greater proportion of DUFs than expected, and 

Spirochaetes a lower proportion than expected, both with p<.0001. This trend is evident 

despite the fact that the discovery of new domains and DUFs inevitably tapers off as more 

strains in a phylum are sequenced (not shown). However, when a representative species (the 

median in DUF count) per phylum is used for counting domains and DUFs, this trend is no 

longer evident (Figure 1.3B). 
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Figure 1.2   Comparison of DUF repertoires of 3 superkingdoms of life. 

The Venn Diagram shows the overlap of DUFs among Bacteria, Archaea, and Eukaryotes. The 
pie charts show the proportion of DUFs of total domains, for these kingdoms.  
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Figure 1.3   A phylogeny of DUFs.  

(A) Phylogenetic tree with the 16 most species-rich bacterial phyla and representatives from the 5 other 
kingdoms, denoted by color. Pie charts for each phylum/kingdom show the total number of domains 
(size of pie) as well as the relative amounts of DUFs/other domains (red and blue). Tree from iTOL 
(Letunic and Bork, 2007). (B) Median domain and DUF counts vs. phylum size (# species with sequenced 
genomes). Each pair of blue and red dots represents a single phylum. The x-axis is divided into two 
scales.  

 

 We have compiled 3,430 DUFs (Goodacre et al., 2013 Supplementary Info) ranked by 

the number of fully-sequenced bacterial genomes in which they are present. The first 24 are 



25 
 

present in 500 or more species and usually in both eukaryotes and prokaryotes, as well as 

distributed over the great majority of bacterial phyla. While these protein domains are less 

common across archaea or fungi, most of them are present in more than 20% of all genomes. 

Distribution of the top 50 DUFs across taxa is rather variable, often as high as 80-90%, 

occasionally as low as 15% of bacterial families are represented (where representation is 

defined as at least one genome in the family possessing the particular DUF). For example, the 

top-ranked DUF, DUF933, is present in 1,000 species represented by 1,495 completely 

sequenced genomes (Goodacre et al., 2013 Supplementary Info). By contrast, DUF1770, ranked 

5th, is missing in archaea and fungi, and present in eukaryotes in only a few instances. 

Nevertheless, the domain is present in most bacteria, including 206 bacterial families and 859 

completely sequenced bacterial species. 

Size distribution of domains and DUFs in Bacteria and Eukaryotes. It is also curious that 

DUFs tend to occur in relatively larger proteins in eukaryotes, but relatively smaller proteins in 

bacteria (Figure 1.4). The size distribution of DUF-containing proteins in bacteria appears 

skewed away from larger proteins even compared to other bacterial proteins (Figure 1.4, top 

left), therefore this observation is not merely a reflection of generally differing protein length 

between eukaryotes and bacteria. Moreover, the majority of eukaryotic proteins contain 

comparable numbers of annotated domains as are found in bacterial proteins (Figure 1.4, 

right). 
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Figure 1.4   Protein length in bacteria and eukaryotes. 

Proteins from 1540 bacterial and 290 eukaryotic reference proteomes (Uniprot Sep 2012) were 
classified as DUF-containing or non DUF-containing proteins. 
 

Structural representation of DUFs. Currently, structures of about 5,000 (36%) of the 

nearly 15,000 Pfam domains have been characterized, including 379 (10.5%) of the ~3,600 Pfam 

DUFs. A table of the top 20 most common (ranked by # sequenced bacterial genomes) DUFs for 

which a structure has been deposited in Protein Data Bank (PDB) (Joosten et al., 2011) is 

provided in Table 1.3. 
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Table 1.3   TOP 20 DUFS WITH EXPERIMENTALLY DETERMINED 3D-STRUCTURES 

 (14 among top 50 most conserved bacterial DUFs). SBS = Sequenced bacterial strains encoding these 
DUFs. Path = sequenced pathogens among these strains. PDB entries in bold correspond to Pfam seed 
family members; entries not in bold to non-seed sequences.  

Pfam ID DUF# # SBS # Path PDB entries 

PF06071 DUF933 1495 441 1NI3:A:307-390; 2OHF:A:305-388 

PF03193 DUF258 1152 360 
2YV5:A:131-289; 1T9H:A:130-289; 1U0L:C:730-887:B:430-587:A:130-287; 2RCN:A:181-
342 

PF13193 DUF401 1143 319 
1PG3/1PG4/2P2B/2P2F/2P2J/2P2M/2P20:A,B:590-634; 2V7B:A,B:501-529; 
1V25/1V26/1ULT:A,B:505-540; 1MD9/1MDB/1MDF:A:500-537; 2WD9/2VZE:A,C,B:538-
576; 1RY2:A:656-700; 3NI2:A:504-536; 

PF04079 DUF387 1013 250 2Z99:A:30-188; 1T6S:A,B:10-162 

PF01883 DUF59 1010 254 1WCJ/1UWD:A:8-80; 3LNO:A,C,B,E,D,F:7-80 

PF11930 DUF3449 916 246 1PG3/1PG4/1RY2/2P2B/2P2F/2P2J/2P2M/2P20:A,B:17-102 

PF09186 DUF1949 798 272 1VI7:A:144-199 

PF08338 DUF1731 703 226 3OH8:A:391-440 

PF01904 DUF72 681 174 1VPY:A:14-262; 1ZTV:A,B:14-262 

PF02586 DUF159 595 110 1ZN6:A:1-219 

PF13278 DUF4066 588 155 
3NOR/3NOV:A:11-167; 3NOQ:A:8-164:B:10-166; 3NON:A:8-164:B:11-167; 3NOO:A:11-
167:B:8-164; 3MGK:A,B:8-168 

PF04237 DUF4190 580 192 2KFP:A:10-116 

PF09269 DUF1967 567 157 1UDX:A:344-412 

PF01865 DUF47 565 140 3L39:A:4-213; 2OLT:A,C,B:6-225 

PF11941 DUF3459 556 130 
3M07:A:501-586; 1ZJA/ZJB/2PWD/2PWE/2PWG/2PWH:A,B:462-554; 
2PWF:A,C,B,D:462-554; 2WC7/2WCS/2WKG:A:387-484; 2WPG:A:544-634 

PF13493 DUF4118 553 166 2KSF:A:402-501 

PF11940 DUF3458 538 185 3Q43:A:663-1040; 3Q44:A:663-1040; 2ZXG/3KED:A:457-827 

PF02594 DUF167 535 141 1JRM:A:10-85; 1YH5:A:11-87; 1N91:A:11-87 

PF04359 DUF493 527 203 2JOQ:A:9-89; 1RWU:A:5-87 

PF04472 DUF552 515 136 3P04:A,B:69-141 

 

Functional Clues from Attributes of DUF-Containing Proteins. This study is not primarily 

concerned with protein function prediction but rather relies on existing database annotations. 

However, we tried to obtain rough estimates of what functions might be associated with 

specific DUFs, using a simple subtractive protocol on transferred annotations (see Methods). 

Briefly, we collected potential functional attributes for the DUF-containing proteins found in 10 
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model bacteria (1,786 of all 3,601 known DUFs). Then we derived very preliminary speculative 

clues for 31 of the top 50 bacterial DUFs as a starting point for experimental research by 

comparing full-length protein annotations in Uniprot with domain-specific curated annotation 

in the Pfam2GO list (Lopez and Pazos, 2009) for all known domains in each protein (Figure 

1.5A). Additionally we extended our view by considering STRING (version 9.0) (Schlicker et al., 

2007) predictions (Figure 1.5B). As one has to expect for functionally uncharacterized families 

most thus-derived attributes remain relatively general, and include “functions” such as ATP-

binding, or relate to rather broad biological processes such as transcription. The potential 

attributes of nine DUFs indicate an integral membrane sub-cellular location, which may partly 

explain why the functions of these domains have remained unknown, given the difficulty of 

studying membrane proteins. Many of the top 50 bacterial DUFs also have functional 

associations that point at metabolic pathways. Since deeper functional predictions are beyond 

the scope of this paper we refrain from a more detailed discussion of the clues shown in Table 

1.4 and refer the reader to more specialized studies (e.g. Lopez and Pazos, 2009; Fang and 

Gough, 2013; Burge et al., 2012; de Lima Morais, 2011). 
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Figure 1.5   Mapping GO terms to DUFs. 

Procedure followed to infer possible functions for domains of unknown function (DUFs) using 
Uniprot and Pfam annotation (A) or STRING (B). 
 

Table 1.4   TOP 50 DUFs IN PROTEINS WITH KNOWN FUNCTION IN SIX SAMPLE ORGANISMS  

41 domains (82%) are present in at least one of the model organism genomes (shown in bold). 
Escherichia coli K-12, Vch = Vibrio cholerae O1 biovar El Tor str. N16961, Sau - Staphylococcus aureus 
COL, Hpy = Helicobacter pylori 26695, man = Homo sapiens. Function terms in standard font are from 
the Uniprot predictive method, italics are from the STRING predictive method, and italics and bold 
combined are from both. 

DUF # Eco Vch Sau Hpy man 
Seq 
strains 

PATRIC 
Predicted function 

strains 

DUF933 1 1 1 1 3 1495 1001 embryo development ending in birth or egg hatching 

DUF20 1 1 0 0 0 1404 945   

DUF21 0 1 1 0 0 1385 922   

DUF150 2 0 0 2 0 1334 907 lactate oxidation, iron-sulfur cluster binding 

DUF177 1 0 0 0 8 1246 859   

DUF401 

0 1 0 0 0 1152 782   

DUF258 
1 1 0 0 0 1143 787   

DUF387 0 0 2 0 0 1050 722   

DUF218 1 0 1 0 6 1013 727 
nucleotide binding, DNA photolyase activity, DNA repair, 
protein-chromophore linkage 
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DUF59 1 1 0 0 0 1010 688 sequence-specific DNA binding 

DUF4117 1 1 1 0 0 945 684 
cytoplasm, 4 iron, 4 sulfur cluster binding, iron-sulfur cluster 
binding, queuosine biosynthetic process, metal ion binding 

DUF721 1 1 0 0 0 922 630   

DUF3449 

1 1 1 1 0 916 644 cytoplasm, ribosome biogenesis 

DUF45 1 1 2 0 0 871 627   

DUF4131 

5 5 3 1 >10 853 650 

cytoplasm, lipid metabolic process, nucleus, AMP binding, D-
alanine-poly(phosphoribitol) ligase activity, long-chain fatty 
acid-CoA ligase activity, lipoteichoic acid biosynthetic process, 
acetyl-CoA biosynthetic process from acetate, lipid storage, 
acetate-CoA ligase activity, ATP binding 

DUF58 1 1 1 0 0 845 599   

DUF1732 
2 2 1 1 >10 798 479 

cytoplasm, nucleus, AMP binding, acetyl-CoA biosynthetic 
process from acetate, lipid storage, acetate-CoA ligase 
activity, ATP binding 

DUF541 

2 1 0 1 0 792 558 integral to membrane, plasma membrane 

DUF955 0 1 0 0 0 789 513   

DUF179 

1 1 1 0 0 775 525   

DUF161 1 1 0 0 1 768 615 
integral to membrane, cytoplasm, metalloendopeptidase 
activity, proteolysis, tRNA processing 

DUF490 4 2 2 1 1 765 557 integral to membrane, plasma membrane, ATP binding 

DUF1730 
2 3 2 1 8 752 522 flavin adenine dinucleotide binding 

DUF448 4 4 1 0 0 740 503 integral to membrane 

DUF1049 
0 1 1 0 0 740 494 inorganic phosphate transmembrane transporter activity 

DUF520 1 1 1 0 0 737 519 
GTP catabolic process, metal ion binding, GTPase activity, GTP 
binding 

DUF1949 1 0 1 0 0 721 482 heme binding, oxygen transporter activity 

DUF4009 0 0 1 0 0 718 467 cytoplasm, chromosome separation 

DUF72 1 1 1 0 0 703 467 queuosine biosynthetic process 

DUF1731 
1 2 0 0 1 693 444 

cytoplasm, regulation of transcription, DNA-dependent, 
nucleus, I-kappaB kinase/NF-kappaB cascade, transcription, 
DNA-dependent 

DUF328 0 1 0 0 0 691 480   

DUF318 1 0 1 1 3 689 454 nucleus, MMXD complex 

DUF4066 1 1 0 0 0 681 468   

DUF3552 

1 1 1 0 1 674 445 
positive regulation of growth rate, integral to membrane, 
axonal fasciculation, mitochondrial inner membrane, plasma 
membrane, ubiquinone biosynthetic process 

DUF165 1 1 1 0 0 644 453   

DUF3814 
0 1 0 0 0 629 452   
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DUF4161 0 0 1 1 0 621 433   

DUF159 0 0 1 1 0 615 393   

DUF162 1 1 2 0 0 613 368   

DUF4115 

1 1 0 0 0 611 425 

cytoplasm, nuclease activity, DNA recombination, DNA repair, 
nucleic acid phosphodiester bond hydrolysis, amino acid 
binding, aspartate carbamoyltransferase activity, 'de novo' 
pyrimidine base biosynthetic process, cellular amino acid 
metabolic process 

DUF2892 1 1 0 0 6 603 362 
integral to membrane, NAD(P)+ transhydrogenase (AB-
specific) activity, plasma membrane 

DUF457 

1 1 0 0 0 601 410   

DUF47 
2 0 2 0 0 595 446 

4 iron, 4 sulfur cluster binding, DNA N-glycosylase activity, 
endonuclease activity, base-excision repair, 
nucleotidyltransferase activity 

DUF360 1 1 0 2 0 593 398   

DUF488 1 0 0 0 0 591 373   

DUF188 2 0 0 1 0 588 455   

DUF4040 1 1 1 0 0 580 366 nucleotide catabolic process, integral to membrane 

DUF3459 
0 0 1 1 0 569 372 

2',3'-cyclic-nucleotide 2'-phosphodiesterase activity, integral 
to membrane, plasma membrane, nucleic acid 
phosphodiester bond hydrolysis, endonuclease activity 

DUF1967 
0 0 1 0 0 567 390 

cytoplasm, GTP catabolic process, magnesium ion binding, 
GTPase activity 

DUF167 2 0 0 0 0 565 406   

 

Many DUFs are essential. Across the 19 bacterial species represented in the Database 

of Essential Genes (Zhang and Lin, 2009) more than 10,000 essential genes have been identified 

(although this number includes some redundancies). We found 393 of these proteins to contain 

at least one of 255 different DUFs (Goodacre et al., 2013 Supplementary Info). While 83 of 

those proteins contain multiple domains, the remainder appears to contain only the DUF. This 

clearly establishes these DUFs as essential (here called “eDUFs”). All model organisms that have 

been analyzed this way encode eDUFs (Figure 1.6).  
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Figure 1.6   Essential Domains of unknown function (eDUFs) are common among bacteria. 

The Table (right) shows species for which essential genes have been determined on a large or 
systematic scale. All numbers were derived using the reference proteome of either the DEG 
strain or a common (fully-sequenced) strain. Domains are all Pfam domains which are not DUFs, 
while eDUFs are a subset of DUFs. Many essential genes encode DUFs as their only domain.  
 

Although the total number of domains for these model organisms has slightly decreased 

over the past five years (Pfam v23 versus v26) the number of DUFs and eDUFs has markedly 

increased. We suspect that the dramatic increase in the number of available genome sequences 

allowed new domains to be recognized by Pfam’s comparative approach. Interestingly, we 

found three domains that occur both in essential multi-domain proteins as well as essential 

single-domain proteins so that domains are likely to be essential in the multi-domain 

configuration as well: DUF31 (PF01732) is a predicted peptidase domain that is also found in 

two essential Mycoplasma proteins together with another peptidase domain (PF00949). 

Similarly, DUF59 (PF01883) is found in a series of proteins of various functions in 
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Mycobacterium and Caulobacter, but usually in combination with PF10609, an ATPase-like 

domain. Finally, DUF161 (PF02588) is found as an essential single-domain and multi-domain 

protein in combination with PF10035, another DUF (DUF2179). 

Interestingly, there does not seem to be a strong correlation between conservation and 

essentiality (Figure 1.7). While highly conserved DUFs are more likely to be essential, as 

evidenced by the absence of DUFs with 0% essential proteins in when conservation is above 

600 species, poorly conserved DUFs (as measured by the number of genomes they are found in) 

are still essential in many cases. Our dataset contains essential proteins that contain both 

known and unknown domains but surprisingly, the majority of essential proteins containing 

DUFs contains only the eDUF.  

 

Figure 1.7   Essential domains of unknown function (eDUFs) are not highly conserved. 

Some eDUFs are highly-conserved, as measured by the number of species containing fully-
sequenced genomes in which they are found. Although this trend is noticeably more 
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pronounced for non-DUFs, even poorly conserved DUFs are often essential. The figure uses 
data from DEG version 8.5. 

 

Domains in bacterial pathogens and model organisms. Interestingly, all of the top 50 

DUFs (by the number of sequenced bacterial genomes) are found in at least one functionally 

annotated protein in 13 model organisms, 10 bacterial and 3 eukaryotic (Table 1.4). In 41 cases, 

a DUF is found in an annotated protein in more than one of these organisms. 17 of the top 50 

DUFs occur in 32 proteins as the only identified domains – i.e. proteins that consist entirely of 

DUFs (data not shown). We speculate that these proteins may well be some of the most 

interesting targets for future research in this field. 

 

Table 1.5   NUMBER OF DOMAINS/DUFS IN SELECTED PATHOGENS AND MODEL ORGANISMS.  

The model organism (strain or sub-strain) is provided in the leftmost column, and counts for domains 
and DUFs are provided for this organism (columns 2 and 3). Counts are also provided based on pooled 
strains (counts, column 4) for the taxonomic parent species (columns 5,6).  

 

model organism (strain) 

# domains 
in model 
organism 

# DUFs in 
model 

organism 

# total 
strains in 
species 

# domains 
species 

# DUFs 
species 

Escherichia coli K-12 2429 365 471 3069 584 

Salmonella enterica subsp. 
enterica serovar Typhi str. 
Ty2  2415 379 

489 2805 505 

Vibrio cholerae O1 biovar El 
Tor str. N16961 1612 253 

211 2138 341 

Yersinia pestis (KIM) 2016 310 112 2275 326 

Mycobacterium tuberculosis 
H37RV 1619 257 

300 1653 261 

Staphylococcus aureus COL 
1528 190 

460 1666 221 
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Streptococcus pneumoniae 
TIGR4 1282 145 

275 1423 174 

Francisella tularensis 
subsp.tularensis, Strain 
SCHU S4 1095 66 

34 1182 77 

Helicobacter pylori 26695 1029 58 285 1100 68 

Rickettsia prowazekii 
(Madrid E) 774 45 

9 783 45 

Homo sapiens 4478 417 2 4478 417 

Caenorhabditis elegans 3227 305 1 3227 305 

Saccharomyces cerevisiae 
S288c 2687 195 

68 2712 197 

 

We have compiled domain and DUF counts for 13 model organisms (including Homo sapiens) 

and important pathogens for which complete ORF clone sets are available (Table 1.5). Studies 

of these few selected organisms will allow researchers to extrapolate functional data to a large 

number of other genomes and organisms. We have also included Homo sapiens as the target of 

those pathogens and as a model for a higher eukaryote. As stated above, all species encode 

dozens, or more frequently, hundreds of DUFs awaiting functional characterization. 

1.4 Conclusion 

 Chapter I presents findings from a survey of domains of unknown function (DUFs) in 

bacteria. Phylogenetic analysis corroborates earlier findings that DUFs are often broadly 

conserved across all kingdoms of life, but most common among bacteria where they account 

for nearly 30% of all domains (Figure 1.2) (Bateman, 2004). The analysis refines this view, by 

showing that it may be primarily due to contributions of larger bacterial phyla, as smaller 

bacterial phyla had DUF proportions that were similar to other kingdoms’ (Figure 1.3A). This 

trend appears to be highly significant, based on chi-square analysis. However, it is not entirely 
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clear why this trend is observed. At least three possible explanations exist: 1) identification and 

sequencing of novel organisms has been concentrated in members of larger phyla but 

functional characterization of novel sequence has lagged behind, 2) larger phyla have greater 

genetic diversity and therefore contain a higher proportion of “phylum-specific” DUFs, 3) 

organisms in larger phyla tend to have a greater proportion of DUFs. Of these explanations, the 

third was explored as a hypothesis by comparing non-DUF and DUF counts for each phylum, 

using the median count for organisms with complete proteomes in each phylum.  It appears 

that there is no such general feature for larger phyla, as the number of non-DUFs and DUFs was 

very consistent across phyla (Figure 1.3B). The proportion of DUFs out of total domains is also 

roughly equivalent (roughly 10%) for all bacterial phyla when taking representative organisms 

rather than pooling. While it is possible that the trend observed in Figure 1.3A due to 

experimental bias, one would expect the trend to be observed inconsistently, where not just 

larger phyla but also other “favorite” phyla such as those containing numerous human 

pathogens would have been sequenced disproportionately. Therefore, it is likely that the 

greater genetic diversity present in larger phyla has arisen at least in part through the evolution 

of highly-specific domains, domains with functional roles that perhaps can only be determined 

using a specific set of environmental or biochemical conditions.  

 One large study (491 bacterial and 41 archael strains) on mini-proteins (Wang et al., 

2008), those containing no more than 100 amino acids, found that 70% were single-domain 

proteins wherein the domain was a DUF. This study also found that the majority of these mini-

proteins were species-specific. The finding from the present study that bacterial DUFs often 

occur in smaller (single-domain) proteins shorter than 150 amino acids (Figure 1.4) – a trend 
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not observed in eukaryotes – supports the finding from the Wang et al., who also concluded 

that genetic diversity was the cause. A study citing the Wang study (Burroughs, Iyer, and 

Aravind, 2011) reported evidence of extensive, species-specific diversification of the RING 

finger and certain other structurally simple domains, as well as components analogous to the 

eukaryotic ubiquitin system, in prokaryotes. Geng et al. (2013) report DUF-mini-proteins as 

strain-specific virulence determinants in the swine streptococcosis pathogen, supported by the 

finding in the present study that DUFs often occur in pathogens. Interestingly, DUFs also tend to 

be strain-specific in Eukaryotes (Yang et al., 2011; Zhao et al., 2012). 

 The view that a large proportion of DUFs are small, strain or species-specific proteins is 

also corroborated by essentiality analysis. Of the 255 eDUFs inferred, 172 (67%) are single-

domain proteins, likely mini-proteins. Therefore, by transitive logic, we can formulate the 

hypothesis that essential proteins or domains are more likely to be species or strain-specific. At 

least, this can be hypothesized about the essentiality represented in the Database of Essential 

Genes. More extensive essentiality information, generally (for more organisms) and in 

particular covering a greater spectrum of different nutrient and chemical sensitivity factors, 

would help to inform this hypothesis.  

 The present study provides evidence that eDUF mini-proteins may have a dichotomous 

phylogenetic pattern. Whereas the aforementioned evidence builds a case for species and 

strain-specific distribution, several of these studies (Wang et al., 2008; Yang et al., 2011) also 

find numerous cases of highly-conserved mini-proteins, much as the results of this Chapter find 

numerous cases of highly-conserved eDUFs. 23 of the top 50 most conserved DUFs in bacteria 
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were also eDUFs as single-domain proteins (not shown). The literature indicates primarily 

metabolic and regulatory roles for mini-proteins –  energy metabolism, proteolipids, 

chaperonins, stress respose, transporters, transcription factors, transport proteins, metal ion 

binding, in particular (Basrai et al., 1997) – which is corroborated by the findings of the present 

study, yet these were highly-conserved among bacteria. Overall, the 23 top 50 DUFs that were 

found to be essential had predicted roles in ribosome biogenesis, nucleotide binding, energy 

production (fatty acid binding and chelation, ‘novel’ biosynthetic processes, AMP binding), and 

metal ion binding.  Evidently, metabolism is both conserved and adaptive for an organism’s 

particular environment. Future studies may better determine the differences between 

conserved and adaptive metabolic pathways and domains.  

Finally, eDUFs as mini-proteins offer promising leads for follow-up study using a 

methodology described in the following chapter. Chapter II focuses on determining the 

essential, uncharacterized interactions (EUIs) of eDUFs, using extensive epitope mutation. Mini-

proteins are thought to be the smallest size for which a polypeptide can stably fold into a 

tertiary structure, and therefore are used extensively as models of protein folding (Imperiali 

and Ottesen, 1998). The effects of mutated epitopes on structural stability of mini-protein 

eDUFs would therefore be feasible to predict in silico using current protein folding simulations.  
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Chapter II: MAPPING OF ESSENTIAL INTERACTIONS OF DUFs  

A number of large-scale protein-protein interaction (PPI) screens have been performed 

in recent years. While the most comprehensive of these has been for yeast, as a model 

eukaryotic organism, a number of screens have also been performed for bacteria. As the 

majority of domains of unknown function are found in bacteria, as discussed in Chapter I, this 

extensiveness of PPIs opens the possibility for investigating essential unknown interactions in 

certain bacteria, including pathogens.  

Specific aims for this Part include: defining interaction epitopes for essential proteins 

(SA2.1), defining essential interaction for essential proteins (SA2.2), and identifying the 

conservation of essential interactions/epitopes among pathogenic bacteria (SA2.3).  

2.1 Conditional essentiality of proteins 

As discussed in Chapter I, essentiality information is available for a number of bacterial 

and also certain eukaryotic model organisms (primarily yeast), which has been compiled into 

databases (e.g. DEG) to serve the scientific community.  For E. coli, a particularly large amount 

of essentiality is available. Baba et al. (2006) were able to create knock-out clones for nearly 

4,000 (93%) of E. coli genes; their results have been compiled in the Keiko collection, which has 

since served as the primary source of information about gene essentiality in bacteria.  

The incorporation of essentiality information is very useful for bringing genomic and 

proteomic findings into clearer context, such as defining functions for protein-protein 
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interactions. However, essentiality of genes and interaction is often only apparent under 

specific conditions. In order to more precisely define what is meant by “essentiality”, Bochner 

(2009) created an assay for ~2,000 different bacterial phenotypes, including nearly 1,000 

growth phenotypes and also around 1,000 chemical sensitivities. Nichols et al. (2009) explored 

the global phenotypic landscape of E. coli using a similar assay, testing 324 conditions covering 

114 unique stresses. Although currently it would still be prohibitively resource-intensive to 

perform global essentiality screens for all 2,000 or more different bacterial phenotypes, 

computational models may provide some recourse.  

Joyce et al. in 2006 tested all mutants of the Keiko collection, for E. coli, finding that of 

the nearly 4,000 mutants, 119 mutants were unable to grow on a minimal medium containing 

only glycerol. Their team also made computational predictions using a global genomic 

regulatory and metabolic model of E. coli. This computational predictive model made correct 

predictions for conditional essentiality in 91% of cases. The EcoCyc database recently proposed 

to transform itself from a model organism database into a central, computational resource. 

Currently, EcoCyc (Keseler et al., 2013) implements the MetaFlux (Latendress et al., 2012) flux 

balance analysis (FBA), which has been used to predict the growth phenotype (growth or no 

growth) of E. coli under many different nutrient and gene knockout conditions (such as those in 

the Bochner, 2009 assay). Predictions made by EcoCyc that fail to match up with experimental 

findings should provide a focus for future studies, which in turn will help to improve the 

metabolic model.  
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Computational predictions may offer increasing assistance for the prediction and 

analysis of essentiality under various conditions. One important form of essentiality is 

interactions between viral and host proteins. These interactions, which are essential for viral 

survival through enabling replication, will be the primary subject of Chapter III, which contains 

a computational predictive pipeline for identifying essential human cofactors of viral 

replications (essential virus-host PPIs). In the remainder of Chapter II, a methodology for 

identifying essential PPIs of uncharacterized proteins (EUIs), as well as their epitopes, will be 

described. This methodology could be used to conduct systematic experimental validation of 

computational predictions for EUIs and epitopes, such as for the results of Chapter III and 

Chapter IV (although no such experimental results are presented in the present study).   

 

2.2 Interactions of essential, uncharacterized proteins 

In addition to phenomics, or phenotypic information, proteomics can be integrated with 

genetic essentiality information. Despite the large amount of interaction data (PPIs), little is 

known about the relevance of most of these interactions. Although it is certainly true that most 

molecular processes are underpinned by PPIs, it has been much less clear which PPIs are really 

essential and which ones are solely “beneficial” or even completely inconsequential. Moreover, 

many essential proteins have multiple interactions but it remains unclear which ones are really 

required for a protein’s function. 

When the system under study is highly conserved, or largely of a mechanical nature with 

precise interactions among components, it may be particularly feasible to identify the essential 
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interactions for the constituent proteins. One such system is the bacterial flagellum. The 

bacterial flagellum is a common motility apparatus among bacteria. Thought to have evolved 

from a special type III secretion channel (Auvray et al., 2001; Ozin et al., 2003), the bacterial 

flagellum assembles by itself (Macnab, 2003), and operates much like a propeller, spinning at 

roughly 300 hz (Macnab, 1999). Titz et al. (2006) identified a novel conserved component of the 

bacterial flagellum, using the syphilis spirochete Treponema pallidum as a model organism for 

motility. In order to map the entire protein interaction network of proteins essential for the 

construction and operation of the bacterial flagellum, Rajagopala et al. (2007) integrated yeast 

two-hybrid protein interaction screens and motility assays of gene knockouts, from Treponema 

pallidum, Campylobacter jejuni, and Escherichia coli. Rajagopala et al. (2007) found over 150 

conserved interactions among nearly 100 proteins.  

It is quite possible that essentiality of proteins boils down to essentiality of one or a 

subset of protein-protein interactions (provided that they are not enzymes and hence interact 

only with their substrates) in a wide range of cellular processes. The subset of essential PPIs for 

uncharacterized proteins or proteins containing DUFs are of particular biological interest. 

Essential, uncharacterized, interactions or EUIs are actually fairly common in model bacterial 

organisms, therefore, further investigation is warranted. Of the >100 uncharacterized E. coli 

proteins that are essential, at least 40 are known to have protein-protein interactions (Hu et al., 

2012; Rajagopala et al., 2014). Some evidence suggests that about 50% of all uncharacterized 

proteins are involved in enzymatic activities while the other 50% are involved in PPIs. Essential 

interactions are little-exploited targets for new antimicrobials. While it may be difficult to block 

a protein’s activity, it may be possible to block its interaction (e.g. with an important co-factor 
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or regulator), hence studies by the Uetz group should be applicable to drug development or 

other experimental interferences in prokaryotes. Some information about potential EUIs is 

provided below, in Table 2.1.  

Table 2.1   ESSENTIAL*, UNCHARACTERIZED* PROTEINS AND PPIS IN SELECTED BACTERIA. 

Species essential genes uncharacterized PPIs Ref. 

Escherichia coli MG1655 296-609** 172 3,945 Rajagopala et al., 
2014 

Mycobacterium tuberculosis H37Rv 614-771** 89 8,042 Wang et al., 2010 

Helicobacter pylori 323 132 3,002 Häuser et al., 2014, 

Campylobacter jejuni NCTC 11168 228  43 11,687 Parrish et al. 2007 

Mycoplasma genitalium 381 81 AP/MS Kühner et al., 2009 

Streptococcus pneumoniae 244 48 ~2,000 *** 

 * http://tubic.tju.edu.cn/deg/organism.php?db=p 

 ** depending on source (i.e. experimental conditions) 

 *** Uetz, Finley et al., unpublished 

 

The question of essentiality of PPIs in bacteria could be answered by mapping the 

interaction sites of essential proteins in E. coli (as a model bacterium). These sites could then be 

mutated to knock out their interactions in Y2H and B2H assays and finally in vivo, ideally 

without affecting their structure. This would pinpoint essential interactions in E. coli. 

Subsequently, homologous interactions in other bacterial pathogens (Table 2.1) could be 

examined. Such a comparison would give us a much better understanding of the nature and 

number of essential interactions in bacteria and to what extent they are conserved. 

Essential interactions are a promising lead for the development of novel antimicrobials, 

e.g. based on peptido-mimetics (Lohan and Singh Bisht, 2013; Niu et al., 2012) or peptide 

aptamers (Yeh et al., 2013). While PPIs have been difficult to block and peptides are difficult to 
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introduce into a living cell, injecting peptides may be achieved by chemical carriers or phage (Lu 

and Collins, 2007). 

 

2.3 Interaction epitopes of essential proteins 

Mapping interaction epitopes, or sites on proteins responsible for mediating 

interactions with partner proteins, is a practice as old as the identification of protein 

interactions itself. Recently, the practice has been formalized and popularized by Marc Vidal’s 

and Stephen Michnick’s group, and their so-called “edgetic” approach to study the relevance of 

individual interactions (Dreze et al., 2009; Ear and Michnick, 2009; Sahni et al., 2013). However, 

so far no study has managed to systematically identify the epitopes of the various different 

interaction of proteins on a large scale, using such a formal approach (except for large mutant 

screens that identified potential edgetic perturbations without further characterization, e.g. Li 

et al., 2011). A more systematic analysis of the biological role of interactions could be achieved 

by (1) identifying interactions of essential proteins and then (2) identifying the essential 

interactions of these proteins, if any. 

 

Figure 2.1   Systematic identification of epitopes for essential interactions of essential 
proteins. 
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Mapping of an essential protein’s interactions is shown (left). A structural perspective of the 
interaction epitopes of these epitopes is shown on the right. The interactions of 1a, 1b, and 1c 
are mutually exclusive, as their interaction epitopes overlap (right). Mutation of epitopes would 
lead to the identification of essential interactions for the essential protein. In cases for which 
the central protein is uncharacterized, identification of interaction epitopes would help clarify 
the mechanism and function of EUIs, essential uncharacterized interactions.  

 

Determination of interaction epitopes of uncharacterized proteins has helped already to 

reveal the functions of certain DUFs. For example, another interaction that resulted from the 

Treponema screen revealed the function of YbeB, previously one of the most common 

uncharacterized proteins in the biosphere that is present from bacteria to humans (but not in 

archaea). The Uetz group was able to show, recently, that it interacts with ribosomal protein 

L14 and suggest a detailed molecular mechanism of action: by binding to L14 (in the large 

ribosomal subunit) it blocks the small subunit from joining and thus inhibits translation, 

specifically in stationary phase (Figure 2.1). Therefore this protein was renamed RsfS 

(Ribosomal silencing factor in stationary phase (Häuser et al., 2012)) 

 

Figure 2.2   Determination of the function of a DUF through structural analysis involving the 
determination of interaction epitopes. 

The mechanism of action of RsfS (YbeB), until recently a protein of unknown function in both 
bacteria and eukaryotic organelles (mitochondria and chloroplasts), was revealed using a Y2H 
screen for interaction partners (ribosomal protein L14) followed by epitope analysis. Since YbeB 
is a ribosomal silencing factor in stationary phase it was named RsfS (Häuser et al., 2012). 



46 
 

 

Computational tools can assist in both the determination of epitopes, through a variety 

of different techniques, and the prediction of the effect of variants at these epitopes, through a 

much more limited set of techniques.  

The variety of different interface/epitope prediction techniques reflects the variety of 

different data sources that are used to characterize or interpret protein interactions. If the 

interaction partners for a protein are not known, physicochemical properties - factors such as 

protrusion, surface accessibility, and residue type can be used to predict the epitope (Tuncbag, 

Gursoy, and Keskin, 2009; Xia et al., 2010), and have been used as features in machine-learning 

approaches (Block et al., 2006, Lise et al., 2009). The "O-ring theory" (Bogan and Thorn, 1998), 

uses desolvation potential of residues to predict the periphery of an interaction interface, 

thereby “drawing a line” around potential interaction epitopes. Machine-learning approaches 

have also been attempted using sequence and structural data. For example, interaction-profile 

hidden markov models (ipHMMs), which were used to predict interacting residues for the 

computational pipeline described in Chapter III, implement interaction profiles for pairs of 

interacting protein domains (Friedrich et al., 2006; Gonzalez and Liao 2011, Gonzalez, Liao, and 

Wu 2013), using structural data from the Protein Data Bank and the 3DID database of domain-

domain interactions (Stein, Russell, and Aloy, 2005; Stein, Céol, and Aloy, 2011 (update)). The 

ipHMM extends HMM domain family models to include residue-specific probabilities for 

interaction with known partner domains, so it can be used to pinpoint the most important 

residues or “hot spots” (Moreira, Fernandes, and Ramos, 2007) within the interaction interface. 
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Docking can also be used to generate candidate interfaces which can then be refined using a 

variety of different techniques (summarized in Figure 2.3). A number of these techniques for 

refining interface predictions (e.g. the most recent method iAlign, which provides a score based 

on conserved patterns of interactions among interface residues (Gao and Skolnick, 2010)) were 

developed by the Skolnick group. 

The ipHMM model as well as docking can be used to predict the effect of single-

nucleotide polymorphisms (SNPs) and other protein sequence variants on interaction (as in 

Chapter III). In the former case, the interaction interface will have to have been first identified, 

while docking can feasibly capture effects on interaction due to structural changes away from 

the interface. Modeling the effect of conformational rearrangement, whether due to mutation 

or occurring upon binding, is an active research area in the docking community (Janin, 2011).   

Docking tools generate a multitude of scores, including geometric (ZDOCK/ZRANK (Pierce and 

Weng, 2008)), energy (HADDOCK (Bonvin et al., 2003)), and physical (e.g. buried surface area or 

BSA, HADDOCK) scores to measure the quality of “fit” for a docking pose.  Other commonly-

used metrics for predicting the effect of mutants are sequence conservation – based amino-

acid replacement matrices (e.g. Le and Gascuel, 2008) and statistical pairwise residue potentials 

(Shen and Sali, 2006; Petsalaki et al., 2009). Recently, theoretical models of pairwise potential 

energies with numerous features have led to the development of machine-learning classifier 

that have moderate success at predicting binding affinity (kD) (e.g. Demerdash and Mitchell, 

2013).   Although these scores have been optimized for driving algorithms to an accurate final 

pose, and hence are not completely realistic, they can potentially be used to make predictions 

about certain aspects of binding, such as affinity. This is the focus of Chapter IV. 



48 
 

 

 Figure 2.3   Methods for identifying interacting residues using interface alignment 

A predicted complex between two proteins A and B (“query” complex, top) can be aligned with 
either known complexes (left) or known interfaces (right) using a variety of tools developed by 
the Skolnick group. Refinement of the predicted complex(es) can be used to improve 
confidence of predictions for interacting residues, such as by generating a score based on 
patterns of interaction between interface residues (a1-a7, b1-b7) (iAlign method, Gao and 
Skolnick 2010). 
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Chapter III: THE EFFECT OF HUMAN GENETIC POLYMORPHISMS ON 

INTERACTIONS BETWEEN HUMAN AND HIV-1 PROTEINS 

3.1 Introduction 

One class of essential interactions with a particular medical relevance are interactions 

between proteins of a pathogen and those of its host. Viruses carry the smallest genomes we 

know of. Hence, they are ideal targets for systems biology. Recently, efforts have been made to 

systematically map the network of protein-protein interactions (PPIs) between viral and host 

proteins so as to better describe the molecular basis of viral disease. These studies have 

resulted in maps of viral PPI networks (Choi, Stenger and French, 2000; Guo et al., 2001; Von 

Brunn et al., 2007; Fossum et al., 2009), as well as maps of viral-host PPI networks (De Chassey 

et al., 2008; Bailer and Haas, 2009; Uetz et al., 2006). Hundreds, and in some cases even 

thousands, of novel human proteins have been implicated as either direct binding partners of 

viral proteins, or as members of protein complexes with viral proteins.. While the complexities 

of host-virus interactions are increasingly well understood, the effect of genetic variation (in 

both viruses as well as the human host) on the infection process remains poorly studied. 

Because the viral infection process is largely dependent upon a series of interactions 

between viral and human proteins, the logical way to begin studying this effect is by analyzing 

such protein-protein interactions or PPIs in the context of genetic variants. Given the rapid 

evolution of viruses – Weinreich (2011) reports over 1,800 variable sites in just the protease 

and transcriptase HIV-1 proteins -  we shall focus on human variation in the present study (Part 

3) and ignore variation in the virus population which is often unknown or, when known, much 
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higher than in the human host. Non-synonymous single nucleotide polymorphisms (nsSNPs) are 

changes in individual DNA residues that change an amino acid in the protein product(s). Other 

genetic variants, such as insertions, deletions, frameshifts, and nonsense mutations, often 

change the structure or function of a protein much more dramatically. Even though such 

genetic variants (also known collectively as "germline mutations") are rare by themselves, often 

present in only 1-5% of a human population, somatic mutations are well-known to be 

associated with the progression of diseases, such as cancer. Several databases exist that collect 

information about mutations known to be associated with increased susceptibility to certain 

diseases (Küntzer et al., 2010), particularly in the OMIM database (Rashbass, 1995), but also in 

the more recent TRANSFAC (Matys et al., 2006) and TRANSPATH (Krull et al., 2006) databases. 

Many of the disease genes documented in OMIM have been linked to common disease 

phenotypes using a "guilt by association" strategy, e.g. using natural language processing 

(Johnson and Bates, 2006; Oti et al., 2006; Tiffin et al., 2006; Goh et al., 2007; Ideker and 

Sharan, 2008). Additionally, incorporation of genome-wide association studies (GWAS) and 

nsSNP information has been suggested to improve disease-gene predictions, specifically by 

removing bias from oft-studied genes (Barrenas et al., 2009; Care et al., 2009). As indicated, 

viral variants will not be directly addressed in the present study (Chapter III). Nevertheless, 

there is good reason to believe that mutations in viral proteins, between viral proteins, and 

between viral and human proteins, are correlated (Ghedin et al., 2005). 

Although thorough functional categorization of SNPs lags far behind SNP identification, 

and also behind disease-association efforts such as GWAS, recent studies provide clues that 

non-synonymous SNPs (nsSNPs) or SNPs that encode different protein products may play a key 
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role in many diseases, including viral infections, specifically as a result of altered PPIs. For 

example, in a structural survey of nsSNPs, Wang et al. (2012) showed that those associated with 

disease tend to localize to protein interaction interfaces, when found at the protein surface. 

This finding, which was corroborated by a similar study from the same year (David et al., 2012), 

builds upon the earlier finding (Ye, Li, and Godzik, 2005) that disease-nsSNPs tend to cluster 

together, when present at the surface of proteins. In support of different distributions for 

disease and non-disease causing polymorphisms, Wang et al. (2012) found that non-disease 

nsSNPs showed no greater tendency than average to localize to interfaces in the largest human 

structural interaction network developed to date (4222 interfaces from among 2816 proteins). 

The same study also found that nsSNPs at non-interaction interfaces between pairs of proteins 

were significantly less likely to be involved in the same disease than were nsSNPs at interaction 

interfaces. Estimates of the proportion of total nsSNPs involved in disease via altered PPI ranges 

from 4% (Schuster-Böckler and Bateman, 2008) to 10% (Ferrer-Costa et al., 2002).  

Furthermore, it is estimated that over 50% of exonic SNPs in humans are nsSNPs (Tennessen et 

al., 2012). 

 

3.2 Aims and Objectives of virus-host study 

The goal of this study is to provide a computational framework for the identification of 

human proteins that may be susceptibility factors for virus infections. We present a strategy to 

select human candidate proteins based on their interaction with virus proteins as well as their 

known variations. We have used interactions among HIV and human proteins for a pilot study 
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as this virus is the most extensively studied human pathogen and because a large number of 

human-HIV PPIs are available. The selection of an appropriate virus-host systems is specific aim 

1 for Chapter III (SA3.1). Interactions among the human candidate proteins (or their variants) 

and their cognate virus proteins can be tested by systematic yeast two-hybrid assays. However, 

our approach is applicable to any other host-virus system but also to other diseases that involve 

PPIs such as cancer. 

It is hypothesized that certain genetic polymorphisms, in particular single-nucleotide 

polymorphisms, may have already been detected in sequencing studies such as those by the 

1000 Genomes Project Consortium (2010), that alter HIV-1 – human interactions. In order to 

test this hypothesis, three addition specific aims were met for Chapter III. 

Specific aim 1 for Chapter III (SA3.1): (as above) 

Specific aim 2 for Chapter III (SA3.2): Collect all known HIV-1 – human protein-protein 

interactions (PPIs) for which considerable evidence exists in experimental screens 

Specific aim 3 for Chapter III (SA3.3): Collect all known genetic variants that encode protein 

sequence variants in humans (nsSNPs, insertions, deletions, and frameshifts) 

Specific aim 4 for Chapter III (SA3.4): Model the effect of protein sequence variation on HIV-1 – 

human PPIs 

SA3.1 entails primarily background literature and online public database and resources 

review, and is described in the next section. SA3.2 and SA3.3 primarily involve Bioinformatics 

data-mining and data-integration stages and are discussed in sections 3.4 and 3.5, respectively. 
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SA3.4 requires the development of an original computational framework – referred to 

throughout as a Bioinformatics “pipeline” - that combines a number of specialized databases 

and algorithms, as well as programming modalities and visualization environments, and so 

entailed various stages of development (discussed in 3.6). Limitations of the “pipeline”, as well 

as future development and experimental validation prospects are discussed in 3.7.  

 

3.3 Rationale for choice of virus-host system (HIV-1 – human)  (SA3.1) 

The question of which interactions are essential for viral infection and replication 

depends on the extent of knowledge about the particular virus-host system. In the present 

study, interactions between HIV-1 and human were studied. There are several advantages of 

this system, most importantly that it is the most studied virus-host systems. HIV-1  - human has 

the greatest number of known interactions, and greatest extent of supporting evidence for 

these interactions, in the form of RNA interference (RNAi) and mass spectrometry (MS) studies, 

as well as other types. HIV-1 is also possibly the most medically important virus, given its 

burden upon human health: 28 million people have died from HIV-1 / AIDS, and an estimated 

33 million were infected as of 2010 (World Health Organization, 2010). There is no known cure 

for AIDS.  

A number of viruses exist that still create an enormous burden upon human health. 

Many of these viruses cause diseases that remain incurable in many cases, for example HIV-1 

(AIDS) and hepatitis C (hepatocarcinoma, or cancer of the liver). Other viruses may be curable, 

but due to their high rate of mutation and prevalence within human populations nonetheless 
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create an enormous burden on human health. For example, human influenza is known to 

display considerable antigenic drift from season to season, resulting in outbreaks of flu that 

reaching epidemic or pandemic proportions every several decades (Ghedin et al., 2005). Other 

virus-host systems may serve as invaluable models of infection, due to the extent of current 

scientific understanding of essential infectious and replicative processes. For example, a class of 

viruses that infect bacteria (bacteriophage) have served as models for molecular biology and 

evolutionary research for over 60 years, thanks to their simplicity as well as the short life cycle 

of their bacterial host. Although, clearly, there would be no way to test the effect of human 

genetic polymorphisms using bacteriophage, thousands of mutations in bacteriophage and 

E.coli proteins have been investigated. Herpes viruses, which infect humans, are extensively 

structurally characterized and so offer advantages for elucidating finer details of interactions 

with host proteins and localization / interaction with specific sub-cellular compartments.  

These five virus-host model systems – HIV-1, hepatitis C, influenza A, herpesvirus - 

human, and bacteriophage - E.coli – are discussed in this section. The advantages of the HIV-1 - 

human system are summarized at the end. 

3.3.1 Bacteriophage  - E. coli 

The bacteriophage/E. coli model system is included here for historical perspective - it is 

by far the earliest-studied system, and as such has served as a model system for describing 

fundamental mechanisms in molecular biology over past decades. Research with phage began 

in the early 1940s with Max Delbruck - the physicist turned biologist - and his "phage group" at 

Cold Spring Harbor Laboratory. The phage/E.coli system has allowed elucidation of such 

molecular biological mechanisms as recombination, replication, transcription (initiation and 
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termination), gene regulation, RNA processing, protein folding, and secretion. In parallel, the 

viral processes of prophage insertion, reverse transcription, replication, lytic/lysogenic 

switching, capsid assembly, budding and release were described. Over 1000 E.coli genomes 

from a variety of strains have been sequenced (Lukjancenko, Wassenaar, and Ussery, 2010). 

Also, E.coli is a simple host by comparison with eukaryotes, with  ~4,500 genes (Lukjancenko, 

Wassenaar, and Ussery, 2010), compared with ~18,000 for humans (Kim, M-S et al., 2014; 

Wilhelm et al., 2014) (not including alternative splice forms).The best-studied species of phage 

is λ, although T7 and T4 have also proved invaluable, especially for structural studies.  

 

Phage therapy – elimination of bacteria through the use of phage, or to deliver drugs to 

target cells – are the major medical applications of phage research. Phage drug delivery has 

been slow in adoption because of issues with targeting to the correct cells.  Successful phage 

therapy of the first kind, i.e. eliminating disease-causing bacteria, typically requires a fairly high 

bacterial concentration, usually significantly higher than the minimum concentration needed to 

infect humans (Middelboe, 2000; US EPA, 1993). A bacterial concentration of less than per ml is 

necessary to meet level III inactivation or inability for pathogenic bacteria similar to the 

Clostridium to infect humans (US EPA, 1993). In short, the patient typically has to be severely ill 

for phage therapy to work. Sythenic biology approaches have resulted in novel strategies for 

biofilm elimination. A recent experiment reported the use of a synthetic phage to enhance 

clearing of biofilms (Lu and Collins, 2007). The synthetic phage was modified to produce DspB, 

an EPS - degrading enzyme. The addition of EPS greatly enhanced phage killing of E.coli - 
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%99.997, compared to roughly %1 for the non-enzymatic phage, and the custom-made phage 

cost only around $10,000 (Lu and Collins, 2009).  

Bacteriophage  - E. coli protein-protein interactions (PPIs). No high-throughput 

experiments exist for the phage/E.coli model system. A small handful of early Y2H PPI studies 

exist for intra-viral interactions, or interactions among phage proteins. These studies 

unintentionally played a figurative role in founding the field of virus-host interaction research 

(Arisaka and Kanamura, 2013). 

Structures. Structurally, phage are well understood, especially T7 and HK97, for which 

structural knowledge is complete. Crystal structures are used to decipher assembly mechanics 

(Mesyanzhinov et al., 2004; Steven et al., 2005; Weigel and Seitz, 2006), and construct global 

mechanistic simulations of the budding, assembly, and exit stages of the phage life cycle (Yap et 

al., 2010).   

 

3.3.2 HIV-1  - human 

HIV-1/human is the best-researched model system. This could be considered both an 

advantage and a disadvantage of the system – while the greater resources enable more 

comprehensive and sophisticated analyses to be performed, research is less novel than if the 

equivalent were performed in a different system.  

Research into HIV-1 mechanisms of infection are of the utmost interest to the medical 

community, since AIDs has now claimed the lives of at least 28 million people and as of 2008 

was being carried by 33.4 million others (WHO, 2010: World Health Statistics). 
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HIV-1 – human PPIs. Approximately 130 interactions among 80-100 human proteins 

(depending on the inclusion of rare isoforms) and the 9 proteins of HIV-1 (14, counting cleavage 

products) have been thoroughly characterized in biochemical and/or biophysical terms. 

Interacting residues or domains have been detected using mutagenesis studies followed by 

affinity pull-down assays, and 27 interactions have known interacting residues for both the 

human and HIV-1 proteins (illustrated in Figure 3.7). However, crystal structures of HIV-1 – 

human complexes exist for only 4 HIV-1 – human pairs: gp120 – CD4, capsid – cyclophilin alpha, 

integrase – lens epithelium derived growth factor (LEDGF), and tat – cyclin T1.  These four pairs 

provide precise and unambiguous interacting residue information, and are used to validate 

early stages of Chapter IV of the present study, which focuses on protein docking.  

A large number of putative HIV-1 – human PPIs have been compiled in online databases, 

outstripping the number of well-characterized interactions by at least an order of magnitude. 

By far the largest database of PPIs for any single virus-host model system is NCBI's HIV-1 

database, which as of November, 2010 contained 5127 distinct HIV-1/human PPIs (most of 

them likely spurious) for 1243 human proteins, collected from literature, both high-throughput 

and low-throughput studies (Fu et al., 2009). Two meta-analyses that define a high-confidence 

set of interactions from NCBI's HIV-1db have been performed (Qi and Tastan, 2010; 

MacPherson et al., 2010). These are valuable studies, at least for now, as they represent the 

most in-depth computational refinement efforts to date for dealing with high-throughput virus-

host datasets.  
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Supporting data for PPIs. By a significant proportion, HIV-1 – human has the greatest 

number and variety of high-throughput experiments of any system. At least 5 microarray, 4 

whole-genome RNAi, and 15 mass spectrometry (MS) studies have been performed on the HIV-

1/human system. These are discussed in greater detail below, in section 3.4.  

Structures. The majority (70) of human proteins from experimentally-characterized 

interactions with HIV-1 have some degree of crystal structure in the Protein Data Bank, and structure is 

known for all HIV-1 proteins, although for the highly-unstable vif (“viral infectivity factor”) only NMR 

structures are available (Goila-Gaur and Strebel, 2008). HIV-1 has 14 proteins, if one considers the 

Gag and Pol polyproteins as well as all their cleavage products. The majority of HIV-1 structures 

are of 6 HIV-1 proteins - Gag, Pol, Rev, Tat, Env, and gp120 - in complex with experimental synthetic 

inhibitors. The 4 HIV-1 proteins expressed in later stages of replication (Vif, Vpu, Vpr, Nef) have the 

fewest structures and are generally the poorest-understood of all. 

Computational models and tools. The majority of publically available resources and 

computational predictive tools for virus-host protein-protein interactions (PPIs) are focused on 

HIV-1. Support-vector machine (SVM) - based approaches, trained on sequence and structural 

information, have been used to predict HIV-1 / human PPIs (Tastan et al., 2009; Dyer, Murali, 

and Sobral 2011), but the results are unconvincing. In fact, one of the meta-analyses (Qi and 

Tastan, 2010) was performed in order to provide more accurate labels for such PPIs. A study 

using eukaryotic linear motifs (ELMs), or functional sites, reported greater overlap of its 

predicted interactions with the three major RNAi studies than previously (Evans et al., 2009). To 

incorporate ELM information, multiple alignments for all HIV-1 proteins were downloaded from 

the HIV-1 sequence database (Kuiken et al., 2009), ELMs were identified in the alignments, and 
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domain partners of the ELMs were identified in human proteins. The success of this 

statistic/structural method is surprising, considering the sparseness of the ELM database (146 

known motifs as of 2010 (Gould et al., 2010)) and the use of eukaryotic, rather than viral, 

binding site information. 

  

3.3.3 Hepatitis C – human 

Like the HIV-1/human model system, hepatitis C/human is of great medical relevance. 

Hepatitis C infection is known to enhance progression from liver cirrhosis (liver damage) to 

hepatocellular carcinoma (HCC), a cancer that is fatal in approximately %80 of cases within 3-6 

months [103]. Worldwide, an estimated 270-300 million people are currently infected with 

hepatitis C; fewer than %50 recover (Lavanchy, 2009). Hepatitis C infection is complicated by 

the formation of up to a million quasi-species within the liver of its human host, leading to 

chronic infection (Fishman and Branch, 2009). This great diversity is prone is overwhelm the 

host’s adaptive immunity.  

Hepatitis C – human PPIs. One of the foundational virus-host protein interaction 

screens was performed using this system, using the yeast two-hybrid (Y2H) technique (De 

Chassey, 2008). No database dedicated for hepatitis C/human PPIs exists, however. 

Supporting data for PPIs. The hepatitis C/human system is moderately well-covered by 

high-throughput experiments, though far less than HIV-1/human. At least 3 RNAi (Randall et al., 

2007; Li et al., 2009; Tai et al., 2009), 2 microarray (Walters et al., 2009; Blackham et al., 2010) 

and 2 MS (Diamond et al., 2007, 2005; Diamond et al., 2010) datasets exist, although most are 
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not global screens. One of the RNAi studies combines findings with exhaustive manual 

annotation, aiming for a mechanistic interpretation of findings (Tai et al., 2009).  

Structures. There is uneven coverage of hepatitis C proteins. As with HIV-1, all but one 

protein is represented. However, for hepatitis C the majority of entries are for just 5 proteins - 

core, NS2, NS3, NS5A, and NS5B – out of the total of 9. Interestingly, the majority of these are 

non-structural (hence the “NS” nomenclature), being involved in replication but not forming 

part of the viral coat or capsid.  

3.3.4 Influenza A - human  

Research into influenza A is of great medical relevance. Four separate pandemics - 1918 

H1N1, 1956 H2N2, 1968 H3N2, and 2009 H1N1 - have occurred over the past century. Between 

20 and 100 million people died of the 1918 outbreak (Johnson and Mueller, 2002), and even the 

most recent outbreak has claimed over 250,000 lives (Dawood, 2012).  

As a result of its history of causing pandemics, influenza is an excellent model for 

epidemiological research. Influenza A is extremely adaptable, displaying high rates of mutagenic 

drift (point mutations) and shift (frameshifts form insertions or deletions) (Ghedin et al., 2005), 

infecting multiple animal hosts in addition to humans, and recombining different strains within 

these hosts. The rapid evolution of influenza appears to contribute to its capability for causing 

pandemics.   

Influenza A – human PPIs. Research into the interactions of influenza A proteins with 

the human host has been intense but has focused on the entrance and exit influenza proteins: 

haemagglutinase (HA) and neuraminidase (NA). HA and NA are the proteins by which influenza 



61 
 

viral particles initially bind to the surface of the host cell prior to entry, and finally bind to the 

inside of the host cell membrane prior to exit, respectively. These two proteins also denote the 

strains of influenza, e.g. H1N1 is HA isoform 1 combined with NA isoform 1. A 2009 Y2H study 

(Shapira et al., 2009) was performed that identified ~90 interactions between influenza and 

human proteins, as well as ~40 intra-viral PPIs, not limited to A and NA.  

Supporting evidence for PPIs. Influenza is yet more-sparsely researcher, using high-

throughput techniques, than hepatitis C. While a trio of RNAi studies were performed in the 

wake of the 2009 H1N1 outbreak (Hao et al., 2008; König et al., 2009; Karlas et al., 2010 ) mass 

spectrometry and earlier microarray studies deal with identification of novel strains rather than 

host cofactors.    

Structures. The structures of the 10 influenza A proteins - HA, NA, PB1, PB2, PA, NP, M1, 

M2, NS1, and NS2 - are poorly understood, with structures for only 8. While several hundred 

structures exist in the Protein Data Bank, similar to the number for hepatitis C, over %60 are 

complexes of either HA or NA with an experimental synthetic inhibitor. As these are the entry 

and exit proteins for influenza, structural coverage of influenza proteins is not sufficient to 

develop a ch. Only 8 of 10 proteins have known structures. 

Computational models and tools. It is by the combination of different types of HA and 

NA that influenza strains acquire their names: H1N1, or recent swine flu, for example, is HA 

type #1 combined with NA type #1. There is thus a form of correlation between 

epidemiological/evolutionary events and molecular features, however, there is really very little 

systems-biology worthy data at present. 
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3.3.5 Herpes – human 

Herpesviruses are adept at infecting their human hosts and persisting latently. Most 

herpes infections are not life-threatening, but they can pose a significant medical problem, e.x. 

in genital infections caused by HSV-2. Herpesviral infections are among the most common and 

sexually-transmitted diseases, with ~45 million individuals infected in the US as of 2004 and ~1 

million individuals in the US newly infected each year (Weinstock, Berman and Cates, 2004). 

There is no known cure. 

Herpes – human PPIs. Five studies presenting the complete network of interactions 

among all viral proteins, each for a different herpesvirus species, have been performed - herpes 

simplex virus type 1 (Vittone et al., 2005), Varicella Zoster virus (Uetz et al., 2006), mouse 

cytomegalovirus and Epstein-Barr virus (Calderwood et al., 2007), and Kaposi's Sarcoma 

herpesvirus (Rozen et al., 2008). The study of the network of PPIs for all of virus' proteins 

among themselves, known in the field as the "intra-viral" PPI network, is an approach that 

antedates the study of the virus-host PPI network but continues to be active and often 

necessary. The five intra-viral studies were performed in order to explore sources of error in the 

Y2H methodology - since herpesviruses are highly-conserved, the majority of variation among 

different species' results could be attributed to Y2H error. Additionally, two of the above 

studies also mapped herpes-human PPIs (Uetz et al., 2006; Calderwood et al., 2007).  

Supporting evidence for PPIs: Little supporting evidence for known herpes-human PPIs 

in the form of high-throughput arrays or screens exists. 
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Structures. Herpesviruses are characterized by large size - both physically and 

genomically. Herpes simplex virus (HSV), contains at least 74 genes and up to 84 protein 

proteins. 282 structures, including 183 complexes, exist in the protein data bank for 

herpesviruses. Many of the complex structures are with host membrane proteins or MHC I. 

3.3.6 Summary – advantages of HIV-1 – human system for studying genetic variants in the 

context of virus-host PPIs 

HIV-1 is a clear choice of a model-system for virus-host research. This choice is clear for 

several reasons: outstanding medical relevance, extent of current knowledge about human 

cofactors / restriction factors and viral counter-restriction factors, preponderance of high-

throughput data, availability of online publically-available resources (especially for HIV-

1/human PPIs), and sophistication of computational methodologies already in existence. 

 

Figure 3.1   Distribution of variants for human proteins that bind viral proteins. 

Four viral species are represented: HIV-1, Hepatitis C, Influenza A, and Herpes. Human 
interactors for HIV-1 are from HIV1db, while interactors for other species are from the 
VirusMINT database (Chatr-Aryamontri et al., 2009). Variants are dbSNP entries annotated in 
Uniprot entries for the human proteins.   
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3.4 Data mining to identify high-confidence interactions between HIV-1 and 

human proteins (SA3.2) 

The ability to define essential virus-host interactions, or those with a high confidence of 

being true positive interactions, depends not only on the virus-host system being studied but 

on the type of data available for such interactions. In order to find human proteins involved in 

HIV infection, several large scale datasets and databases indicated above were used. Most 

importantly, a database of published human-HIV interactions was used. Since this database 

included an immense number of human proteins, probably too many to be of physiological 

relevance, that database was filtered with other data (primarily RNAi, MS).    

 ~130 HIV-1 – human protein interactions have been biochemically characterized and 

can be considered as “true” interactions (illustrated in Figure 3.7), and provided along with PDB 

structures, interacting residues and accompanying literature references, and sequence variant 

information (nsSNPs and isoforms) in Supplementary Table S3.1). However, hundreds or 

potentially thousands of additional interactions have been identified in high-throughput 

screens using either yeast two-hybrid (Y2H), or mass spectrometry (MS). Additionally, several 

RNA interference screens have been performed (for HIV-1 as well as other viruses, including 

hepatitis C and influenza A) to test for human genes that are essential for successful viral 

replication. RNAi results can be combined with gene essentiality information such as described 

above (Chapter I) to infer those human genes that are essential for viral replication, rather than 

for human cellular viability. The corroborating sources of information used are listed in Table 

3.1.  
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3.4.1 Primary evidence from NCBI HIV1db 

NCBI HIV1db was used as evidence of direct-protein interaction (Fu et al., 2009). That 

said, NCBI HIV1db contains (in the 2010 version used in the present study) nearly 3,000 

interaction. Many of these are probably not physiologically relevant, considering that HIV-1 has 

only 9 proteins (14, counting all proteolysis products of the Gag-Pol polyprotein). Submission to 

HIV1db requires only a single evidence of detection, which can be from any experimental 

technique such as affinity pull-down experiments, yeast two-hybrid, and mass spectrometry.  

3.4.2 Supporting evidence from global RNAi and MS screens 

Primarily RNAi knockout screens were used to filter the human proteins in HIV1db, as 

these confer essentiality information.  Three major RNAi knockout screens (Brass et al., 2008; 

Konig et al., 2009;  Zhou et al., 2008) and one shRNA screen (Yeung et al., 2008) were 

conducted between 2008 and 2009, looking for human genes essential for HIV-1 replication. 

For these studies, essential human genes were defined as those for which knockout produced 

yeast colonies >2-3 standard deviations below the plate mean.   

However, the slim overlap among the 3 RNAi and 1 shRNA studies suggested potential 

limitations of the gene knockout strategy for identifying host cofactors. Therefore, additional 

datasets obtained using other techniques were used to filter HIV1db. 9 mass spectrometry 

studies analyzing HIV-1 / human protein complexes were found in the literature, between the 

years 2007 and 2010 (Table 3.1). The MS studies were typically more focused in their 

experimental design, using specific cell types or fluid samples. One genome-wide association 

study (GWAS) was found; many more have since been performed to detect risk factors for AIDS 

severity, but only this early one was used. Finally, one unusual study of “hijacked” proteins or 
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human proteins found inside free HIV-1 virion particles was reported in the literature (Ott, 

2008). Studies reporting genes or mRNAs were mapped to uniprot identifiers. The full list of 

datasets used, including RNAi and shRNA, are provided in Table 3.1.   

Table 3.1 SOURCES AND SUPPORTING EVIDENCES FOR HIV-1 - HUMAN INTERACTIONS 

Source Type of Data # host cofactors 

NIAID HIV-1 Database PPI (lit. curation) 1243 

Brass et al., 2008. Identification of Host Proteins Required for HIV 
Infection Through a Functional Genomic Screen. Science, Vol. 319 No. 
10 

RNAi 290 

Konig et al., 2008. Global analysis of host-pathogen interactions that 
regulate early stage HIV-1 replication. Cell, Vol. 135 No. 1 

RNAi 295 

Zhou et al., 2008. Genome-Scale RNAi Screen for Host Factors 
Required for HIV Replication. Cell, Vol. 10 No. 4 

RNAi 390 

Yeung et al., 2009. A genome-wide short hairpin RNA screening of 
Jurkat T-cells for human proteins contributing to productive HIV-1 
replication 

shRNAi 252 

Hendrickson et al., 2010. Genetic variants in nuclear-encoded 
mitochondrial genes influence AIDS progression. PLoS One, Vol.5 No.9  

GWAS 20 

Ott, 2008. Cellular proteins detected in HIV-1. Rev Med Virol, Vol. 18 
No. 3 

virion screen 253 

Qi, 2010. Semi-supervised multi-task learning for predicting 
interactions between HIV-1 and human proteins. Bioinformatics, Vol. 
26 No. 18 

PPI (16-expert 
curation) 

135 

MacPherson et al., 2010. Patterns of HIV-1 protein interaction identify 
perturbed cellular host-cellular subsystems. PLoS Computational 
Biology, 6(7): e1000863 

PPI (meta-analysis) 246 

Ringrose, et al., 2008. Proteomic studies reveal coordinated changes in 
T-cell expression patterns upon infection with human 
immunodeficiency virus type. Journal of Virology, Vol. 82 No. 9 

MS 108 

Kadiu et al., 2009. HIV-1 transforms the monocyte plasma membrane 
proteome. Cell Immunology, Vol. 258 No. 1 

MS 200 

Zhang et al., 2010. Proteomic analysis of PBMCs: characterization of 
potential HIV-associated proteins. Protein Science, Vol. 8 No. 12 

MS 9 

Kramer et al., 2010. Elevation of intact and proteolytic fragments of 
acute phase proteins constitutes the earliest systemic antiviral 
response in HIV-1 infection. PLoS Pathogens, Vol.6 No. 5 

MS 35 

Gautier et al., 2009. In vitro nuclear interactome of the HIV-1 Tat 
protein. Retrovirology, Vol.6 No. 47 

MS/Western 183 

Chan et al., 2007. Quantitative analysis of human immunodeficiency 
virus type 1-infected CD4+ cell proteome: dysregulated cell cycle 
progression and nuclear transport coincide with robust virus 
production. Journal of Virology, Vol. 81 

MS 68 
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Chertova E, Chertov O, Coren LV, Roser JD, Trubey CM, Bess JW, Jr, 
Sowder RC, Barsov E, Hood BL, Fisher RJ, Nagashima K, Conrads TP, 
Veenstra TD, Lifson JD, Ott DE, 2006. Proteomic and biochemical 
analysis of purified human immunodeficiency virus type 1 produced 
from infected monocyte-derived macrophages. Journal of Virology, 
Vol. 80 

MS 253 

Chan EY, Sutton JN, Jacobs JM, Bondarenko A, Smith RD, Katze MG, 
2009. Dynamic host energetics and cytoskeletal proteomes in human 
immunodeficiency virus type 1-infected human primary CD4 cells: 
analysis by multiplexed label-free mass spectrometry. Jornal of 
Virology, Vol. 83 no. 18. 

MS 350 

Ciborowski et al., 2007. Investigating the Human Immunodeficiency 
Virus Type One-Infected Monocyte-Derived Macrophage Secretome. 
Virology, Vol. 363 No. 1 

MS 43 

Toro-Nieves et al., 2009. Proteomic analyses of monocyte-derived 
macrophages infected with human immunodeficiency virus type 1 
primary isolates from Hispanic women with and without cognitive 
impairment. Journal of Neurovirology, Vol. 15 No. 1 

MS 47 

 

3.4.3 Additional interactions from literature meta-analyses 

In addition, two meta-analyses reporting high-confidence lists of human HIV-1 cofactors 

were used (Table 3.1). The first of these was a survey in which 16 HIV-1 experts indicated which 

interactions they assumed to be real, with a consensus among 3 or more confirming the truth 

of the interaction (Qi, 2010). The second meta-analysis used a pathways approach to select 

human proteins involved in metabolic, signaling, or other biochemical pathways known to be 

hijacked by HIV-1 (MacPherson et al., 2010). Any protein in either of these two meta-analyses 

was assumed to be of high-confidence.  

3.4.3 Filtering of HIV1db human – HIV-1 protein-protein interactions (SA3.2 proteins) 

 Any protein present in at least two of the RNAi/MS/supporting datasets, as well as in 

the HIV1db, was retained for the pipeline analysis. Additionally, any protein present in either of 

the meta-analyses was retained. This triage system was implemented in order to maximize the 

number of high-confidence interactions – no source for or means of generating potentially 
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high-confidence data was ignored. This procedure is illustrated in Figure 3.2. This filtering step 

addressed specific aim 3.2 (protein list SA3.2).  

 

 

 

Figure 3.2   HIV-1 – human protein-protein interactions (PPIs) used in Bioinformatics 
“pipeline” (SA3.2 proteins). 

The number of putative interactions in NCBI HIV-1db (bottom left) is likely an indicative of many 
false positives interactions. Global screens (bottom right) for human genes/proteins that are 
involved in HIV-1 infection were used to filter the interactions in HIV-1db, thereby removing 
many false positives and improving confidence. Additionally, high-confidence meta-analyses 
(right, red) were included in SA3.2 list and submitted to the bioinformatics pipeline (red).  
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3.5 Collection and inference of human non-synonymous genetic variants 

(SA3.3) 

The recent explosion of sequencing projects has led to the development of several large 

databases of genetic polymorphisms, notably NCBI's dbSNP (Sherry et al., 2001) which contains 

44,000,000 validated in the most recent build ( build 141) at the time of writing of this 

document (Summer, 2014). Genome-wide association or GWAS studies have been able to 

identify variants with a role in disease. Some of the major disease variant databases include 

COSMIC, TCGA, RCGDB, and HGMD, with up to ~110,000 known variants each (Küntzer et al., 

2010).  

In a recent GWAS study of HIV-1 susceptibility, the largest one to date (Pereyra et al., 

2010), several hundred genes at the HLA locus were found to be associated with HIV-1 

susceptibility (susceptibility defined as either a long-term progressor or long-term controller of 

HIV-1 particle counts). This study found no genes outside this locus to be associated, other than 

CCR5 and CCR2. Several recent studies have also failed to detect associations outside the HLA 

locus, other than CCR5 and CCR2 (Fellay et al., 2007; Limou et al., 2009). However, variants 

reaching statistical significance only account for around 20% of observed variation in 

susceptibility in these studies. As described above (section 4.4), there are likely to be hundreds 

of additional human genes involved in HIV-1 infection, some of which may account for the 

remaining 80% of observed variation in susceptibility. Looking at non-HLA locus genes also has 

the advantage of allowing more insight into the numerous stages of the lentiviral life cycle, only 

one of which is involved in interactions with HLA locus gene products. Therefore, although 
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variants in HLA genes will be included in the present study (Part 3), no special emphasis will be 

placed on such variants as a result of their prominence in recent GWAS studies. 

3.5.1 Non-synonymous genetic variants from dbSNP 

For all 492 SA3.2 human proteins inferred from literature, non-synonymous genetic 

variants (SNPs, insertions, deletions, and nonsense mutations) present in dbSNP were collected 

from Uniprot using a Python script. In all, 622 such variants were discovered, covering 170 

proteins (although both the total number of variants and the number of proteins containing 

proteins was subsequently increased upon incorporation of 1000 Genomes variants; see 3.5.2, 

immediately below). Uniprot records were used instead of dbSNP records directly, since dbSNP 

uses chromosomal coordinates which would have required mapping to exonic sequences. 

Therefore, Uniprot records were easier to access.  Uniprot contains information about a 

number of different forms of sequence variants: in addition to dbSNP variants, experimental 

mutants with clinical or physiological significance, and isoforms. However, experimental 

mutants are often reported by only a single study, and non-canonical isoforms generally lack 

statistics about their prevalence in the human population. Therefore, only variants confirmed 

by dbSNP were included in the pipeline analysis.  

3.5.2 Additional non-synonymous genetic variants inferred from 1000 Genomes Study 

In order to increase the number of total human proteins / variants being analyzed in the 

present study, as well as to take advantage of recent large-scale sequencing efforts, genetic 

variants from the 1000 Genomes Project Consortium (2010) were incorporated. The 1000 

Genome Project Consortium is a collection of 7 sequencing centers in the US, Canada, Europe, 

and Asia with 148 total affiliated departments, corporations and institutions. Results from the 
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pilot phase were published in 2010. Five population samples of 100 individuals each from 

Europe, East Asia, South Asia and West Africa, and seven populations totaling 500 from the 

Americas were sequenced (1000 Genomes Project Consortium, 2010).  Sequencing was 

performed at three levels: exon-targeted for 697 individuals, low-coverage whole genome for 

179 individuals, and deep sequencing for two mother-father-child trios. The results include over 

15,000,000 SNPs including ~10,000 nsSNPs, %55 novel. 

  In order to infer which of these new variants were present in SA3.2 proteins, BLAT 

(Kent, 2002) was used to map the chromosomal locations of SA3.2 proteins’ exons. Comparison 

of chromosomal positions for new variants and SA3.2 exons allowed the inference of altered 

codons. The published triplet code for humans (Crick et al., 1961) was used to predict altered 

amino acids. Novel variants were identified included SNPs, insertions, deletions, and nonsense 

mutations. This process is described further, below.  

3.5.2.1 Methods 

UCSC Genome Browser (http://genome.ucsc.edu) provides a tool, BLAT (Basic Local 

Alignment Tool) for mapping protein sequence to genomic coordinates, however, only 10 

sequences can be submitted at a time. Therefore, a local version of BLAT was installed and the 

24 chromosomes (22 autosomal, as well as X and Y) of the human genome were each 

downloaded (UCSC March, 2006 build). BLAT was run on the 492 protein sequences. Only 

exonic sequence matches with ≥ 98% sequence identity were kept (2% mismatched allowed to 

account for the possibility of canonical protein sequence from Uniprot containing rare forms of 

sequence variants).   
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Figure 3.3   Schematic showing BLAT algorithm overview. 

Each human chromosome (DNA) is read from start to finish (thick arrow), scanning for the 
mRNA sequence corresponding to the query protein (top, pink) or its reverse complement in 
DNA (bottom, red).  

The raw data (chromosome number and location, nucleotide substitution) from the 

1000 Genomes Project Consortium pilot study consisted of 27 files of 30-500 MB from 7 

sequencing centers. Much of this data was redundant. Python was used to parse the files and 

screen the variants' chromosomal coordinates against those of the SA3.2 candidate list (492 

proteins) as identified by BLAT.  
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3.5.2.2 Results – generation of pipeline candidates (SA3.3 proteins) 

Exonic sequences were identified for 480 of 492 SA3.2 proteins using BLAT. For the 

remaining 12, sequence identity was between 80% and 97%, and therefore not of sufficiently 

high quality. 2,550 variants were identified for 278 of the 480 proteins, of which 1,928 were 

novel (not present in Uniprot annotation). Novel variants included 52 insertions, deletions, or 

nonsense mutations. 598 of the 622 Uniprot-annotated nsSNPs (96%) were rediscovered.  

In all, 2,500 variants (2,498 nsSNPs, 52 indels/nonsense mutations) were found for 278 

of the original 492 proteins in plist.  These 278 proteins and their associated variants were used 

for further analysis and pipeline development for the present study, and are referred to as the 

SA3.3 list for the remainder of this document. 

 

3.6 Bioinformatics pipeline for identifying HIV-1 – human interactions with a 

high potential for disruption by human protein sequence variation (SA3.4) 

3.6.1 Aims and Objectives 

The objective of Chapter III was to produce a ranked list of the 278 human proteins 

from SA3.3 list that may have altered binding with HIV-1 partners for certain sequence variants. 

To this end, a bioinformatics pipeline was created that combined protein sequences and 

sequence variants, protein structure and structural models, conservation analysis, and interface 

predictions. The aims of the pipeline were to determine 1) which sequence variants fell at or 

close to interacting residues, and 2) the quantification of the magnitude of the effect of such 

interface disruptions. It was hypothesized that certain sequence variants would be found in 
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SA3.3 proteins that caused a substantial alteration of binding, and that these variants would fall 

upon interacting residues, rather than residues not involved in interaction.   

3.6.2 Introduction to the Gonzalez, Liao, and Wu ipHMM topology for interacting domain-

domain pairs.  

One of the most technically challenging steps in developing the pipeline was predicting 

interacting residues. The method of Gonzalez and Liao (2013) was used to predict interacting 

residues for the 278 SA3.3 proteins. The Gonzalez and Liao method builds the method of 

Friedrich et al. (2006), which introduced the concept of an interaction-profile Hidden Markov 

model (ipHMM). This is a model that expands upon the HMM model used by Pfam domain 

families, by adding three-dimensional structural information for interactions from the Protein 

Data Bank (PDB). The Gonzalez and Liao method improves upon the original ipHMM by 

extracting features as Fisher scores and using singular value decomposition (SVD) (Gonzalez and 

Liao, 2010). The use of Fisher scores improves performance in terms of both precision and 

recall (Gonzalez and Liao, 2009). Feature vectors for domain families are classified by support 

vector machines trained on these feature vectors. 

The use of support vector machines allows feature vectors to be created for interacting 

domain-domain pairs. For a pair of domains involved in a domain-domain interaction or DDI, an 

interaction profile hidden Markov model (ipHMM) is constructed for each of the two domain 

families. For each domain, a 20-dimension vector of Fisher scores is generated for each position 

in the sequence (20 to accommodate all amino acids). Positive examples and negative examples 

of interaction are used to train DDI families, by the use of interaction matrices of 1s and 0s 

denoting contact vs. non-contact residues in structures containing the domain pairs (Gonzalez, 
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Liao, and Wu, 2013). Query protein sequences can then supplied to the model, and interacting 

residues can be predicted based on ipHMMs associated with the detected domain(s). For an 

input protein sequence, the output of the model consists of lists of domain-domain interacting 

pairs, with probability of interaction for each residue.  

3.6.3 Methods 

3.6.3.1 Protein sequences for SA3.3 protein list 

Protein sequences for wild-types (278 proteins) were downloaded from Uniprot. To 

generate variant protein sequences, for each protein all known variants were combined, 

including all nsSNPS, indels, and nonsense mutations. In cases where more than one variant 

altered the same residue, the more significant variant was chosen (indel > SNP) or randomly 

selected if both SNPs.   

3.6.3.2 Prediction of interacting residues  

Wild-type and variant sequences for SA3.3  proteins were run through the Gonzalez, 

Liao and Wu algorithm (incorporating the contact matrix described in the 2013 publication) 

which at the time of the work (Spring 2011) was implemented in MATLAB on a Linux server at 

the University of Delaware Protein Information Resource (UDEL PIR).  

For the Pfam detection stage of the algorithm, only domain families with posterior 

probability for the input sequence of p < .05 were used. All available DDIs for identified were 

used for predictions of interacting residues, rather than just selecting the top-scoring DDI. This 

was done in order to maximize the total number of predicted interacting residues, to improve 

odds of an overlap with a sequence variant. In a number of cases, DDI families were trained 
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during the running of the algorithm using structural data from PDB, as the collection of DDI 

families did not at the time have global coverage of all known interacting domain pairs (as 

compiled in databases such as 3DID (Stein, Russell, and Aloy, 2005)).  Interacting residues were 

those for which the predicted probability of interaction in the given DDI, using the wild-type 

sequence as input, was > 0.5.  

3.6.3.3 Identification and ranking of sequence variants that alter interaction strength 

A proxy for interaction strength, in the Gonzalez/Liao/Wu model, is probability of 

interaction, for a given residue. By extension, a greater change in probability (∆p) between one 

variant sequence and its wild-type, compared to another ∆p, can be used a means of ranking 

the magnitude of variants’ effects on wild-type protein interactions. The absolute value of the 

greatest individual residue ∆p was used as a ranking metric for all 278 proteins in the SA3.3 list. 

The use of absolute value means that both increases and decreases in binding affinity were 

selected by the pipeline.  

In order to test the second part of the hypothesis for Chapter III, that variants falling at 

interface residues have a greater effect on interaction probability than do variants falling 

outside interface residues, a permutation test was performed using all variants (excluding 

indels and nonsense mutations) (2,498) found or inferred for SA3.3 proteins. These variants 

were divided into those inside and those outside predicted interfaces. This test randomized 

class assignments for variants 10,000 times, resulting in a distribution of differences in average 

∆pinside and ∆poutside values. The z-score or number of standard deviations of the actual 

difference was calculated using the standard deviation of the resulting distribution.  
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3.6.3.4 Structural and visual analysis of disrupted HIV-1 – human interactions 

In order to assess the differences in interface regions between wild-type and variant-

containing proteins in cases for which variants were present within the interface, homology 

models were generated for variant-containing sequences. Because PDB structures were not 

always present for wild-type proteins, homology models were generated for certain wild-type 

proteins as well. Structures of wild-type and variant proteins were analyzed side-by-side 

visually. For each pair, highly-conserved regions, predicted interacting residues, and variable 

residues were analyzed side-by-side.   

The popular homology modelling tool created by the Sali Lab, Modeller (version 9v8) 

(Eswar et al., 2006) was downloaded and installed from the Sali Lab webpage 

(http://salilab.org/modeller). The Python modules modeller.align and modeller.automodel 

were installed in order to interface with sequence alignment and structure generation 

components of Modeller9v8, respectively. Five homology models were created using the 

template with highest sequence identity with the wild-type, using a threshold of > 30% 

sequence identity, for each of the 278 variant proteins and for 24 of 278 wild-type proteins for 

which no complete structure was available in the Protein Data Bank (PDB). The top model, as 

ranked by Modeller9v8, was used for subsequent structural analysis.  

Conservation profiles were generated for each of the 278 proteins in plist2 using 

ConSurf-DB (Glaser et al., 2005), a database of conservation for proteins of known three-

dimensional structure, using the wild-type sequences as input to the server. Highly or poorly – 

http://salilab.org/modeller
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conserved regions (ConSurf scores between 6 and 9 and below 3, respectively (Landau et al., 

2005)) were mapped to structures or homology models.   

Pymol was used to visualize proteins and highlight the presence and overlap of 

interacting, variant, and/or conserved residues. A script was written in the Python using Pymol 

and cmd (command-line interface) modules, to automatically align wild-type and variant 

structures, highlight residues of interest, and capture a series of screenshots at front and rear 

angles. These screenshots were then manually inspected, and structural features of particular 

interest (e.g. disruption of conserved interface regions, or clusters of variants in three-

dimensional space) identified.   

3.6.3.5 Increasing sensitivity of pipeline predictions using relaxed protein homology 

parameters 

A gold standard set of DDIs was created for experimentally-characterized interactions 

between human proteins and their HIV-1 partners. Unlike for the primary pipeline, each gold 

standard DDI had to be between a human domain and an HIV-1 or lentiviral domain. The 

pipeline as described above was used to predict interacting residues, as well as overlap with 

variants, for this gold standard set of DDIs. DDIs for human domains were intersected with 

those from HIV-1 domains, and interacting residues predicted from the mutual set.  

Then, the initial stage of the algorithm (detecting sequence homology) was relaxed by 

first using PSI-BLAST to identify remote homologs of both human and HIV-1 proteins in the gold 

standard set, before predicting Pfam domains. Pfam domains were then predicted for up to 20 
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significant homologs (P<.05) per protein, and ipHMMs constructed for DDIs of the detected 

domains in the PSI-BLAST homologs. This procedure is illustrated in Figure 3.4.  

 

Figure 3.4   Increasing discovery rate of ipHMM interacting residue prediction model of 
sequence variant effects using PSI-BLAST.  

A gold standard set of human – HIV-1 PPIs (including APOBEC3G – HIV- Vif, depicted above) 
with known co-crystal complexes in PDB was constructed. The interaction-profile Hidden 
Markov model (ipHMM) (Gonzalez, Liao, and Wu, 2011) was used to predict interacting 
residues for domain-domain interacting families (DDIs) of this gold-standard dataset, and 
subsequently for DDIs belonging to PSI-BLAST homologs of this gold-standard dataset. Only 
domains in homologs with ≥ 30% sequence identity to the aligned region of the original, gold-
standard member were used. 

The discovery rate (variants at interface residues) was compared for the gold standard 

set, both before and after expanding the sequence space through the inclusion of PSI-BLAST 

homologs.  NsSNPs that diminished strength of interaction with HIV-1 protein or homolog 

domains were designated “true positives”, while nsSNPs that diminished strength of interaction 

with non-HIV-1 protein or homolog domains were designated “false positives”. The goal of this 
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study was to determine whether this discovery rate could be increased significantly for HIV-1 – 

human DDIs (sensitivity) without a concomitant increase in the discovery of human – human 

DDIs (specificity).  

• For 9 hiv-1 proteins, 176 homologs with alternative domains found 

• For 18 human proteins, 1027 homologs with alternative domains found but only 

top 20 / protein retained 

Results are described below, in section 3.6.4.  

3.6.4 Results 

 Distribution of nsSNPs at predicted interface residues. The distribution of 2,550 total 

variants for the 278 SA3.3 proteins was found to be highly skew, with a minority of proteins 

(54, or 19%) claiming nearly half. One protein, p53, had 24 variants. 188/278 proteins (68%) had 

more than one variant.  

Interacting residues could be predicted for 245 proteins (88% of SA3.3). The primary 

reason for inability to predict residues was timing out during training of new DDI families (~80% 

of failed predictions); for the remainder, no structural interaction information existed in PDB or 

DDI family scores were too low to be accepted by the Gonzalez/Liao/Wu algorithm. In all, 443 

variants were predicted to be present at the interaction interface (overlap with predicted 

interacting residues), while 1920 were predicted to be outside any interface. 130 variants (all 

nsSNPs) could not be assessed because they were associated with the 33 proteins for which no 

interface predictions could be made. The permutation test was performed with all nsSNPs (414 

inside, 1887 outside interface), and found there to be a significantly-higher change in 
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interaction probability for nsSNPs inside (n=414), compared to those outside (n=1887) interface 

residues (z-score = 6.7, p<.0001).  

38 SA3.3 proteins had 128 variants with a change in predicted binding probability, 

∆p(int), of -.05 or less, when going from the wild-type to the mutant containing the rare form of 

the variant.  These 38 proteins with 128 variants at interface residues are referred to as the 

SA3.4 list of proteins and comprise the final list for Chapter III (Table 3.2, showing only the 

single variant per protein with greatest loss of binding).  Loss of binding probability, ∆p(int)≤-

.05, was observed for an additional 45 proteins and 187 variants, but the wild-type was not 

predicted to be an interface residue (i.e. p(int)wild-type ≤ 0.5)., and were therefore a high-

confidence subset of binding loss cases. The distribution of p(int)wild-type and p(int)mut for all 

predictions, including those with no and with increases in predicted interaction probability for 

the mutant, was plotted. Visual inspection led to the definition of a high-confidence subset of 

12 binding loss cases with p(int)wild-type > 0.6 and p(int)mut < 0.4 (Figure 3.5, lower right red box) .  

Points along horizontal and vertical lines in Figure 3.5 represent cases for which no statistical 

training data was available for either the mutant or wild-type residue at that position in the DDI 

family HMM. Points along the diagonal correspond to cases for which the mutation had no 

effect on interaction probability, whether at the interface (top right) or outside (bottom left). 

The distribution also shows remarkable symmetry about this diagonal, though most noticeably 

outside the interface.  

List SA3.4 contained 11 known and well-characterized human cofactors of HIV-1 

infection, including 4 members of the HLA locus (Uniprot accessions underlined in Table 3.2). 
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The high-confidence subset of SA3.4 contained 6 of these 10 known cofactors, including 3 

members of the HLA locus. In order of decreasing rank, determined by greatest magnitude of 

loss of interaction probability due to a single nsSNP (∆p(int)mut-wt), the 7 well-characterized 

human non-HLA cofactors are: Hck kinase (rank #2, ∆p = -0.64), RAD23 (rank #6, ∆p=-.60), 

APOBEC3F (rank #13, ∆p =-.52), importin-α1 (rank #19, ∆p = -0.38), TRIM5α (rank #20, ∆p=-

0.38), NFkβ (rank #35, ∆p=-.17), and Alix (rank #38, ∆p=-0.06). Four additional human proteins 

had a predicted loss in binding probability (∆p(int)≤-.05), but did not have predicted interface 

residues (CD4, ∆p  = -.44; TFIIH,  ∆p = -0.35; BST-2 / tetherin, ∆p = -0.25; p53, ∆p = -0.24). 
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Figure 3.5   Predicted interaction probabilities for wild-type vs. mutant SA3.4 proteins.  

Interaction-profile Hidden Markov model (ipHMM) predictions for SA3.3 (high confidence of 
essential interactions with HIV-1 proteins) set of 278 human proteins containing 2,550 
sequence variants. The probability of interaction for the wild-type residue, and for the mutant 
residue, are indicated by positions on the y and x axes, respectively. Multiple predictions are 
shown for most proteins, as a result of multiple variants, multiple domain-domain interacting 
families (DDIs), and/or large variants (>1 residue). The red dotted box at lower right indicates 
the most interesting set of predictions, those for which mutation caused apparent binding loss 
and that appear as outliers within the lower right quadrant.  
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Table 3.2   PIPELINE PREDICTIONS (SA3.4 PROTEINS)  - SEQUENCE VARIANTS THAT CAUSE 
LARGE SHIFTS IN INTERACTION PROBABILITITY AT PREDICTED INTERFACE RESIDUES. 

The shift in probability (mutant – wild-type) of the most deleterious nsSNP / variant is used to 
rank the proteins (rightmost column). The presence of predicted interacting residues (pint > 0.5) 
at variant positions is shown before (common form) and after (rare form) mutation, to provide 
information of the severity of other variants, than the most deleterious. The variant type 
(middle, right) is indicated, as well as the number of supporting evidences from literature (RNAi 
and MS; not including NCBI HIV1db).  

Uniprot 
ID Name 

dbSNP ID, 
substitution 

DDI 
(Pfam_pa
rtner) 

P(int) 
wt 

P(int) 
mut ∆P(int) 

P63000 
Ras-related C3 botulinum toxin 
substrate 1 

rs5837, 
A59T 

PF00009_
PF03144 0.927 0.071 -0.856 

O14920 
Inhibitor of nuclear factor kappa-B 
kinase subunit beta 

rs56411242, 
369R 

PF00069_
PF00134 0.927 0.105 -0.822 

P11802 Cyclin-dependent kinase 4 
rs34386532, 
R122H 

PF00069_
PF00433 0.827 0.07 -0.757 

P08631 Tyrosine-protein kinase HCK 
rs55722810, 
M105L 

PF00069_
PF00023 0.686 0.05 -0.637 

P01909 HLA class II histocompatibility antigen 
rs9272699, 
R75S 

PF07654_
PF00969 0.639 0.023 -0.617 

P54725 
UV excision repair protein RAD23 
homolog A 

rs11558955, 
T131A 

PF00627_
PF00069 0.748 0.145 -0.603 

P20036 HLA class II histocompatibility antigen 
rs2308917, 
L97S 

PF07654_
PF02216 0.954 0.365 -0.589 

P14780 82 kDa matrix metalloproteinase-9 
rs1805089, 
E82K 

PF00413_
PF00040 0.689 0.114 -0.575 

P23458 Tyrosine-protein kinase JAK1 
rs34680086, 
N973K 

PF00069_
PF00134 0.58 0.017 -0.564 

Q30154 HLA class II histocompatibility antigen 
rs1136756, 
K41T 

PF00969_
PF07654 0.639 0.082 -0.557 

Q30201 Hereditary hemochromatosis protein 
rs28934596, 
I105T 

PF07654_
PF00969 0.636 0.081 -0.555 

P12318 
Low affinity immunoglobulin gamma Fc 
region receptor II-a 

rs9427398, 
Q63R 

PF07679_
PF09470 0.865 0.33 -0.535 

Q8IUX4 
DNA dC->dU-editing enzyme APOBEC-
3F 

rs35053197, 
R48P 

PF00383_
PF08210 0.773 0.251 -0.522 

P24723 Protein kinase C eta type 
rs55737090, 
K65R 

PF00168_
PF00387 0.579 0.086 -0.493 

P07477 Alpha-trypsin chain 2 
rs28934902, 
E79K 

PF00089_
PF08764 0.89 0.421 -0.469 

P62826 GTP-binding nuclear protein Ran 
rs11546488, 
R95I 

PF00071_
PF00996 0.528 0.089 -0.439 

P19320 Vascular cell adhesion protein 1 
rs34228330, 
M18I 

PF05790_
PF09191 0.946 0.512 -0.434 

P02549 Spectrin alpha chain 
rs7418956, 
D791E 

PF00018_
PF00017 0.503 0.085 -0.418 

P52292 Importin subunit alpha-1 rs1059538, PF00514_ 0.922 0.544 -0.378 
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T430P PF08506 

Q9C035 Tripartite motif-containing protein 5 
rs3740996, 
H43Y 

PF04564_
PF00179 0.951 0.576 -0.375 

P38646 Stress-70 protein 
rs17856004, 
Q74R 

PF00012_
PF00069 0.561 0.195 -0.366 

P06340 HLA class II histocompatibility antigen 
rs11575906, 
R105C 

PF00993_
PF09245 0.906 0.585 -0.321 

P08246 Neutrophil elastase 
rs28929494, 
V101M 

PF00089_
PF07648 0.875 0.58 -0.295 

P09543 
2',3'-cyclic-nucleotide 3'-
phosphodiesterase 

rs34353668, 
Q207R 

PF00004_
PF02861 0.512 0.219 -0.294 

P11226 Mannose-binding protein C 
rs5030737, 
R52C 

PF00059_
PF00041 0.932 0.646 -0.285 

Q03252 Lamin-B2 
rs61726481, 
R215Q 

PF00038_
PF01324 0.535 0.262 -0.272 

Q05655 
Protein kinase C delta type catalytic 
subunit 

rs34502209, 
L410F 

PF07714_
PF00017 0.695 0.452 -0.243 

P35222 Catenin beta-1 
rs28931588, 
D32Y 

PF00514_
PF00604 0.758 0.529 -0.229 

P04839 Cytochrome b-245 heavy chain 
rs28935182, 
H303N 

PF00970_
PF00175 0.801 0.575 -0.226 

P01024 
Complement C3c alpha' chain 
fragment 2 

rs11569422, 
E469D 

PF07703_
PF07686 0.854 0.634 -0.22 

P19256 
Lymphocyte function-associated 
antigen 3 

rs17426456, 
S15G 

PF07686_
PF00565 0.524 0.309 -0.215 

P35240 Merlin 
rs2229064, 
Q344H 

PF00769_
PF09379 0.692 0.5 -0.192 

P13236 MIP-1-beta(3-69) 
rs1130750, 
P20L 

PF00048_
PF09213 0.631 0.44 -0.191 

Q00653 Nuclear factor NF-kappa-B p52 subunit 
rs11574848, 
A392G 

PF00023_
PF01833 0.61 0.437 -0.173 

P11215 Integrin alpha-M 
rs1143679, 
R77H 

PF00092_
PF03921 0.786 0.621 -0.166 

P20333 
Tumor necrosis factor-binding protein 
2 

rs2228494, 
V187M 

PF00020_
PF09305 0.655 0.534 -0.121 

Q8WUM4 
Programmed cell death 6-interacting 
protein 

rs3792594, 
A309T 

PF03097_
PF09279 0.513 0.456 -0.057 

 

Visualization pipeline in Pymol. The results of the visual inspection revealed a number 

of candidate variants that appeared to overlap with either interacting residues or conserved 

residues, and that furthermore appeared to abolish interaction with some of the interacting 

residues when the rare variant was incorporated into the mutant. One of the clearest results 

was protein disulfide-isomerase A6 (PDIA6), Uniprot ID Q15084. PDIA6 has a K214R variant that 
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falls at the edge of the conserved internal binding pocket (Figure 3.6) and in the mutant turns 

the majority of the interacting residues into non-interacting residues (not shown).  

 

Figure 3.6   Identification of a disruptive sequence variant in the suspected HIV-1 cofactor, 
human protein disulfide-isomerase A6 (Uniprot ID Q15086), by visual inspection of predicted 
interface and conserved sites. 

PDIA6 has a functional and sub-cellular location very similar to a better-characterized cofactor, 
cyclophilin alpha, and is likewise believed to play a role in unfolding proteins. Visualization of 
the predicted interface for the wild—type (left, red box) reveals a typical configuration of a 
conserved binding pocket (left, yellow spheres) encircled by solvent-accessible residues (left, 
green spheres). Conservation is shown on the right. A non-synonymous K214R variant (left, red 
circle) which locates to the interface abolishes interaction of the internal pocket. 

 BLAST homologs increase discovery rate of nsSNPs that alter interaction strength with 

HIV-1 proteins. Searching for ipHMM domain-domain interacting families (DDIs) using Pfams 

detected in PSI-BLAST homologs of the gold-standard set of human – HIV-1 PPIs increased the 

discovery rate for variants that affect interaction with HIV-1 proteins (“true positive” rate), 

relative to the discovery rate for variants that affect interaction with non-HIV-1 proteins (“false 

positive” rate), in certain cases. The greatest increase was for human cyclophilin-α (Uniprot ID 

P62937). For this protein’s homologs, 36% of nsSNPs were predicted to have an effect on 

interaction strength with domains belonging to HIV-1 homologs (“true positive” rate), while 

only 7% of nsSNPs were predicted to have an effect on interaction strength with domains 
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belonging to non-HIV-1 proteins (“false positive” rate). By comparison, approximately an equal 

number of the original protein’s (Uniprot ID P62937) nsSNPs had an effect on interaction 

strength with HIV-1 and non-HIV-1 related domains (14% vs 18%). In general, however, there 

was no increase in discovery rate.  

3.6.5 Discussion 

The discovery of 4 members of the HLA locus confirms the validity of the methods, as 

genes in the HLA locus currently account for the great majority of observed variability in 

susceptibility to HIV-1 (Pereyra et al., 2010). More importantly, the discovery that 7 well-

characterized human cofactors of HIV-1 infection were predicted to contain variants at 

interface residues and to have a highly negative change in interaction probability with the 

nsSNP rare form confirms the potential for the computational pipeline laid down in Chapter III 

to make predictions of biological and medical value. The nsSNPs of these 7 proteins - Hck 

kinase, RAD23, APOBEC3F, importin-α1, TRIM5α, NFkβ subunit p52, and Alix  – caused a 

predicted ∆p (mutant – wild-type) of between -0.64 and -0.06.,  ∆p < -.50 in 3 cases.  

These 7 proteins might be as-yet-undescribed resistance alleles in known hijacked 

proteins, and should be further studied either computationally or experimentally. Therefore, 

these 6 proteins were investigated later, along with 19 other biochemically-characterized 

human cofactors and all associated nsSNPs, using a docking / machine-learning methodology 

whose development is described in section 4.7. 4 of these 7 were also predicted by this later 

model to lose binding with their HIV-1 partners (Hck kinase, APOBEC3F, importin-α1, and Alix) 

(section 4.7). The tumor suppressor p53, BST-2, and NFkβ p52 could not be submitted to the 
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machine-learning model, and therefore of the potential overlap of 4 predictions between the 

two prediction methods, 4 / 4 were in agreement. 

An additional 28 human proteins were found to contain variants at predicted interfaces, 

and lose at least .05 probability for the mutant. The top-ranked candidates are known to be 

involved in diverse functions, but a number are lymphocyte-specific, while other appear to be 

involved in vacuolar sorting, DNA damage repair, or metabolism, all of which are known 

pathways affected by HIV-1. These predictions themselves are of potential biological and 

medical relevance, and are useful targets for future experimental validation efforts.  

 

3.7 Future directions – expanding the pipeline using docking 

As the pipeline described above depends on structural information for domain-domain 

interactions, its primary limitation is the lack of significant structural information about HIV-1 – 

human PPIs (and their constituent DDIs). The use of more distant homology thresholds (PSI-

BLAST vs Pfam family membership) did not improve the discovery rate for nsSNPs that affect 

interaction with HIV-1 proteins, in most cases. To address the limitation of insufficient 

structural information for complexes, docking could be used, as the separate structures of 

human and HIV-1 interacting proteins pairs are generally known, as are interacting residues for 

at least 71 of the approximately 130 well-characterized interactions in the literature (Figure 

3.7). Docking of these pairs, if successful, could greatly enrich the dataset upon which the 

ipHMM used in this study could be trained. These pairs, additionally, contain at least 15 

instances in which nsSNPs are present at the interaction interface. However, docking would 
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also generate conclusions without the computational topology of the ipHMM. Thus, docking 

and predictive algorithms based on docking forms the subject matter of Chapter IV. 

 

 

Figure 3.7   Structural and interaction site information for biochemically-characterized HIV-1 – 
human protein-protein interactions. 

Although structural coverage of human and HIV-1 proteins involved in biochemically-
characterized interactions is incomplete, at least 23 interactions could be investigated using 
protein-protein docking, 15 of which contains nsSNPs within the known interface.  
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Chapter IV: A COMPUTATIONAL MODEL FOR PREDICTING BINDING LOSS 

DUE TO PROTEIN MUTATION 

4.1 Experimental methods for the study of altered protein binding 

A number of large-scale experimental studies have investigated and shed light on 

various aspects of protein binding (Farady et al., 2007; Keeble et al., 2008; Kelley et al., 

1995; Lu et al.,  2001; Reichmann et al., 2005, 2007). Such studies have primarily measured and 

characterized binding of using surface plasmon resonance, isothermal titration calorimetry or 

spectroscopic techniques. The experimental characterization of protein binding, and especially 

binding of protein mutants, is generally a time and resource-intensive endeavor. Therefore, 

large-scale studies of the complete dynamics for a number of systems (protein pairs) can often 

benefit from alternative methods. Combinatorial methods exist that allow dynamics of protein 

binding to be inferred without direct experimental measurement (Ernst et al., 2010; Fowler et 

al., 2010; Pal et al., 2005; Whitehead et al., 2012; Wu et al., 2011). However, these methods can 

suffer from challenges arising from library generation, display, selection and sequencing (Araya 

and Fowler, 2011). Currently, it is unlikely that any of these methods alone will be able to keep 

up with the abundance of data generated by modern genomics initiatives.  

 

 

http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-14
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-32
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-33
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-33
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-44
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-45
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-55
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-56
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-13
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-19
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-19
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-50
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-67
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-69
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-3
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-3
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4.2 Computational methods for prediction and study of altered protein 

binding 

As a result of the challenge of fully characterizing protein mutant binding dynamics, and 

thanks to computational resources (hardware and programming capabilities), computational 

models are an attractive option where structural data are available. Methods such as MM-PBSA 

and MM-GBSA can be used to derive free energies from structural ensembles generated using 

Monte Carlo sampling or molecular dynamics simulation. However, errors can arise from force 

field approximations and insufficient conformational sampling, and the production of 

trajectories can be costly (Hou et al., 2011). Promisingly, it is possible to produce empirically 

parameterized functions for the physical modelling or statistical inference of ΔΔG (Benedix et 

al., 2009;  Kamisetty et al., 2011) or even ΔΔH, ΔΔS, Δkon and Δkoff. Such empirical functions 

have the potential to be highly efficient and, where the role of conformational flexibility is 

limited, highly accurate. These methods are limited by the availability of training data; with 

greater data, finer inferences can be made and a broader range of phenomena investigated 

(Fleishman and Baker, 2012). However, special care must be taken to avoid subtle ways of 

overfitting or deriving overly optimistic estimates of the generalisation error. 

Computational prediction of the functional effect of altered PPI interfaces is 

complicated by some of the same problems as is experimental characterization. In particular, 

the various types of interactions in which proteins engage, as well as the various ways in which 

these interactions can be modified, makes prediction of binding effects challenging. 

Interactions can be either long-term or transient, with the latter posing particular problems due 

to the importance of flexible loop regions in mediating interactions (Yates and Sternberg, 2013). 

http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-26
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-8
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-8
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-29
http://bioinformatics.oxfordjournals.org.proxy.library.georgetown.edu/content/28/20/2600.full#ref-16
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Alteration of an interaction can be due to either a modification in affinity (up or down), 

disruption of protein stability, or gain/loss of a site for post-translational modification such as 

phosphorylation or glycosylation. This study focuses on the first type of alteration: modification 

in binding affinity due to protein mutation.  

Mutations causing great increases in affinity are rare in comparison to those that cause 

great decreases, although it is speculated that the former may play a key role in cancer 

progression (Yates and Sternberg, 2013). It is easier to compare the latter sort, as existence of 

an interaction prior to mutation (i.e. when both proteins are in wild-type form) provides a 

reference point for assessing structural changes. This fact can be leveraged (e.g. by 

computational tools) for insight into the effect of nsSNPs or other mutants at the interface.  

 

4.3. Docking tools and methodologies 

4.3.1 General overview 

Protein-protein docking is the computational simulation of the physical interactions 

between two proteins. Originally developed in the 1970s, protein docking has gradually evolved 

from a method for analyzing the interaction sites of protein surface, to a method for predicting 

the precise mode of association (the structure of the protein-protein complex). Since 2002 

(Janin, 2002), docking methods have been evaluated and compared on a yearly basis to assess 

the quality of docking prediction in the community-wide Critical Assessment of  Predicted 

Interaction (CAPRI) competitions.  
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In general, docking has been highly successful at predicting the structure of complexes 

that undergo minimal conformational rearrangement, i.e. complexes for which the interaction 

site on both proteins maintains a stable secondary and even tertiary structure during 

association. Certain docking tools have capitalized on this success by introducing faster, more 

efficient forms of rigid-body docking, with the aim of enabling docking predictions to be made 

for entire protein interactomes (e.g. GRAMM-X, Tovchigrechko and Vakser, 2006). Such docking 

tools do not require a priori knowledge of interface residues, the sites at which protein 

interaction occurs for both proteins.  

Docking has experienced greater difficulty at predicting the structures of complexes for 

which flexible loop regions play an important role, as these often undergo significant 

conformational rearrangements during association. In response to this challenge, docking tools 

such as HADDOCK (Bonvin, 2006) and PatchDock (Schneidman-Duhovny et al., 2005) have 

developed capabilities for simulating extensive flexible and loop regions during docking, with 

some success (Janin, 2010). Although flexible interfaces remain a challenge for docking tools, 

attempts to meet this challenge have resulted in sophisticated refinement algorithms which 

allow for extensive amino-acid side-chain rotation and a degree of protein backbone 

conformational rearrangement. Most notably, RosettaDock (evaluated in recent rounds of 

CAPRI by Sircar et al., 2010) and HADDOCK use high-quality force-fields that actually bear a 

close resemblance to empirical energy quantities. HADDOCK was reported to provide best-in-

class docking predictions in a recent round of CAPRI, provided interacting residue information 

was available (results were competitive with other top-scoring tools when no such information 

was provided) (Janin, 2010).  Because of this capability to be the best potential docking tool, 
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given the right information, HADDOCK was chosen as the primary docking tool for analyses and 

model generation efforts in Chapter IV. 

4.3.2 Overview of HADDOCK 

HADDOCK (High Ambiguity Driven protein-protein Docking) evolved from a suite of tools 

designed for generating three-dimensional structures from nuclear magnetic resonance (NMR) 

data (Dominguez, Boelens, and Bonvin, 2002). As such, in addition to its high-quality force fields 

that allow extensive refinement of residue conformations around the interface, HADDOCK 

takes advantage of empirically-derived biochemical or biophysical interaction data (Dominguez, 

Boelens, and Bonvin, 2002). This data comes in two forms, with Ambiguous Interaction 

Restraints (AIR) the primary and most common. AIRs are ambiguous distances between all 

interacting residues, and are defined as either active (directly mediating protein-protein 

interaction) or passive (contributing to the desolvation potential through interactions with 

surrounding solvent). Interacting residues can be either experimentally-derived (e.g. by 

mutagenesis experiments) or computationally predicted (e.g. by tools such as CPORT (de Vries 

and Bonvin, 2011)).  
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Figure 4.1   Ambiguous Interaction Restraints (AIRs) used by HADDOCK docking tool. 

AIRs are all possible residues that are known experimentally or through predictive models to mediate 
association between two proteins. The HADDOCK webserver (De Vries, Van Dijk, and Bonvin, 2010) uses 
two kinds of AIRs, as illustrated in the cutaway of an interaction interface between two generic proteins 
(chains A and B). Active residues are contact residues at the core of the interface between two proteins, 
while passive residues are partially solvent-accessible and generally found at the interface periphery. 
Both active and passive residues contribute to the overall free energy of binding or ∆G.  

In addition to AIRs, HADDOCK can use restraint information derived from residual 

dipolar coupling or diffusion anisotropy experiments. The former provides fixed distances 

between pairs of atoms, which may be on opposite chains (proteins) in a complex and thus give 

global information about the structure of the complex, or in the same chain, and give 

information about the conformational rearrangement undergone during binding. The latter 

provides information about atomic bonds that show similar excitation and relaxation behavior, 

and therefore may provide information about which atoms are of particular importance at the 

interaction interface – so-called “hot spot” residues. An illustration of these additional forms of 

biophysical evidence of which HADDOCK is capable of taking advantage is shown in Figure 4.2. 
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Figure 4.2   Additional HADDOCK restraint information. 

Residual dipolar coupling (RDC) allows the calculation of fixed distances between atoms on 
opposite chains of a complex which gives information about global structures (solid red circles). 
Diffusion anisotropy (DANI) allows calculation of bonds that relax together, which gives 
information about the dynamics of the complex e.g. at interface residues (transparent 
overlapping red circles).  

 

4.4 Pilot docking study #1: Recapturing structures of solved HIV-1 – human 

(crystal) complexes in the Protein Data Bank using HADDOCK 

Following up on results from earlier research efforts (Part 3), for which the lack of 

substantial crystal structural information about HIV-1 – human interacting protein pairs 

specifically (and virus-host interacting pairs generally) was the primary limitation, a docking 

experiment was performed to assess whether HADDOCK could successfully dock HIV-1 and 

human proteins, thereby enriching the knowledgebase of HIV-1 – human protein complexes.  

4.4.1 Methods 

The Protein Data Bank or PDB (Bernstein et al., 1977) was used to find all known crystal 

complexes of HIV-1 – human protein pairs. In all, 17 PDB entries could be found, covering 4 HIV-

1 – human pairs. A consensus algorithm was written in Python (v2.7) to determine, for each 

pair, which PDB entry was most representative (least cumulative RMSD with all other entries). 
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The consensus approach was chosen in order to leverage the information contained with the 

ensemble of structures to the greatest extent possible, limited by the fact that HADDOCK does 

not allow ensemble docking. Different conformations are generally found in collections of PDB 

X-ray crystal structures for the same protein. Much of this conformational diversity can be 

useful for docking, as it provides information about the conformational rearrangement taking 

place during binding of a partner ligand or protein, improving accuracy of the final docking 

poses (Huang and Zou, 2007; Rao et al., 2008; Craig et al., 2010).  Docking tools take advantage 

of ensemble X-ray structures by using a consensus approach to guiding docking poses – poses 

commonly arrived at by members of the ensemble are weighted higher. Because of the early 

nature of this docking experiment, a simplified attempt to provide similar “consensus” 

structural information, but using only a single structure (i.e. the consensus structure), was 

made. Although this approach may not have been optimal or necessary (selection could have 

been simply the highest-resolution structure), it is unlikely to have actually harmed results 

because of the similarity among all structure ensembles used. The approach has some 

precedent in the refinement of NMR structures, as such ensembles are found to give almost 

complete coverage of a proteins conformational space with only a few (less than 10) structures 

(Best et al., 2006).   

Contacts and interface residues were calculated using representative complexes, 

according to criteria set forth by CAPRI (Janin, 2010) as any residue within 6.0 and 10.0 

angstroms of the opposite chain, respectively (using representative complexes selected using 

the consensus method). Contact and interface residues were used to generate active and 

passive restraints (respectively) for the HADDOCK webserver, by filtering only those with 
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surface accessibility > 50% in either the main chain or side chain, according to the HADDOCK 

manual (available online at http://www.nmr.chem.uu.nl/haddock/). Surface accessibility was 

calculated using the tool NACCESS (Hubbard and Thornton, 1993).   

Separate (non-complex) PDB structures for HIV-1 and human proteins were used; all 

hetero-atoms, or those not belonging to amino acids, often included to catalyze crystallization, 

were removed. The separate HIV-1 and human structure were submitted to the HADDOCK 

webserver (De Vries, Van Dijk, and Bonvin, 2010), along with active and passive residues. The 

best (highest combined HADDOCK score) complex from docking runs was used for scoring 

against the native, co-crystal complex. In this pilot study of HIV-1 – human complexes using 

HADDOCK, the organization of top docking results into clusters was ignored, although it was 

used later (see section 4.6). 

Docking results were scored using the CAPRI three-star system (Janin, 2010), which is 

shown in Table 4.1, below. CAPRI scoring criteria include fnat or the fraction of native contacts, 

RMSligand or the root-mean-square deviation of the smaller protein when the two complexes are 

aligned according to the larger protein, and RMSinterface or the root-mean-square-deviation of 

the interface residues when the two entire complexes are aligned. For root-mean-square 

calculations, the Python PDB module was used for structural alignments. 

4.4.2 Results 

The four HIV-1 – human protein pairs with co-crystal complexes in PDB were: gp120 – 

CD4, capsid – cyclophilin alpha,  integrase – LEDGF, and tat – cyclin T1. Gp120 envelope 

glycoprotein binds the human chemokine receptor CD4 as part of the entry process (Gershoni 
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et al., 1993). Capsid protein is bound by cyclophilin alpha (CypA) as part of an innate host 

defense mechanism evolved in primates against lentiviruses (Lin and Emerman, 2006; Towers, 

2007). Integrase binds LEDGF, a human transcription factor, in order to initiate transcription of 

a number of its early-expressed genes (Cherepanov et al., 2003). Tat binds the human cyclin T1 

/ p-TEFB cell-cycle regulatory complex as a means of amplifying HIV-1 gene expression in later 

stages, primarily making contact with the Cdk9 component rather than cyclin T1, although the 

latter is also required for binding (Tahirov et al., 2010). More recently, the solved crystal 

structure of the complex between HIV-1 Vif, cullin 5, and elongins B and C was submitted to the 

Protein Data Bank, but the present study (section 4.4) was performed before this structure was 

reported.  

Of the four docked HIV-1 – human protein pairs, all were acceptable (one star or 

greater). There were two one-star results (capsid-cypA and tat-cyclin T1), one two star result 

(integrase-LEDGF), and one three-star result (gp120-CD4). Scores for all four pairs are compiled 

in Table 4.1, below.  
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Table 4.1   RESULTS OF HADDOCK DOCKING OF HIV-1 – HUMAN CRYSTAL COMPLEXES IN THE 
PROTEIN DATA BANK. 

Four HIV-1 – human protein pairs were docked, using contact information from the co-crystal 
complexes highlighted in bold. The three CAPRI scoring criteria (described in 4.4.1 Methods) are 
shown, as well as the overall star rating, and the criteria for obtaining star ratings.  

HIV-1 
protein 

Human 
partner PDB entries fnat RMSligand RMSinterface 

CAPRI 
star 
rating 

Gp120/env CD4 

1G9M, 1G9N, 
1GC1, 1RZJ, 
2QAD 0.96 0.84 0.58 *** 

Capsid CypA 

1AK4, 1M9C, 
1M9D, 1M9E, 
1M9X, 1M9Y, 
2X2D 1 5.87 0.5 * 

Integrase LEDGF 
2B4J, 3F9K, 
3HPG 0.56 4.26 0.83 ** 

Tat Cyclin T1 3MI9, 3MIA 0.47 5.3 2.09 * 

    CAPRI star rating criteria   

  

*** > 0.5 < 1.0 < 1.0 
 

  

** > 0.3 < 5.0 < 2.0 
 

  

* > 0.1 < 10.0 < 4.0 
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Figure 4.3   Best HADDOCK result for docking of solved HIV-1 – human protein complexes. 

HIV-1 gp120 envelop glycoprotein (PDBid 1GC1, chain G) was docked against human CD4 
(PDBid 4H8W, chain C), a surface receptor, using contacts from the co-crystal complex of the 
two proteins (PDBid 1G9N). HADDOCK achieved a three-star (excellent) result according the 
CAPRI scoring criteria, with 96% of contacts recaptured, and RMSD values for the overall 
complex as well as interface of < 1.0 angstroms. 

 

4.5 Pilot docking study #2: Exploring the use of protein docking for predicting 

altered binding 

In an early attempt to co-opt docking tools, which had theretofore been used primarily 

for the prediction of structures of protein complexes, for the task of predicting affinity of 

complexes, Dell'Orco, De Benedetti, and Fanelli (2007) docked a number of enzyme-inhibitor 

complexes with known experimental free energy of binding (∆G) for both wild-type and 

mutants. 23 variants of the ribonuclease inhibitor-angiogenin complex (Ang-hRI) (Shapiro, Ruiz-

Gutierrez, and Chen, 2000), 15 variants of the barnase-barstar complex (Bn-Bs) (Schreiber and 
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Ferscht, 1995), and 8 variants of the bovine pancreatic trypsin inhibitor-β Trypsin complex (ß-

trypsin-BPTI) (Krowarsch et al., 1999)  were docked using ZDOCK(v2.3), and the authors were 

able to establish correlations between ∆G of binding and various ZDOCK scores of between 

R=.75 and R=.91, with highest results for Ang-hRI.  

4.5.1 Methods 

The Dell'Orco, De Benedetti, and Fanelli (2007) experiment was replicated in the present 

study using HADDOCK, supplied with AIRs from the solved co-crystal complexes of the enzyme-

inhibitor pairs in PDB. AIRs were calculated as surface residues within 5.0 angstroms of the 

opposite chain; passive residues were assigned automatically by the HADDOCK webserver. 

HADDOCK scores, including the “HADDOCK” score, energy scores, and physical scores, 

were calculated. These were averaged over different numbers of the top-ranked (by HADDOCK 

score) complexes – 10, 20, 50, 100, and 200 complexes. Additional scores such as the RMSD of 

the mutant and wild-type complexes, interfaces, or contact residues were generated. Also, the 

iAlign tool (Gao and Skolnick, 2010) was used to calculated an interface similarity score 

between mutant and wild-type complexes. The score with optimal correlation with 

experimental ∆G was sought, as was the optimal number of top complexes (nc) for the optimal 

score, across the three enzyme-inhibitor complexes.   

4.5.2 Results 

The majority of docking and external scores (e.g. iAlign, RMSD scores) did not display 

strong correlations with experimental ∆G of binding (R2 between 0.2 and 0.5). However, 

electrostatic and Van der Waals energy scores, as well as total energy scores, tended to 
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correlate with experimental ∆G much more strongly (R2 between 0.6 and 0.8). Among these, 

the best score differed among the three systems studied, with Van der Waals energy showing 

the best correlation (R2 = .76) for the ribonuclease inhibitor-angiogenin (Ang-hRI) system, total 

energy showing the best correlation (R2 = ) for the barnase-barstar (Bn-Bs) system, and 

electrostatic energy showing the best correlation (R2 = .87; .64 without wild-type) for the bovine 

pancreatic trypsin inhibitor-β Trypsin (ß-trypsin-BPTI) system. The top result (Bn-Bs) is shown 

below, in Figure 4.4. 

 

Figure 4.4   Pilot study for using HADDOCK to predict experimentally-determined alterations 
in binding due to protein mutation. 

A clear positive correlation between experimental ∆G and the HADDOCK total energy of 
docking can be seen. Results shown are for mutants of the barnase-barstar complex, for which 
the highest correlation was observed, although similar results were attained for the ß-trypsin-
BPTI complex. * HADDOCK scores are derived from energy fields but should not be interpreted 
as actual energy values (Kastritis and Bonvin, 2010).  
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4.6 Using docking features to predict binding loss – a machine-learning 

approach 

4.6.1 Overview  

Data sources. The recently-released SKEMPI database provides by far the largest 

publicly-available resource to date of kinetic information for protein mutants, with over 3,000 

mutants across 169 protein pairs (Moal and Fernández-Recio, 2012). Free energy of binding 

(∆G) values are provided for all mutant-containing protein pairs, as well as all wild-type pairs. 

This allows mutant pairs with diminished binding to be identified, and systematically sub-

divided into classes according to severity (e.g. by proportion of lost ∆G or increased kD). Since 

studies (e.g. Schuster-Böckler and Bateman, 2008) suggest that the majority of nsSNPs at 

interaction interfaces are not likely to affect interaction (even if, as found in Part3, nsSNPs at 

the interface are more likely to affect interaction than are those outside the interface) being 

able to create separate classes for mutants with merely altered interaction (“binders”) and 

those with abolished interaction (“non-binders”) is critical.  

Experimental design. This study presents a model that employs protein docking to 

predict complexes of a subset of mutant pairs in the SKEMPI database. The physical and energy 

scores from docking are used to train a machine-learning algorithm to differentiate between a 

class of binders and a class of non-binders, as described above. Because of its superior 

performance in recent rounds of the community wide Critical Assessment of Predicted 

Interactions competition (CAPRI) (Lensink and Wodak, 2010), especially when interface 

information is available, the HADDOCK docking tool (Dominguez, Boelens, and Bonvin 2003) is 
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used. Although the interface information used was obtained from co-crystal complexes, where 

these are not available for the over 1,000 HIV-1 - human protein pairs that may be investigated 

in the future, known interfaces for human proteins can be substituted. According to Franzosa 

and Xia (2011), considerable overlap exists between human-human and human-virus interfaces. 

Interfaces can be obtained from databases such as 3DID or iPfam. In fact, a tool based on 3DID 

recently developed by Gonzalez, Liao and Wu (2013) can provide a confidence score to rank 

interacting residues. Alternatively, interacting-residues prediction programs such as ProMate 

(Neuvirth, Raz, and Schreiber, 2004) or the consensus tool CPORT (de Vries and Bonvin, 2011) 

can be used. 

 

Figure 4.5   Distinguishing binding from non-binding protein mutants. 

Subtilisin BPN and its inhibitor in Streptomyces are shown (PDBids 1SUP and 3SSI, respectively; 
co-crystal complex has PDBid 2SIC) to illustrate the docking experimental design.  The greatest 
upper outlier for conservation score among the binders, a M73D mutant in the inhibitor (green 
spheres), was classified as a non-binder using the conservation score and contact energy. 
However, docking scores are able to reveal significant redistributed binding, potentially 
explaining the mutant’s mode of retaining binding, and also correctly predict the mutant as a 
binder. 
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∆∆ energy scores from docking. The proposed model also continues the development of 

“double delta” or “∆∆”energy scores (Figure 4.5, see 4.6.2 Methods for details). Moal and 

Fernández-Recio (2013) used statistical pairwise amino acid potentials to predict ∆∆G of 

SKEMPI mutants, while Demerdash and Mitchell (2013) developed a hybrid model containing 

energetic and non-energetic terms in order to re-rank docking results and select “native” poses 

from thousands of decoys. In comparison to these methods, the proposed model uses more 

extensive structural information, since it is based on entire docked complexes. SKEMPI mutant 

pairs as well as SKEMPI wild-type pairs are docked, ∆ scores for energetic effects across the 

entire interface or complex are calculated in each case, and then ∆ scores are compared to 

generate ∆∆ scores. The use of ∆∆ scores allows the proposed model to make predictions for a 

range of protein pairs (enzyme-inhibitor, ligand-receptor, or virus-host), especially when 

normalized as a proportion of the wild-type. Use of the entire complex allows for effects such 

as the strain imposed on bonds and angles underlying mutated residues to be measured, which 

is not possible for pairwise potentials. Because of the accessibility of the HADDOCK web-server 

(De Vries, Van Dijk, and Bonvin, 2010), future users of the model would not be significantly 

limited in the number of mutant protein pairs they wish to study. Users would need only to 

submit a pair of wild-type proteins (with contact information), and one or more mutant-

containing pairs of proteins.  
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4.6.2 Methods 

4.6.2.1 Training of Computational Model 

Calculation of interface and contact information. Contact residues for 39 binary 

systems (i.e.   protein pairs with one chain per protein) were identified using co-crystal 

complexes. The Critical Assessment of Predicted Interactions (CAPRI) benchmark of protein 

complexes is currently in its 4th iteration (Hwang et al., 2010). CAPRI 4.0 contains both co-

crystal complexes and separate, unbound forms of proteins; the 39 systems that overlap 

between CAPRI 4.0 and SKEMPI were used in this study. The NACCESS tool designed by 

Hubbard and Thornton (1993) for predicting surface-accessible residues was used to generate 

lists of active restrains (solvent accessibility of contacts >50% in the unbound structure). 

Contacts and interface residues were defined as residues in either chain with at least 1 atom 

within 6 or 10 angstroms, respectively, from the interacting chain. 

Selection of SKEMPI mutants for docking. In all, the 39 systems (wild-type protein pairs) 

contained 1064 mutants. However, only 498 of these were present within the interaction 

interface of the wild-type complex (Table S4.1). These 498 mutants were divided into binding 

and non-binding classes using KD threshold criteria. The threshold criteria were determined by 

generating a distribution of KD-fold, or ratio of mutant KD over wild-type KD. The distribution 

displayed strong bimodal behaviour, suggesting that a biologically-relevant separation could be 

made between binders and non-binders based on KD (Figure S4.1). Visual inspection of the 

bimodal KD-fold distribution allowed the following definition of binding and non-binding classes 

for SKEMPI mutants: 
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• Binders:  wild-type KD > mutant KD > 10(wild-type KD) 

• Non-binders: mutant KD > 1000(wild-type KD) 

An undefined class could then also be defined: 

• Undefined: 10(wild-type KD) > mutant KD > 1000(wild-type KD) 

The docking procedure is described below, in section 4.6.1.4. Only successfully-docked binders 

and non-binders were used for training, although the undefined class of mutants was used for 

testing.  

        Creation of mutant proteins. For mutant-containing pairs (the majority), amino acid 

substitutions were performed in the molecular dynamics and visualization environment 

Chimera (1.8.1) (Petterson et al., 2004) using the Dunbrack rotamer library (Dunbrack and 

Karplus, 1993). 

        Docking. All 498 of the interface mutant pairs as described in section 5.6.1.2 were 

docked using HADDOCK. HADDOCK was then given contacts derived from the co-crystal 

complexes (as described in 5.6.1.1) as active interface restraints (AIRs) and used to dock the 

two separate structures in each protein pair. All hetero-atoms (atoms not belonging to the 

protein, such as those in water molecules or chemical groups added to aid in crystallization) 

and additional chains were removed prior to docking. Also, duplicate atoms were removed. 

Wild-type protein pairs were docked, followed by their 498 associated mutant pairs (interface 

mutants only) (Figure S4.1, left). 
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Filtering of docking results. The performance of the classifier depends on the quality of 

docking results. All scores were averaged over the top 10 poses from the highest-ranking 

HADDOCK cluster, a common refinement step for docking algorithms (Vajda and Kozakov, 2009) 

that has been reported to improve the quality of docking results (Lorenzen and Zhang, 2007; 

Kozakov et al., 2010). Also, all wild-type results were compared to their co-crystal complexes to 

ensure their poses were biologically acceptable. The fraction of native contacts (fnc), the ligand 

RMSD (l-RMSD), and interface RMSD (i-RMSD) were calculated and star ratings were given 

according to standard CAPRI protocol (Janin, 2010). Pairs with less than one star were 

discarded, along with associated mutants.  

∆∆G Feature creation. Initially, 21 features were calculated from the HADDOCK docking 

runs (Figure 4.6). Except for the conservation score, an external metric and common tool for 

predicting loss of binding, all scores were ∆∆ energy or ∆∆ physical scores. ∆∆ scores are based 

on ∆ scores, which themselves are used by docking programs to score poses (change in energy / 

physical parameter upon binding). ∆∆ scores are the difference (mutant – wild-type) in ∆ 

scores, comparing the “quality” of binding in the mutant, with reference to its original wild-type 

complex (Figure 4.5, right). All ∆∆ scores except for two residue-residue contact potentials (see 

paragraph below) were normalized as a proportion of the wild-type ∆ score. Physical ∆∆ scores 

included differences in the buried surface area (BSA) and conformational rearrangement during 

binding. Energetic ∆∆ scores included differences in electrostatic, Van der Waals, or covalent 

bond energies at various sites in the complex, such as the interface, internal regions (core), 

entire complex, or entire complex plus water solvent (Figure 4.6).  
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The conservation score (first external metric) is calculated as the inverse of conservation 

values from the replacement matrix from Le and Gascuel (2008).  Inverses were used in order 

that more severe mutants would have higher scores. For multiple-mutant protein pairs, 

inverses for individual mutants were summed.  

As a second external metric commonly used to predict loss of binding, residue-residue 

(pairwise) contact potentials were calculated. These were calculated by combining ∆∆ 

HADDOCK Van der Waals and electrostatic scores at the level of individual contact residues 

(Figure 4.6, green bars), rather than for the whole interface. Finally, a combined external model 

(CEM) was created using both external metrics (conservation and pairwise contact potentials).  

Feature selection. Weka is a flexible, Java-based environment for machine learning 

algorithm development (Hall et al., 2009). In the current version (3.7), Weka supports a number 

of feature-refinement protocols, including CfsSubsetEval, which minimizes redundancy among 

features, and BestFirst, which maximizes the informativeness (predictive value) of features. 4 

features, present at least 80% of the time during tenfold cross-validation, using the 

CfsSubsetEval Attribute Evaluator with the BestFirst Search Method in Weka 3.7, were kept in 

the final model. 

Machine-learning model. Random forests, formalized by Breiman (2001), are a family of 

ensemble classification methods that are particularly adept at learning complex “either-or” 

relationships among features. The model presented in this study consists of a random forest 

classifier (N=100) created in Weka 3.7 using a core of the 4 most informative features (Figure 

4.6, blue bars). This classifier was trained according to the class labels of “binding” and “non-
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binding”, defined as mutant protein pairs with kD < 10x wild-type and > 1000x wild-type, 

respectively (kDfold < 10 and > 1000).  

4.6.2.2 Testing of Computational Model 

Tenfold cross-validation using training set. The classifier was tested using tenfold cross-

validation on the training set. HIV-1 – human dataset. In addition, the classifier was tested on a 

set of 15 mutant-containing HIV-1-human protein pairs (10 binders, 5 non-binders): 6 Capsid – 

Cyclophilin A mutants from SKEMPI [2], 3 Vpr – TFIIB mutants (Agostini et al., 1999), and 7 

integrase – LEDGF mutants (Cherepanov et al., 2005). For the HIV-1 test set, mutations were 

approximately evenly distributed among HIV-1 and human proteins. Glioblastoma dataset. 

Finally, the classifier was tested on a set of 7 human mutant-containing protein pairs thought to 

play a role in the development of glioblastoma by losing interaction (Nishi et al., 2013). The 

glioblastoma set was used because, unlike the majority of the HIV-1 set, quantitative 

information (∆∆G) on loss of binding affinity was available. 

4.6.3 Results 

4.6.3.1 Training 

Binders and Non-binders. Initially, the 498 mutants were divided into 166 binders, 151 

non-binders, and 181 mutants of indeterminate class. Following removal of the incorrect wild-

type docked pairs and associated mutants, 87 binder and 80 non-binders remained, as well as 

36 mutants of indeterminate class.  

Docking. In preparation of the training dataset, 32 out of 39 wild-type protein pairs 

could be docked; 7 had to be discarded along with associated mutant-containing pairs (424 / 
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498 successfully-docked mutant pairs). Exactly half of the remaining docked wild-type pairs (16) 

received at least a one-star rating (6 one-star, 10 two-star) (not shown). Three wild-type docked 

pairs received a one-star rating but were omitted because the interaction partners were 

rotated or 180 degree around the interface, compared to the co-crystal complex. 167 mutant-

containing pairs (87 binders, 80 non-binders) were associated with these 16 wild-type pairs, 

and were subsequently used for training. 

Features. Of the 21 original features, 5 appeared to provide optimal performance 

according to both BestFirst exhaustive subset sampling in Weka and classifier precision and 

recall. These 5 were also the most informative, and appeared to measure distinct aspects of 

binding, including free energy, buried surface area, and improper-bond energy. However, the 

phi-psi angle feature was removed because it offered little extra performance when added to 

the other 4. The 4 features used in the final model, as well as features used to approximate 

residue-residue (pairwise) contact potentials, are shown in Figure 4.6. For the 4 final features, 

the difference in distributions for true binders and true non-binders is evident, with higher 

average values and proportionally even higher variance for non-binders (Figure 4.7), despite the 

presence of a number of positive outlier scores among binders (~10% binders for all features, 

excluding BSA). The difference in binder and non-binder distributions is markedly less 

pronounced for the conservation score (Figure 4.7, top left), underscoring the information 

gained from docking. 
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Figure 4.6. Docking-derived and conservation features for predicting loss of binding. 

 In all, 21 features candidate features generated during docking were sampled in Weka (and 
one external amino-acid replacement score based on sequence conservation). The features 
selected for the final model are shown in blue with double-lined edges, while features used to 
capture residue-residue contact potentials are shown in green with bold edges. The 
conservation feature was also used in the combined e Binders and non-binders are shown in 
tan and blue, respectively, while outliers are indicated by red plus signxternal model (CEM) 
(cons + green bars). 
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Figure 4.7. Boxplots of values for features used in model. Binders and non-binders are shown 
in tan and blue, respectively, while outliers are indicated by red plus sign 

4.6.3.2 Testing 

Tenfold cross-validation. The Q-value curve shows significant improvement in 

predictive performance compared to either the pairwise contact potentials or the combined 

model (CEM) of pairwise contact potentials and conservation score (Figure 4.8). The model 

(solid line) is able to make 34 correct non-binder predictions without incurring a false-positive, 

while the CEM (dashed line) is able to make only 23 such predictions. The model predicts half of 

true positives with a false discovery rate or FDR=2%, while the CEM predicts half of true 

positives with FDR=9% (Figure 4.8, red arrow).  
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A confidence threshold of c (nonbinder) > 0.60 was set by visual inspection. This corresponds to a FDR of 

10% and 73 positive predictions (64/80 true positive predictions) (Figure 4.8, blue arrow). This 

confidence threshold was used during additional classification tasks. The same threshold appeared to be 

optimal for binder predictions, as well: c (binder) > 0.60. The unlabeled set of mutant-containing protein 

pairs, those with kDfold between 10 and 1000, were largely classified as binders (Figure 4.9).  

 

      

Figure 4.8   Q plot for non-binders. 

The number of binding non-binding positive predictions is plotted against the false discovery 
rate (FDR). Performance of the model is shown for all features (solid line) as well as subsets 
(compound lines). Performance of the model can be compared to that of typical predictive 
methods that do not use full interface information, such as amino-acid replacement scores 
based on sequence conservation, pairwise amino-acid energy potentials (dots), or both (CEM - 
dashed line). The red arrow on y-axis indicates half of all positive predictions. The blue arrow 
(top, x-axis) indicates the FDR corresponding to a confidence threshold of c > 0.60 for positive 
predictions. 
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External testsets. HIV-1 – human. For the HIV-1 test set of 15 mutant protein pairs (5 

binders and 10 non-binders), 11 predictions were made. 7 predictions were correct. 3 of the 4 

errors were false binder predictions; only one false non-binder prediction was made. The FDR 

was 20% for non-binders. Glioblastoma. For the glioblastoma test set (7 non-binders), 

predictions were made for all, with 5/7 correct (FDR=29%). Increasing the threshold to conf > 

0.80 resulted in 4/4 correct predictions (FDR=0%). HIV-1 – human / Glioblastoma combined. 

Combining results from the sets of HIV-1 – human and human – human glioblastoma mutant 

protein pairs, 10 non-binder predictions were made (conf > 0.60), of which 9 were correct 

(false-discovery rate of 0.1). The average confidence of non-binder predictions was 0.86 (out of 

a maximum of 1).  

 

Figure 4.9   Confidence of Non-binding Class Prediction vs. Experimental kD and classification 
of undefined mutant protein pairs. 

The majority of binders and non-binders are clustered close to the lower and upper x-axes. The 
confidence threshold of c > 0.6 used for non-binding predictions is shown as the dark horizontal 
line.  
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4.6.4 Discussion 

An estimated 10,000 – 25,000 SNPs (de Beer et al., 2013) that code for altered versions 

of 3,200 human proteins (OMIM, 2014) (non-synonymous SNPs or nsSNPs) are believed to play 

a role in disease. It has been estimated that as much as 10% of these nsSNPs may exert this 

effect by altering protein-protein interactions (Ferrer-Costa et al., 2002), including with viral 

proteins (e.g. the CCR5∆32 mutation).  

However, existing techniques such as amino-acid conservation scores are insufficient for 

predicting mutations that disrupt interaction, particularly in a disease context. A recent 

structural SNPs survey by Das et al. (2014) found that variants at interaction interfaces tend to 

disrupt interactions of greater biophysical strength, compared to variants outside the interface. 

However, variants at interaction interfaces do not fall upon more highly conserved residues, 

compared to those outside. Therefore, measuring the magnitude of binding energy disruption 

(∆∆G or other ∆∆Escore) seems to be a promising means of improving predictive capabilities. 

A handful of other studies have recently used the SKEMPI database of experimentally-

defined kinetic mutants, either for training (Moal and Fernández-Recio, 2013) or validation 

(Demerdash and Mitchell, 2013; Dehouck et al., 2013) of predictive models of protein 

interaction. These studies are encouraging, as they are among the first successful attempts to 

make binding predictions that are generalizable across proteins pairs and that do so using 

energy scores. However, these models mostly employ pairwise residue/atomic contact 

potentials. The novel predictive model presented here adds to such models, using the full 

structure of the protein interaction complex, in particular the interface, as depicted in Figure 
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4.5. HADDOCK docking excels at optimizing backbone and side-chain conformations at the 

interface, and provides various physical and energy-based features (Figure 4.6). The model 

performs particularly well at predicting mutant protein pairs with strongly-diminished affinity of 

interaction (non-binders), distinguishing them from more subtle mutants on the basis of 

characteristic patterns of redistributed binding at the interface. Specifically, less favorable 

changes in energy upon binding in mutants compared to their wild-type “parent” protein pairs 

(+ ∆∆ energy scores), as well as the presence of markedly fewer outliers, appear to define non-

binders (Figure 4.7). The model shows several advantages over existing methods in 

performance terms, notably its low false discovery rate (FDR), with ~50% non-binders correctly 

predicted with an FDR of 2%, compared to an FDR of 9% for a combined model (CEM) based on 

conservation scores and pairwise residue contact potentials (Figure 4.8). The model displayed a 

clear tendency to make high-confidence predictions for both binders and non-binders, as can 

be interpreted visually by the clustering of points along the x-axes in Figure 4.9. Figure 4.9 also 

shows that the majority of mutants with indeterminate status (between binders and non-

binders, i.e. with kD between 10 and 1000 times wild-type’s) were classified as binders, which 

may reveal an underlying biological fact about these mutants.   

Validation on external test sets of HIV-1 and human glioblastoma mutants showed 

results similar to those from tenfold cross-validation, in particular for non-binding predictions. 

The FDR for non-binding predictions was found to be 10%, with 53% true positives predicted. 

Although the rate of false predictions was notably higher for binders, increasing the confidence 

threshold modestly eliminated 2 of 5 false binders without losing any true binders. These 2 

“rescued” predictions were both found in the glioblastoma test-set. This suggests that 
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tightening the confidence threshold is an effective means of adjusting the model to eliminate 

false predictions, supporting results from cross-validation (Figure 4.8). The concentration of the 

remaining errors in the HIV-1 dataset suggests that the non-quantitative terms from literature 

used to assign class labels may have been ambiguous. The glioblastoma mutants all had 

experimentally-measured + ∆∆G values, and had more experimental evidence of binding loss. 

Pairwise residue contact potentials derived from docking were among the most 

informative on an individual basis, but did not combine well with the most informative core 

features, being largely redundant with other features of the model. Future research may seek 

to apply residues-residues potentials in an alternative manner (e.g. intra-protein contacts to 

measure conformational change upon binding).  

The finding that greater buried surface area (BSA) was characteristic of non-binders, yet 

is typically associated with higher binding affinity in experimental findings (Das et al., 2014) also 

warrants deeper investigation (Figure 4.7). One possible explanation is that docking 

redistributes binding primarily by replacing a small number of large-energy interactions (such as 

ionic) with a larger number of smaller-energy interactions, such as Van der Waals. This 

possibility was investigated by visualization in Pymol. The strength of energy changes (in 

particular Van der Waals) was consistently found to be greatest near the site of mutation, with 

smaller changes at the interface periphery. Although common among both binders (Figure 4.5, 

bottom right) and non-binders, this was more prominent among the latter. BSA also contained 

the fewest outliers of any feature in the model (Figure 4.7, red plus marks), suggesting that 

binding redistribution is consistently different for the two classes. Tools such as ZRANK are 
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adept at “re-ranking” docking predictions using specialized energy scores, and have proven very 

successful in docking competitions (Pierce and Weng, 2008). These may be able to shed insight 

into the phenomenon of extensively-redistributed binding, specifically how it differs for 

biologically realistic docking predictions (binders) vs. artefacts (non-binders). 

The existing model could be expanded to include other classes of altered binding, such 

as “super-binders” with enhanced affinity. Future development of docking / machine-learning 

hybrid methods for predicting binding may benefit from additional physical features to 

complement the energy scores that formed the primary feature set of the current, as well as 

previous, models. For example, the type of energy driving interaction at the core of the 

interface, where so-called “hot spots” predominate (Moreira, Fernandes, and Ramos, 2007), is 

often distinct from that found at the periphery of the interface, where interactions with and 

exclusion of water play an important role (“O-ring” theory of Bogan and Thorn (1998)). Patterns 

of clustering and connectivity among interface residues have been used to define families of 

interfaces (Gao and Skolnick, 2010), often with conserved function, and are increasingly being 

used to rank docking predictions (Gao and Skolnick, 2011). Additional structural elements such 

as fold or motif could be included, again bringing more structural “context” for energy scores. 

Ultimately, future methods should aim to create genuinely mechanistic, rather than purely 

physical or energy, features. The functional insight that future tools such as the one in the 

present study might shed on interaction-altering human SNPs would prove invaluable to the 

current understanding of human genetic variation in disease. 
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4.6.5 Limitations of the model 

 One important limitation of the model is that training was not performed on mutants 

with intermediate magnitude loss of binding affinity (with kD between 10 and 1000 times wild-

type’s). Because the kD of mutants or wild-type complexes submitted to the model during 

testing, in section 4.7, or in future prediction experiments is not likely to be known, the model 

is therefore likely to be forced to make predictions for classes of altered binding upon which it 

was not trained. Some of this fall-off in performance is evident from Figure 4.9. However, this 

limitation of the model reflects an underlying biological fact, the lack of separation of mutants 

into clear “binding” and “non-binding” classes in nature. Ignoring the mutants with 

intermediate binding loss resulted in improved predictions, which strongly suggests that 

mutants with greatly-diminished binding are different than those with only subtly-diminished 

binding, in nature, despite this biological reality and limitation.  

Docking errors posed more serious limitations to the model. 7 of 39 wild-type pairs 

could not complete docking on the HADDOCK webserver 

(http://haddock.science.uu.nl/services/HADDOCK/haddock.php). All associated mutants (74), 

although many completed docking, could not be used in the model.  More importantly, of the 

32 wild-type protein pairs that completed docking, 16 had to be discarded because of incorrect 

docking results, when compared to the reference co-crystal complexes. This resulted in the loss 

of 217 mutants, over half of the original number (383).  
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 Prior to removal of 217 mutants associated with the 16 incorrect wild-type pairs, a 

considerable number of non-binders (46) were not correctly classified (using a threshold of pnon-

binders > .65 for non-binders, and pnon-binders < .65 for binders), and will be referred to as false 

binders (FB). Notably, a number of these false binders had a very low pnon-binders, with 12 less 

than 0.20. In order to investigate whether the false-binders were a result of incorrectly-docked 

wild-type pairs, an experiment was performed that used the reference co-crystal complexes in 

place of docked wild-type pairs. The experimental design and results are described here. 

 

4.6.5.1 Methods - redocking of incorrectly-docked wild-type pairs   

All 46 false-binders (FB) were “redocked” using refinement docking in HADDOCK (also 

on the webserver). This consisted of first submitting each co-crystal complex associated with 

the 46 FB to HADDOCK refinement docking and generating scores from the output (as for the 

model). Then, each of the 46 mutations was introduced directly into the reference co-crystal 

complex, submitted for HADDOCK refinement docking, and the output scored. This was 

repeated for 46 randomly-selected true-positive non-binders (TNB) and their associated 

reference co-crystal complexes. The differences in original docking and redocking were 

compared for FB and TNB mutants. The experimental design is illustrated in Figure 4.10 below. 

The hypothesis was that redocking would be more different from original docking for FB, than 

for TNB.  
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Figure 4.10   Experimental design for testing hypothesis that false binder re-docking differs 
from control (true non-binder re-docking). 

The original model incorrectly predicted 46 non-binders as binders. Re-docking using 
refinement (introducing the mutation into the co-crystal complex and performing energy 
minimization in HADDOCK) tests the quality of the original wild-type docking.  

 

4.6.5.2 Results and Discussion - redocking of incorrectly-docked wild-type pairs 

Redocking of incorrect wild-type pairs classified as binders (FB) showed that there was 

more difference from original docking than was the case for the set of true positive non-binders 

(TNB), as the TNB scores were more closely correlated. This result was expected, since it shows 

that FB mutants were further from the positive control (redocking) of wild-type complexes, 

against which mutant complexes were measured (Figure 4.11). Original ∆∆G and other ∆∆ 

scores hovered around 0 for original docking of the FB set, suggesting that bonafide interface 

mutants were no longer present at the simulated interaction interface. By contrast, both 

redocking ∆∆G and original as well as redocking ∆∆G followed similar distributions of between -

0.01 and 0.08, with redocking FB also occupying the space between -0.04 and -0.01. The more 

negative range for FB redocked mutants may partially explain why the FB not belonging to 
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incorrect wild-type dockings were classified as binders: binders have, on average, lower ∆∆G 

(Figure 4.7).  

 

 

Figure 4.11   Results of redocking for free energy of binding (∆∆G) scores. 

The original ∆∆G for each mutant protein pair is plotted on the y-axis, against the redock ∆∆G 
on the x-axis. The range of redock ∆∆G values is similar for false binders (red circles) and control 
(true non-binders) (blue squares), whereas the range for original docking ∆∆G values is 
noticeably smaller for false binders. This suggests that important information about the 
disruptive effect of false binders was not captured during original docking.  

 

4.7 Prediction of nsSNPs that abolish human – HIV-1 protein-protein 

interactions using the docking model  

 The docking and machine-learning model described in section 4.6 was used to test for loss of 

binding in 23 cases where biochemically well-characterized interactions were reported in the literature, 

including interacting domain / residue information, and for which nsSNP(s) were known to occur in the 

human protein. For these 23 cases, structures covering both interface residues and nsSNPs were in the 
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Protein Data Bank, as well (Figure 3.7, copied below as Figure 4.12 to highlight protein pairs for which 

predictions were made).  

 

 

Figure 4.12   Structural and interaction site information for biochemically-characterized HIV-1 
– human protein-protein interactions. 

Although structural coverage of human and HIV-1 proteins involved in biochemically-
characterized interactions is incomplete, at least 23 interactions could be investigated using 
protein-protein docking, 15 of which contains nsSNPs within the known interface. Protein pairs 
containing nsSNPs that were submitted to the docking / machine learning model are indicated 
in red.  
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4.7.1 Methods 

 Interacting domains and residues were gathered from the literature for all 131 

biochemically-characterized human – HIV-1 interacting protein pairs. Non-synonymous single-

nucleotide polymorphisms (nsSNPs) were collected from Uniprot for the human proteins. 

Structures of proteins were collected from the Protein Data Bank; in cases where no structure 

was available, or where the known structure did not cover either interacting residues or nsSNPs 

(in the case of the human protein), Swiss Model Repository models with > 70% sequence 

identity with the template were used. Interacting proteins with structures covering both sides 

of the interface and including >1 human nsSNPs were cleaned (hetero and duplicate atoms 

removed, as described in sub-section 4.6.2.1.4), and submitted to the HADDOCK webserver for 

docking. The interface was calculated as any residue with 10 angstroms of a known contact 

residue; cases for which nsSNPs fell inside interfaces thus defined were noted. Mutant forms of 

the human proteins in these pairs were generated using Chimera, as described in sub-section 

4.6.2.1.3. For human proteins containing >1 nsSNPs, all nsSNPs were combined into a single 

mutant structure. For example, for human β-TrCP, both A543S (found at the interface) and 

P592H (outside the interface) were incorporated into the mutant form (Table 4.2). Mutant, 

nsSNP rare form – containing human proteins and their HIV-1 partners were submited to the 

HADDOCK webserver for docking. 

 Docking results were used to generate feature vectors containing the four features use 

in the machine learning model (Figure 4.6, blue columns). These feature vectors were 

submitted to the model for prediction of binding effects.   
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4.7.2 Results 

 For the 131 biochemically-characterized human – HIV-1 interacting protein pairs, 23 had 

structures covering both sides of the interface, as well as at least 1 human nsSNP (Figure 4.6). 

Of these, 18 could be successfully docked (both wild-type and nsSNP-mutant), including 10 with 

nsSNPs at the interface. CCR5-gp120, CCR2-gp120, PKR-Tat, SMUG1-Vpr, and p53-Nef could not 

be docked.  

 Of the 18 successfully-docked mutants, 10 were predicted to be non-binders, including 8 

of the 10 successfully-docked cases with nsSNPs at the interface and 1 case of a single-nsSNP 

mutant at the interface. By contrast, the 8 predicted binders were primarily external to the 

interface (6/8 cases), although there were 3 cases of single-nsSNP mutants for this class. Thus, 

predicted non-binders generally fell within the interface and had multiple mutations, while 

predicted binders generally fell outside the interface and had fewer mutations. These findings 

are in agreement with findings from Chapter III and Chapter IV section 4.6.  
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Table 4.2   PREDICTED LOSS OF BINDING DUE TO NSSNPS FOR BIOCHEMICALLY-
CHARACTERIZED HUMAN – HIV-1 PROTEIN PAIRS. 

Structural and interaction information is shown for human (left, blue headers) and HIV-1 (right, 
green headers) proteins. Interacting residues denote positions in the PDB structure provided. 
Human proteins with nsSNPs that fall at interface residues are highlighted in blue (nsSNPs in 
turquoise). Confidence of non-binding prediction is shown in the rightmost column for the 10 
predicted non-binders (nsSNP rare-form mutants). The following 5 pairs could not be 
successfully docked: CCR5-gp120, CCR2-gp120, PKR-Tat, SMUG1-Vpr, and p53-Nef.  

Human 
protein 
name 

Uniprot 
ID 

PDB 
structure 

Interface 
residues 

nsSNPs                   
*interface 

HIV1 
partner 
name 

Uniprot 
ID 

PDB 
structure 

Interface 
residues 

Conf 
non-
binde
r  

CD4 P01730 
4H8W:C:1
-176 

20,22-
27,29,32-
36,40-
49,52,59,60,
62,63,85,90 
(4H8W 
contacts) 

K191E, 
F227S, 
R265W gp120 Q0ED31 

4H8W:G:44
-123,199-
301,324-
355,357-
396,410-
492 

 
105,109,124,2
57,275,279-
,282,364-
368,370,371,4
25-432,455-
459,469,470-
477,480   

CCR5 P51681 

1ND8(mo
del):A:1-
352/352 

1-27 (Schnur, 
2011) 

A29S, 
R31H, 
L55Q, 
R60S, 
A73V, 
C178R, 
R223Q, 
G301V, 
A335V, 
Y339F gp120 Q0ED31 

4H8W:G:44
-123,199-
301,324-
355,357-
396,410-
492 

118,122,124,2
05,299-
301,324-329, 
425-
428,450,443-
447 (Rizzuto, 
2008; Schnur 
et al. 2011)   

CCR2 P41597 

1KAD(mo
del):A:1-
374/374 

49,120,121,2
91,292 - 
chemokine 
antagonist 
binding 
(Berkhout 
2003) 

L45V, 
V64I, 
G355E gp120 Q0ED31 

4H8W:G:44
-123,199-
301,324-
355,357-
396,410-
492 

V1 (100-123); 
V2(*125-164) 
(*NA in 
4H8W); 
V3(262-296) 
(Hoffman, 
1998)   

Lck P06239 
4D8K:A:52
-226 

SH3 domain 
(residues 61-
121) G201S Nef P04601 

4NEE:C,E,H
,K:72-203 

68-78 
(Collete, 
1996) 0.65 

ß-TrCP Q9Y297 
1P22:A:13
9-545 

265-302,517-
554 (first and 
seventh WD 
repeat) 
(Margottin, 
1998) 

A543S, 
P592H Vpu 

Q70625
; 
P19554 

1VPU:A:39-
81; 
1PI7:A:7-25 

DSGxxS motif 
(52-57) (Kluge 
et al., 2013) 0.66 

TRIM5α Q9C035 

SMR 
(4B3N) 
255-489 

328-340 
(Sawyer 
2005).  

G31S, 
H43Y 
,C58Y, 
G110E, 
V112F, 
R136Q, 
G249D, Capsid P04585 

1E6J:P:11-
220 

entire outer 
surface of 
capsid  esp. 
alpha helices 
4-6 (residues 
84-124) 
(Okhura,   
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H419Y, 
C467S, 
P479L 

2011) 

dynami
n2 P50570 

SMR 
(3SNH:A) 
6-740, 
76% seq. 
identity 

Middle and 
GTPase 
effector 
domains 
(653-744) 
(Pizzato et 
al., 2007) P263L Nef P04601 

4NEE:C,E,H
,K:72-203 

112,121,123 
(Pizzato et al, 
2007)    

SIRT1 Q96EB6 
4KXQ:A:2
34-510 

F414, V445, 
and P447 
(Kwon et al., 
2008) 

D3E, 
V484D Tat  P04608 

SMR 
(1JFW:A) 1-
86, 93% 
seq. 
identity 

73-101 (Tat 
not acetylated 
by SIRT1 
when this C-
terminus is 
missing) 
(Kwon et al., 
2008) 0.60 

TFIIB Q00403 

1RLY:A:2-
59; 
1C9B:A:11
0-316 

WxxF motif 
(52-56) 
(Agostini et 
al., 1996) P19S Vpr Q73369 

1M8L:A:1-
96 

1-35 (Kino et 
al., 1999)   

PKR P19525 

1QU6:A:6-
175; 
2A19:B/C:
258-541 

similar to 
eIF2 
(phosphoryla
tion 
substrate) 
contacts: 
379,382,451,
452,453,486-
493,496 
(Dar, Dever, 
Sicheri 2005) 

V428E, 
I506V Tat  P04608 

SMR 
(1JFW:A) 1-
86, 93% 
seq. 
identity 

20-39 
(McMillan et 
al., 1995)   

APOBEC
3G Q9HC16 

SMR 
(4J4J) 16-
193 (44% 
seq. 
identity); 
3V4K:A/B:
195-380 

104-156 (Cen 
et al., 2004) 

H186R, 
R256H, 
Q275E Vif P12504 

4N9F:G:3-
172/192 

 55-64 (He et 
al., 2008), 69-
72 (Perry e al., 
2009), 81-89 
(Dang et al., 
2010), 96-107 
(Dang  et al., 
2010), 21-26 
(Chen e al., 
2009; Dang et 
al., 2009)   

APOBEC
3F Q8IUX4 

4IOU:A:19
0-373 

 C-terminal 
283-300 
(Russell 
2009) 

R48P, 
Q61L, 
P97L, 
A108S, 
A178T, 
V231I, 
Y307C Vif P12504 

4N9F:G:3-
172/192 

55-64 (He et 
al., 2008), 69-
72 (Perry e al., 
2009), 81-89 
(Dang et al., 
2010), 96-107 
(Dang  et al., 
2010), 171-
175 (Dang et 
al., 2010); 
also, 
according to 0.77 
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Uniprot 
prediction F1 
box (14-17) 
and F2 box 
(74-79) 

APOBEC
3H Q6NTF7 

SMR 
(4J4J) 8-
164, 38% 
seq. 
identity 

88-140 
(mapped 
from 
APOBEC3G) 

R18L, 
G105R, 
K121E, 
K121N, 
K140E, 
E178D Vif P12504 

4N9F:G:3-
172/192 

52,53,54,55,5
6,57,58,59,60,
61,62,63,64,6
5,66,67,68,69,
70,71,72; 52-
72  (shared 
with other 
APOBEC3 
proteins) 0.63 

APOBEC
3B 

Q9UH1
7 

SMR 
(3VM8:A) 
4-190 
(seq. 
identity 
51%) 

2-47 (Zhang 
2008) 

K62E, 
P98L, 
S109A, 
T146K, 
R351H Vif P12504 

4N9F:G:3-
172/192 

52-72  (shared 
with other 
APOBEC3 
proteins)   

SMUG1 Q53HV7 

SMR 
(1OE4:B:2
6-
256/270), 
seq. 
identity 
66% 

WXXF motif 
(142-145) 
(Agostini et 
al., 1996) 

G15V, 
R105W Vpr Q73369 

1M8L:A:1-
96 

24,33,34,54,7
1,78 (Selig et 
al., 1997) - 
from 
interaction 
with UDG   

Hck 
kinase P08631 

1AD5:A/B:
82-531 

SH3 domain 
(78-138) 

A44T, 
M105L, 
P502Q Nef P04601 

4NEE:C,E,H
,K:72-203 

PxxPxR motif 
(72-77) (Das 
and Jameel, 
2005) 0.69 

p53 P04637 
2LY4:B:14-
60 

p53's 
transactivati
on domains, 
esp 17-25, 
48-56 
(Greenway 
et al., 2002) 

P47S, 
P72R, 
A83V, 
R110P, 
M133T, 
A138P, 
P151S, 
R175H, 
V217M, 
S241F, 
G244D, 
R248Q, 
R249S, 
L257Q, 
R267W, 
R273H, 
P278A, 
R282W, 
R290H, 
N311S, 
G325V, 
E339K, Nef P04601 

4NEE:C,E,H
,K:72-203 

residues 1-57 
(Greenway et 
al., 2002)   
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G360A, 
S366A 

AP1G1 O43747 
1W63:A:1
-589 

281,281,320-
324 
*mapped 
from AP2A2 
interaction, 
4NEE 

V195G, 
P685H Nef P04601 

4NEE:C,E,H
,K:72-203 

127-
130,134,160,1
61,175-178 
*mapped 
from AP2A2 
interaction, 
PDBid 4NEE   

Erk1 P27361 
2ZOQ:A,B:
24-375 

res. 
58,60,64,67,
85,86,103,10
5-108 (by 
alignment 
with those 
from Fyn-Nef 
complex, 
1AVZ) E323K Nef P04601 

4NEE:C,E,H
,K:72-203 

PxxPxR motif 
(72-77) (Das 
and Jameel, 
2005)   

Fyn P06241 

SMR 
(1Y57:A) 
84-537 
(77% seq. 
identity) 

SH3 domain, 
specifically 
res. 
91,93,97,100
,118,119,132
,134-137 

I445F, 
D506E Nef P04601 

4NEE:C,E,H
,K:72-203 

PxxPxR motif 
(72-77) (Das 
and Jameel, 
2005) 0.65 

importi
n-α P52292 

SMR 
(1IAL) 44-
496 (91% 
seq. 
identity) 

IBB of 
importin-α 
(res. 2-60) 
(Kamata and 
Aida, 2000) 

A157V, 
P165R, 
G365S, 
T430P, 
K453N Vpr Q73369 

1M8L:A:1-
96 

αH1 (res. 13-
33) and αH3 
(res. 55-77) 

    0.
60 

Alix 
Q8WU
M4 

2R05:A:2-
698 

440,491,494,
495,498,501-
509,669,670,
672-
680,683,686 
(2R05 
contacts) 

V7M, 
A309T, 
V378I, 
G429S, 
N550S, 
K638E, 
S730L 

p6 
polymer
ase P35962 

2R05:B:34-
44 

 LYPX(n)L 
motif (32-38) 
(Fisher et al., 
2007) 0.60 

      

440,491,494,
495,498,501-
509,669,670,
672-
680,683,686 
(2R05 
contacts)   

nucleoc
apsid P04585 

SMR 
(1A1T:A) 
378-432 

two CCHC 
zinc-finger 
motifs (res. 
13-30, 34-51) 
(390-407, 
411-428 in 
Uniprot) 
(Popov et al., 
2008)) 0.69 
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4.7.3 Discussion 

 The experiment presented in this section (4.7) is valuable because it serves as further 

evidence that the predictive model from section 4.6 can be applied to its original purpose, and 

primary focus of this dissertation: predicting the effect of sequence variation on essential 

protein interactions of pathogens (with their host).  

Equally importantly, these findings (nsSNPs with interaction-abolishing effects in 10 

human proteins) have potential medical relevance, as they consist of mutations that could be 

cloned into T-cells that are then administered into AIDS patients to confer lasting immunity, 

following the overall methodological approach of  Hutter et al. in their 2009 experimental 

therapy. 

On the other hand, it must also be noted that the confidence of predictions was not 

particularly high for any of the non-binders, ranging between 0.60 (the threshold) and 0.77. The 

highest confidence prediction was for APOBEC3F – Vif. It is interesting that this highest 

prediction was for a member of a family of closely-related human proteins, with considerable 

redundancy in function. APOBEC3H nsSNPs were also predicted to abolish interaction, although 

the primary target of HIV-1 Vif, APOBEC3G, did not have nsSNPs that prevent this interaction. It 

is tempting to speculate that the APOBEC3 family of proteins has been in an evolutionary arms 

race with primate lentiviral Vif proteins for some time, and that the known nsSNPs have 

evolved as escape mutants for APOBEC3F, and APOBEC3H, but not yet APOBEC3G, proteins. 

APOBEC3B nsSNPs also were not predicted to lose interaction with HIV-1 Vif, but the B form is 

not a major player in HIV-1 infection.  
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A (relatively) high-confidence non-binding prediction (0.73) was also made for Alix-p6. 

This is likely a result of the availability of crystal contacts for this pair, and the presence of 7 

nsSNPs overall with 2 at the interaction interface. Also, the structure of the HIV-1 partner was 

only a small fragment, just the interface binding motif (11 residues), which may have helped 

eliminate false-positive docking conformations. The kinases (Lck, Hck, and Fyn) which are 

hijacked by HIV-1 Nef to orchestrate down-regulation of T-cell surface MHC I and II surface 

receptors, as well as the anti-lentiviral protein BST-2, all showed loss of interaction upon 

mutation to their nsSNP rare forms, even though the interacting residues information was only 

general (SH3 domain).  

Predictions of non-binding for 2 of the 8 mutants outside the interface must be 

interpreted only tentatively, as the model was not trained on mutants outside of interaction 

interfaces. Nevertheless, the finding that the majority of nsSNP-mutants predicted to cause loss 

of binding were mutants within the interface, and vice versa, supports the model.  
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Chapter V. CONCLUSIONS AND DISCUSSION 

5.1 Significance of findings and importance of project 

Sequence variation is known to play a major role in most human diseases, including 

those caused by infectious agents (Frazer et al., 2009). The present study investigates the effect 

of sequence variation on essential protein-protein interactions (PPIs) of pathogens, both 

bacterial and viral. In Chapter I it was concluded that at least ~240 domains of unknown 

function are essential in bacteria (eDUFs), including in many model human pathogens. This 

finding suggests that the current organization of the protein sequence space into modular 

domains has simplified the task of protein sequence annotation, but not necessarily helped 

prioritize the most biologically and medically interesting sequences for experimental follow-up. 

The inferred eDUFs provide such a prioritization, especially as a number are also found in all 

superkingdoms of life. The methodology for inferring these eDUFs can be applied to eukaryotes 

as well, given the extent of essentiality information available e.g. for yeast.  

As discussed in Chapter II, which bridges the findings about eDUFs with the remainder 

of the study, the lagging of functional prediction behind novel sequence acquisition is due in 

large part to lack of a systematic means of identifying which protein-proteins interactions (PPIs) 

are essential to a given physiological process. Chapter III provided a systematic means of 

inferring essential interactions, in the context of viral infection of a host cell. This “pipeline” was 

used to infer ~500 essential interactions between human and HIV-1 proteins, approximately 

100 of which may be altered in strength or abolished by human non-synonymous single-

nucleotide polymorphisms (nsSNPs) occurring at interaction interfaces, as predicted by the 

pipeline. These 100 interactions are valuable targets for rational drug design in AIDS research, 
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and their discovery corroborates the conclusion from recent large-scale structural studies that 

nsSNPs often causes disease by altering PPIs (David et al., 2012; Wang et al., 2012). Because the 

majority of the human proteins involved contained only 1-3 nsSNPs, this finding also supports 

the hypothesis from Chapter II that essential interactions of pathogens are underpinned by 

specific epitopes, which vary among members of the same protein or domain family.  

A number of such specific epitopes are already well-known to the HIV-1 research 

community. For example, macaque APOBEC3G cannot be bound by HIV-1 Vif, even though it 

differs from its human homolog by an extremely specific epitope of only one residue (position 

332 in the human form) (Bogerd et al., 2004). Furthermore, no variants of human APOBEC3G 

were predicted to lose interaction with HIV-1 Vif (section 4.7). Together, these findings suggest 

that considerable evolutionary pressure on HIV-1 has preserved the essential epitope in 

humans, but not macaques. 

The findings of the present study, Chapter I-III, are valuable in their own right. However, 

more importantly than data integration efforts, the mastery of Bioinformatics and 

Computational Biology tools has revealed the importance of integrating tools into a single 

application. This often requires combining tools in opportunistic and novel configurations. The 

computational pipeline established in Chapter III is high-throughput and efficient, drawing 

almost entirely from publically-available databases (NCBI HIV-1db, Uniprot, Protein Data Bank). 

The pipeline is also sustainable, as it performs analyses using regularly updated, popular 

computational tools: BLAT for inference of variants from sequencing studies, Modeller9v8 for 

creation of homology structural model, ipHMM for prediction of interacting residues, Pymol 

scripting for automated visualization and molecular analysis. Furthermore, the pipeline is not 
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limited to the study of viral disease but can also be applied to other diseases such as cancer, 

diabetes, and autism (discussed further below, in section 5.2). 

More important still than the use of multiple Bioinformatics tools in a novel 

configuration, has been the adaptation and modification of certain tools. To use a simile, as 

natural sequence variation subtly alters structure yet profoundly alters interaction behavior 

within protein families, so the application of Bioinformatics tools to various novel problem sets 

requires slight modifications or enhancements that can ultimately create entirely new use 

cases. The interaction-profile Hidden Markov model or ipHMM, refined in recent years by 

Gonzalez, Liao, and Wu (2011), was not used in this study to predict interaction, but rather 

interaction loss (section 3.6.3.3). As a result of this adaptation, it was found that integration 

with the alignment tool PSI-BLAST may be beneficial in certain cases (section 3.6.3.5), 

particularly when few co-crystal complexes are available for the particular PPIs. The integration 

of ipHMM with PSI-BLAST was inconclusive, the tripling in discovery rate of human cyclophilin-α 

– related nsSNPs that affect interaction with HIV-1 being the primary finding. However, these 

inconclusive findings led to the development (Part 4) of an entirely novel tool, a machine-

learning model of protein binding loss based on energy features of docking (section 4.6). 

Discovering limitations of existing resources is an important catalyst for modifying or combining 

resources in novel ways.  

The machine-learning model, which was trained on a set of 167 mutants with known kD 

from 16 proteins pairs present in SKEMPI, was found to produce high confidence results for 

extreme cases of binding loss (mutant kD > 1000 x wild-type kD), termed “non-binders”. 50% 

positive predictions could be made at a false positive rate of only 10% (Figure 4.8). Reflecting 
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earlier goals of increasing the structure space for virus-host PPIs, the machine learning model 

(section 4.6) produces biologically-accurate (one to three stars using the CAPRI evaluation 

metrics described by Janin (2010)) structures of PPIs (including virus-host) during its execution 

in roughly 50% cases (sub-section 4.6.5). However, the machine learning model was itself an 

adaption of an existing technique, protein docking, for a novel purpose. Although originally 

designed for predicting the interaction mode of two proteins, protein docking has begun to be 

co-opted for the task of predicting interaction in the last 5 years (2009-2014). HADDOCK was 

shown to be capable of reproducing early successes along these lines, which reported 

correlation between docking scores and experimental free energy of binding (∆G) (Dell'Orco, De 

Benedetti, and Fanelli, 2007), in the present study (section 4.5). At the date of publication of 

the present study, furthermore, only one publication reported basing such binding predictions 

on a comparison of wild-type and mutant complexes (Zhao et al., 2014). This form of 

comparison, which is extremely useful for predicting “hot spot” residues contributing the bulk 

of binding ∆G (Moreira, Fernandes, and Ramos, 2007),  has become commonplace in molecular 

dynamics simulation over the past decade. However, due to the computational overhead of 

molecular dynamics analyses only protein-peptide binding loss has been well-studied using 

realistic energy terms (Bradshaw, 2011).  The convergence of biological problems brings 

computational techniques together in novel ways.  
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5.2 Future directions 

Biological problems drive the development of tools, but in turn the enhancement of 

tools also drives the evolution of biological problems by allowing the in silico testing of novel 

hypotheses. Thus, connections between seemingly disparate areas of biological research can be 

made. As indicated, the biological problem of predicting binding loss between HIV-1 – human 

protein due to nsSNPs ultimately led to the development of a general predictive tool for binding 

loss, in the present study. This tool could equally well be applied to the prediction of natural 

variants associated with autism (O’Roak et al., 2012), or somatic mutations essential to the 

development of cancer (Nishi et al., 2013) or type II diabetes (Bergholdt et el., 2012), all of 

which are reported to cause disease through altering strength of PPIs.  

The methodology advanced in Part 2 could be expanded from exploring 1st neighbor 

networks explorating the role of distinct network topologies in disease. For instance, driver 

mutations in cancer frequently accumulate in proteins that form densely clustered interaction 

networks (Wu, Feng, and Stein, 2010). Systematic “edgetic perturbation” could test the effect 

of altering this topology, for example by creating bottlenecks, on cancer phenotypes (e.g. slow 

vs fast progression).    

Alternatively, the tool could readily be applied to the study of bacterial rather than viral 

pathogens. The finding that bacterial eDUFs are often poorly conserved yet highly represented 

among pathogens (Figure 1.7) suggests that these domains may play a role in host interactions. 

As the machine-learning model is trained on a diverse dataset of mutants, including compound 

(present in both proteins), it could allow bacterial nsSNPs to be compared alongside those of 

the human host, especially given the more manageable rate of sequence evolution in bacteria 
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compared to viruses. The role of bacterial eDUFs in infection processes could be tested by 

predicting the binding effects of these nsSNPs, exactly as suggested in Part 2 but focusing on 

interactions with host proteins. Although the rate of viral evolution is great, predicting of the 

effect of viral sequence variation may be a tractable problem. Recent studies suggest that the 

majority of variants may be redundant, concentrated in “hot spot” variable regions between 

active sites or binding surfaces where they subtly modulate function or affinity (Martínez et al., 

2011; Hinkley et al., 2011).  

The rediscovery of 25 well-characterized HIV-1 targets (section 3.6.4), which is 

approximately 20% of all such cofactors (Figure 3.7), supports the utility of the pipeline 

developed, as indicated. The three major RNAi screens performed for HIV-1 (Brass et al., 2008; 

Konig et al., 2008; Zhou et al., 2008) and one shRNA screen (Yeung et al., 2009) had only ~1-3% 

of hits in common for any two. 5 of these - CD4, tetherin, TFIIH, Alix, and Hck kinase - were 

predicted by the pipeline to lose interaction probability as a result of rare-form nsSNPs.  Hck 

and Alix were also predicted by the machine-learning model to lose interaction (pmut-wt by 

ipHMM = -0.64 and -0.06, cnon-bind by machine-learning model = 0.69, 0.73 respectively). The 

agreement between predictions from such different tools strongly suggests a discovery of 

biological relevance, which recommends follow-up experimental validation. This discovery also 

modifies the biological question, from one asking “if”, to “why”. Have these nsSNPs evolved, 

like the CCR5∆32 mutation, as part of an arms race against lentiviruses? Can nsSNPs at 

interaction interfaces with pathogenic proteins generally be assumed to play some role in 

susceptibility? Future research that combines phylogenetic analysis with binding patterns could 

help answer these questions.  
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Finally, future development of the machine-learning method could be rewarding. SNPs 

are the most common form of genetic variation in most organisms, and nsSNPs are by far the 

most important class of SNPs for human diseases. Despite this fact, structure-based methods 

for predicting the disease effect of nsSNPs are fairly sparse. This is surprising and 

disadvantageous, because nsSNPs primarily affect protein structure. Early tools were able to 

predict unstable folding due to nsSNPs (Karchin, 2009), and more recent tools have investigated 

the structure-function relationship (Masso, Lu, and Vaisman, 2006) especially for enzyme active 

sites (Basit and Wechsler, 2011; Lee and York, 2010). However, to date only a handful of 

methods for predicting the effect of nsSNPs on protein interactions have emerged. The majority 

of these are based on statistical contact potentials, which produce scores based on either the 

frequency of observed pairs of residues within binding distance (e.g. Aloy and Russell, 2002; 

Petsalaki et al. 2009), or their empirical energy (Demerdash and Mitchell, 2013; Dehouck et al., 

2013; Moal and Fernández-Recio, 2013). Only one method (Zhao et al., 2014), with the 

exception of the present study, bases predictions on energy terms from the simulation of entire 

protein complexes. It remains to be seen whether such specific structural information leads to 

overtraining. The model developed by Zhao et al., which is also a Random Forest classifier 

trained on mutants from the SKEMPI database, is noteworthy because it predicts not only 

decrease, but also increase in binding affinity, as well as some disease effects. The model in the 

present study could benefit from adding this class of mutants, and from using mutants of 

intermediate kD (between 10 and 1000-fold wild-type) to improve training via semi-supervised 

learning, as in (Zhao et al., 2014). Nevertheless, the present model uses a more sophisticated 
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docking tool that incorporates flexible regions, and it can make predictions without prior 

knowledge of the wild-type complex structure.  

Further improvement of the model should be validated using a more diverse array of 

test sets, including the remainder of SKEMPI. The machine-learning model should be of benefit 

to groups studying the role of nsSNPs in disease or using docking to predict interactions, as well 

as the broader scientific community. The incorporation of the model into the current HADDOCK 

webserver would greatly improve efficiency and accessibility for other research groups. Either 

in its present or future form, the model can and should be used to discover novel disease-

causing or preventing nsSNPs, many of which are likely to already be present among earlier 

pipeline predictions (SA3.2-3.4 proteins).  
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