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Chapter 1. 
General introduction: structural perspectives  

on protein-protein interactions. 
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Interactome mapping 
 

Proteins are the key players in virtually all biological processes. Since their amino acid 
sequence is encoded by DNA, deciphering of the genes which contain this DNA has been a 
central focus in the field of molecular biology. The combined efforts of molecular biologists 
culminated in the first drafts of the human genome in 2001 [1,2], almost 25 years after the 
first sequencing of a DNA molecule (of bacteriophage ϕX174) [3]. In the meantime, several 
hundreds of genomes have been sequenced [4]. An essential step in order to understand this 
plethora of data is to map the interactions between the proteins that are encoded by these 
sequences, since it is by interacting that those proteins fulfill their functions. After early 
efforts to chart protein-protein interaction networks focused on small-scale biological 
processes, proteome-scale maps of S. cerevisiae, C. elegans and D. melanogaster soon 
followed [5]. Recently, initial attempts to map the interactions within the human proteome 
appeared [6,7]. In Table 1 an overview of large scale protein-protein interaction mapping 
studies is provided. 

The topic of this thesis is the modeling of the structures of protein-protein interactions. 
Determination of protein structures is motivated by the fact that a structure explains a 
multitude of biochemical and biophysical data. Correspondingly, structures of protein 
complexes are important for the understanding of protein-protein interaction data. 

This introduction provides a background to this thesis by describing the broad picture 
of the “interactome”, defined as the list of physical interactions mediated by all proteins of an 
organism. I will first discuss interactome mapping methods and applications of interactome 
data, followed by a discussion of the various methods used to determine or model structures 
of protein-protein complexes. At the end of this chapter we will turn towards ‘interactome-
oriented’ approaches in structural biology. Note that chapter 2 contains a more specific 
introduction towards the computational technique used in the work described in this thesis, i.e. 
data-driven docking. 

To date, most interaction maps have been obtained using the yeast two-hybrid system 
[8] (see Table 1). This is a genetic system where the interaction between two proteins is 
detected via the reconstruction of a transcription factor and the subsequent activation of 
reporter genes. A second approach which has been applied to characterize interactomes is 
affinity purification followed by mass spectrometric identification [9]. Other approaches exist 
[10], including fluorescence-based technologies [11], which potentially can be used for 
interactome mapping. Computational methods such as the analysis of domain fusion [12], 
conserved gene clusters [13] or phylogenetic profiling [14] are also used widely. Data 
obtained in experiments using these approaches have been integrated into a number of 
databases; Table 2 gives an overview of those. 

Comparison of different datasets indicates only a small amount of overlap, and 
comparison to high-confidence interactions based on small-scale studies from literature 
indicates that interactions based on a single method have accuracy (percentage of predictions 
that is correct) and coverage (percentage of true interactions that is predicted) of around 10% 
or less [15] (note that these numbers are lower limits since the reference set is incomplete). 
Interactions supported by multiple methods have higher accuracy when compared to reference 
sets (up to ~ 50%) but coverage inevitably is lower. It is fair to say that these interactome 
datasets are first drafts which need to be further refined in the future. Indeed, in more recent 
papers presenting interactome data it is common to include quality indicators in order to 
assess the validity of the interactions and also to present a ‘core’ set of high-quality 
interactions. Quality can be assessed using for example GO annotations [16] (these are 
identifiers of cellular component, biological process and molecular function), based on the 
assumption that for interacting proteins these annotations will be most likely similar, or RNA 
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expression profiles [17], where the assumption is that functionally related genes tend to be 
expressed in a concerted fashion. 
 
Table 1. Large scale  interactome mapping studies. 
Organism (#ORFs)a/Reference # proteins #interactions Methodb 
Kaposi sarcoma-associated herpesvirus (89)  
 [18] 50 123 Y2H 
Varicella-roster herpesvirus (69)  
 [18] 75 173 Y2H 
Human (22000)  
 [19] N/A 25464 Literature mining 
 [20] 7748 31609 Literature mining 
 [6] 1549 2754 Y2H 
 [7] 1705 3186 Y2H 
C. elegans (19099)  
 [21] 2254 18183 Predictions 
 [22] 1541 2135 Y2H 
S. cerevisiae (6200)  
 [23] 3289 11334 Literature mining 
 [24] 2708 7123 AP/MS 
 [25] 2760 491 AP/MS 
 [26] 4681 34000 Literature mining 
 [27] 3617 1578 AP/MS 
 [28] 1167 232 AP/MS 
 [29] 1548 2358 Literature mining 
 [30] 1004 957 Y2H 
D. melanogaster (13600)  
 [31] 1711 2185 Y2H 
 [32] 488 1814 Y2H 
 [33] 7048 20405 Y2H 
P. falciparum (5334)  
 [34] 1415 1290 Predictions 
 [35] 1308 2846 Y2H 
H. pylori (1590)  
 [36] 741 1280 Y2H 

a#ORFs: number of open reading frames. 
bY2H: yeast two hybrid; AP: affinity purification; MS: massa spectrometry. 
 

Interactome data as described above can be analyzed at different levels. One level is the 
topology of the underlying network; for an overview of topological parameters of a few 
networks, see [37]. Concepts such as scale-free or small-world networks [38] can be related to 
general biological properties like robustness and adaptability [39,40]. Some network motifs 
are found much more often than would be expected randomly [41].  

Secondly, interaction data can be useful in the annotation of the function of proteins 
[42,43]. It has been stated that ‘network comparisons provide essential biological information 
beyond what is gleaned from the genome’ [44]. An organism for which interactome-based 
function prediction was performed is P. falciparum, the causative agent of malaria [34]. 

Thirdly, and most generally, all cellular events like differentiation, metabolism etc. are 
essentially network processes. Interactome data provide testable hypotheses to explain and not 
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merely describe these events. In a recent review [45], biological questions that can be 
answered using computational strategies to analyze proteomic networks were discussed. 

 
Table 2. Databases of protein-protein interactions. 
Database website Organism Datasource 
BIND [46] www.bind.ca Various organisms Large scale 

experiments 
CYGD [47] http://mips.gsf.de/genre/proj

/yeast/ 
S. cerevisiae Literature mining 

DIMA [48] http://mips.gsf.de/genre/proj
/dima 

Various organisms Conserved domains 

DIP [49] http://dip.doe-mbi.ucla.edu/ Various organisms Literature mining 
HPRD [50] www.hprd.org Human Literature mining 
IntAct [51] http://www.ebi.ac.uk/intact/ Various organisms Literature mining 
MINT [52] http://mint.bio.uniroma2.it Various organisms Literature mining 
MPact [53] http://mips.gsf.de/genre/proj

/mpact 
S. cerevisiae Literature mining 

MPPI [54] http://mips.gsf.de/proj/ppi/ Mammalian Literature mining 
OPHID [55] http://ophid.utoronto.ca Human Predictions 
Predictome [56] http://predictome.bu.edu/ Various organisms Predictions 
STRING [57] http://string.embl.de Various organisms Predictions 

  
Experimental approaches towards structure determination of protein complexes 
The two classical structure determination methods, X-ray crystallography and NMR are the 
main experimental approaches towards determination of protein-protein complexes [58-60]. 
However, both methods have inherent problems with the determination of structures of 
complexes. In crystallography the bottleneck is found in the crystallization process; while in 
NMR the most obvious problem is the protein size limit. Structural genomic projects [61], 
focusing on single chain structures, shifted the balance between monomeric and multimeric 
structures even more towards the sides of the singles, although efforts are underway to extend 
structural genomics towards protein - protein complexes  [62,63]. 

New avenues towards structural characterization of (possibly large) macromolecular 
assemblies were paved when Electron Microscopy started to be applied [64,65]. This can also 
be combined with homology modeling, by fitting modeled structures into EM densities [66-
68]. A variety of other methods can give information about interfaces in biomolecular 
complexes. The use of these in combination with computational docking (see below) will be 
described in chapter 2. 

As a result of the application of various experimental methods, around three thousand 
structures of structurally different ‘interaction types’ (interactions with a different structural 
composition, comparable to a protein fold) have been solved [63]. Although this might sound 
impressive, this number represents only a small fraction of the whole interaction space. For 
example, using interaction data from different sources it was estimated that there are in total 
10000 different interaction types [69]. Since about 1995, the number of interaction types has 
increased at the rate of roughly 200 – 300 per year, meaning that a full coverage of the 
interaction space would require another 25 years. Moreover, the number of 3000 solved 
structures mentioned above refers also to multidomain proteins and is only an upper bound for 
the real number of structures of protein complexes in the Protein Databank. In addition, other 
estimates for the number of interactions are higher than the number of 10.000 given above. 
For example, for yeast alone estimates range between 20000 and 30000 [15,70,71].  
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 This clearly illustrates the need for computational approaches to obtain models for 
biomolecular complexes, since the number of interactions is huge and in addition for many 
transiently interacting systems it will be difficult if not impossible to obtain a structural model 
using traditional crystallography or NMR approaches.  

 
Computational approaches towards structure determination of protein complexes 
Computational approaches to characterize structures of complexes can be divided into two 
main classes: threading and docking. The former is comparable to threading approaches for 
single structure prediction. It scans the amino acid sequence of an unknown structure against a 
database of solved structures; a scoring function is used to assess the compatibility of the 
sequence to the structure. In the case of protein complexes, ‘dimeric threading’ is used: each 
target sequence is assigned to a monomeric template structure by threading; then, those 
templates that belong to the same physically interacting dimer template are selected [72,73]. 

Docking is a computational method which uses the known structures of the components of 
a complex to define the structure of the complex itself. Docking algorithms consist of a 
sampling stage, i.e. a way to generate structures of the complex, and a scoring method, i.e. a 
way to decide which of the generated structures are ‘good’. The details of this will be 
discussed further in chapter 2. 
 
Structural interactomics 
Finally, I want to discuss examples of the usefulness of “structural interactomics” or 
“structure based systems biology” [74,75]. A straightforward approach is the large scale 
modelling of complexes. Aloy et al. modeled a large set of yeast complexes by using known 
structures of homologous complexes; the resulting models were validated by electron 
microscopy [76]. Multimeric threading has been applied to the yeast genome, resulting in over 
7000 structural models for protein-protein interactions [72]. Also, ligand specificity can be 
predicted on a large scale dataset. For example, interaction sites were predicted on a proteome 
scale, using protein interaction data and the associated sequence information [77,78]. The 
information in a protein-protein interaction dataset was applied to discover sequence 
signatures; structural information was not used, but still many of the sequence signatures that 
were discovered appear in the surfaces of proteins [79], as would be expected if indeed these 
contain residues involved in interactions. 

It is also interesting to note that after the initial success of structural genomics projects in 
elucidating protein structures, efforts are now underway to extend these approaches towards 
protein - protein complexes  [62,63]. One example of this kind of approaches is the 3D 
Repertoire project (www.3drepertoire.org), which has the aim to resolve structures for all 
amenable protein complexes from budding yeast by experimental and computational 
approaches. Another example is the recently funded SPINE2 project (www.spineurope.org). 

Another application might in principle be the modeling of predicted interactions in order 
to decide whether complex formation is indeed likely. However, for this to be performed one 
would have to reliably calculate the free energy, which is not possible at the moment. 

Finally, an application of structural interactomics that is highly relevant to drug design is 
the search for inhibitors of specific protein-protein interactions [80-83]. Although this is a 
field that still is in its early stages, there is good promise that it will result in novel 
therapeutics that exploit the specific details of interacting surfaces [84]. 
 
Scope of thesis 
 
It is clear from the discussion above that proteome-scale insight into structures of complexes 
is highly relevant, but experimental approaches alone are not sufficient to obtain this insight. 
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In addition, although advances have been made, computational approaches to generate models 
for protein-protein complexes are also far from perfect. Therefore, in this thesis we focus on 
data-driven docking, a computational approach that uses any known information on protein 
interfaces in order to generate models for protein-protein complexes. In chapter 2, the use of 
experimental information in docking approaches is reviewed, and the data-driven docking 
method HADDOCK is discussed. In the next two chapters, we give specific examples of the 
use of NMR data in docking: chemical shift perturbation data combined with residual dipolar 
couplings (chapter 3) or relaxation data (chapter 4). In chapter 5, we focus on the docking 
methodology: specifically, the possible structural role of water at protein-protein interfaces 
and its implications for docking are discussed. The last two chapters contain validation and 
application of our docking method. In chapter 6, we discuss HADDOCK’s adventures in the 
blind docking experiment CAPRI. Finally, chapter 7 describes the application of data-driven 
docking towards elucidation of the structures of complexes along the cytochrome c oxidase 
Cu-delivery pathway. 
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Chapter 2. 
Data-driven docking for the study of biomolecular complexes. 
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Abstract 
 
With the amount of genetic information available, a lot of attention has focused on systems 
biology, in particular biomolecular interactions. Considering the huge number of such 
interactions, and their often weak and transient nature, conventional experimental methods 
such as X-ray crystallography and NMR spectroscopy are not sufficient to gain structural 
insight into those. A wealth of biochemical and/or biophysical data can, however, readily be 
obtained for biomolecular complexes. Combining these data with docking (the process of 
modeling the 3D structure of a complex from its known constituents) should provide valuable 
structural information and complement the classical structural methods. In this review we 
discuss and illustrate the various sources of data that can be used to map interactions and their 
combination with docking methods to generate structural models of the complexes. Finally a 
perspective on the future of this kind of approach is given. 
 
Introduction 
 
With the available amount of genetic information, a lot of attention is focused on systems 
biology. Here a central question is: how do the various biomolecular units work together to 
fulfill their tasks? In order to answer this question, structural information on complexes is 
needed. Biochemical and biophysical experiments are widely used to gain insight into 
biomolecular interactions. The information generated in this way can in principle be used to 
model the structure of the complex under study. Taking the step from data to modeling 
(docking) is however not common practice. Docking approaches allow to generate models of 
a biomolecular complex using as starting information the known structure of its constituents. 
Combining experimental data with docking makes sense considering that the number of single 
proteins, domains thereof or other biomolecules whose three dimensional (3D) structures have 
been solved is much larger than the number of solved structures of complexes and is steadily 
increasing as a result of the world wide structural genomics initiatives. The advantages of 
docking approaches upon conventional structural techniques are the speed and the possibility 
to study complexes that could only otherwise be studied with considerable effort (or not at 
all). One particular class of complexes for which this is the case are weak or transient, short-
lived complexes; this is all the more interesting as these are often of the utmost biological 
importance. Other examples are the biologically highly relevant complexes of membrane or 
membrane-associated proteins, which are also notoriously difficult to study by NMR 
spectroscopy or X-ray crystallography. 

Conventional crystallographic and NMR structural biology techniques have proven 
their value and will continue to do so. There are, however, problems associated with these 
techniques that are not likely to be completely overcome, especially when dealing with 
complexes. For crystallography, the main bottleneck is the crystallization, which can be a 
daunting task. For NMR, large complexes cause severe line broadening, which, at present, 
sets the upper limit for NMR to molecular sizes below 100 kDa. Moreover, to solve a 
structure by NMR in a conventional way, complete chemical shifts assignment and collection 
of structural restraints such as NOEs are challenging tasks, especially for large systems like 
complexes.  
 In this review, we wish to highlight the use of biochemical and biophysical data in 
docking approaches not only because of the general interest in docking as explained above, 
but also because it is still rather common practice to experimentally map interfaces without 
taking the next step to generate a structural model of the complex. We review only part of the 
docking field, namely the approaches relying on the use of additional biochemical and/or 
biophysical data. Generally, docking approaches that do not use any kind of experimental data 
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have difficulties in generating consistently reliable structures of complexes. Nevertheless, 
clear progress has been achieved in the field of ‘ab-initio docking’, as reviewed in [1-4], and 
illustrated by the CAPRI (Critical Assessment of PRedicted Interactions) experiment [5], a 
“blind” docking competition in which participants have a limited time to predict the structure 
of a complex given only the structures of the constituents. Our discussion will be limited to 
biomolecular complexes, without reviewing protein – small ligand complexes; however, much 
of what is presented here will also be valid for that class of complexes. For a review on 
‘guided docking’ to study protein-ligand complexes, see reference [6]. 

The review is organized as follows. We will first discuss the various kinds of 
biochemical and biophysical data that can be combined with docking. For each of those, 
examples will be given, and their strengths and weaknesses for use in docking will be 
discussed. We will then describe the basics of current docking methodologies and highlight 
our newly developed data-driven docking method HADDOCK [7]. We will end with 
conclusions and give a broader perspective on what could be the future of data-supported 
docking. 
  
Sources of experimental data to define interfaces 
 
Data from biochemical and/or biophysical experiments that provide information on residues 
located at the interface of a complex are potential sources to be used in docking. Critical 
issues are the level of detail that can be obtained (e.g. is the information residue-specific or 
not?) and the reliability of the data. Here we discuss, with those issues in mind, the techniques 
that have been used to obtain interface information for docking. In Figure 1 we present an 
overview of the most common methods. For a selected set of examples, we will also discuss 
how these data relate to the experimental high-resolution structure solved by conventional 
methods (see Table 4). Other experimental methods such as small angle X-ray scattering 
(SAXS) or electron microscopy and tomography can also provide valuable information about 
the ‘shape’ and organization of biomolecular complexes. As these are a rather different kind 
of approaches, we will not review them here, but only briefly mention their potential in our 
conclusions and perspectives. A general review about structural perspectives on protein-
protein interactions can be found in reference [8]. 
 
Mutagenesis 
When using mutagenesis to derive information for docking, one considers as candidates only 
the residues that are on the surface of the partner proteins. The general idea then is that 
mutation of an interface residue will influence the interaction, whereas for non-interface 
residues the mutation will have no effect. A variety of methods can be used to find out 
whether complex formation is affected by mutations, such as Surface Plasmon Resonance 
(SPR) [9], Mass Spectrometry (MS), yeast two-hybrid systems [10] and phage display 
libraries [11]. Target residues for mutagenesis can be selected based upon knowledge such as 
conservation (see below), but it is also possible to do a in-depth systematic scanning as in 
alanine scanning mutagenesis studies [12, 13]. An online database with results from alanine 
scanning mutagenesis data has been established, called ASEdb (http://www.asedb.org) [14]. 
These methods indicate which residues are in the interface, but do not give information about 
the contacts that are made across the interface. More detailed information can be obtained 
using so-called double mutant cycles [15]. Here one creates a series of mutants for both 
proteins. By measuring the Kd values for combinations of mutants, one can assess whether the 
influence of mutation X in protein A on the complex formation depends on mutation Y in 
protein B. If this is the case, the mutations are coupled, and one infers that the residues are 
close in space, i.e. that they are in contact or close proximity across the interface. 
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*Figure 1. Illustration of the various data sources used in combination with docking. Left: advantages (+) and 
disadvantages (-); right:  pictorial representation of the data source: the green and red shapes represent the two 
components of the complex. Mutagenesis: the blue star indicates a mutated residue; cross-linking: the black line 
indicates a cross-link; H/D exchange: ‘D’ and ‘H’ indicate residues where exchange can and cannot take place, 
respectively; CSP (chemical shift perturbation): HSQC spectrum showing one peak that does not shift and one 
peak that shifts on complex formation (the corresponding residues are indicated on the protein shapes); RDC, 
relaxation: the axis system indicates the tensor which provides orientational information. 
 
 A general warrant when using mutagenesis data is that it is unsound to assume that residues 
for which no effect is seen upon mutation, do not participate in an important interaction, 
unless it can be demonstrated that water, or nearby side chains, do not effectively substitute 
for the deleted atoms [13]. Another point is that one should, in principle, always check 
whether the mutants do not affect the 3D structure of the free components themselves, i.e. 
whether the native structures are preserved or not. Mutagenesis approaches, when carried out 
extensively, are able to generate a rather detailed map of the interface of a biomolecular 
complex. In Table 1 we give an overview of complexes for which mutagenesis data have been 
used in docking. 
 
Mass spectrometry 
There has been increasing interest in mass spectrometry as a tool in structural biology in 
general, and also specifically to obtain information about biomolecular complexes [16, 17]. 
One approach that can be used is H/D exchange. Here the rate of exchange gives information 
about the accessibility of the residue in question; rate differences between free and bound 
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forms indicate that a given residue is protected upon complex formation and thus probably 
involved in the interaction [18, 19]. 
 
Table 1. Examples of complexes docked using mutagenesis data.a 

Complex Information used Ref. 
Mutagenesis   

- FAK FAT domain – paxillin LD2 peptide GST domain fusion [89] 
- TF/fVIIa/fXa Charge altering mutations [152] 
- RIIα – Cα subunits of PKA Neutron scattering, mutagenesis [110] 
- SDF-1α – heparin SPR [153] 
- RCC1 – Ran SPR [51] 
- Glycophorin A dimer b [45] 
- Phospholamban pentamer b [44, 154, 155] 
- Staphylokinase – microplasmin Phage display [156] 
- Gα - Gβγ - receptor G protein activation assay [157] 
- 30S ribosomal subunit – colicin E3 immunoblotting [70, 71] 
- EmrE dimer Cysteine mutagenesis, cross-

linking 
[78] 

- Hsc70 - auxilin Rescue-mutant pair, CSP [158] 
- Kv1.3 K+ channel – six different scorpion 

toxins 
comparison of electrostatic energy 
with binding affinity 

[63] 

- Integrin αIib TM domain homodimer CAT-ELISA [47] 
- C1q – C-reactive protein / IgG b [49] 
- antibody fragment - � bungarotoxin CDR on antibody; epitope 

mapping 
[159] 

- Malonyl-CoA – COT/CPT Enzyme activity assay, 
immunoblotting 

[160] 

- gp120 – CD4 b [7] 
- Protein-DNA complexes of 434 cro and 

lac headpiece 
Ethylation interference [34] 

- LexA DBD – DNA Ethylation interference [72] 
- LexA – DNA cross-linking [161] 
- Repressor – protein  - DNA DNA footprinting [162] 
- Fis - DNA Chemical interference, nuclease 

DNA cleavage site 
[163] 

- EnvZ dimer Cysteine substitutions and 
disulfide cross-linking detection 

[164] 

- subunit c oligomer of H+-transporting 
ATP synthase 

Cysteine substitutions and 
disulfide cross-linking detection 

[165] 

- Yeast cofactor A - β-tubulin Two-hybrid assay [166] 
- FOG-ZF3KRA – TACC3 Two-hybrid assay; NMR CSP [90] 
Double mutant cycles   

- BgK – Kv1.1 Electrophysiological experiments, 
dose-response curve 

[74] 

- Agitoxin – shaker K+ channel b [75] 
- IFN-alpha2 – ifnar2 Reflectometric interference 

spectroscopy 
[77] 

- Alpha-cobratoxin – alpha7 receptor Binding competition [76] 
a) GST, glutathione S-transferase; SPR, Surface Plasmon Resonance; CSP, Chemical Shift Perturbation. 
b) Data were taken from the literature without giving any experimental details. 
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Another possibility is cross-linking, where residues close in space are detected by first 
covalently linking two molecules by the use of a cross-linking reagent, and then subjecting the 
resulting material to peptide mass fingerprinting or other protein identification methods [20]. 
Although these methods are promising, the cross-linking reaction is problematic and the 
information is often not easy to interpret. The detection of cross-linked residues is especially 
non trivial. To date MS data have not often yet been combined with docking approaches 
(Table 2). 
 
Table 2. Examples of complexes docked using Mass Spectrometry data. 
Complex Information used Ref. 
- Calmodulin – melittin cross-linking [85] 
- Aminoacylase-1 dimer proteolysis, cross-linking [111] 
- PKA – C and R subunit H/D exchange [50] 
- C1r (γ-B)2                                 cross-linking                                      [167] 
- IL-6 homodimer                       cross-linking                                      [112] 

 
NMR 
Conventional NMR methods have been used for more than a decade to study biomolecular 
complexes. In the classical approach, one first has to perform a resonance assignment that is 
as complete as possible, and then collect structural restraints such as NOEs, which can be 
detected between protons that are close in space (<5Å), and residual dipolar couplings that 
provide orientational information. Using such restraints, one can accurately define the 
structure of a biomolecule or a biomolecular complex. In addition to its conventional use in 
structure determination, NMR is very well suited to map interfaces of biomolecular 
complexes with so called chemical shift perturbation (CSP) experiments [21]. Here, easily 
obtainable heteronuclear single quantum coherences (HSQC) spectra of one (15N-labeled) 
partner in the complex are recorded in the absence and presence of increasing amounts of the 
partner protein (“titration experiments”). Changes in chemical shifts of one molecule on 
addition of a second molecule allow assessment of which residues of the labeled molecule are 
perturbed by the formation of the complex. One then repeats this procedure with the second 
molecule labeled. Under the assumption that the perturbed residues correspond to the 
interacting residues, a detailed map of the interface is obtained. 
 Two other NMR techniques that are able to give similar information are H/D-
exchange and cross-saturation or saturation transfer (SAT) [22]. As in MS, NMR can also 
easily be used to perform H/D exchange experiments; again, differences in exchange rates 
when comparing uncomplexed and complexed forms point to protected residues that are 
assumed to be at the interface. In cross-saturation experiments, the observed protein is 
perdeuterated and 15N-labeled with its amide deuterons exchanged back to protons, while the 
other “donating” partner protein is unlabeled. Saturation of the unlabeled protein leads by 
cross-relaxation mechanisms to signal attenuation (again typically monitored by 15N-HSQC 
spectra) of those residues in the labeled protein that are at close proximity. The labeling 
scheme can be reversed to map the other interface. Deuteration is a requisite here. Cross-
saturation experiments are believed to give a more reliable picture of the interface than CSP 
data which can suffer from “false positives” because of conformational changes. 
 Other relatively easily obtainable NMR parameters are residual dipolar couplings 
(RDCs) [23]. These provide information about the orientation of the components with respect 
to each other, and can be used in addition to CSP data in docking approaches. Comparable 
information can be extracted from relaxation experiments in the case of diffusion anisotropy 
[24]. 
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Table 3.  Examples of complexes  docked using NMR data.a 

Complex Information used Ref. 
Protein – protein 
- Cyt c – cyt f CSP [56] 
- Cyt c – cyt c peroxidase CSP [54] 
- Plastocyanin – cyt f PC, CSP [80, 81] 
- myoglobin – cyt b5 CSP, 15N relaxation [57] 
- Ubiquitin – YUH1 CSP [38] 
- Ubiquitin – hHR23A UBA1, UBA2 CSP [93] 
- hHR23a (four linked domains) CSP, RDC [168] 
- Ubiquitin – p47 UBA domain CSP [96] 
- di-ubiquitin CSP, RDC [169, 170]  
- UbcH5B – CNOT4 CSP, mutagenesis [88] 
- mms2 – ubc13 – ubiquitin – ubiquitin CSP [59] 
- EIN-HPrb, IIA(Glc)-HPrb, IIA(Mtl)-HPrb CSP, RDC [84] 
- Bem1 PB1- Cdc24 PB1 CSP, mutagenesis [95] 
- RPA70A – Rad51N CSP, mutagenesis [94] 
- CAD-ICADb SAT, RDC [82] 
- EIN-HPrb CSP, RDC [67] 
- EIN-HPrb, E2A-HPrb CSP [7] 
- Atx1 – Ccc2 domain CSP [92] 
- HR1b – Rac1 CSP [171] 
- FcεRIα - IgE Cε2 CSP [172] 
- FcεRI – peptide CSP, mutagenesis, NOE [66] 
- LpxA – acyl carrier protein CSP, RDC, mutagenesis [91] 
Protein – carbohydrates 
- Tri,hexa saccharide – antibody SAT [173] 
- (glycosylated) PDTRP – antibody SM3 SAT [174] 
- fibronectin (13,14)F3 – heparin CSP [62] 
Protein – nucleic acids 
- NS1A(1-73) – 16bp dsRNA CSP [40] 
- UvrC CTD – junction DNA CSP [39] 
- XPA-MBD – 9bp ssDNA CSP [175] 
- Rom – RNA kissing hairpin CSP [41] 
- Pf3 ssDBP – ssDNA CSP [83] 
- CylR2 – 22bp DNA CSP [73] 

a) CSP: chemical shift perturbation; PC: pseudocontact shifts; SAT: saturation transfer. 
b) These complexes were also solved using the classical NOE-based approach. 
 
An NMR parameter that can also be useful is the pseudocontact shift. It results from residual 
electron-nuclei dipolar interactions in molecules [21]. The use of paramagnetic tags attached 
to a protein can induce this phenomenon [25, 26]. As pseudocontact shifts contain long-range 
information, they can be very useful in docking approaches. It is also possible to use 
paramagnetic ions as probes, as they induce broadening of the NMR signals for the residues 
they contact. In a complex, the interface residues will be protected from such effects, allowing 
a reliable detection of the interface [27]. An overview of complexes for which NMR data have 
been used in docking approaches is given in Table 3. 
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Reliability issues 
It should be clear that there is a wealth of experimental data, not all of them having been 
discussed here, that can be used to define interface residues. The question of the reliability of 
this information is of course very important. In Table 4 we give an overview of some 
complexes for which the experimental data have been compared explicitly with the (at that 
time available) corresponding 3D structures. In Figure 2, as an example, experimental data for 
the antibody D1.3 – antibody E5.2 complex is mapped onto the surfaces of the two proteins. 
 
Table 4. Comparison of experimental information defining interfaces with the 
experimental X-ray or NMR structuresa 

Complex Information used  
Mutagenesis data  
- Barnase – barstar DMC: coupling energy decreases as distance increases [176] 
- antibody D1.3 – 
antibody E5.2 

DMC: of 13 identified, 9 in interface and 4 not in interface showing 
significant coupling, but lower than the contacting residues [177] 

- Cyt c – peroxidase mutations: sites coincide with X-ray defined sites;  DMC: 
couplings for residues that are more than 10Å apart, concluded to 
be due to small rearrangements [178] 

- Cyt c2 – RC DMC: coupling approximately inversely proportional to distance 
[179] 

Mass Spectrometry data 
- DnaA domain 4 – 
DnaA box 

cross linking data correctly locate interaction site to a six residue 
peptide fragment identified previously by X-ray/NMR [180] 

- Ribosome Comparison of > 2500 experimental distance restraints (cross-
linking, footprinting and cleavage data) with X-ray  structure 
showing good agreement [144] 

NMR data 
- Lysozyme – 
antibody 

H/D: of 15 perturbed: 5 on epitope, 5 at edge, 5 far away [181] 

- OMTKY3 – Ctr CSP fully consistent with X-ray [182] 
- rNTF2 – FxFG-
containing Nsp1-P30 

high affinity X-ray site seen by NMR;  NMR also finds low affinity 
site  NMR better able to identify weak interactions [183] 

- Zf1-3 (TFIIIA) – 15 
bp DNA 

CSP data do not correspond exactly to the interface, but arise from 
a number of  effects [184] 

- CAD – ICAD NOE and SAT defined interface is quite consistent with X-ray; CSP 
defined interface is a bit different [82] 

- Nova1 – RNA Cross-saturation defined residues match closely the X-ray interface; 
CSP data define the same residues and a few additional ones [185] 

- RNAse E S1 
homodimer 

CSP used to assess validity of crystallography dimer; data match 
the contacting residues seen in the crystal [186] 

a) CSP: chemical shift perturbation; DMC: double mutant cycles; SAT: saturation transfer 
 
Although these are only a few examples, the general trend indicates that the experimental 
sources discussed above provide quite reliable information on interface residues. Sometimes 
they can result from small rearrangements and secondary effects, but as long as these “false 
positives” are not too numerous, they can be dealt with in computational approaches (see 
below). If conformational changes are too large, however, docking approaches are probably 
bound to fail. It is not simple to predict a priori from the data if such effects should be 
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expected. Sometimes, clustering of predicted interface residues on the surface can give a good 
indication that the mapped interface is very likely to be correct one. 

900 900

E5.2 D1.3

 
*Figure 2. Mapping of the mutagenesis data [177] onto the structure of the antibody D1.3 – antibody E5.2 
complex [187] (pdb entry 1dvf ). Left:  structure of the complex; right: interaction surface of E5.2 (left) and D1.3 
(right) color coded according to the measured ∆∆G value [177] in mutagenesis experiments. Red: ∆∆G > 4.0 
kcal/mol; orange: ∆∆G 2.1 – 4.0 kcal/mol; yellow: ∆∆G 1.1 – 2.0 kcal/mol; green: ∆∆G < 1.0 kcal/mol. Figures 
are prepared using Molscript [188] and Raster3D [189]. 
 
Computational docking approaches using experimental data 
 
In the docking literature one often finds the distinction between ‘bound’ and ‘unbound’ 
docking: the former refers to docking using the structures of the single proteins as they are 
present in the complex, and the latter to docking using the structures of the free proteins. As 
only the latter is of biological relevance, here “docking” will refer to “unbound docking” 
(although in some cases a method is, as a first, easier step, tested in bound docking).  
 As defined in the introduction, docking methods generate a model of a complex based 
on the known 3D structures of its free components. To do this in a computer, two things are 
needed: a way to generate structures of the complex, i.e. a sampling method, and a way to 
decide which of the generated structures are ‘good’, i.e. a scoring method. The output 
typically consists of a large number of solutions, some of which get a high rank and are 
accordingly considered to correspond to the ‘real’ structure, whereas others get a lower rank 
and are discarded.  
 Docking methods vary in the way sampling and scoring are implemented, and also in 
the representation of the molecules in the calculations. An important choice to be made is 
whether the proteins are kept rigid or whether flexibility is needed.  Flexibility can be 
introduced in various ways, e.g. by using an ensemble of rigid structures (experimental or 
generated for example by MD-methods) corresponding to static snapshots of possible 
conformational changes, by allowing some interpenetration of the docked molecules 
(sometimes called ‘soft’ rigid body docking, as opposed to ‘hard’ rigid body docking, where 
no overlap is allowed at all), or by allowing explicit side-chain and/or backbone flexibility 
during the docking. The type of sampling depends on the way in which the molecules are 
represented. When a grid representation of the molecules is used, rigid body docking can be 
done by calculating correlations (like e.g. surface complementarity) using Fast Fourier 
Transform methods [28-33]. When the protein is explicitly represented using an atomic 
model, one can use various sampling methods such as Monte Carlo [34-36] and molecular 
dynamics methods [7] or genetic algorithms [36] in combination with simulated annealing 
schemes. The scoring is typically based on some kind of force field [37], which assigns an 
energy to atom-atom (or residue-residue) pairs, and subsequently adds all those together to get 
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the energy of a given configuration. Often, terms such as buried surface area and desolvation 
energy are added. Force fields can have a physical basis or can be knowledge-based (derived 
by counting how often a given pair occurs in a database of experimental structures). Using 
biochemical and/or biophysical data in docking approaches has advantages both for the 
sampling and the scoring stages. During the sampling, more ‘relevant’ configurations are 
produced while in the scoring, the ranking of true-positives (i.e. correct solutions) can be 
improved compared to ab-initio docking where typically tens to hundreds of false positives 
are scored at the top. An important difference between various methods is whether the 
experimental data are only introduced in the scoring (i.e. to filter the solutions that have been 
generated), or whether they are also used during sampling. In the following we will discuss a 
number of methods that have been proposed, first the procedures that only use experimental 
data for scoring, and next those that incorporate experimental data in the sampling itself. In 
Figure 3 a graphical representation is given of the choices to make in the various docking 
approaches with respect to the incorporation of experimental data and the treatment of 
flexibility.  

*Figure 3. Some choices to be made in docking. (A) When to introduce the data? Here the complex structures 
resulting from a hypothetical docking method are shown, and the scoring is represented in a simplified way as 
discarding the complexes which do not satisfy the experimental restraints (indicated by the black crosses); (B) 
How to deal with flexibility: using an ensemble of starting structures; by soft rigid body docking; and explicitly 
during the docking by allowing side chain and/or main chain flexibility. 
 
Although computer-based approaches should be preferred in terms of reproducibility, it is also 
possible to “manually” build models of complexes based on experimental information. There 
are quite a few examples where this has been done [38-42], some of which  have been 
compared with pure ab-initio docking results [43]. We should note that each docking 
approach has its own advantages and disadvantages, and at this moment the ‘docking 
problem’ is still unsolved: no single docking method will always give the right answer. The 
docking field is still in active development and various approaches to the problem are 
pursued, as will be discussed below. 
 
Docking methods using experimental data only in the scoring stage 
A large variety of docking methods exists and have been used before applying a filter based 
on experimental data. One approach consists of a systematic grid search for all possible 
orientations (three translations and six rotations). This is only feasible for small systems and 

data only in scoringA

data in sampling and scoring

ensemble (NMR/MD) hard vs. soft rigid body

side chain flexibility
only

side chain and main
chain flexibility

B
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simplified models, as otherwise scoring all possible configurations becomes intractable. Such 
a method has been used for probing transmembrane helix multimers, e.g. the dimeric 
transmembrane region of glycophorin A and the phospholamban pentamer. The low energy 
structures resulting from the grid search were filtered using mutagenesis data [44-47]. 
 When studying larger systems, and especially if one wants to introduce sophisticated 
amounts of flexibility in the docking, exhaustive grid searches become unrealistic. A fast 
method to perform grid calculations based on spherical Fourier correlations is implemented in 
the program Hex [48]. It has been combined with mutagenesis data [49]. Fast Fourier 
Transform (FFT) methods have often been used in docking. For example, the docking 
program DOT [29] was used in combination with MS H/D data to filter solutions [50]. Other 
examples of FFT-based methods are the soft docking program GRAMM [30] which has been 
used in combination with mutagenesis data [51] and FTDOCK [28], which was originally 
tested on several complexes using experimental data (e.g. active site information in the case of 
enzyme-inhibitor complexes)  and was recently combined with NMR data (CSP and RDCs) to 
filter solutions [52]. Another grid-approach, which uses Boolean type operations and was 
optimized heuristically for speed, is the docking program BiGGER [53]. This program allows 
for soft rigid body docking (in [54] hard and soft docking were compared). BiGGER is often 
used in combination with NMR CSP data [55-59]. 
 There are several docking approaches that do not use a grid but rather an explicit 
search in the configurational space, e.g. DOCK [60, 61], Autodock [36], which was used in 
combination with CSP data [62], and other methods based on Brownian Dynamics 
simulations followed by Molecular Dynamic refinement of the initial models [63]. NMR CSP 
data have also been used in a more quantitative way for filtering docking solutions, by back-
calculating chemical shift changes from the models with programs like Shifts [64] or Shiftx 
[65] and comparing them with the experimental values [66]. This approach has also been 
combined with RDCs [67]. The above methods have been successfully applied to model 
various biomolecular complexes (Tables 1-3). 
   
Docking methods using experimental data to drive the docking 
The advantage of using the data in the sampling stage of docking is that ‘correct’ or ‘near-
correct’ configurations should be enriched, compared to approaches in which the data is only 
used in the scoring stage, provided of course that the experimental information is correct.  
This becomes especially important when the number of configurations is too large to be 
adequately sampled, as is often the case when flexibility is introduced. 
 As will be clear from the following discussion, there are different possibilities to 
incorporate the experimental data during the sampling stage. This partly depends on the kind 
of data that is used (e.g. the level of detail and the amount of inherent ambiguity) and the 
sampling method. ‘Geometric’ methods might limit the number of orientations selected for 
docking rather than adding experimental terms to an energy function. The search space is thus 
reduced based on the available experimental data. The subsequent docking and scoring stages 
then proceed as in ab initio docking [68]. Other approaches use anchor points based on 
experimental data, e.g. Treedock [69], or incorporate the experimental data by up weighting 
given residues in FFT-based rigid body docking approaches (‘weighted geometric docking’) 
[32, 70, 71]. Another popular possibility is to use some kind of distance restraints. This means 
that an additional energy term is created, which is high if residues which, according to the 
data, should be at the interface, i.e. close to each other, are far away in the proposed complex, 
and contrarily, low if they are near.  
 Ethylation interference and mutagenesis data have been used as experimental input for 
protein-DNA docking in the early data-driven Monte-Carlo docking program Monty [34, 72, 
73], which allows side-chain flexibility and DNA deformations. Double mutant cycle data, 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Chapter 2 

24 

giving information about residue-residue contacts, have been incorporated as distance 
restraints in various applications [74-77]. A comparable approach was used to incorporate 
cross-linking data for a dimer of a four-transmembrane helix protein [78]: here a total of 10 
distance restraints could be defined with rather small error bounds due to the rigid nature of 
the linker. There are several examples of the combination of NMR information with rigid 
body docking. Rigid body docking in X-plor [79] has been used to model the dynamic 
complex between plastocyanin and cytochrome f based on upper bound distance restraints 
derived from pseudo-contact shifts and CSP data, and lower bound distance restraints for 
residues assumed not to be in the interface [80, 81]. Saturation transfer (SAT) and RDC 
restraints have been combined with energy minimization to model the CAD-ICAD complex 
(complex between the CAD domain of caspase activated deoxyribonuclease and the CAD 
domain of its inhibitor) [82]. The nucleoprotein superhelix-DNA complex was modeled using 
CSP restraints in a grid search [83]. 
 Some experimental data are highly ambiguous and only provide information about 
interface residues, but not about the specific contacts they make. Docking approaches should 
thus be capable of incorporating such ambiguity. Typical examples here would be the CSP 
data obtained from NMR titration experiments or mutagenesis data. With this in mind, we 
developed an information-driven semiflexible docking approach called HADDOCK [7] in 
which any kind of information about interface residues can be incorporated as a highly 
ambiguous interaction restraint (AIR) (see below). Related approaches have been described in 
[84] where NMR CSP data and RDCs were used, and in [85] for cross-linking information 
detected by MS. 
 
HADDOCK 
 
The method 
As is clear from the discussion above, there is a wealth of experimental sources that can 
provide information about interfaces of biomolecular complexes. These data are generally not 
used, however. Our docking approach HADDOCK, an acronym for High Ambiguity Driven 
DOCKing [7], makes use of such information to drive the docking while allowing for various 
degrees of flexibility. The information is encoded in ambiguous interaction restraints (AIRs) 
similar to the ambiguous restraints commonly used in NMR structure determination [86]. The 
ambiguity here refers to the way in which the restraints are defined: between any residue 
which, based on experimental data, is believed to be an interface residue (called active 
residue), and all such residues (plus surface neighbors, called passive residues) on the partner 
molecule. An AIR is defined as an ambiguous intermolecular distance (diAB) with a maximum 
value of typically 2 Å between any atom m of an active residue i of protein A (miA) and any 
atom n of both active and passive residues k (Nres in total) of protein B (nkB) (and inversely for 
protein B). The effective distance diAB

eff for each restraint is calculated using the equation: 
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where Natoms indicates all atoms of a given residue and Nres the sum of active and passive 
residues for a given molecule. The definition of passive residues ensures that residues which 
are at the interface but are not detected (e.g. no CSP when using NMR, or no change in 
binding upon mutation) are still able to satisfy the AIR restraints, i.e. contact active residues 
of the partner molecule.  The 1/r6 summation [87] is used to mimic the attractive part of a 
Lennard-Jones potential and ensures that the AIRs are satisfied as soon as any two atoms of 
the two proteins are in contact. The AIRs are incorporated as an additional energy term to the 
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energy function that one tries to minimize during the sampling. The docking proceeds in three 
stages during which increasing amounts of flexibility are introduced. In the first stage, the 
molecules are considered as rigid bodies and a large number of solutions are generated. In the 
second stage, a limited amount of flexibility is introduced first in the side chains and 
subsequently in both side-chains and backbone of pre-defined flexible segments 
encompassing the active and passive residues. Finally, the solutions are refined in explicit 
solvent. The final structures are clustered and scored using a combination of energy terms 
(mainly intermolecular van der Waals and electrostatic energies and restraint energies); for 
details see [7, 88]. Note that fully flexible models can also be defined, for example for the 
docking of an unstructured peptide onto a protein. 
 
Applications 
Several groups have used HADDOCK to generate models of biomolecular complexes in 
combination with different sources of information such as mutagenesis [89-91] or NMR CSP 
data [88, 89, 91-96]. A common problem resulting from the highly ambiguous nature of the 
interaction restraints is that symmetrical solutions are often obtained corresponding for 
example to a 180° rotation of one molecule with respect to the other. In cases where energy 
considerations cannot distinguish between the symmetrical solutions, additional information 
should ideally be supplemented. This was the case for the UbcH5-Not4 complex [88] (Figure 
4a). To solve the symmetry problem, the HADDOCK models were used for structure-directed 
mutagenesis. Reverse mutants could be produced in which two residues of opposite charges 
across the interface were swapped, restoring thereby the binding. This provided unique, 
unambiguous information to select the correct solution.  
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*Figure 4. Two examples of structures calculated using HADDOCK. (A) the Ubch5/Not4 complex (pdb entry 
1ur6) [88]. In a first docking run using only NMR CSP data, two models were obtained (top left and top right). 
Based on these, mutagenesis experiments were performed to discriminate between the two models: the charge-
reversing double mutant E49K,K63E did restore the complex (red box), while the double mutants including K4E 
or K8E did not restore complex formation. Only the left solution is consistent with this information. (B) TBE 
virus envelope glycoprotein E trimer (CAPRI target 10), for which epitope, conservation and protection from 
enzymatic digestion data were introduced in HADDOCK, resulting in a docking model (left) within 2.9Å ligand-
RMSD from the crystal structure [190] (pdb entry 1urz, right). The three subunits are color-coded; note that two 
segments (residue 148-159 and 204-209) are missing in the crystal structure. 
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In the case of the transient complex between the yeast copper chaperone Atx1 and the first 
soluble domain of the copper transporting ATPase Cccp2, a copper ion was explicitly 
introduced in the docking calculations based on NMR CSP data and found to move from Atx1 
to Cccp2, consistent with the physiological direction of transfer [92]. The copper transfer 
intermediate was a result of the flexible docking protocol since no restraints were introduced 
to force the copper ion to move. This example indicates that flexible data-driven docking can 
be used to investigate not only ‘static’ structures but also more ‘dynamic’ aspects of 
biomolecular complexes. When available, classical NMR data such as NOEs can also be 
incorporated in HADDOCK as was the case to generate the solution structure of a non-
specific protein-DNA complex [97]. 
 Recently, we participated to the fourth and fifth round of the ‘blind docking 
competition’ CAPRI. As CAPRI is not especially meant for data-supported docking, we had 
to search literature and databases and use sequence conservation criteria (predicted via a 
neural network [98])  to define AIRs. Using HADDOCK, we were able to generate structures 
that are close to the experimentally defined structures even with low-resolution, “fuzzy” data 
such as epitope mapping and protection from enzymatic digestion. As an example, we 
successfully predicted the trimeric form of the TBE virus envelope glycoprotein E within 
2.9Å ligand-RMSD (Figure 4b) (the ligand RMSD is defined as the RMSD calculated on one 
component after superposition of the other components). Our participation to the CAPRI 
experiment has, however, taught us that in some cases our docking methods, as well as others, 
can fail. 
 
Conclusions and perspectives 
 
The combination of biochemical and biophysical data with docking has many different 
applications. Docking models can obviously be used to select residues to be targeted for 
example for mutagenesis. One interesting point is that it becomes possible, when flexibility is 
explicitly introduced, to investigate structural changes at the interface upon complex 
formation, or even dynamic events as shown above for the copper transfer complex. Here we 
discuss what the future of this kind of approaches might be. 
 
Perspectives on data used in docking  
One interesting development is the use of conservation data to define interface residues 
(reviewed in [99]).  Several methods have been developed for this purpose; examples are the 
use of a neural network [98, 100], the determination of invariant polar residues [101], three-
dimensional cluster analysis [102], the use of phylogenetic trees [103], the Evolutionary Trace 
(ET) method [104, 105] and the Promate approach where conservation is combined with 
general interface characteristics [106]. Information from predicted interfaces has been used to 
model several complexes, for example, the Hsp90-p23 [107] and Gαβγ trimer-receptor 
complexes [42] based on predictions obtained with the ET method, and the complex between 
the α1 and β2 subunits of hemoglobin and the FtsA homodimer [43] based on conservation 
data and correlated mutations [46]. With the increasing amount of genomic data available, this 
kind of analysis can be expected to become more and more important. In addition, protein 
interaction networks can be compared using PathBLAST [108]; homologies based on this 
could provide additional information. Similarly, homology modeling, which has been 
improving over the years [109], in addition to being used to generate starting structures, could 
be combined with docking approaches, as illustrated with mutagenesis and neutron scattering 
data [110] and with MS data [111, 112]. An interesting example of the combination of 
homology modeling and docking is the Multiprospector multimeric threading approach [113] 
which has been applied to the S. cerevisiae proteome [114]: it threads the sequences of the 
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single chains of a target complex; if a template is found that is part of a complex, both chains 
of the target are rethreaded, now also incorporating an interfacial energy term. 
 Two experimental techniques which are very promising in combination with docking 
are cryo-electron microscopy or tomography and SAXS. Both techniques provide ‘shape’ 
information into which the structures of known constituents of a complex can be fit. Cryo-
electron microscopy has been used for a large number of yeast complexes [115] and for the 
80S ribosome from S. cerevisase [116]. For further discussion see reference [8]. SAXS data 
have been applied in docking to a variety of systems [117-124]. Specific examples are the 
twinfilin-capping protein complex [125] for which models of the single components were fit 
to the SAXS data and  compared with mutagenesis data, and the FixJ response regulator 
where the rotation angle between the two domains was probed [126].  
 Another technique that can potentially be used is fluorescence. Interface information 
could be obtained for example for the complex of HscA with IscU LPPVK motif containing 
peptides [127]:  the ability of Trp residues at the N or C terminus of the peptides to quench the 
fluorescence of labeled HscA was measured and this allowed to define the substrate binding 
orientation. In another example, docking simulations of HLA-1 dimers and complexes of 
those with CD8 and TCR were compared with Fluorescence Resonance Energy Transfer 
(FRET) data [128]. The use of FRET to study protein-DNA interactions has been reviewed 
[129]. Infrared spectroscopy might also become useful. For example, it was possible to define 
the tilt and relative orientation of transmembrane helices in the pentameric phospholamban 
[130] and the tetrameric M2 protein complex [131] based on infrared data. 
 With respect to the techniques discussed in section 2, at least for MS and NMR 
improvements can be expected. An example of a new MS approach for mapping interfaces is 
the modification of solvent-accessible side chains by hydroxyl radicals from millisecond 
exposure of aqueous solutions to X-rays; the modification sites can be identified by mass 
spectrometry and differences between complexed and uncomplexed forms indicate the 
location of the binding interface [132, 133]. In NMR, new approaches are emerging that 
might overcome the assignment problem. Comparison of experimental and back-calculated 
unassigned 1D 1H spectra of a complex has been proposed as a mean to filter docking 
solutions; the feasibility of this approach was demonstrated for four complexes [134]. Other 
methods that do not require chemical shift assignments but rely on the combination of amino-
acid specific labeling with saturation transfer or titration experiments have been reported as 
well [135, 136]. Provided that selective labeling can be efficiently performed, such methods 
should clearly speed up interface mapping by NMR. 
 Considering that information driven-docking will be much faster than conventional 
structural methods, it makes sense to invest some time and effort in making sure that the 
experimental data are reliable and really reveal interface residues. Therefore, whatever 
experimental technique is preferred, it is worth combining information from various sources. 
 
Perspectives on docking methods 
Not only from the data side, but also from the methodological point of view improvements are 
needed and can be expected. It will be possible one day to perform reliable ab initio docking, 
in which case no data will be needed at all, but this is probably not within our reach for the 
coming years. Still, active developments in the ab iinitio docking field will definitively 
benefit data driven docking approaches. Next to the need for proper scoring schemes, another 
important aspect is the handling of flexibility during docking. Although several methods exist 
that perform reasonably well in this respect, many still only use rigid body (soft) docking. 
Potential improvements might include a more widespread use of energy-driven sampling 
methods such as molecular dynamics, before docking to generate ensembles of starting 
structures, during docking to allow for induced conformational changes and/or after docking 
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to refine the (rigid body) solutions. Other advanced computational methods are emerging 
aiming at identifying parts of a molecule that are likely to be flexible and undergo 
conformational changes upon complex formation [137, 138]. Another kind of flexibility 
which, in our opinion without a good reason, has not had much attention, is that complexes 
themselves might be dynamical. As the forces that hold together the non-covalently linked 
complexes are, in most cases, weaker than those that are involved in covalent interactions, one 
would expect mobility to play a bigger role here. This will be particularly true in the case of 
weak and transient complexes. Methods should be developed which take this into account.  
 
Perspectives on experimental systems amenable to data-driven docking 
Finally, the range of systems which are studied using docking approaches can also be 
extended. Although it might not be strictly speaking docking, it is interesting to note that the 
kind of methods that we discussed here in the context of biomolecular complexes can also be 
applied to generate structures of single proteins by docking structural elements. This was done 
using cross-linking data to refine a homology model of FGF-2 [139] and with distance 
restraints for the lactose permease which consists of 12 transmembrane helices [140]. In 
another example, dipolar EPR distances, disulfide mapping distances and electron cryo-
microscopy data were used in a special kind of exhaustive search using a graph-theory 
algorithm to generate models of rhodopsin [141]. Docking-like approaches are particularly 
interesting to model transmembrane helical proteins, as these typically contain considerable 
helical content already in their unfolded state; this means that docking approaches can be 
applied using helical segments as structural entities, as described for example in reference 
[142]. A general review about helix-helix interactions in the folding of membrane protein can 
be found in reference [143].  
 At the other extreme, data have become available for many giant multi subunit 
complexes such as the ribosome [144] or the regulatory complex of the Drosophila 26 S 
proteasome [145], but docking approaches have not often been used for them. A 
combinatorial approach such as CombDock [146] may be useful here, but HADDOCK or 
other docking methods can also easily be extended to deal with multiple subunits (as shown 
for the trimer example above), although, for large assemblies, computational requirements 
might become a limiting factor. Another kind of biological system for which data are 
becoming available now are protein-lipid assemblies. Using EPR, the orientation of 
phospholipase A2 [147, 148] with respect to the surface of phospholipid vesicles was studied. 
For the C2 domain of protein kinase A, fluorescence and EPR data were used to elucidate the 
surface of the protein that contacts the membrane and to generate a model for the protein 
attached to a membrane [149]. NMR spin label data were also used to provide the depth and 
the angle of micelle insertion of the FYVE domain of early endosome antigen I [150]. Finally, 
one interesting type of systems to which increasing attention is given are proteins that, in their 
monomeric form, are unstructured and only fold during complex formation. A docking 
approach was used to study the complex of the (pre-folded) actin with the (only folding upon 
binding) thymosin beta4, using a combination of NMR data, mutation data and cross-linking 
data as restraints in the docking [151]. 
 In conclusion, we have shown that docking methods can provide valuable biological 
insight, when combined with a limited amount of experimental data. Such a combination will, 
without doubt, become more widely used in the near future. 
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Chapter 3. 
Various strategies of using Residual Dipolar Couplings in NMR-
driven protein docking: application to Lys48-linked di-ubiquitin 

and validation against 15N-relaxation data. 
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Abstract 
 
When classical, NOE-based approaches fail, it is possible, given high-resolution structures of 
the free molecules, to model the structure of a complex in solution based solely on chemical 
shift perturbation (CSP) data in combination with orientational restraints from residual dipolar 
couplings (RDCs) when available. RDCs can be incorporated into the docking following 
various strategies: as direct restraints and/or as intermolecular intervector projection angle 
restraints [Meiler et al., J. Biomol. NMR 2000, 16, 245].  The advantage of the latter for 
docking is that they directly define the relative orientation of the molecules. A combined 
protocol in which residual dipolar couplings are first introduced as intervector projection 
angle restraints and at a later stage as direct restraints is shown here to give the best 
performance.  This approach, implemented in our information-driven docking approach 
HADDOCK [Dominguez et al., J. Am. Chem. Soc. 2003, 125, 1731], is used to determine the 
solution structure of the Lys48-linked di-ubiquitin, for which chemical shift mapping, RDCs, 
and 15N-relaxation data have been previously obtained [Varadan et al., J. Mol. Biol. 2002, 
324, 637]. The resulting structures, derived from chemical shift perturbation and RDC data, 
are cross-validated using 15N-relaxation data. The solution structure differs from the crystal 
structure by a 20° rotation of the two ubiquitin units relative to each other.  
 
Introduction 

 
In this post-genomic era, biochemical research focuses more and more on proteomics. Recent 
advances in high-throughput methods have provided a first glimpse of the overall structure of 
protein-protein interaction networks in biological systems (for a review, see ref [1] and 
references therein) and promise to contribute increasingly to our understanding of how 
proteins cooperate. 

Most proteins achieve their function by interacting with other proteins and forming an 
active complex. The structure determination of such complexes by X-ray and/or nuclear 
magnetic resonance (NMR) still represents a challenging task. Because of that, ab initio 
protein-protein docking is becoming increasingly popular (for a review, see ref. [2]). 
Recently, the CAPRI (Critical Assessment of PRedicted Interactions) experiment [3] provided 
a blind test of the performance of different docking approaches (see http://capri.ebi.ac.uk). 
Although it is clear that considerable progress has been made in the last years, it is also 
obvious that docking based only on shape complementarity and/or a general force field, 
without any auxiliary information, is still very challenging. Reasonable solutions can however 
be obtained when a small amount of experimental information can be included. We recently 
developed an information-driven method called HADDOCK (High Ambiguity Driven 
protein-protein DOCKing) to dock proteins using biochemical and/or biophysical data, such 
as mutagenesis data or the easily available chemical shift perturbation (CSP) data from NMR 
titration experiments [4]. Such information allows one to map the residues at the interface of 
the constituents of the complex and can be used to define so-called ambiguous interaction 
restraints (AIRs) to drive the docking. Here the ambiguity refers to the fact that residues can 
be identified to be located at the interface, but that there is no explicit knowledge on the 
specific pairwise interactions that residues from one component form with residues from the 
other component. In defining the ambiguous interaction restraints one distinguishes between 
two types of residues: active residues that have been experimentally identified and passive 
residues that correspond to surface neighbors of active residues. AIRs are defined between 
each active residue of one component and all passive and all active residues of the other 
component. The use of passive residues, which introduces some fuzziness in the definition of 
the interface, is required to account for the fact that not all interface residues can typically be 
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experimentally identified. For example, not all interacting residues in a complex show 
significant chemical shift perturbations in NMR titration experiments. The reverse is also true: 
sometimes residues that are not part of the interface do show significant chemical shift 
perturbations as a result of propagated effects such as for example a weakening of hydrogen 
bond strength by a slight β-sheet opening or small conformational changes. The use of a 
solvent accessibility criterion allows one to filter out some of these “false-positive” residues. 

Classically, NMR-structure determination is done in a lengthy process of collecting 
and assigning NOEs, representing short-range inter-proton distances. During the last few 
years, residual dipolar couplings (RDCs) and 15N relaxation anisotropy have been shown to be 
a very useful source of long-range structural information [5-10]. In contrast to NOEs, RDCs 
and relaxation rates provide orientational information, which is of a global character. When it 
comes to complexes one way to use this orientational information is to extract from the 
measured RDCs or relaxation rates for each component the alignment or diffusion tensor of 
the whole molecule. When the eigenvalues of the tensor of interest are equal for all 
components of the complex, this strongly indicates that the individual proteins orient or 
tumble together as a single rigid entity. Then, by rotating the individual components such that 
their alignment or diffusion tensors become collinear, the orientation of the individual 
molecules with respect to each other can be obtained [11-14]. Some ambiguity, however, 
typically remains because of the intrinsic degeneracy of RDC and relaxation data and the lack 
of information about the relative positioning of the molecules. When, in addition, a limited 
amount of intermolecular NOE-derived distances can be used, the structure of the complex 
can be solved.  This approach has been demonstrated for a variety of systems such as RNA 
[15], protein-RNA [16] and protein-protein complexes [17]. 

More recently approaches have emerged, which do not use NOEs but rely on chemical 
shift mapping to determine the interface with the advantage that also weak and transient 
complexes can be studied in this way. Our HADDOCK approach, which we described above, 
makes use of such information. Chemical shift perturbation information can also be combined 
with RDCs to refine the relative orientation of the components. It has been previously shown 
that by combining restraints from chemical shift perturbations with orientational restraints 
from RDCs, the structure of a complex could be determined quite accurately [18];  the 
chemical shift perturbation restraints were taken into account by minimizing the difference 
between experimental and simulated chemical shift perturbations, using the program SHIFTS 
[19].  In another study, the chemical shift mapping data were transformed into a set of highly 
ambiguous intermolecular distance restraints as proposed in HADDOCK, and combined with 
orientational restraints from RDCs [20]. RDC and chemical shift perturbation data have also 
been used a posteriori to filter solutions obtained from ab initio docking [21] with the 
program FTDOCK [22]. 

RDCs are typically used directly as restraints in structure calculation methods by 
defining an external alignment tensor and back-calculating the RDC-values from the angle 
between the internuclear vector of interest and the alignment tensor. In the case of complexes, 
the orientation of each component is optimized with respect to a single alignment tensor. In 
this way, the restraints only indirectly define the relative orientation of the components. It has 
been shown that, by combining RDCs in a pairwise manner, it is possible to define intervector 
projection angle restraints that become independent of an external alignment tensor. The latter 
is thus no longer needed in structure calculations [23]. These angular restraints have the 
advantage that they can be introduced in the initial steps of structure calculation starting from 
random conformations. Such an approach has, until now, never been used for docking. From a 
computational point of view, this should have some definite advantages. By combining RDCs 
from the individual components, intermolecular projection angle restraints can be generated 
that directly define the relative orientation of the components and can be distinguished from 
the intramolecular components. The use of such restraints should provide an easy way to use 
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data from different alignment media together or to combine RDC restraints with e.g. 
relaxation anisotropy restraints [24]. 

In this article we show that the structure of complexes can be efficiently determined 
from a combination of chemical shift perturbation data and residual dipolar couplings using a 
combined approach in which the latter are first introduced as intermolecular intervector 
projection angle restraints and, at a later refinement stage, as direct restraints. The resulting 
models are independently validated using 15N-relaxation data.  This allows one to assess the 
possible influence of conformational averaging on the calculated structures since the 
timescales for the relaxation data differ from that for RDCs. This approach is applied to  
determine the solution structure of the Gly76-Lys48 linked di-ubiquitin chain (Ub2) for which 
NMR chemical shift perturbations, residual dipolar couplings and diffusion anisotropy data 
have been obtained previously [25]. The ubiquitin-proteasomal pathway is the major 
mechanism of protein degradation in eukaryotic cells, and Lys48-linked tetra-ubiquitin (Ub4) 
is the minimum signal required for efficient targeting of proteins to proteasomes [26-28]. 
Knowledge of the structure of polyubiquitin could provide useful insights into the 
mechanisms of its interaction with various chain recognition factors of the proteasome. At 
present, there is one crystal structure of a Lys48-linked Ub2 (accession number: 1AAR) [29] 
and two crystal structures of Lys48-Ub4 (accession numbers: 1F9J [30] and 1TBE [31]) in the 
Protein Data Bank [32], all obtained at acidic pH (~4.5). These structures differ from each 
other in the relative orientation and contacts between Ub units. In order to characterize the 
solution conformation of polyubiquitin, Lys48-linked Ub2 and Ub4 and Lys63-linked Ub2 
were recently investigated using a combination of NMR techniques, including chemical shift 
mapping, 15N relaxation and RDC measurements [25,33]. It was found that  Lys48-linked 
chains exhibit a pH-dependent conformational switch from an open (at pH 4.5) to a closed 
form (pH 6.8 and higher). In the closed conformation observed under near-physiological 
conditions in solution, the relative orientation of the two monomers with respect to each other 
was found to be distinct from that in the crystal structure. However, no interdomain NOEs 
could be reliably detected, probably due to conformational exchange broadening of the amide 
signals from the interface residues. Therefore, no solution structure of Ub2 was generated, 
because the relaxation- and RDC-derived orientational restraints alone do not provide 
information on the relative positioning of the two domains. Here we show, using the 
previously collected NMR data [25] at pH 6.8, that the combination of intermolecular 
intervector projection angle restraints derived from RDC data and AIRs derived from 
chemical shift perturbation data can be used to determine the first solution structure of Lys48-
linked Ub2. The 15N relaxation data are used for cross-validation of our structure. Finally, the 
solution structure of Ub2 generated in this way is compared to the crystal structure obtained at 
pH 4.5. 

 
Materials and Methods 

 
Docking protocol 
The original HADDOCK protocol is described in ref. [4]. It uses ambiguous interaction 
restraints (AIRs) defined from chemical shift perturbation data obtained in NMR titration 
experiments. The protocol consists of three consecutive stages (for details, see ref. [4]): 

(i) randomization of orientations followed by rigid body energy minimization (EM); 
(ii) semi-flexible simulated annealing in torsion angle space (TAD-SA), which consists 

of (ii-a) a rigid body Molecular Dynamics search and first simulated annealing, (ii-
b) a second semi-flexible simulated annealing during which side chains at the 
interface are free to move, and (ii-c) a third semi-flexible simulated annealing during 
which both side chains and backbone at the interface are free to move; and 

(iii) final refinement in Cartesian space with explicit solvent. 
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The docking was performed starting from the 10 conformations in the NMR ensemble (PDB 
entry 1D3Z) and from the two Ub monomers taken from the crystal structure of Ub2 (PDB 
entry 1AAR) following the standard HADDOCK protocol. These 12 starting conformations 
result in 144 pairwise combinations for docking. In the initial rigid body docking phase, 1440 
structures were generated (each combination being used ten times) and the best 200 in terms 
of total intermolecular energy were further submitted to the semi-flexible simulated annealing 
and final water refinement. After water refinement, the resulting structures were clustered 
based on RMSD and the lowest energy structures from the lowest energy cluster were 
selected; clustering was done with a 1.5 Å cutoff using the backbone RMSD of both proteins 
calculated after positional least square fitting on the first protein only. 

 
Use of RDC restraints for docking 
The measured RDCs are given by: 

  D
i (β iα i ) = 0.5D0[Aa (3cos2 β i − 1) + 3

2 Ar (cos2α i sin2 β i )]   (equation 1) 
Here Aa is the axially symmetric part of the alignment tensor, equal to [Azz – 1/2( Axx + Ayy)] 
and Ar is the rhombic component of the alignment tensor, equal to (Axx-Ayy), where Axx, Ayy 
and Azz are the x, y and z-component of the alignment tensor, respectively; αi and βi are the 
azimuthal and polar angles of the vector for which the RDC is reported, in the frame of the 

alignment tensor; 
  
D0 = −

µ0

4π
⎛

⎝⎜
⎞

⎠⎟
γ iγ jh

2π 2rNH
3  = 21.7 kHz is the strength of the (static) dipolar 

coupling in the NH-pair, rNH is the length of the NH-vector, µ0 is the magnetic permeability of 
vacuum, γi is the gyromagnetic ratio of spin i, and h is Planck’s constant.  

In order to use RDCs for structure calculation, the alignment tensor components need 
first to be determined. This was done by back-calculating RDCs based on the known structure 
of the single domains (10 NMR structures and 2 monomers from the crystal structure) and 
optimizing the tensor parameters, using the software Pales[34] with the option –bestFit (which 
uses singular value decomposition). This fitting procedure was performed separately for the 
RDC data measured for the distal and proximal domains leading to 24 sets of tensor 
parameters. Only RDCs from residues located in secondary structure elements were used (50 
in total). We then selected the tensor parameters from the structure and RDC data of the 
domain with the lowest Q-factor. 
 
Table 1. Force constants used during different stages of the docking protocol. 

Stagea ksani 
(kcal mol-1 Hz-2) 

kvean,border 
(kcal mol-1) 

kvean,centre 
(kcal mol-1) 

kair  
(kcal mol-1 A-2)

i)     Rigid body EM 0.0 - 0.04 0.0 - 4.0 0.0 - 1.0 1 - 10 
ii-a) SA 0.01 - 0.02 1.0 – 10 0.25 - 2.5 10 - 50 
ii-b) SA 0.02 - 0.2 10 – 40 2.5 -10 50 
ii-c) SA 0.2 40 10 50 
iii)   Water refinement 0.2 40 10 50 
a) i,ii and iii refer to the rigid body, simulated annealing (SA) and water refinement stages of the protocol, 

respectively. Ksani, force constant for direct RDC restraints. kvean,border and kvean,center, are the force constants for 
RDC restraints expressed as intervector projection angles (VEAN) for the border and central parts of the VEAN 
potential function, respectively (see Eq. 2). kair, force constant for Ambiguous Interaction Restraints. During the 
SANI run, kvean,border and kvean,center were set to 0 and during the VEAN run, ksani was set to 0; during the VEAN-
SANI run, ksani was set to 0 during stage i and ii, and kvean,border and kvean,center were set to 0 during stage iii. 

Experimental RDCs were introduced in the standard HADDOCK protocol in three different 
ways: (a) directly, using a floating alignment tensor (SANI [35] energy term in CNS [36]) ; 
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(b) as intervector (NH-NH) projection angle restraints (VEAN [23] energy term in CNS); and 
(c), as a combination of (a) and (b). In the last case, VEAN was used in stage i) and ii) of the 
docking protocol (rigid body docking and semi-flexible SA) and SANI was used in stage iii), 
the final water refinement. The values of the force constants in the protocol are given in Table 
I. The use of RDCs as direct restraints in structure calculations is described in ref. [35]. The 
use of RDCs as intermolecular intervector projection angle restraints has been described in ref 
[23]; however, since it is less commonly used, we will describe it again in the following. 
 
Residual dipolar couplings as intermolecular intervector projection angle restraints 
The energy function [23] in this case is given by: 
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   (equation 2) 

Here ϕij denotes the value of the projection angle between the two vectors to which the 
restraint is applied, in our case, NH-vectors; its boundary values are given by (note that the 
original version of these equations in ref. [23] is not correct; the corrected version is given in 
ref. [37]): 
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Here, Di and Dj are the values of the respective RDCs of the two NH-vectors; Dxx, Dyy and Dzz 
are given by D0

.Axx, D0
.Ayy and D0

.Azz, respectively. Generally, two minima are allowed, due 
to the well-known degeneracy of the dependency of the RDC on αi and βi, and 
correspondingly, there are four boundary values for ϕij, denoted ϕij

ext1 to ϕij
ext4 in equation 2. 

Two force constants must be defined, one for the border potential function (kborder) and one for 
the central part between the two minima (kcentre).  

The generation of intermolecular intervector projection angle restraints is implemented 
in a slightly modified version of a python script (dipolar_segid.py) kindly provided by Drs. 
Helen Mott and Wayne Boucher (Cambridge University). This script is distributed with the 
HADDOCK package (see www.nmr.chem.uu.nl/haddock).  
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NMR data 
The NMR data used in this study include RDC values for backbone amides, 15N relaxation 
rates R1 and R2 and steady-state 1H-15N NOEs. Ub2 chains were assembled from unlabeled 
and U-15N labeled Ub units, such that only one of the two Ub domains was 15N labeled in 
each NMR sample. The NMR studies were done at pH 6.8. The details of chain assembly and 
experimental NMR procedures have been presented elsewhere [25]. The overall average 
levels of R1 in the distal Ub appeared to be slightly (6.5%) elevated compared to the proximal 
domain while the R2 values showed an opposite tendency. This indicates a slight difference in 
the apparent overall rotational correlation time that could be attributed to interdomain 
mobility in Ub2. It is also possible that small variations in protein concentration between 
NMR samples, where the distal or the proximal domain in Ub2 was isotope labeled, contribute 
(due to aggregation effects) to the observed differences in the relaxation rates between the 
domains. Ub2 showed some tendency to aggregate at NMR concentrations (~1 mM), as 
inferred from the observed concentration dependence of spin relaxation rates. Note that 
varying protein concentration can affect the viscosity of the sample (hence the relaxation 
rates); however, at these low ubiquitin concentrations, this effect is expected to be negligible. 
Although the relaxation measurements for these studies were performed at Ub2 concentrations 
as low as 250–500 µM, some amount of aggregation could still be present. Note that the 
subnanosecond local backbone dynamics in both Ub domains are very similar to each other 
and to those in the monomeric Ub [38]. In order to be able to fit the experimental data for both 
domains simultaneously, relaxation rates for the distal domain were uniformly rescaled as 
follows: R2  R2*1.065, R1  R1/1.065. This scaling factor represents an average value of 
the ratio of R2s between the proximal and the distal domains and of the inverse ratio of R1s for 
these domains. Analysis of the diffusion tensor data showed that this procedure mostly affects 
the principal values but not the orientation of the diffusion tensor. This is further supported by 
the agreement between the orientation of the diffusion tensors derived from these data and 
calculated from hydrodynamic properties of the Ub2 structures (Supplementary Material).   

The analysis of the experimental data using computer program ROTDIF [38,39] was 
performed including core residues, identified as those belonging to Ub secondary structure, 
excluding six NH groups (residues 7,23,25,48,70,71) in the distal and seven (residues 
23,25,48,56,68,70,71) in the proximal Ub that show conformational exchange broadening or 
could not be reliably evaluated from the spectra due to signal overlap. We have also 
performed a similar analysis including most of the NH vectors except those mentioned above 
and those in the β1/β2 loop and in the C-terminus. The results of these analyses were very 
similar in terms of the derived diffusion tensor characteristics. Only the “core”-residue results 
are presented here. The ROTDIF program determines the overall rotational diffusion tensor of 
a molecule from the ratio 
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minimization of the target function 
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where the superscripts ‘exp’ and ‘calc’ indicate the experimentally measured and the 
calculated values of ρ for the i-th NH vector, σi is the experimental error in ρi

exp, and ρi
calc is 

calculated for a given model of the overall tumbling as described in details in ref. [38]. All 
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data were treated using an axially symmetric and a fully anisotropic model for the rotational 
diffusion tensor. 
 
Structural coordinates 
The structural coordinates for the ubiquitin monomer used as starting structure in the docking 
were taken from the Brookhaven Protein Data Bank [32] entry 1D3Z [42], an NMR structure 
of the monomer, of which the 10 models were used, and entry 1AAR [29], the crystal 
structure of Ub2, which was split in 2 parts, both being used as starting structures for a Ub 
monomer. 

The ensemble of the 10 solution structures of Ub2 described in this study have been 
deposited in the PDB under accession code 2BGF, together with the various NMR restraints 
used for the docking. 

 
Analysis of intermolecular contacts 
Intermolecular contacts (hydrogen bonds and non-bonded contacts) were analyzed with 
DIMPLOT which is part of the LIGPLOT software [43] using the default settings (3.9 Å 
heavy-atoms distance cut-off for non-bonded contacts; 2.7 Å and 3.35 Å proton-acceptor and 
donor-acceptor distance cut-offs respectively with minimum 900 angles (D-H-A, H-A-AA, D-
A-AA) for hydrogen bonds. A contact is defined to be present in the solution structure if it is 
found in at least four of the 10 best structures. 

 
Results 

 
To compare the performance of using RDCs as direct restraints or as intermolecular 
intervector projection angle restraints, the NMR solution structure of the Gly76-Lys48 linked 
Ub2 was first calculated in three different manners with HADDOCK [4]: i) using solely 
chemical shift perturbation data, ii) using chemical shift perturbation data in combination with 
direct RDC restraints and iii) using chemical shift perturbation data in combination with 
intermolecular intervector projection angle restraints derived from RDC data (see Material 
and Methods). These three runs will be denoted in the following as i) CSP, ii) SANI and iii) 
VEAN, respectively (SANI and VEAN refer to the energy terms in CNS [36]). Analysis of the 
results led us to define a protocol termed VEAN-SANI, in which both approaches are 
combined, using first the intervector projection angle restraints to drive the docking and then 
the direct RDC restraints for the final explicit solvent refinement.  In cases where ambiguity is 
present in the experimental data, different orientations can be obtained by docking which 
should then be distinguished based on energetic considerations as shown previously [4]. To 
assess the performance and convergence of the various protocols presented here we therefore 
compare the population of the lowest energy clusters. 

 
Restraints definition 
The restraints that were used are listed in Table 2. The ubiquitin monomers, which are linked 
to one another via a Gly76-Lys48 isopeptide bond, are designated distal (D: containing 
Gly76) and proximal (P: containing Lys48 and a free C-terminus), respectively. For both 
distal and proximal domains, the active and passive residues used in the docking were defined 
using the procedure described previously [4]: the residues with combined 1H and 15N CSP 
above average (0.033 ppm) whose backbone or side-chain showed more than 50% relative 
solvent accessible surface area were defined as active residues. Their solvent accessible 
surface neighbors were defined as passive residues. From the list of active and passive 
residues for both monomers, 21 ambiguous interaction restraints (AIRs) were defined with an 
upper distance bound of 2Å. 
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Table 2. Data used in the docking. 
Distal domaina  
    Active residuesb L8, T9, A46, G47, K48, Q49, E51, H68, R72, L73 
    Passive residuesb K6, G10, K11, T12, D39, D52, G53, R54, L71, R74, G75, 

G76 
    RDCs 46 NH RDCs 
    Flexible segmentsc F4-T14; P37-L56; T66-L71 
    Fully flexible segmentsd R72-G76 
Proximal domaina  
    Active residuesb L8, T9, G47, K48, E51, H68, V70, R72, L73, R74, G76 
    Passive residuesb K6, G10, K11, T12, D39, A46, Q49, D52, G53, R54, L71, 

G75 
    RDCs 46 NH RDCs 
    Flexible segmentsc F4-T14; P37-Q41; F45-L56; T66-L71 
    Fully flexible segmentsd K48; R72-G76 
Intervector projection angle 
restraintse 

Number of restraints 

    Intermolecular 981 
    Intramolecular 972 
Isopeptide bond (G76-K48) f Unambiguous restraint distance (Å) 
    O-NZ 2.25 +/- 0.05 
    C-NZ 1.35 +/- 0.05 
    C-CE 2.45 +/- 0.05 
    CA-NZ 2.45 +/- 0.05 

a The ubiquitin monomers, which are linked to one another via a Gly76-Lys48 isopeptide bond, are designated 
distal (D: containing Gly76) and proximal (P: containing Lys48 and a free C-terminus), respectively. 
b Our docking protocol uses active residues (interface residues defined based on experimental CSP data (see 
text)) and passive residues (surface neighbors of passive residues). Ambiguous interaction restraints, AIRs (21), 
are defined from each active residue of one domain to all active and passive residues of the other domain, using 
a 2Å upper distance bound. 
cFlexible segments are the parts of the molecules that are free to move during the SA stage ii-b and ii-c (see 
text). These are typically defined as all active and passive residues plus two sequential neighbors. 
dFully flexible segments are the parts of the molecules that are free to move during all SA stages (see text). 
eOne docking run was performed using only Chemical Shift Perturbation data (CSP). RDCs were used either as 
direct restraints (SANI) or as intervector projection angle restraints (VEAN), in both cases combined with CSP. 
The final protocol consists of a combination of VEAN and SANI together with CSP (VEAN-SANI); see text for 
details. 
fThe distal and proximal domains are connected via an isopeptide bond between Gly 76 carbonyl C and Lys 48 
NZ; in the docking this is represented as a set of distance restraints based on typical distances for this bond in the 
crystallographic structure. 

 
Two sets of each 46 NH-RDCs (for the distal and proximal domains) were available. 

As starting structures, we used the 10 models from the NMR structure of ubiquitin (1D3Z) 
and the two units of the Ub2 X-ray structure (1AAR). For each of those 12 starting structures 
the principal components of the alignment tensor were calculated using Pales [34] for each 
RDC set independently. For this, only residues located in secondary structure elements were 
considered (50 for the two units together). The goodness of fit was assessed with the RDC Q-
factor [42]. Model 8 from the NMR ensemble, fitted to the RDC-data for the distal domain, 
gave the lowest Q-factor (Q=0.21; R=0.96); the resulting principal component values (Axx= 
32.3 10-5, Ayy= 38.3 10-5, Azz=-70.6 10-5; Aa=-105.9 10-5, and Ar=-6.02 10-5) were used 
subsequently in the structure calculations. The RDC data were introduced either as direct 
restraints (92 in total) with explicit inclusion of an alignment tensor (SANI) or as intervector 
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projection angle restraints (VEAN). The latter were defined by taking pairwise combinations 
of the total set of 92 residual dipolar couplings and selecting only the intervector projection 
angle restraints restricting at least 25% of the conformational space. In this way, 981 inter-
domain and 972 intra-domain restraints were defined. Furthermore, 4 unambiguous restraints 
were introduced to represent the covalent isopeptide bond from Gly76 of the distal domain to 
Lys48 of the proximal domain. This approach was chosen instead of defining a covalent bond 
to allow for randomization of the starting orientations and to facilitate the docking. 

 
 

 
 
 
 
 
 
 
Figure 1. Intermolecular 
energies (Evdw+Eelec+Erestraints) 
versus backbone RMSD from 
the lowest energy structure. 
Values for single structures are 
indicated by black dots and 
cluster averages and standard 
deviations in gray; (a) CSP; (b) 
VEAN; (c) SANI; and (d), 
final protocol, VEAN-SANI. 
For a description of the 
different docking runs, see text 
and footnote e of Table 2. 
 

Docking from CSP 
Figure 1 shows the intermolecular energies of the water-refined solutions as a function of the 
RMSD from the lowest energy structure of the respective runs. The 200 solutions after final 
refinement in explicit water were clustered using a 1.5 Å pair-wise RMSD cutoff and clusters 
were ranked using the average intermolecular energies calculated for the 10 lowest energy 
structures. In this way, different clusters sizes do not affect the ranking. After clustering, the 
lowest energy structure(s) of the lowest energy cluster were taken as the best docking 
solution. The lowest energy cluster for the CSP-docking has 39 members. As shown in Table 
3, the Q-factor for this run is relatively high (0.64 +/- 0.07), indicating that those structures do 
not satisfy the RDC restraints. The CSP-structures are quite similar to the crystal structure, 
with an average backbone RMSD from it of 1.0 Å (Table 3). The crystal structure itself has a 
Q-factor of 0.44, which indicates that it is also not consistent with the experimental RDCs. 
 
Docking from CSP and intermolecular intervector projection angle restraints (VEAN) 
As is clear from Figure 1b, the VEAN run has a very good convergence; the lowest energy 
cluster is highly populated with 107 members. Note that the energies in Figure 1 contain the 
restraint energies (AIR, VEAN, SANI), which explains why they differ between the various 
runs. The corresponding VEAN-structures have a better Q-factor (0.35 +/- 0.03) than the 
CSP-only structures and the crystal structure. As can be seen in Table 3, the number of direct 
RDC (which were not used) or intervector projection angle restraint violations is lower than 
for the crystal or the CSP-only docked structure. The structures differ from the CSP-structures 
(backbone RMSD from average CSP structure 1.5 +/- 0.3 Å) and from the crystal structure 
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(backbone RMSD 2.4 +/- 0.5 Å). These differences are larger than the spread within the 
ensemble of 10 structures (see Table 4). 
 
Table 3. Consistency of docked Ub2 structures with RDC-data. 

Solution structuresa  Crystal 
(1AAR) CSP SANI VEAN VEAN-SANI

Q-factorb 0.44 0.64 (0.07) 0.14 (0.01) 0.35 (0.03) 0.15 (0.01) 
RDC violc > 1 Hz 78 77 (3) 38 (5) 63 (3) 41 (4) 
RDC violc > 3 Hz  48 51 (6) 4 (1) 31 (3) 6 (2) 
VEAN inter viold > 100 148 154 (13) 62 (5) 29 (10) 61 (6) 
VEAN intra viold > 100 71 123 (12) 56 (4) 18 (8) 54 (3) 

aFor description of different docking runs, see footnote e of Table 2. The statistics are for the 10 lowest energy 
structures of the lowest energy cluster. See also Figure 2 for a histogram of deviations from experimental RDC 
values. 
bQ-factor=rms(Dcalc-Dobs)/rms(Dobs)[42], where Dcalc and Dobs are calculated and observed RDCs, respectively. 
cRDC viol.: number of violations of direct RDC restraints (using cutoffs of 1 and 3 Hz, respectively); total 
number of direct RDC restraints is 92. 
dVEAN inter viol and intra viol: number of violations of intermolecular and intramolecular VEAN-restraints, 
respectively (using cutoff of 100). The VEAN restraints consist of 981 inter- and 972 intra-molecular restraints. 
 
Docking from CSP and direct RDC restraints (SANI) 
Figure 1c shows that the SANI-run does not converge as well as the VEAN run; there are only 
65 structures in the lowest energy cluster. The Q-factor is low, 0.14 +/- 0.01, which indicates 
excellent agreement with the experimental RDC-data. Table 3 shows that the SANI structures 
have less direct RDC violations than the VEAN structures, but more intervector projection 
angle restraint violations (although still less than the CSP-only docked structures or the 
crystal structure). This indicates that the two kinds of RDC restraints do not define or restrict 
the orientation of the N-H vectors in a fully similar way. The average backbone RMSD of the 
SANI structures from the crystal structure is 1.6 +/- 0.3 Å and from the average CSP structure 
1.4 +/- 0.3 Å. 
 
Table 4. Average pairwise RMSD [Å] between the crystal structure and the various 
docked structures.a 

 Crystal CSP  VEAN  SANI  VEAN-SANI  
Crystal -- 1.0 (0.2) 2.4 (0.5) 1.6 (0.3) 1.7 (0.3) 
CSP  1.4 (0.2) 0.8 (0.2) / 

0.9 (0.2) 
1.5 (0.3) 1.4 (0.3) 1.5 (0.3) 

VEAN  2.7 (0.5) 1.8 (0.4) 0.8 (0.3)/0.9 (0.3) 1.0 (0.2) 1.0 (0.3) 
SANI  2.0 (0.3) 1.6 (0.4) 1.3 (0.2) 0.7 (0.2)/0.9 (0.2) 0.9 (0.2) 
VEAN-
SANI  

2.0 (0.4) 1.8 (0.3) 1.2 (0.2) 1.2 (0.2) 0.7 (0.2) / 
0.8 (0.3) 

aUpper right: backbone RMSD; lower left: all-heavy atom RMSD. The RMSD values are calculated for the 
respective ensembles of structures as the averages from the respective average structure. Standard deviations are 
indicated between brackets. Residues 1 to 71 were used to calculate RMSD for both distal and proximal domain 
(excluding residues 72-76, which are a flexible tail). For a description of the different docking runs, see footnote 
e of Table 2. 

Comparison of direct RDC (SANI) and intervector projection angle (VEAN) run 
The VEAN-structures and the SANI-structures both are more consistent with the experimental 
RDC data than the crystal structure or the CSP-structures. Still, there are differences between 
those structures, reflected in an average backbone RMSD from the mean of VEAN from 
SANI of 1.0 +/- 0.2 Å. To compare the consistency of both sets of structures with the RDC 
data in more detail, a histogram of the differences between calculated and observed RDCs is 
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presented in Figure 2. Both runs show a Gaussian-like distribution around a mean value of 0, 
but the distribution for SANI is tighter than the one for VEAN. The maximum violation in 
SANI is 4.2 Hz, which, considering the 50 Hz range of the measured RDCs, is below 10% of 
the experimental values.  Note also that we are using a flat bottom harmonic potential for the 
RDCs that allows larger deviations from experimental values than the often used purely 
harmonic potential.  
 

 
 
 
 
 
 
 
 
 
 
Figure 2. Histogram of differences 
between experimental and calculated 
(best-fitted using the program Pales[34]) 
RDC values for the structures from the 
different docking runs using RDCs (open 
black bar: SANI; filled black bar: VEAN; 
filled grey bar: VEAN-SANI; see 
footnote e of Table 2). The bin size used 
is 2 Hz.  

 
Final protocol: docking with CSP and combination of VEAN and SANI 
From the results described above it is clear that VEAN has the advantage of better 
convergence (107 versus 65 structures for SANI in the lowest energy cluster), but that SANI 
shows better consistency with the experimental RDC-data. To combine those advantages, we 
defined a protocol in which we use intervector projection angle restraints (VEAN) in the first 
two stages of our docking protocol (rigid body EM and semi-flexible SA) and direct RDC 
restraints (SANI) in the final water refinement (for details, see Material and Methods); we 
refer to this as VEAN-SANI. In Figure 1d, it can be seen that the convergence of this protocol 
is comparable to that of VEAN; the lowest energy cluster is the most highly populated with 
129 members. Moreover, the structures satisfy the RDC restraints as well as the SANI 
structures: the Q-factor for the best 10 structures after water refinement is 0.15 +/- 0.01; see 
also Table 3 and Figure 2. The structures have an average backbone RMSD from the average 
structure of 1.0 +/- 0.3 Å to VEAN and 0.9 +/- 0.2 Å to SANI, respectively. These differences 
are within the precision of the respective ensembles, indicating that the various structures 
calculated using RDCs (SANI, VEAN and VEAN-SANI) are to a major extent similar.  

Figure 3 shows a plot of the experimental versus calculated RDC values for the crystal 
and the VEAN-SANI structures, together with both structures color-coded according to the 
differences between experimental and calculated RDCs. From these data, it is clear that our 
solution structure has a much better consistency with the RDC data. It can also be seen that 
the deviations in the crystal structure are not only present in loop regions but also in 
secondary structure elements, indicating that it is unlikely that they could originate from 
intramolecular flexibility only. 
 
 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Residual Dipolar Couplings in NMR-driven docking 

49 

Figure 3. Comparison of the experimentally measured dipolar couplings RDCobserved with the back-calculated 
values using the program Pales (RDCcalculated) for the ensemble of the best 10 solution structures (grey, error bars 
are indicated) and for the crystal structure (black). Upper left corner: Mapping on the crystal structure of the 
relative difference between experimental and calculated value of RDC (abs(Dobs-Dcalc)/max[1.0,abs(Dobs)]. 
Residues are color-coded on a scale from light grey (relative difference 0.0) to dark grey (relative difference 
6.1). White indicates that no RDCs were measured. The isopeptide bond is indicated in ball-and-stick. Lower 
right corner: idem, but for the solution structure (closest to the mean).  
 
Validation using 15N relaxation data 
As an independent validation of the Ub2 structures we determined how well they agree with 
the 15N relaxation data. The crystal structure of Ub2 and the ten final Ub2 structures of each 
run were used as input for the computer program ROTDIF [25,38,39] that fits relaxation data 
to a fully anisotropic rotational diffusion model. The experimental data were also fitted for 
each domain separately, as control. The results are summarized in Table 5; details are 
presented in the Supplementary Material (see Appendix). 

The orientation of the principal axes frame of the diffusion tensor with respect to the 
molecule is very similar for SANI, VEAN, and VEAN-SANI ensembles (see Figure 4). The 
CSP structures and the crystal structure resulted in a somewhat different orientation of the 
diffusion tensor, consistent with the different interdomain orientation for these two structures. 
It is worth mentioning that the Ub2 diffusion tensor orientation derived from 15N relaxation 
data is in reasonable agreement with the tensor orientation predicted solely from 
hydrodynamics properties of our solution structures using HYDRONMR [44] (Supplementary 
Material). 

We have also compared the orientation of the diffusion tensor axes of Ub2 obtained 
from fitting both domains simultaneously with those derived from fitting each individual 
domain alone. For a proper alignment of the domains in a molecule, these three sets of axes 
should agree with each other. There is an excellent agreement between the “both-domains”-
axes and those for the proximal domain in all NMR-derived structures (Table 5). For the 
distal domain, the agreement is very good for the VEAN-SANI ensemble, while there is a 
somewhat greater variation in the axes orientation for the other structures, with CSP showing 
the least agreement. Note that the diffusion tensor for the distal domain appears more axially 
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symmetric [25], and therefore the orientation of its x- and y-axes (given by the angle γ) is less 
well defined, resulting in a greater variation in the γ angle among the structures. To better 
assess the agreement between the orientations of the diffusion tensors, we also determined the 
angles between the corresponding axes for every structure in each ensemble (Supplementary 
Material). The average values of the intervening angle between the z-axes of the diffusion 
tensors (“both-domains” versus “distal-only”) were 6±2o (VEAN-SANI), 8±1o (SANI), 8±3o 

(VEAN), and 14±5o (CSP), while the corresponding angles between the “both-domains” and 
the “proximal-only” diffusion tensors were 5±1o (VEAN-SANI), 4±1o (SANI), 7±5o (VEAN), 
and 13±6o (CSP).  A comparison between the axes of the “distal-only” and the “proximal-
only” diffusion tensors gives for the same intervening angle 9±3o (VEAN-SANI), 10±1o 

(SANI), 13±6o (VEAN), and 24±9o (CSP). For the crystal structure, the z-z angles were 14o, 
16o, and 28o, respectively.  
 
Table 5. Summary of the results of ROTDIF analysis of 15N relaxation data for Ub2, 
applied to both domains simultaneously and to each Ub domain separately.  

Shown are average values of the parameters over the corresponding ensemble of 10 selected structures (except 
for the crystal structure), the numbers in the parentheses represent the standard deviations within each ensemble. 
a Euler angles {α, β, γ}, in degrees, determine the orientation of the diffusion tensor frame with respect to the 
molecular coordinate frame of the specified Ub2 structure. 
b The values of the target function representing the residuals of fit using ROTDIF, see Equation 4.    
c The value of the target function per degree of freedom.      
d The ratio of χ2 value from the simultaneous fit of both Ub domains, χ2

D&P, to the sum of the residuals of fit 
when treating the two Ub domains separately (χ2

D and χ2
P).  A value of this ratio close to 1 indicates that the 

relative orientation of the two domains in the analyzed structure agrees well with the relaxation data. 
e The F-test value determined here as a ratio of the variance from the simultaneous fit of both domains, 
var(D&P) =  χ2

D&P/dfD&P, to the combined variance from fitting the individual domains, var(D+P) = 
[χ2

D+χ2
P]/[dfD+dfP], where df represents the number of degrees of freedom. At a 95% confidence level, the 

critical F-test value is 1.50755, for dfD&P = 69, dfD+dfP=63.  
f Note that the difference in angles of the VEAN-SANI structures with respect to the SANI and VEAN structures 
is only the result of a different orientation of the input coordinates and that the diffusion tensors for the three sets 
of structures are nicely collinear (see Figure 4). 
 
The structures were then compared in terms of the residuals of fit, represented by the value of 
the target function, χ2 (Table 5). The average χ2 value per degree of freedom, χ2/df, for the 
core residues was 4.78 ± 0.88 (SD) for CSP, 4.78 ± 0.68 for VEAN, 3.37 ± 0.40 for SANI, 
and 3.34 ± 0.19 for VEAN-SANI. These values should be compared with 4.77 for the crystal 
structure. In order to assess how well the relative orientation of the two domains in the 
derived structures agrees with the 15N relaxation data, we also compared the residuals of fit 
for Ub2 with the sum of χ2 values obtained when fitting the same experimental data for the 

 Both domains Distal Proximal 

Str αa βa γa χ2 b χ2/df
c 

Str αa βa γa χ2 b χ
2/d
fc 

Str αa βa γa 

χ2
D&P/

[χ2
D+ 

χ2
P] d 

F e 
χ2/dfc 

CSP -16 
(3) 

90 
(3) 

3 
(4) 

330.1 
(60.7) 

4.8 
(0.9) 

-23 
(3) 

103
(6)

-49
(27)

145.9
(19.6)

4.6
(0.6)

-4 
(8)

90
(2)

8 
(3)

90.2 
(19.3) 

2.9 
(0.6) 

1.39 
(0.16)

1.27
(0.14)

VEAN 15 
(4) 

85 
(2) 

182 
(10) 

330.0 
(46.9) 

4.8 
(0.7) 

14 
(4) 

77
(3)

160
(29)

134.2
(26.6)

4.2
(0.8)

13
(8)

87
(4)

181
(10)

127.1 
(40.3) 

4.1 
(1.3) 

1.27 
(0.10)

1.16
(0.09)

SANI 18 
(2) 

87 
(3) 

178 
(5) 

232.2 
(27.6) 

3.4 
(0.4) 

18 
(2) 

79
(3)

158
(28)

115.5
(8.5)

3.6
(0.3)

14
(3)

88
(3)

178
(3)

61.2 
(6.0) 

2.0 
(0.2) 

1.31 
(0.08)

1.20
(0.08)

VEAN
-SANI f 

97 
(2) 

90 
(2) 

120 
(3) 

230.2 
(13.4) 

3.3 
(0.2) 

103
(2) 

87
(3)

109
(9)

109.1
(8.8)

3.4
(0.3)

94
(2)

87
(2)

120
(3)

81.3 
(10.2) 

2.6 
(0.3) 

1.21 
(0.07)

1.11
(0.06)

Cryst 101 87 163 329.2 4.8 113 79 130 105.4 3.3 85 84 173 88.7 2.9 1.70 1.55
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two Ub domains separately. Such a comparison is necessary because the total χ2 could be 
affected by greater residuals of fit for the individual domains (as e.g. in the case of the distal 
domain). 

proximal domain

distal domain

Dx

Dy

Dz

crystal

CSP

VEAN

VEAN-SANI

SANI

 
Figure 4. Orientation of the principal axes of the rotational diffusion tensor with respect to the molecular frame 
of Ub2 for the various structural models discussed here. The diffusion tensors were derived from 15N relaxation 
data using the computer program ROTDIF [25,38,39]. The rods represent the average orientation of the tensor 
axes (X, Y, and Z indicated here as Dx, Dy, and Dz) for each ensemble of the docked structures and for the 
crystal structure. The Ub2 structures from these ensembles were superimposed onto the representative VEAN-
SANI structure (shown here as a ribbon cartoon) using the backbone atoms of the residues belonging to the 
elements of secondary structure. The figure was generated using MolMol [55]. 

 
The ratios of the corresponding χ2 values (Table 5) indicate that all docked structures are in a 
better agreement with the experimental relaxation data than the crystal structure. A statistical 
F test [45] comparing the corresponding variances for CSP, VEAN, SANI, and VEAN-SANI, 
results in F-test values (Table 5, last column) below the critical value of 1.50755 at the 95% 
confidence level. This suggests that an increase in χ2 when fitting both domains according to 
their relative orientation in a given structure versus fitting them separately is not statistically 
significant for the docked structures. In comparison, the F-test value for the crystal structure 
suggests that the observed increase in χ2/df could be significant: the probability for such an 
increase to occur by chance is 0.04. The VEAN-SANI ensemble, which has the lowest χ2/df 
values, agrees best with the experimental relaxation data. The SANI ensemble is of 
comparable quality (although it has a higher standard deviation), while the VEAN ensemble is 
in slightly lesser agreement with the 15N relaxation data, although it is still somewhat better 
than the crystal structure and the CSP-only structures.  
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Structural analysis of the Ub2 solution structure: quality of the structure 
Based on the good convergence, the consistency with the RDC data and the independent 
validation with the relaxation data, we conclude that the VEAN-SANI structures are our best 
representation of the solution structure of Ub2. The final ensemble of the ten lowest-energy 
structures is shown in Figure 5. In Table 6 we analyze the solution structure and compare it 
with the crystal structure (1AAR [29]). The solution structure has only a small number of 
violations of AIR restraints and RDC data. This is not true for the crystal structure, which has 
10 violations of ambiguous interaction restraints and has a higher Q-factor (see Table 3).  

distal domain proximal domain

G76D-K48P

CP

ND
NP

 

 
Figure 5. Ensemble of 10 lowest 
energy structures from the lowest 
energy cluster for the solution 
structure (calculated using the final 
VEAN-SANI protocol) of Ub2.  
The structures are fitted on the 
interface residues (see Table I) their 
orientation is the same as in Figure 
3. The isopeptide bond and the N- 
and C-terminal residues of the 
distal (D) and proximal (P) 
domains are indicated. This figure 
was generated using MolScript [56] 
and Raster3D [57]. 

Table 6. Structural statistics of the Ub2 solution structure and comparison with the 
crystal structure (PDB entry 1AAR [29]). a 

 1AAR Solution 
structure 

Docking statistics 
 EvdW

b (kcal/mol) --   -61 (9) 
 Eelec

b (kcal/mol)  -425 (35) 
 Cluster-populationc -- 129 
 AIR-energy (kcal/mol)  -- 0.4 (0.9) 
 AIR-violations > 0.5 Å 10 0.3 (0.6) 
 AIR RMS (Å) -- 0.08 (0.1) 
Structural statistics 
 RMSD backboned (Å) -- 0.7 (0.2) 
 BSAe (Å

 2
) 1528 1749 (54) 

 Helix-anglef (0) 128   154 (6) 
RMS Deviations from ideal geometry 
 angles (0) 3.2 0.43 (0.01) 
 bonds (10-3 Å) 18 3 (0.1) 
 impropers (0)  1.64 0.47 (0.02) 
Ramachandran analysis (%) 
- Most favored 93.9  87.0 
- Additional allowed 6.1 13.0 
- Generously allowed 0.0 0.0 
- Disallowed 0.0 0.0 
 

 

 

 

 

 

 

a The reported values for the solution structure are 
averages over the 10 final structures with standard 
deviation indicated between brackets. 
b The non-bonded energies Evdw and Eelec were 
calculated with an 8.5 Å distance cutoff using the 
OPLS nonbonded parameters [53] from the 
parallhdg5.3.pro parameter file [54]. 
c Number of structures in the lowest energy cluster 
(out of a total of 200 structures). 
d Average RMSD from the average structure. 
e Buried surface area (calculated with NACCESS 
[48]). 
f The helix-angle is defined as the angle between 
the helices of the distal and proximal domain, 
calculated from the helix axis of residues 24-33 of 
each domain. 

To make sure that the solutions resulting from the docking with RDC-restraints, while in 
better agreement with the RDC and relaxation data, are not artificial in the sense that their 
geometry is worse, we analyzed the RMSD from idealized covalent geometry and the 
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Ramachandran plot statistics with Procheck [46]. As shown in Table 6, the results are 
satisfactory. Although the crystal structure has a somewhat higher percentage of backbone 
dihedrals in the most favored region of the Ramachandran plot, the solution structure is still 
very good, with 100% of the residues having their backbone dihedrals in the most favored or 
additionally allowed regions of the Ramachandran plot. The RMSDs from idealized geometry 
are also very good, indicating that the additional orientational restraints do not result in local 
distortions of the covalent geometry. We also checked if the improvement in Q-factor for the 
structures docked using RDC-restraints was not due to local distortions of N-H bonds; this 
was done by removing the hydrogens and adding them again in CNS without using 
experimental restraints. The Q-factor of the structures generated in this way was on average 
0.19, compared to 0.15 for the refined structure, indicating again that the use of RDCs does 
not artificially distort the geometry of the structure (otherwise it would be expected that 
adding the N-H protons according to standard geometry would give much higher Q-factors). 
 
Structural analysis of the Ub2 solution structure: orientation of the two domains 
A rotation of the two domains (distal and proximal) relative to each other is observed when 
comparing solution structure and crystal structure. This is confirmed by analysis with 
Dyndom [47], which allows to identify and characterize domain motions. The rotation axis is 
40% (+/- 10%) a twist axis (normal to the interface) and 60% +/- 10% a closure axis (parallel 
to the interface); the rotation around this axis is 200 (+/- 30). Figure 6 gives a graphical 
representation of this rotation; the rotation axis as determined by Dyndom for the 
representative structure (closest to the mean) of the ensemble is shown, together with this 
structure and the crystal structure. We also calculated the angle between the helix axes in the 
distal and proximal domain: this angle is 1280 in the crystal structure and 1540 (+/-60) in the 
solution structure. This difference in domain orientation between solution and crystal 
structure is also reflected in the RMSD value of 1.7 Å +/- 0.3 Å between the two. 

distalproximal

900

 
Figure 6. Result of Dyndom[47] analysis, showing the rotation of the proximal domain with respect to the distal 
domain when comparing the representative solution structure (black) with the crystal structure (grey). The 
structures are fitted on the distal domain, and secondary structure elements are indicated. Two orthogonal views 
are shown, corresponding to a 900 rotation around a horizontal axis in the plane of the paper. The rotation axis as 
determined by Dyndom is indicated. This figure was generated using MolScript [56] and Raster3D [57]. 

Structural analysis of the Ub2 solution structure: the interface 
It was previously shown based on NMR data [25,38], that the functionally important residues 
Leu8, Ile44 and Val70 at the ubiquitin Ub2 interface are not rigidly buried but that some 
interdomain dynamics is retained that could be sufficient to expose these groups and allow 
them to interact with other molecules. It was also suggested that the interface in the closed 
conformation (at pH 6.8, for which we determined the structure here) is somewhat more open 
than that in the crystal structure. 
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Our solution structure supports this latter conclusion. Specifically, we looked at the 
percentage of decrease in solvent accessibility (calculated using NACCESS [48]) observed 
upon going from the ubiquitin monomer to the Ub2 structure. For Val70 (both distal and 
proximal domain) there is not much difference between the solution and the crystal structure; 
for both, the decrease in accessibility is between 95 and 100%. For Ile44 (both distal and 
proximal domain), in the crystal structure the accessibility decreases by more than 99%, 
whereas in the solution structure, Ile44 remains a little bit more accessible (decrease in 
accessibility of 94% +/- 7%). The accessibility of Leu8 in the crystal structure is decreased by 
65% and 70% for the distal and proximal domains, respectively, compared with only 52% +/- 
11% and 58% +/- 7% for these domains in the solution structure. This shows that in the 
solution structures these hydrophobic residues are slightly more accessible than in the crystal 
structure. Note that these data also suggest that the interactions between the functionally 
important hydrophobic residues (Leu8, Ile44 and Val70) in Ub2 and various recognition 
factors will involve significant interdomain motions, e.g. a transition between the closed 
conformation (which we study here) and open conformations of Ub2. 

We also analyzed the intermolecular contacts using the program DIMPLOT [43]. A 
number of non-bonded contacts were detected which are similar in the solution and the crystal 
structure. There are however additional contacts that are specific for the solution structure 
(see Supplementary Material Table 3). Figure 7 shows a detailed view of the interface of the 
solution structure.  
 

R74P

E51D L50D

D52D

Q49D

L8P

V70P I44P

R72P

L71P
E51P

R74D

Q49P

I44D

V70D
L71P

G47P

 
*Figure 7. Detailed view of the interface of the Ub2 solution structure. Residues involved in hydrophobic non-
bonded contacts (ball-and-stick and transparent CPK representation) or in inter-domain hydrogen bonds or salt-
bridges (ball-and-stick representation) are shown (see also Supporting Table 3; note that for a better 
visualization not all contacts are shown). Dotted lines represent hydrogen bonds. The residues are labeled with 
one-letter residue code and residue number, followed by D or P to indicate the distal or proximal domain, 
respectively. This figure was generated using MolScript [56] and Raster3D [57].  

Discussion 
 
The structures obtained by docking using only CSP data did not satisfy RDC nor relaxation 
data. To some extent, this indicates that using solely chemical shift perturbation data to drive 
protein-protein docking should be done with care. However, it is still reassuring that the 
resulting CSP structures are quite close to the crystal structure (RMSD 1.0 Å). In our opinion, 
this shows that the (easily available) CSP-data are very valuable to get a fair representation of 
the solution structure of a protein-protein complex. 

When introducing RDCs in the docking protocol, both SANI and VEAN gave good 
and comparable results for Lys48-linked Ub2. In order to get an unbiased account of the way 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Residual Dipolar Couplings in NMR-driven docking 

55 

the structures fulfill the experimental RDC data, cross-validation was performed: 10% of the 
RDC data was excluded from the structure calculations; these data were subsequently used for 
independent validation. After cross-validation, the values of the Q-factor were 0.48 for SANI 
and 0.58 for VEAN. This shows that the direct RDC structure and the intermolecular 
intervector projection angle structure are of comparable quality. However, proper assessment 
would require full cross-validation. This was not done because it is computationally very 
expensive.  We also checked whether the higher Q-factors of the structures calculated with 
intervector projection angle restraints compared to those obtained with direct RDC restraints 
were due to the force constants for the VEAN energy term being too small: we repeated the 
docking with a two times larger value of the VEAN force constants. This did not result in a 
better agreement with the experimental data (results not shown), indicating that looser 
restraining might well be an intrinsic property of this type of restraints: the accumulation of 
errors when taking pairs of RDCs could lead to less restrictive restraints. 

The two approaches (SANI and VEAN) were combined, using intervector projection 
angle restraints in the first stages of the calculations to benefit from better convergence, and 
direct RDC restraints in the final explicit solvent refinement to fine-tune the structures. The 
structures calculated with this final protocol better fit the experimental RDC-restraints 
compared to the structures calculated using only chemical shift perturbations or the crystal 
structure. This is to be expected since those structures have been optimized against these RDC 
data. The anisotropic relaxation data provide, however, an independent validation; the 
structures calculated using the RDCs also better fit those data. It was estimated previously 
[25], on the basis of RDC and relaxation data, that the angle between the α-helices in the two 
domains should be between 1610 (relaxation data) and 1450 (RDC data) for the structure in 
solution, compared to 1280 in the crystal. In agreement with this, the structures obtained here 
have an average angle between the α-helices of 1540. 

As previously discussed[25,38], the interface in Lys48-linked Ub2 is not rigidly 
locked, which allows ligands to compete with the Ub-Ub interactions [49]. A model based on 
chemical shifts titration suggests that at pH6.8 Lys48-linked Ub2 is in dynamic equilibrium 
between the predominantly populated (>85%) “closed” state and a minor, “open” state. This 
equilibrium to some extent represents the on/off events in protein-protein interactions. It is 
important to note that the so-called “open” state of Lys48-linked Ub2 at pH6.8 is a compact 
conformation, probably characterized by somewhat weaker interdomain contacts compared to 
the “closed” state but not very different structurally. This is supported by recent small angle 
X-ray scattering data [50] that indicate a mono-dispersed compact globular conformation of 
Lys48-linked Ub2 under similar conditions in solution. 

From the RDC data alone it is difficult to determine whether this solution structure at 
pH 6.8 represents a single static conformation or results from motion averaging of RDCs; a 
similar problem has been noticed in the case of other proteins [14,51]. It is not clear to what 
extent the measured RDCs are affected by the dynamic equilibrium in Ub2. Several interface 
residues in Ub2 exhibit line-broadening indicative of conformational exchange in a µs-ms 
time range [25,38], although it is not possible to determine the amplitudes of these motions 
from the relaxation data. An estimate of the effect of motions on RDC measurements can be 
obtained by calculating the ‘internal generalized degree of order’ as proposed by Tolman et 
al.[52]; its value is correlated with possible structural distortions due to dynamics. In our case, 
for the distal and proximal domains, the values range from 0.96 to 1.0, indicating only very 
small structural distortions due to motion, if any. In addition, independent validation using 
15N relaxation data, which are probing dynamics in a much narrower time range compared to 
RDCs, clearly indicates that both RDC and relaxation data are affected by motions in Ub2 in 
approximately the same way. This suggests that whatever conformational averaging is 
present, it happens primarily on the time scale of the overall rotational diffusion or faster. If 
dynamic events on a slower time scale would influence the structure calculated here, one 
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would expect a statistically significant increase in the value of χ2 when comparing the fits of 
relaxation data for the distal or proximal domain with di-ubiquitin. This is however not the 
case. All this indicates (1) that the conformational equilibrium between open and closed 
conformations on a slow time scale does not significantly affect the measured RDCs and thus 
our proposed model and (2) that the value of ~15% for the population of the open state is most 
likely an overestimate. It is not yet possible to rule out the possibility that our structure 
reflects conformational averaging on a ~10 ns or faster time scale. 
 
Conclusion 
 
Our results show that a docking method based on chemical shift perturbation data, 
HADDOCK [4], can successfully be combined with residual dipolar couplings following a 
combined strategy in which RDCs are first introduced as intervector projection angle 
restraints and at the later refinement stage as direct restraints. The use of intervector 
projection angles has some definite advantages. First, it leads to a better convergence of the 
calculations, which, in turn, gives more confidence in the results, and also means that 
structural characteristics (like interdomain orientation in our case) can be calculated more 
precisely, because relevant parts of the configuration space are sampled more extensively. 
The better convergence of the docking run using intervector projection angle restraints could 
be due to the fact that it is possible to distinguish between intermolecular and intramolecular 
restraints; by using only the intermolecular restraints in the rigid-body docking phase, it is 
possible to define directly the relative orientation of the two components. Finally, by avoiding 
the use of an external tensor in structure calculations, intervector projection angles offer a 
convenient means to combine RDC data obtained from different alignment media or 
simultaneously refine structures against both RDCs and relaxation data. 
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Abstract 
 
The modeling of biomolecular complexes by computational docking using the known 
structures of their constituents is developing rapidly to become a powerful tool in structural 
biology. It is especially useful in combination with even limited experimental information 
describing the interface. Here we demonstrate for the first time the use of diffusion anisotropy 
in combination with chemical shift perturbation data to drive protein-protein docking. For 
validation purposes we make use of simulated diffusion anisotropy data. Inclusion of this 
information, which can be derived from NMR relaxation rates and reports on the orientation 
of the components of a complex with respect to the rotational diffusion tensor, substantially 
improves the docking results. 
 
Introduction 
 
A major innovation in modeling biomolecular complexes/interactions has been the 
development of docking algorithms that aim to elucidate the structure of a complex based on 
the known structures of its constituents [1,2]. The docking process can be facilitated by 
inclusion of experimental information such as the NMR chemical shift perturbations (CSP) 
that are observed when titrating the molecules together [2-4]. The structure determination of 
biomolecules by NMR, which is traditionally based mainly on NOEs, has progressed recently 
by including new experimental information, most notably residual dipolar couplings (RDCs) 
[5,6] and diffusion anisotropy (relaxation) data [6] which contain valuable long-range 
orientational information. It has previously been shown that the inclusion of RDCs into 
docking improves the results [4,7,8]. 

Diffusion anisotropy data have been used previously in various ways to characterize 
biomolecular complexes. One approach is to fit the data to the structures of the individual 
components and align the resulting tensors [6,9,10]. It is also possible to compare back-
calculated and experimental relaxation data for various structural models [11-13]. Relaxation 
data have also been used as restraints in NMR structure calculations to refine a multi domain 
protein structure in combination with classical NOE information [14,15]. Here we 
demonstrate that NMR relaxation data can be used to drive protein-protein docking in 
combination with chemical shift perturbation data. These data have been implemented as 
additional restraints in our data-driven docking approach HADDOCK [3] that encodes 
experimental information about interaction surfaces into ambiguous interaction restraints 
(AIRs). Compared to the use of RDCs, relaxation data do not require dissolving the protein 
complexes in liquid crystalline media and can be measured from regular solution samples, 
which can offer a serious advantage. 

Methods 
 
Structures and data 
Docking was performed on the E2A-HPr complex (PDB 1GGR) [16], using the structures of 
the unbound components, 1F3G [17] and 1HDN [18], respectively. Histidine 90 on E2A was 
used in its phosphorylated form. Experimental chemical shift perturbation  data [19] were 
introduced in the form of Ambiguous Interaction Restraints (AIRs) as described previously 
[3]. In all docking runs, 50% of the AIRs were randomly removed, a procedure which helps to 
deal with inaccuracies and false positives in the chemical shift perturbation data. 

Theoretical relaxation data were generated with HydroNMR [20], using a shell 
thickness parameter of 2.4Å (this represents the sum of the average atomic van der Waals 
radius plus the thickness of the hydration shell). HydroNMR uses the “shell-modelling” 
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strategy where a shell-model composed of ‘mini-beads’ of radius σ is derived from the 
primary hydrodynamic model, and extrapolation to the limit σ=0 is carried out. We used the 
option NSIG=-1, which means that the program estimates the extrapolation limits. The 
hydrodynamic calculations were performed using a temperature T = 300K, a viscosity η = 7 
10-4 kg/(m s) and a field strength of 600MHz. The output of HydroNMR consists of T1 and T2 
relaxation times and heteronuclear NOE as well as the rotational diffusion tensor. The latter 
was used to generate three additional artificial sets of relaxation data in CNS [21]: the tensor 
orientation was kept but larger anisotropy and/or rhombicity were defined, in order to probe 
the influence of these parameters on the docking results. Note that three parameters are 
needed to describe the magnitude of the rotational diffusion tensor components. These can be 
either τc, Da and R, or Dx, Dy and Dz, which are related to another via: τc = 0.5/(Dx+Dy+Dz), 
Da = 2Dz/(Dx+Dy) and R = 1.5(Dy-Dx)/(Dz-0.5(Dx+Dy)). In our case, τc was 9.8 ns for all 
sets; the original parameters calculated by HydroNMR (set1) are Da=1.35 and R =0.33; for 
the other three sets these are 1.35 and 0.7 (set2), 1.8 and 0.33 (set3) and 1.8 and 0.7 (set4), 
respectively. Dx, Dy and Dz for set1 are given by 1.5, 1.6 and 2.1 107 s-1, for set2 by 1.4, 1.7 
and 2.1 107 s-1, for set3 by 1.2, 1.5 and 2.4 107 s-1, and for set4 by 1.1, 1.6 and 2.4 107 s-1, 
respectively. 

In order to investigate the influence of experimental noise we generated additional 
data sets by adding 2% or 5% noise on both T1 and T2 for each set defined above. Note that 
2% corresponds to a typical experimental noise level while 5% is already pretty high.  We 
used only data from secondary structure elements (70 out of 150 residues for E2a and 57 out 
of 85 for HPr) for the docking. This somewhat mimics the filtering that is often performed to 
exclude residues affected by flexibility and/or chemical exchange. (Note that our theoretical 
data do not suffer from such effects). 
 
Relaxation data as restraints in docking 
The use of relaxation data as restraints in NMR structure calculations is described in [14]. 
These have been implemented in various software, among which XPLOR-NIH [22], 
SCULPTOR [23] , and CNS [21]. In the latter, the relaxation data are introduced into an 

energy function defined as: Edani = kdani
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Here (T1/T2)exp is the ratio of experimental relaxation times and (T1/T2)back the back-
calculated ratio. For the latter, a floating diffusion tensor is used during the structure 
calculations. We used a ‘square potential’ with an error range of 0.2; if the difference between 
experimental and back-calculated values is lower than this value, Edani is set to 0. In order to 
back-calculate T1 and T2, the rotational diffusion tensor parameters need first to be 
determined. In the case of docking, the 3D structures of the isolated components are usually 
known and can be used to fit the T1/T2 ratios. This was done using the software Tensor2 [24]. 
The synthetic relaxation data were fit to the unbound E2A structure and the 10 models of the 
unbound HPr structure, respectively; the resulting tensor parameters from the best-fitting 
structure were used subsequently. To probe the influence of the goodness of fit on the tensor 
parameters, we also did for each of the four sets a docking run using the parameters resulting 
from the worst fit. 

The HADDOCK docking protocol consists of three consecutive stages (for details, see 
ref. [3]): 
(i) randomization of orientations followed by rigid body energy minimization (EM); 
(ii) semi-flexible simulated annealing in torsion angle space (TAD-SA), which consists 
of (ii-a) a rigid body Molecular Dynamics search and first simulated annealing, (ii-b) a second 
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semi-flexible simulated annealing during which side chains at the interface are free to move, 
and (ii-c) a third semi-flexible simulated annealing during which both side chains and 
backbone at the interface are free to move; and 
(iii) final refinement in Cartesian space with explicit solvent. 

The tensor is introduced at stage (i) with a random orientation; a rotational 
minimization is used to find its optimal orientation (this is repeated a few times to find the 
global minimum). During stages (ii) and (iii) the tensor is free to rotate. The values of the 
force constants during the various stages of the protocol are listed in Table 1. 
 
Table 1. Force constants used during the different stages of the docking protocol. 
Stagea kdani 

(kcal mol-1) 
kair  

(kcal mol-1 A-2) 
i) Rigid body EM 1-10 1 - 10 
ii-a) SA 1-5 10 
ii-b) SA 5-10 10 - 50 
ii-c) SA 10 50 
iii)Water Refinement 10 50 

a) i,ii and iii refer to the rigid body, 
simulated annealing (SA) and water 
refinement stages of the protocol, 
respectively; ii-a, ii-b and ii-c refer to 
the different parts of the semi-flexible 
simulated annealing (see Methods for 
details); kdani, force constant for DANI 
restraints. kair, force constant for 
Ambiguous Interaction Restraints. 

 
After each of the different stages, a score is calculated by using weights for the 

different energy terms (see Table 2). The rigid body docking stage is performed a number of 
times (in our case: 5 times), and the best resulting structure of those is saved. Note that after 
rigid body docking out of 1000 structures, the best 200 based on this score are selected for 
further refinement. 
 
Table 2. Scoring schemea  in HADDOCK2.0_devel. 
        Docking stage 
Term 

Rigid 
body EM 

SA Water 
refinement

Elec 1.0 0.2 0.2 
vdW 0.01 1.0 1.0 
BSA -0.01 -0.01 0.0 
Desolvb 1.0 1.0 1.0 
AIR 0.01 0.1 0.1 
DANI 0.01 0.1 0.1 

 

a) The overall score is calculated as a 
weighted sum of different terms, using 
the weights as listed. Elec, electrostatic 
energy; vdW, van der Waals energy; 
BSA, buried surface area; Desolv, 
desolvation energy; AIR, ambiguous 
interaction restraints; DANI, diffusion 
anisotropy restraint energy. 
b) The desolvation energy is  calculated 
using the atomic desolvation parameters 
of Fernandez-Recio et al. [25]. 

Results and Discussion 
 
Orientational information to distinguish docking solutions 
As CSP data do not define the specific contacts that are made across the interface and thus the 
relative orientation of the components of a complex, distinguishing between different, 
possibly symmetry-related, binding modes can be difficult. This is indeed a common problem 
in our data-driven docking approach: symmetry related solutions are obtained where one 
molecule is rotated by approximately 1800 around an axis orthogonal to the binding surface. 
In favourable cases this ambiguity can be removed by mutagenesis and biochemical methods 
for screening interactions. An alternative approach that requires no further biochemical 
manipulation is the inclusion of anisotropic information. Next to RDCs, relaxation data can 
also be useful for this purpose [6]. To illustrate this, we used HydroNMR [20] to generate a 
theoretical set of 15N relaxation data (set1) for the E2A-HPr complex [16], which were 
subsequently converted into diffusion anisotropy restraints (Tjandra et al. 1997) in CNS 
[14,21]. To monitor the ability of this type of information to distinguish between various 
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relative orientations in a complex, one of the two components of the complex was rotated 
around either the z-axis of the rotational diffusion tensor or the z-axis of the inertia tensor, 
both being approximately orthogonal to the interface. This rotation is meant to represent 
different docking solutions that could be obtained when only information about the interface 
would be used: since experimental data such as CSP data define in principle the binding 
interface, there is basically only one rotational degree of freedom left to describe the relative 
orientation of the two components of the complex. The restraint energy as a function of 
rotation angle is shown in Figure 1. When the rotation is performed exactly around the 
diffusion tensor z-axis, one finds multiple degenerate minima (one at 00 and one at 1800): this 
is a well-known characteristic of relaxation data. However, even a small difference between 
rotation and tensor axes is enough to lift this degeneracy: this is illustrated by the continuous 
lines in Figure 1 that were obtained by rotating the structures around the z-axis of the inertia 
tensor instead of the diffusion tensor. This second axis would represent the axis of rotation 
between possible symmetry related docking solutions and its exact orientation will depend on 
the properties of the binding surface. It has no physical meaning and is not per se related to 
the diffusion tensor axes. 
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Figure 1. (A) Diffusion anisotropy restraint energy as a function of the rotation angle around the rotational  
diffusion tensor z-axis (dashed lines) or inertia tensor z-axis (continuous lines) for the bound (black) and 
unbound (gray) structures of the E2A-HPr complex. In addition, in the case of the unbound structures, a wrong 
tensor parameter (Da = 1.5 instead of 1.35) was used on purpose for the rotation around the inertia tensor axis 
(dash-dotted gray line): this did not affect the position of the minimum. (B) Representation of the rotation around 
the z-axis of the diffusion anisotropy (dashed line) and inertia (continuous line) tensor of the E2A-HPr complex 
(E2A: black, HPr: gray). 
 
The orientation of the two axes differs by only 50 in this particular case. Explicit modeling of 
the interaction by computational docking should thus be able to lift the degeneracy present in 
the relaxation data provided the interface shows some degree of asymmetry, for example, in 
the chemical shift perturbation data, the electrostatic potential or the surface shape. 

When using the unbound structures (which differ slightly from the bound forms), there 
is an overall upward shift of the curves (gray lines); however, the minimum is still at 00. For 
the unbound structures we also tested the effect of wrong Da and R values on the shape of the 
curve. Roughly, errors of up to 20% and 30% in the estimation of Da and R, respectively, still 
result in a minimum at the correct rotation angle, while distorting the curve (this is illustrated 
in Figure 1 for the case of using an anisotropy of 1.5 instead of the correct value of 1.35). 
 
Relaxation data in docking 
The use of relaxation data was implemented in our data-driven docking approach HADDOCK 
[3]. HADDOCK encodes experimental information about interaction surfaces into ambiguous 
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interaction restraints (AIRs). These are defined between any residue which, based on 
experimental data (e.g. CSP), is believed to be at the interface, and all such residues plus their 
surface neighbors on the partner molecule. The AIRs are incorporated as an additional energy 
term into the energy function that one tries to minimize during sampling. 
 
Table 3. Theoretical and fitted tensor parameters for the E2A-HPr complex.a 

 Set1a Set2 a Set3 a  Set4 a 
Theoretical 
  -  τc(ns) 
  - Da 
  - R     

9.80 
1.35 
0.33 

9.80 
1.35 
0.70 

9.80 
1.80 
0.33 

9.80 
1.80 
0.70 

Best fit for 0% noise set 
  -  τc(ns) 
  - Da 
  - R     
  - χ2/df 

9.81 
1.26 
0.44 
0.17 

9.77 
1.25 
0.96 
0.18 

9.76 
1.55 
0.46 
0.62 

9.76 
1.52 
1.00 
0.63 

Worst fit for 0% noise set 
  -  τc(ns) 
  - Da 
  - R     
  - χ2/df 

9.95 
1.24 
0.51 
0.88 

9.91 
1.24 
0.87 
0.92 

10.0 
1.49 
0.54 
3.26 

10.0 
1.52 
0.94 
3.74 

2% noise set 
  -  τc(ns) 
  - Da 
  - R     
  - χ2/df 

9.80 
1.28 
0.21 
0.45 

9.75 
1.23 
1.11 
0.66 

9.77 
1.56 
0.46 
0.88 

9.79 
1.58 
0.90 
1.19 

5% noise set 
  -  τc(ns) 
  - Da 
  - R     
  - χ2/df 

9.83 
1.40 
0.33 
2.79 

9.70 
1.35 
1.09 
1.88 

9.59 
1.40 
0.70 
3.31 

9.58 
1.43 
1.25 
3.26 

a Set1 is the original set calculated by HydroNMR; set2, set3 and set4 are sets with artificially increased 
anisotropy and/or rhombicity (see Methods). 
 
We introduced the relaxation data as additional restraints; the protocol is comparable to the 
one presented before for RDCs [7]. Briefly, during the rigid body energy minimization step, 
the diffusion tensor is introduced with a random orientation. Then, a rotational minimization 
is used to find its optimal orientation. During the remaining of the protocol, the tensor is free 
to rotate; for details see Methods. The E2A-HPr complex was docked without and with 
inclusion of theoretical relaxation data. The latter were obtained with HydroNMR (set1), 
which predicted an anisotropy Da of 1.35 and rhombicity R of 0.33, and also with CNS using 
the tensor orientation obtained with HydroNMR but, for testing purposes, a higher anisotropy 
and/or rhombicity (see Methods; set2: Da = 1.35, R=0.7; set3: Da=1.8 and R=0.33; set4: 
Da=1.8 and R=0.7). These sets were used to probe the influence of the amount of anisotropy 
on the docking results. AIRs were defined based on the available experimental CSP-data for 
the complex [19]. Starting from the unbound conformations, 1000 structures were generated 
in the rigid body docking phase, out of which 200 were further refined (using semi-flexible 
simulated annealing and water refinement). The tensor parameters needed as input for the 
protocol were obtained from the known structures of the unbound constituents using Tensor2 
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[24] as commonly done for RDCs (see Methods). The best fit was obtained in all cases for 
E2A; for HPr, similar tensor parameters were obtained, but with somewhat higher χ2 values. 
The tensor parameters used in docking are listed in Table 3. Note that the difference in 
goodness of fit is due to the fact that the unbound E2A structure is closer to its bound form 
than the HPr structure (which is reflected in the backbone RMSD values between free and 
bound structures: 0.3Å for E2A vs. 1.3 (+/- 0.1) Å for HPr). 

Inclusion of relaxation data in general improves the docking results, even in the case 
of substantial amounts of noise (Table 4). The HADDOCK score of the resulting structures is 
plotted against the interface RMSDs from the target in Figure 2 for each of the four 2% noise 
sets corresponding to various amounts of anisotropy. The interface RMSD is defined as the 
backbone RMSD from the structure of the complex for those residues making contacts across 
the interface within a 10.0Å cutoff. The inclusion of relaxation data results clearly in a larger 
number of structures with low interface RMSD (see also Table 4) and a larger energy 
difference between correct and incorrect solutions, which improves the scoring of the 
solutions. In all cases the scoring of the solutions is improved when diffusion anisotropy data 
are included, as can be seen from the number of low-RMSD structures among the 10 best-
scoring structures (Table 4). For the set with 5% noise, this is still the case, although the total 
number (out of 200) of correct solutions varies between the various sets (due to the influence 
of the tensor parameters). It is also clear from the results in Table 4 that larger anisotropies 
result in a larger number of correct solutions. 

 
Table 4. Docking results for the E2A-HPr complex.a 

Number of structures with iRMSDb < 1 / 4 Å 
Rigid body     Refined 

Docking run 

All 1000 Top 200 All 200 Top 10 
Reference 3 / 376 1 / 159 3 / 159 0 / 7 
DANI set1 - no noise 4 / 414 4 / 168 3 / 168 3 / 10 
                   - worst fitc 0 / 309 0 / 154 5 / 155 2 / 10 
                   - 2% noise 5 / 327 5 / 154 2 / 154 1  / 10 
                   - 5% noise 1 / 401 1 / 161 2 / 161 0 / 10 
  DANI set2 - no noise 2 / 528 1 / 191 9 / 191 3 / 10 
                     - worst fitc 3 / 474 3 / 191 12 / 191 4 / 10 
                     - 2% noise 2 / 532 1 / 190 7 / 190 4 / 10 
                     - 5% noise 4 / 474 2 / 196 3 / 196 2 / 10 
 DANI set3  - no noise 4 / 487 3 / 192 5 / 192 0 / 10 
                     - worst fitc 13 / 441 13 / 192 26 / 192 5 / 10 
                     - 2% noise 1 / 481 1 / 179 11 / 178 3 / 10 
                     - 5% noise 1 / 511 1 / 193 5 /192 1 / 10 
DANI set4    - no noise 7 / 544 4 / 194 20 / 194 3 /10 
                      - worst fitc 8 / 545 7 / 197 27 / 197 5 / 10 
                      - 2% noise 7 / 551 5 / 198 22 / 198 6 / 10 
                      - 5% noise 2 / 494 2 / 186 10 / 185 5 / 10 

a) One reference docking run was performed using only CSP and no diffusion anisotropy data; docking runs with 
T1/T2 restraints corresponding to various amounts of anisotropy were performed; see Table 3 for the tensor 
parameters corresponding to the various sets. 
b) Interface backbone RMSD from the NMR structure (PDB  id 1GGR) .  
c) Worst fit: docking run using tensor parameters with highest as opposed to lowest χ2 values (see Table 3). 
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Interestingly, the results from the docking where the worst-fit tensor parameters were used are 
in general still better than the reference docking run without relaxation data. This indicates 
that the method is not too sensitive to incorrect tensor parameters which is in line with our 
analysis of the energy function discussed above (see Fig. 1). 
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Figure 2. HADDOCK score versus interface RMSDs from the target for docking runs without (black) and with 
(gray) relaxation data for various amounts of anisotropy (A) set1; (B) set2; (C) set3; and (D) set4 (see Table 3 
and 4). The reference structure is shown in panel A and examples of docked structures in panels B and C. The 
HADDOCK score corresponds to the weighted sum of the van der Waals, electrostatic, and restraint energy 
(DANI + AIR) (see Table 2). The interface RMSDs are calculated on the backbone atoms of the residues making 
contacts across the interface within a 10.0Å distance cutoff. 
  
In the case of docking with relaxation data, structures with large RMSDs have in most cases a 
low relaxation restraint energy, as they correspond to 180º symmetrical solutions around the 
tensor axis (see inset in Fig. 2C); their interface is however different, resulting in higher AIR 
and especially electrostatic energies. This is related to the fact that asymmetry in the interface 
and possibly in the available information describing it (e.g. CSP) is able to lift the degeneracy 
present in the relaxation data (see above). 

One practical limitation of using relaxation data is that chemical exchange and/or 
flexibility can influence the experimental data. Such effects are absent from our theoretical 
data sets; however, results obtained in the presence of noise indicate that diffusion anisotropy 
data will be useful in defining the intermolecular orientation of the components of a complex 
provided the experimental errors are not too large. 

Conformational differences between unbound and bound forms could possibly affect 
the tensor parameters determined by fitting the data to the unbound components, and thus the 
docking results. It has however been shown that the tensor parameters can be quite accurately 
determined even in the presence of substantial experimental errors [6]. In addition, our results 
obtained with wrong parameters show that the diffusion anisotropy energy (DANI) function is 
not too sensitive to such errors and still allows to identify the correct minimum as can be seen 
for the unbound case in Fig. 1 (gray dash-dotted curve). This is also illustrated by our docking 
results using the “worst fit” tensor parameters. 
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 In conclusion, we demonstrated the usefulness of introducing NMR relaxation data in 
protein – protein docking. These improve the convergence of our docking protocol and both 
the accuracy and discrimination of the correct solutions. Compared to the use of RDCs, 
relaxation data have the advantage that their measurement does not require dissolving the 
protein complexes in liquid crystalline media. This methodology should be useful for the 
modeling of large protein-protein complexes. 
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Chapter 5. 
Solvated docking: introducing water into the modelling of bio-

molecular complexes. 
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Abstract 
 
Interfacial water, which plays an important role in mediating biomolecular interactions, has 
been neglected in the modelling of biomolecular complexes. Here, we present a solvated 
docking approach that explicitly accounts for the presence of water in protein-protein com-
plexes. Our solvated docking protocol is based on the concept of the first encounter complex 
in which a water layer is present in-between the molecules. It mimics the pathway from this 
initial complex towards the final assembly in which most waters have been expelled from the 
interface. Docking is performed from solvated biomolecules and waters are removed in a bi-
ased Monte Carlo procedure based on water-mediated contact propensities obtained from an 
analysis of high-resolution crystal structures. We demonstrate the feasibility of this approach 
for protein-protein complexes representing both “wet” and “dry” interfaces. Solvated docking 
leads to improvements both in quality and scoring. Water molecules are recovered that closely 
match the ones in the crystal structures.  
 
Introduction 
 
The modelling of protein-protein complexes by means of docking (a computational approach 
which models the unknown structure of a complex from its constituents) has become increas-
ingly popular, as witnessed by the CAPRI (Critical Assessment of PRedicted Interactions) ex-
periment [1]. Docking approaches have benefited from knowledge obtained by detailed analy-
ses of binding interfaces [2, 3]. As discussed in a recent review, water molecules are expected 
to influence the assembly of biomolecular complexes [4], and, as such, to be important for 
protein-protein docking. An analysis based on Voronoi volume showed that only upon inclu-
sion of interfacial solvent molecules are protein-protein interfaces as densely packed as pro-
tein interiors [5]. So far, however, water has generally been neglected in biomolecular dock-
ing. Its role and importance in single proteins have been discussed [6-11] and several case 
studies have analyzed its conservation in 3D structures of homologs [6, 12-20]. There has also 
been quite some interest in identifying and predicting the positions of water molecules in 
known structures: this can be quite successfully performed for example by GRID [9, 10, 21] 
or Fold-X [22]. These kind of approaches, however, are not very well suited for docking pur-
poses, since the structure of the complex is not known a priori. Ideally, water should be ac-
counted for directly during the docking process since its presence might affect the resulting 
models. So far this has only be done for protein-ligand [23-27] and nucleic acid-ligand dock-
ing [28] . 

Only very recently has the role of water molecules at protein-protein interfaces been 
investigated. A hydrogen bonding potential for water-mediated contacts, in combination with 
a solvated rotamer library for describing side chain conformations, has been shown to predict 
rather successfully the positions of water molecules in complexes with known structures [29]. 
In another study [30], various properties of interfacial water molecules such as residue prefer-
ence and their number per unit of interface area were investigated. 

We have previously experimented with the inclusion of water in the NMR structure 
calculation of a protein - non-specific DNA complex [31]: in that case, an extensive set of 
NOEs could be used, which forced the solvated biomolecules to come together and the unnec-
essary waters to leave the interface in a simulated annealing molecular dynamic approach. In 
general, in docking, this kind of experimental information is not available and, in the absence 
of a driving force, the water molecules will remain trapped at the interface. Alternative ap-
proaches are thus needed to remove the unnecessary water molecules from the interface. We 
have developed for this purpose a solvated docking protocol implemented in our data-driven 
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docking approach HADDOCK [32] and demonstrate here for the first time that water can be 
explicitly included in protein-protein docking.  
 
Methods 
 
Database Analysis 
In order to obtain information on water in high-resolution crystal structures of complexes, the 
non-redundant dataset of Keskin et al. [33] was analyzed using CNS [34] and a set of home 
written Python scripts. Interface residues were defined as residues having at least one heavy-
atom contact with a residue from the partner chain, within a 10 Å cut-off distance. Water-
mediated contacts were defined between pairs of interface residues, provided a water mole-
cule is making at least one heavy atom contact within 5 Å with both residues. Water-mediated 
contacts were designated main chain when at least one contact was made via a backbone 
atom; otherwise they were designated side chain. 

To investigate whether the various types of water-mediated contacts adopt specific, 
well-defined conformations, we clustered them on the basis of positional RMSD values: the 
RMSD values were calculated after least-square positional fitting on the coordinates of the 
water oxygen, its contacting heavy atoms within 5Å on both chains and their respective first 
bonded partner (total of five atoms). Since several atoms of a given side-chain can make con-
tacts with the water oxygen atom within 5Å, various combinations of atoms were tested for 
the calculation of the RMSD matrix and the one resulting in the best clustering (most popu-
lated first cluster) was selected for each amino acid – amino acid pair. Clustering was per-
formed separately for main chain – water – main chain, side chain – water – side chain and 
main chain – water – side chain contacts. In the case of main chain contacts, N and O were 
defined as contacting atoms, with CA and C, respectively, as bonded neighbors.  

RMSDs were calculated using g_rms [35] and Profit (www.bioinf.org.uk/software/ 
profit). Clustering was performed using the greedy algorithm described by Daura et al. [36], 
with a cut-off of 1.5 Å. This cut-off was based on an analysis of the distribution of all RMSD 
values (data not shown). Contacts involving two close waters that would fall into the same 
cluster were counted only once. 
 

Protein – Protein Docking using Explicit Water 
HADDOCK incorporates information about the interface in ambiguous interaction restraints 
(AIRs) that drive the docking. An AIR is defined as an ambiguous intermolecular distance 
(diAB) with a maximum value of typically 2Å between any atom m of an active residue i of 
protein A (miA) and any atom n of both active and passive residues k (Nres in total) of protein B 
(nkB) (and inversely for protein B). The effective distance diAB

eff for each restraint is calculated 
using the equation: 

 diAB
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where Natoms indicates all atoms of a given residue and Nres the sum of active and passive resi-
dues for a given molecule. Note that the effective distance calculated in this way will always 
be shorter than the shortest distance entering the sum, which is the reason why we can use a 
rather short upper bound of 2Å. The definition of passive residues ensures that residues which 
are at the interface but are not detected, are still able to satisfy the AIR restraints, i.e. contact 
active residues of the partner molecule. For details, see ref. [3, 32]. HADDOCK consists of a 
collection of scripts derived from ARIA1.2 [37] and CNS [34]. The respective position and 
orientation of the two molecules are first randomized. Then docking is performed consisting 
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of a rigid body energy minimization, followed by semi-flexible simulated annealing in torsion 
angle space and final refinement in explicit solvent. Rigid body docking is performed a num-
ber of times (1000); each time, out of a number of trials (typically 5) only the best model is 
selected and written to disk.  

We modified the rigid body docking stage to explicitly include water. We start by sol-
vating the two chains using a box of TIP3P [38] water. All waters outside a cut-off range 
(<4.0Å - >8.0Å) from the protein are removed. A short Molecular Dynamics run is performed 
to optimize the water positions while keeping the proteins fixed (4000 MD steps consisting of 
four times 1000 steps at a temperature of 600, 500, 400 and 300K, respectively). After that, all 
waters further away than 5.5Å are removed. An ensemble of different solvation shells (typi-
cally 5) is generated by randomly rotating the protein before adding the solvation shell. We 
also experimented with the use of GRID [21] to place the initial waters around the separate 
protein chains. The results of the subsequent docking did not depend much on the choice of 
the solvating method (data not shown). The solvated docking protocol itself is presented in the 
Results section. 

The standard semi-flexible refinement of HADDOCK consists of two rigid body simu-
lated annealing stages followed by two simulated annealing stages with flexibility introduced 
first on side chains and then on backbone. For solvated docking we only used the latter two 
semi-flexible simulated annealing stages.   

Non-bonded energies (sum of van der Waals and electrostatic terms) are calculated 
with an 8.5Å distance cut-off using the OPLS non-bonded parameters [39] from the par-
allhdg5.3.pro parameter file [40]; the dielectric constant ε is set to 10.0 to damp the electro-
static contribution in vacuum. The overall score is calculated as a weighted sum of different 
terms, using the default HADDOCK2.0 values for the weights (rigid body stage: EvdW 0.01, 
Eelec 1.0, EAIR 0.01, Buried Surface Area -0.01, Edesolv 1.0; semi-flexible refinement: EvdW 1.0, 
Eelec 1.0, EAIR 0.1, Buried Surface Area -0.01, Edesolv 1.0). Here vdW is van der Waals energy; 
Elec, electrostatic energy; AIR, ambiguous interaction restraints; BSA, buried surface area; 
and Desolv, desolvation energy. The desolvation energy is calculated using the atomic desol-
vation parameters of Fernandez-Recio et al. ([41]). The various weights were obtained by a 
grid search to optimize scoring over the complexes tested so far including CAPRI targets. 
These were optimized separately for the various stages of HADDOCK to reflect the various 
levels of complexity and refinement (from rigid body docking in vacuum to flexible refine-
ment in explicit solvent).  
 

Test systems 
We tested our protocol on ten protein-protein complexes (see Table 2). Note that there is only 
a limited number of complexes that are suitable as test cases: the resolution should be high 
enough (>2Å) in order to have reliable positions for interfacial water molecules, and the free 
structures of the components of the complex should be available. We used all structures from 
the docking benchmark [42] satisfying those criteria and a few other complexes which we 
have been testing before. For two of these, E2A-HPr [43] and cohesin – dockerin [44], we 
used experimental data available from the literature (NMR chemical shift perturbation data for 
E2A-HPr [32] and mutagenesis and conservation data as used previously for docking cohesin 
– dockerin, which was one of the targets in round 4 of the Critical Assessment of Predicted 
Interactions [45]. For the others, AIRs were defined based on the interface residues identified 
in the crystal structure; for those complexes, to simulate a more realistic case, 50% of the re-
straints were randomly removed for each docking trial. When free structures of the complex 
components were available (7 cases, see Table 2), we performed unbound docking followed 
by semi-flexible refinement as well as bound docking. For cohesin-dockerin, bound-unbound 
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docking was performed in addition to bound docking, and for the other 2 cases only bound 
docking was performed. 
 
Results 
 
Our “solvated docking” protocol is based on the physical concept that, in the first encounter 
complex, a water layer will be present in-between the two protein chains. To proceed from the 
encounter complex to the final structure, most of the interfacial waters have to be removed. 
Our protocol mimics this process by starting the docking from solvated molecules. Water is 
subsequently removed in a biased Monte Carlo procedure based on water-mediated contact 
propensities. The latter are obtained from an analysis of a database of high resolution crystal 
structures of protein-protein complexes. In the following we will first describe the results of 
this analysis and then present our solvated docking protocol, demonstrating its feasibility for a 
number of protein-protein complexes. 
 

Analysis of water mediated contacts 
In order to extract statistics of water-mediated contacts, we analyzed the high-resolution struc-
tures (≤ 2.0 Å) in the non-redundant dataset of protein-protein interfaces of Keskin et al. [33]. 
The corresponding PDB id’s are provided in Suppl. Table 5. Some general statistics of our 
dataset are listed in Table 1. 

In Figure 1, the fraction of water-mediated side chain and main chain contacts for all 
20x20 amino acid combinations is shown. It is clear from this figure that preferences do exist 
for specific water-mediated contacts, an information which should be useful in the modelling 
of protein-protein complexes by docking (see below). In order to assess the statistical signifi-
cance of the fractions of water-mediated contacts we compared the values obtained from the 
non-redundant filtered set with those obtained using the complete redundant set of structural 
homologues. Since these have a lower resolution, the derived fractions are lower than those 
from the filtered set (data not shown); there is, however, a clear correlation between the two 
datasets (R=0.6). It is however clear that the propensities reported here should be refined in 
the future by making use of the (rather slowly) increasing number of protein complexes de-
posited into the PDB. 
  
Table 1.  Analysis of water in Keskin dataset. 
Resolution (Å) 1.1-2.0 
Nstructures 19 
<Chain length> 158 (111) 
<# of waters> 346 (264) 
<# of water per residue> 0.80 
<Number of water at interface>a 24 (18) 
Nc/Nwmc

b 7155/1544 
fwmc: sc/mcc 0.16/0.05 

 

 

a Number of waters within heavy atom 
distance cut-off of 5.0 Å from both 
chains. 
b Nc: total number of interface contacts 
(defined using a 10 Å heavy atom dis-
tance cut-off) in dataset; Nwmc: total 
number of water-mediated contacts in 
dataset. 
c fwmc: fraction of water-mediated side 
chain (sc) and main chain (mc) contacts 
 

 
To find out whether interfacial water molecules adopt specific, well-defined conformations, 
we clustered the water-mediated contacts based on pairwise RMSDs (see Methods and Suppl. 
Materials for details). The rationale behind this analysis is that, if water molecules do adopt 
well-defined specific positions in an interface, one might be able to derive for each type of 
water-mediated contact a few preferred conformations (an analogy in protein structures would 
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be the rotameric states of side chains). Such information might be useful in the modeling of 
water-mediated contacts. The clustering statistics are reported in Suppl. Table 7. Using a 1.5 
Å clustering cut-off almost 90% (118 out of 133) of the side chain contacts that could be clus-
tered (133 out of 210) fall into one or two clusters (note that contacts for which less than two 
water-mediated instances were found could not be clustered at all). Figure 2 shows examples 
of clusters found for the most populated water-mediated contacts in the resolution-filtered Ke-
skin dataset; in addition, the main backbone-backbone contact (O - H2O - O) and the best-
clustering backbone – side chain contact (Ser side chain  – N) are shown.  
 

 
 
 
Figure 1. Fraction of water-mediated contacts for 
each amino acid pairwise combination. Amino 
acid - amino acid contacts are colour-coded ac-
cording to the fraction of water-mediated contacts 
for  (A) side chain and (B) main chain contacts.  
The corresponding numbers for the matrix ele-
ments are provided as supplementary material 
(Suppl. Table 6). 
 

GluHis AspHis Arg Arg GlnPro

TyrPro

Lys Lys

GlnTyr Glu Lys Ser main chain N
main
chain O

main
chain O

A C E

G I

B D

F H J

 
*Figure 2. View of the most populated water-mediated clusters as found for the resolution-filtered Keskin data-
set. (A-G) most often occurring side chain contacts; (H) best clustering side chain contact; (I) best clustering O-
O main chain contacts; and (J) Ser side chain – main chain N contact. The clustering was performed based on 
positional RMSD (see Methods). Water oxygens are shown in red spheres. The amino acid side chain atoms are 
shown in ball-and-stick (red: oxygen; blue: nitrogen; grey: carbon), together with the Cα in white CPK. In the 
cases involving main chain contacts (I,J), only main chain atoms are shown. 
 
Solvated Docking 
Our solvated docking approach is based on the concept of the first encounter complex in 
which the proteins are separated by a hydration layer. Prior to docking, we solvate the protein 
chains with one hydration layer as described in Methods. Then, the conventional HADDOCK 
rigid body docking protocol is followed; for this, each protein and its associated solvation 
shell is considered as one rigid body. This results in an encounter complex with a water-layer 
in between the two protein chains. All non-interfacial water molecules are removed from this 
complex and the remaining waters, together with the protein chains, are treated as separate 
rigid bodies in a subsequent energy minimization stage (1000 EM steps were found to be suf-
ficient for convergence). Water molecules are then removed in a biased Monte Carlo proce-
dure: randomly chosen water molecules are probed for their closest amino acid residues on 
both chains; their probability to be kept is set equal to the observed fraction of water-mediated 
contacts for this specific amino acid combination as derived from the resolution-filtered Ke-
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skin set (see above). This procedure is repeated until only 25% of the initial interfacial water 
molecules remain. Subsequently, water molecules with an unfavorable interaction energy 
(sum of van der Waals and electrostatic water-protein energies > 0.0 kcal/mol) are removed. 

Finally, the remaining waters and the protein chains are again subjected to a rigid body 
energy minimization (see Suppl. Fig. 6 for an overview). Note that we checked that the use of 
water-mediated propensities to bias water removal does lead to improvement compared to a 
simple random removal of waters. The number of retained waters at the end of our protocol is 
usually lower than 25% because of the energy criterion, typically between 10 and 20%. This 
fraction is roughly in accordance with a recent study [30] where it was found that, on average, 
90% of the interface waters are removed upon assembly. In fact, we observe a substantial 
variation in the final number of water molecules in the docked structures for the complexes 
that we used to test our protocol (see below, Table 4). 

The solvated docking protocol as described above corresponds to the rigid body dock-
ing stage in HADDOCK. The resulting structures are then further refined using semi-flexible 
simulated annealing. Since water is introduced during rigid body docking we focus the discus-
sion of our results on this stage, but we will also show some initial results for the semi-
flexible refinement. 

We tested our solvated docking approach on ten complexes representing both “wet” 
and “dry” interfaces (Table 2). An accurate docking protocol accounting for the presence of 
water should not only be able to correctly position water molecules at the interface, thereby 
improving the docking results in the case of “wet” interfaces, but it should also avoid retain-
ing waters in “dry” interfaces in order not to deteriorate the docking results. Assessed by the 
number of fully buried water molecules, the α-amylase - αAI and barnase - barstar complexes 
are representative of “wet” interfaces, the PKC interacting protein complex represents a com-
pletely “dry” interface and most of the other complexes are in-between. Only the E2A-HPr 
complex is an NMR structure for which no information on water positions is available.  
 
Table 2.  Protein-protein complexes used in solvated docking. 
 PDB-ida Res (Å)b Nw,bur

c BSA (Å2)d Dockinge 

α-amylase - αAI [46] 1dhk 1.9 25 3020 B/B; I 
Barnase - barstar [47] 1brs; 1a2p; 1a19 2.0 18 1556 B/B + U/U; I  
Subtilisin – subtilisin in-
hibitor [48] 

2sic; 1sup; 3ssi 1.8 8 1617 B/B + U/U; I 

Colicin E7 – Im7 [49] 7cei; 1ayi, 1cei, 
1unk; 1m08 2.3 8 1384 B/B + U/U; I 

bovine trypsin - CMTI-1 
squash inhibitor [50] 

1ppe; 1btp; 1lu0 2.0 6 1688 B/B + U/U; I 

Cohesin – dockerin [44]  1ohz; 1anu 2.2 5 1504 B/B + U/B; E 
GRB2 C-ter SH3 domain – 
N-ter SH3 domain [51] 

1gcq; 1gcp; 1gri 1.7 4 1208 B/B + U/U; I 

porcine trypsin – soybean 
trypsin inhibitor [52] 

1avx; 1ba7; 
1qqu 

1.9 1 1585 B/B + U/U; I 

PKC interact. protein [53] 1kpf 1.5 0 3700 B/B; I 
E2A - HPr [43] 1ggr; 1f3g; 1hdn -b - 1374 B/B+U/U; E 
a PDB-id of the complex followed by the PDB-id of the unbound structures if available. 
b Resolution; note that E2A-HPr (1ggr) is an NMR structure. 
c Number of fully buried interfacial water molecules. 
d Buried surface area as calculated using NACCESS [54]. 
e Bound (B) or unbound (U) docking; experimental data (E) or interface residues (I) were used to define AIRs. 
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The docking was performed using either the bound (B) structures from the complex or 
the unbound (U) structures; in the latter case rigid body docking was followed by flexible re-
finement. Experimental data (E) or interface residues (I) in the complex were used to define 
the ambiguous interaction restraints, 50% of which were randomly discarded for each docking 
trial in the latter case (see Methods). Further details on these complexes and the information 
used to drive the docking can be found in the Methods section. 

For each complex, two runs were performed: one reference run without water and one 
following our new solvated docking approach (see Methods). This was done for bound dock-
ing (using the bound structures of the components of the complex) and, if unbound structures 
were available, repeated for unbound docking. The bound docking results are presented in 
Suppl. Table 8. Table 3 gives an overview of the unbound docking results, assessed by inter-
face-RMSD (i-RMSD) to the target structure. The i-RMSD is defined as the backbone RMSD 
from the reference structure of the complex for those residues making contacts across the in-
terface within a 10Å cut-off (i-RMSDs below 2Å and 4Å are considered as medium quality 
and acceptable predictions, respectively, according to the CAPRI criteria [1]).  
 
Table 3.  Unbound solvated and unsolvated docking results.a 

Rigid body  Refined 
 Top 

200b Top Best Best All 
200 b Top Best Best 

 <4Å RMSDc Rankd RMSDe <4 Å RMSDc Rankd RMSDe 
- R 5 8.8 78* 2.8 5 9.1 119* 2.7 

1brs 
- S 26 8.8 4 1.5 25 9.0 12 1.4 
- R 168 1.9 1 1.6 168 1.7 1 1.3 

2sic 
- S 72 1.9 1 1.5 72 7.7 2 1.3 
- R 196 11.0 2 1.1 196 1.3 1 0.8 

7cei 
- S 199 1.6 1 1.0 199 1.4 1 0.9 
- R 198 5.1 3 1.4 198 1.1 1 1.0 

1ppe 
- S 186 1.5 1 1.4 186 1.2 1 0.8 
- R 19 5.8 25 0.7 17 6.2 38 1.1 1ohz 

(U/B) - S 33 3.1 38 0.7 33 6.0 2 0.7 
- R 70 7.0 19 1.4 71 4.0 2 1.1 

1gcq 
- S 64 8.3 3 1.4 63 1.7 1 1.1 
- R 194 1.4 1 1.4 194 1.6 1 1.0 

1avx 
- S 171 1.7 1 1.5 171 1.9 1 1.1 
- R 106 2.6 80 1.5 106 10.0 2 1.0 

1ggr 
- S 96 1.5 2 1.3 95 1.4 1 1.0 

a Results from reference (R) unsolvated and solvated (S) protein – protein docking for the various test-cases (see 
Table 2). Bold indicates cases where solvated docking performs equal to or better than unsolvated docking. 
b The number of structures below the indicated interface-RMSD (i-RMSD) values is reported (<4Å: acceptable 
quality). The i-RMSD is calculated over the backbone atoms of all residues making contacts across the interface 
within a 10Å cut-off. 
c i-RMSD of top ranking solution. 
d Rank of best-ranked structure below 2Å i-RMSD; when there are no structures below 2Å i-RMSD this is the 
rank of the best-ranked structure below 4Å i-RMSD (indicated with *). 
e i-RMSD value of best structure (closest to target). 
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As can be seen from Table 3, the inclusion of water in docking generally improves the 
scoring of the solutions. This is clear from the i-RMSD of the top ranking solution: for the 
solvated docking, this is in 5 cases a medium quality solution and in 1 case an acceptable so-
lution, whereas for the unsolvated docking this is in only 2 cases a medium quality solution 
and in 1 case an acceptable solution. In addition, the rank of the best-ranked medium quality 
solution is in most cases lower for the solvated docking. Finally, the lowest RMSD found in 
all top 200 ranked structures is on average lower for the solvated docking. Note that scoring in 
our solvated docking protocol includes the water-water and water-protein non-bonded energy 
contributions, which clearly improves the performance (data not shown). 

After flexible refinement (see Table 3) the same conclusions are valid, although the 
differences between solvated and unsolvated docking are smaller. For example, the unsolvated 
docking has 4 medium and 1 acceptable solutions and the solvated docking has 5 medium 
quality solutions. For the “wet” interfaces, a large fraction of the waters in our docking solu-
tions have positions very close to those in the crystal (Figure 3 and Suppl. Fig. 7-9). These 
correspond to both fully buried waters and waters present at the rim of the interface. Espe-
cially the results from the bound barnase - barstar docking are impressive, with around 80% of 
the water molecules within 2Å of crystal water positions. The distributions of distances be-
tween predicted and native waters in Figure 3 compare favourably with the results from Jiang 
et al. [29]; in that study, no docking was performed, but  water positions at the interface were 
predicted from the crystal structures of a set of complexes. We also found that the quality of 
the water predictions does not change much after the semi-flexible refinement (see Suppl. Fig. 
9). Note however that those are only preliminary results and the flexible refinement protocol 
needs further optimization.  

*Figure 3. Accuracy of predicted water molecules in solvated docking.  (A) α-amylase – αAI (bound docking); (B) barnase – 
barstar (bound docking); (C) barnase – barstar (unbound docking); and (D) cohesin – dockerin (bound/unbound docking). 
Left panel: Histograms (bars) and cumulative fractions (lines) of closest distances between modelled and crystal waters are 
shown for all acceptable structures (black) and for the top 10 acceptable structures (light grey) out of the top 200 ranked 
structures. Right panel: view of the best-scoring acceptable solvated docking solution, together with its predicted waters (red) 
and the corresponding ones in the crystal (green). 

 
We analyzed the recovery of totally buried crystal water molecules over all acceptable 

(i-RMSD < 4Å) solutions out of the top 200 ranked models (Table 4 and Suppl. Table 9). On 
average, each docking solution contains between 6 and 12 water molecules (both buried and 
rim). Buried water molecules are generally more consistently recovered (i.e. found in a larger 
fraction of the solutions) than those at the rim of the interface (Figure 4 and Suppl. Fig. 9-11). 
On average, 94% of the buried crystal waters are recovered and each one is observed in 17% 
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of the acceptable solutions. We find that those crystal waters that are not recovered are mak-
ing most of their contacts with only one of the two components of the complex. 

We also analyzed the fraction of native water-mediated contacts recovered after flexi-
ble refinement: this is on average 30% for all acceptable structures, 46% for the highest-
ranked acceptable structure and even 66% in the most favorable case. These are quite high 
fractions considering that on average, per structure, only 32% of the crystal waters are recov-
ered within 4Å. Those numbers are on average 25% smaller for rigid body docking solutions. 
As was already observed previously [45], flexible refinement significantly improves the frac-
tion of native contacts across the interface. In CAPRI, high/medium/acceptable – quality solu-
tions require at least 50/30/10% fraction native contacts. 
 
Table 4.  Recovery of water molecules in solvated docking.a 
  Rigid body Refined 
 <#waters>b recoveryc # frecover (%)d recoveryc # frecover (%)d 
1brs  10.4 (2.6) 14 /18 12 (11) 14/18 14 (12) 

2sic  11.7 (4.0) 7/8 29 (19) 7/8 29 (17) 

7cei  8.2 (3.2) 8/8 5 (1) 8/8 3 (2) 

1ppe 11.0 (3.7) 6/6 12 (10) 6/6 14 (9) 
1ohz (U/B) 5.6 (4.6) 5 /5 32 (11) 5/5 13 (8) 

1gcq 10.9 (3.0) 4/4 34 (13) 4/4 28 (13) 

1avx  8.9 (3.3) 1/1 10  1/1 11 
a Solvated docking results for the acceptable solutions out of the top 200 models for the various test-cases (see 
Table 3). (B) and (U) indicate bound and unbound docking, respectively. 
b Average number (standard deviation) of water molecules per structure. 
c Number of fully buried crystal waters recovered (i.e. within 2.0Å  of a modeled water) / total number of buried 
crystal waters (see Table 2). 
d Average fraction (standard deviation) of acceptable structures in which a fully buried water is recovered. 

BA

1dhk (B) 1brs (B)

DC

1brs (U) 1ohz (B/U)

 
*Figure 4. Recovery of interfacial water molecules in solvated docking. (A) α-amylase – αAI (bound docking); 
(B) barnase – barstar (bound docking); (C) barnase – barstar (unbound docking); and (D) cohesin – dockerin 
(bound/unbound docking).  For each complex, the largest component is shown with its associated crystal waters 
(transparent green) together with cluster representatives from all predicted water in the acceptable solutions. The 
latter are colour-coded according to the fraction of acceptable structures in which they are observed, from blue 
0% to red 40% (maximal observed fraction). Waters from all acceptable solutions were clustered based on pair-
wise distances using a 2.5Å cut-off. 
 

Crystal waters are recovered not only in “wet” interfaces (e.g. α-amylase - αAI and 
barnase - barstar) but also for example in the case of 1gcq, where all 4 fully buried interface 
waters are found in several of the docking solutions (this complex shows the highest average 
fraction of structures in which crystal waters are observed (34%)). For the “dry” PKC interact-
ing protein, the water molecules in the resulting docked structures are placed mostly at the rim 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Solvated docking 

79 

of the interface. The same applies to E2A-HPr. For the latter, however, we cannot compare 
their positions to experimental ones since the reference complex was solved by NMR. While 
decreasing somewhat the number of acceptable solutions for that particular complex, explicit 
inclusion of water led to an improvement in the ranking and in the number of medium quality 
solutions, both before and after flexible refinement. Taken all together, these results demon-
strate the general applicability of our method. 

Explicit inclusion of water molecules in our solvated docking protocol results in a fac-
tor 3 to 4 increase in computational time requirements for the rigid body docking stage. The 
most time-consuming part of HADDOCK is however the semi-flexible refinement stage, in 
which the presence of some additional water molecules does not make much difference. Ex-
plicit inclusion of water in docking thus only results in about a factor 2 increase in the overall 
run time, which is reasonable considering the improvements in both success rate and accu-
racy, and the fact that as a result water positions are predicted. 
 
Conclusions and Perspective 
 
For the first time, water has been explicitly introduced in protein-protein docking. We fol-
lowed for this purpose a strategy mimicking the concept of the solvated initial encounter com-
plex. By performing the docking from solvated protein chains in combination with a Monte 
Carlo water removal procedure based on water contact propensities, we successfully recov-
ered interfacial crystal water molecules and improved our docking results both in bound and 
unbound docking cases. Further improvements could be achieved by making use of the geo-
metrical information obtained from the cluster analysis of water-mediated contacts.  

The very promising results obtained here and the rather reasonable additional computational 
burden make us confident that solvated docking is a viable approach to model biomolecular 
complexes. We actually started applying solvated docking in the last two rounds of CAPRI 
(targets 25 and 26; see http://capri.ebi.ac.uk) but will have to wait for the release of the targets 
in order to assess its performance. Solvated docking should also benefit the field of protein-
DNA modelling since it is well-known that protein-DNA complexes have rather wet inter-
faces. We therefore intend to extend our approach to the modelling of such complexes, which, 
as we recently demonstrated, can be successfully modelled using HADDOCK [55]. 
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Abstract 
 
We have shown previously that, given high-resolution structures of the unbound molecules, 
structure determination of protein complexes is possible by including biochemical and/or 
biophysical data as highly ambiguous distance restraints in a docking approach. We applied 
this method, implemented in the HADDOCK (High Ambiguity Driven DOCKing) package 
[Dominguez et al., J. Am. Chem. Soc. 2003, 125, 1731], to the targets in the fourth and fifth 
rounds of CAPRI (Critical Assessment of PRedicted Interactions). Here we describe our 
results and analyze them in detail. Special attention is given to the role of flexibility in our 
docking method, and the way in which this improves the docking results. We also describe 
extensions to our approach that were developed as a direct result of our participation to 
CAPRI. In addition to experimental information, we also included interface residue 
predictions from PPISP [Zhou and Shan, Proteins 2001, 44, 336], a neural network method. 
Using HADDOCK we were able to generate acceptable structures for 6 of the 8 targets, and to 
submit at least one acceptable structure for 5 of them. Of these 5 submissions, 3 were of 
medium quality (target 10, 11 and 15) and 2 of high quality (target 13 and 14). In all cases, 
predictions were obtained containing at least 40% of the correct epitope at the interface for 
both ligand and receptor simultaneously.  
 
Introduction 
 
Biochemical and biophysical experiments such as mutagenesis, NMR and mass-spectrometry 
are widely used to gain insight into biomolecular interactions. The information generated in 
this way can in principle be used to model the structure of the corresponding complex when 
conventional NMR and crystallographic approaches fail. Taking the step from experimental 
data to modeling is however not common practice. This can be done using docking 
approaches that model the structure of a complex based on the structure of the constituents. 
Although clear progress has been achieved in the field of ‘ab-initio docking’, as illustrated by 
the previous rounds of CAPRI (Critical Assessment of PRedicted Interactions) [1], most 
current approaches have difficulties in generating consistently reliable predictions. However, 
as highlighted in a recent review [2], in many cases of biological interest, some kind of 
experimental information is available which can be used to filter docking solutions or even to 
drive the docking. We developed for this purpose the data-driven docking method 
HADDOCK that can incorporate any kind of information about interface residues [3]. Using 
HADDOCK, we participated to rounds 4 and 5 of CAPRI. Our method and its performance 
within CAPRI are presented here. 
 
Materials and Methods 
 
HADDOCK: data 
Experimental and/or prediction information is incorporated in HADDOCK by defining active 
residues (which based on the data are supposed to be part of the interface) and passive 
residues (surface neighbors of active residues). The docking is driven by ambiguous 
interaction restraints (AIRs) defined between any atom of the active residues and all atoms of 
all active and passive residues on the partner protein [3]. In cases where the data were very 
fuzzy or judged unreliable, we randomly removed 25% of the data for each docking trial. In 
the absence of experimental data, we experimented with the use of all accessible residues as 
active and/or passive residues, in the combinations:  A-active B-passive, A-passive B-active 
and both A and B active. 
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HADDOCK: flexible docking protocol 
Flexibility is introduced at several levels in the algorithm: 

i) by docking from ensembles of structures and taking all possible pairwise combinations, 
ii) by introduction of flexibility in the side-chain at the interface, and 
iii) by allowing both side-chain and backbone flexibility in the final refinement stage. 

This is then followed by a final refinement in explicit solvent. In the rigid body docking stage 
we typically save to disk 1000 to 2000 solutions. The best 200 are then subjected to a 
refinement step consisting of 3 consecutive simulated annealing, first treating the molecules as 
rigid bodies and then with introduction of flexibility (ii and iii above); for details see [3]. 

For each target we typically performed a number of docking runs with various 
definitions of the AIRs. The initial scoring was based on the sum of intermolecular 
vanderWaals, electrostatic and AIR energies. The non-bonded energies are calculated with a 
8.5Å cutoff using the OPLS parameters [4]. In round 5, we set ε to 10 during the vacuum part 
of the docking (rigid body docking and semi-flexible refinement). The electrostatic energy 
contribution was scaled down by a factor 0.1 in the final scoring after water refinement. The 
scoring was performed on a cluster basis considering only the best 5 to 10 structures of each 
cluster to remove cluster size effects. The clustering is based on pairwise RMSDs. The lowest 
energy structure of the lowest energy cluster is considered the highest ranking solution. Due to 
the inclusion of experimental information only a limited number of solutions is typically 
obtained (<25). For CAPRI, the selection from the clusters from different docking runs was 
performed manually based on energy considerations and visual inspection. 
 
Interface predictions 
In PPISP, sequence profiles produced by PSI-BLAST and solvent accessibility of spatially 
neighboring surface residues calculated by DSSP [5] were used as input to a neural network 
[6]. The network was trained on interface residues collected from the protein-protein 
complexes in the Protein Data Bank. A residue is considered as a surface residue if at least 
10% of its surface area is solvent accessible. A surface residue is considered as an interface 
residue if at least one of its heavy atoms is within 5 Å of a heavy atom of the partner protein. 
Since the original publication of PPISP, extensive improvements have been made (Chen and 
Zhou, personal communication).  The training set now consists of 1,156 protein chains with 
less than 30% identity.  These chains each have at least 20 interface residues.  The training set 
contains a total of 225,238 surface residues, of which 52,624 (or 23%) are interface residues. 
Test on a different set of 100 non-homologous protein chains shows that the overall prediction 
accuracy is ~80%. One problem was that interface residues were over-predicted for some 
proteins but under-predicted for others. To tackle this problem, we developed a consensus 
method that combines predictions from a series of neural networks with different levels of 
accuracy and coverage of native interface residues (FIR). Usually a neural network with higher 
FIR predicts more interface residues but with lower accuracy, and vice versa. Each predicted 
interface residue was ranked by consensus score (the number of neural networks predicting it 
as interface) and the top ranked ones were mapped onto the protein surface. The residues 
clustered together were collected. This process was stopped early if there were enough 
interface residues collected (to prevent over-prediction), or extended to less confidently 
predicted residues if there were only a few predictions made (to avoid under-prediction). 
 
Results and Discussion 
 
HADDOCK data 
Information to drive the docking process was derived from literature searches, in combination 
with interface residue predictions by PPISP [6] (see below). This information is highly 
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ambiguous, in the sense that it gives information about the interface but not about contacts 
made across it. In order to use such information to drive the docking, we distinguish between 
“active” and “passive” residues: active residues correspond to solvent accessible, 
experimentally identified or predicted interface residues while passive residues correspond to 
their surface neighbors. These are used to define ambiguous interaction restraints (AIRs) 
between each active residue of one chain and all active and passive residues of the other chain 
(for further discussion, see Dominguez et al. [3]).  
 
Performance of the PPISP interface residues predictions 
PPISP is a neural network based method that is trained on known structures of protein 
complexes. The input of the neural network consists of sequence profiles and solvent 
accessibility of spatially neighboring residues. Sequence profiles, obtained from multiple 
sequence alignment by PSI-BLAST, capture characteristics of interface residues such as 
conservation and hydrophobicity. The PPISP interface predictions for CAPRI 4 and 5 targets 
are summarized in Table 1. For a total of 11 proteins in the targets (no prediction was 
necessary for the two antibodies), four (TBE monomer of T10, cohesin of T11/T12, MYPT1 
of T14, and colicin D of T15) had higher than 50% prediction accuracy, and two others 
(dockerin of T11/T12 and the xylanase of T18) had very good values for FIR (1 and 0.75, 
respectively) but moderate accuracy. Interface predictions were poor for the two antigens (in 
T13 and T19) and two large proteins (PP-1 of T14 and TAXI of T18). These predictions were 
used to define AIRs (see above) to drive the docking. 
 
Table 1. Results of interface residue prediction on CAPRI targets 

PPISP predictions HADDOCK 
Target Chain Seq. 

length 
#Native 
int. res. #Pred. FIR

 a Accuracyb FIR
 a Accuracyb

10 TBE monomer 381 95 19 0.11 0.53 0.44 0.90
11/12 Cohesin 140 25 13 0.48 0.92 0.89 0.91

 Dockerin 56 13 32 1 0.41 0.74 0.67
13 antigen 245 25 5 0 0.0 0.88 0.79
14 PP-1 309 49 10 0 0.0 0.81 0.85
  MYPT1 291 60 36 0.32 0.53 0.67 0.85

15 Colicin D 107 22 20 0.59 0.65 0.85 0.85
  Immunity protein 87 19 14 0.11 0.14 0.85 0.79

18 TAXI 370 23 25 0.04 0.04 0.42 0.38
  A. niger xylanase 182 24 51 0.75 0.35 0.62 0.71

19 Ovine prion 102 21 15 0.14 0.20 0.44 0.42
a) FIR: fraction of correctly predicted (by PPISP) or observed (HADDOCK) interface residues among all native 
interface residues. Native interface residues were defined as those forming native contacts (< 5Å). 
 b) Accuracy: fraction of correct interface residues among all predicted (by PPISP) or observed (HADDOCK best 
model) interface residues. 
 
HADDOCK results for the CAPRI 4 & 5 targets 
For 5 of the 8 targets (including the cancelled target 15), we had at least one acceptable 
solution in our submissions; of these three were of medium quality and two of high quality. 
The corresponding models superimposed on their respective targets are shown in Figure 1 (the 
still unpublished target 13 is shown as cartoon). The ranking we report for the various targets 
is based on the fraction of correct native contacts. In all 5 cases we ended within the top 10 of 
all submissions. In three cases, our best prediction was correctly ranked number one within 
our ten submissions. In the following we discuss our results for the individual targets. 
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Target 10. For target 10 [7], we modified the docking protocol in order to be able to deal with 
three molecules and impose C3 symmetry. This was done by using symmetry restraints as 
introduced for NMR structure calculation of symmetrical dimers [8]. To impose C3 
symmetry, we defined triplets of distance pairs (AB/BC, BC/AC and CA/AB), requiring that 
the distances must be equal within a pair. We used in addition non-crystallographic symmetry 
restraints in CNS [9], which enforce that the molecules be similar without defining any 
symmetry operation between them. The ambiguous interaction restraints (AIRs) used to drive 
the docking were derived from various sources [10-13] and included epitope mapping, 
mutagenesis and sequence conservation data, in combination with interface predictions. 

The results of the docking could be partitioned into two classes: one with rather ‘flat’ 
triangular arrangements of the three monomers, and one consisting of ‘spikes’. We based our 
selection on electron microscopy data [14] that suggested a triangular flat shape of the timer. 
Accordingly, we mainly selected such structures, and only put one ‘spike’ conformation in our 
submission, which we ranked tenth. The latter turned out to be a very close prediction, with a 
ligand RMSD of 2.9Å, an interface RMSD of 1.9Å and a fraction of native contacts of 0.3. It 
is worth noting that this “spike” solution had the best intermolecular energy but that 
misjudgment of literature data led us to rank it last. 
Target 11/12. For target 11 [15], a homology model of dockerin was built using 
SWISSMODEL [16] and WHATIF [17]. The model was subjected to a 200 ps molecular 
dynamics (MD) simulation in explicit solvent using Gromacs3.1.4 [18]. The starting structure 
plus ten structures taken every 20 ps were selected as input for the docking. The backbone 
RMSD of our starting homology model from the bound form was 4.3 Å, whereas it ranged 
from 4.1 Å to 4.8 Å for the structures taken from the MD-trajectory. These values however 
decrease to 2.3 Å for the model and 2.2 Å to 2.9 Å for the MD structures if only the two 
Ser/Thr pairs that are known to be important for the binding are considered. This means that 
some of the MD structures had moved closer to the bound form than the homology-model 
itself. The unbound form of cohesin was also subjected to 200 ps MD in explicit solvent. 
Again, 11 structures were selected for the docking. These were also used for target 12. 
To drive the docking, we used previously published mutagenesis data [19-22], in particular 
two amino acid pairs Ser11/Thr12 and Ser45/Thr46, and other predicted interface residues. As 
discussed in the paper describing the experimental crystal structure of the complex [15], the 
dockerin sequence contains a tandem repeat, with residues 1-23 showing high homology to 
residues 35-57. These two stretches of sequences also adopt very similar 3D structures (main 
chain atom RMSD 0.36Å). Moreover, dockerin contains near perfect internal twofold 
symmetry, such that residues 1-22 overlay onto residue 35-56, and vice versa (see figure 5 in 
ref [15]). This symmetry is also reflected in the mutagenesis data that we used for docking. As 
stated in ref [15], it would seem likely that both symmetry-related halves of dockerin could 
interact with cohesin in almost identical manners. The accuracy of our docking results, 
especially for target 12, were mainly hampered by the fact that both sites were included in our 
restraints while only the second one is actually involved in binding in the crystal structure. 
Since both sites were defined, we also obtained several docking solutions corresponding to a 
180° rotated binding mode. For target 11 we nevertheless had 1 medium and 3 acceptable 
solutions in our submission (with the best one having a ligand RMSD of 6.0Å, an interface 
RMSD of 2.0 Å, and a fraction of native contacts of 0.4 ranking at the third position overall). 
For target 12 no acceptable solutions were submitted, although acceptable ones within 2.3 Å 
interface RMSD were generated. However, if the symmetry related binding mode would be 
considered, all our submissions for target 11 and 12 would be within 10Å ligand RMSD.  
 

 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Chapter 6 

 88 

*Figure 1. Best HADDOCK models and corresponding experimental structures. Closest models overlaid 
with corresponding crystal structures for target 10 (pdb: 1urz[7]), 11 (pdb: 1ohz[15]), 14 (pdb: 1s70[23]) and 15 
(pdb: 1v74[24]). Color coding: red and blue for crystal structures, purple and light-blue for model; for target 10 
in addition: green for crystal structure, black for model. Note that target 10 is a trimer; for clarity, for two of its 
(C3-symmetric) chains we show only part of the chain. Segments 148-159 and 204-209 are missing in the crystal 
structure. The still unpublished target 13 is shown as a cartoon. The quality of our best model (stars) and its rank 
within our ten submissions is indicated between brackets. The CAPRI quality criteria are: “high” (***): Fnat > 
0.5, l-RMSD or i-RMSD < 1.0 Å and “medium” (**): Fnat > 0.3, l-RMSD < 5.0 Å or i-RMSD < 2.0 Å, where Fnat 
is the fraction of native contacts, l-RMSD the ligand backbone RMSD from the target, after superimposition on 
the receptor and i-RMSD the interface residues backbone RMSD from the target. 
 
Target 13. For target 13, the bound form of the antibody and the unbound form of the antigen 
were provided. The latter was subjected to a 200 ps MD in explicit solvent and 11 structures 
were selected as input for the docking as described for targets 11/12. In this case, the unbound 
form was 0.5 Å away from the bound form, and it drifted away to 0.9 Å during the MD 
simulation. 

For the antibody we defined the CDR region as active residues. For the antigen, 
several epitopes were identified from literature data [25-27]. This information was introduced 
differently in various runs: either using all epitopes simultaneously or only a subset of them to 
define AIRs. We also performed a docking run in which all accessible residues of the antigen 
were defined as passive. 

The clusters from all runs were pooled and ranked mainly based on favorable values of 
van der Waals energy and on packing arguments after visual inspection. Our number one 
submission was of high-quality (l-RMSD 3.8 Å; i-RMSD 0.3 Å; Fnat 0.8). 
Target 14. The docking was performed from the bound form of MYPT1 and a homology 
model of PP1 created using SWISSMODEL [16] and WHATIF [17].  For this target [23], 
excellent information was available from literature [28-30] including a crystal structure of the  
RRVSFA peptide bound to PP1. In addition, interface predictions from PPISP involving the 
N-terminal helix of MYPT1 were used. Because of the rather closed, “embracing” 
conformation of MYPT1, which might prevent a proper rigid body docking, we turned off the 

T10: TBE virus envelope protein (**, #10)
l-RMSD 2.9 Å / i-RMSD 1.9 Å / Fnat 0.3

T11: cohesin - dockerin (**, #10)
l-RMSD 6.0 Å / i-RMSD 2.0 Å / Fnat 0.4

T13: (***, #1)
l-RMSD 3.8 Å
i-RMSD 0.3 Å

Fnat 0.8

T14: PP1-MYPT1 (***, #1)
l-RMSD 2.3 Å / i-RMSD 0.96 Å / Fnat 0.6

T15: colicin D - immunity protein (**, #1)
l-RMSD 5.4 Å / i-RMSD 1.8 Å / Fnat 0.5
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intermolecular interactions of PP1 with the C-terminal residues of MYPT1 starting from 
residue 52 and scaled down the intermolecular interactions by a factor 0.01. Interaction with 
the C-terminal residues was reintroduced in the second flexible refinement stage of the 
docking. As the quality of the data in this case was really high, it was not surprising that one 
of our predictions was of high quality (l-RMSD 2.3Å; i-RMSD 0.96Å; Fnat 0.6) with two 
additional acceptable ones out of our 10 submitted structures. 
Target 15. Target 15 [24] was a bound docking case, but with shaved surface side-chains. The 
latter were generated with CNS [9] and the structures were submitted to a short refinement in 
explicit solvent [31] with position restraints on the backbone. For each protein, 10 structures 
were generated and used as starting point for the docking. Only little data were found in the 
literature [32]. We used as always predicted interface residues but also experimented (as for 
target 13, but now for both proteins) taking all accessible residues as passive and/or active, in 
the combinations active-passive, passive-active and active-active. The results of these three 
docking runs were analyzed in terms of the frequency that a given residue contacts the partner 
protein. The top 10% most frequently found residues at the interface were then selected for a 
new docking run. 

Our number one submission, resulting from a run with the latter restraints, was a close 
hit (l-RMSD 5.4 Å; i-RMSD 1.8 Å; Fnat 0.5) corresponding to a medium quality prediction. 
Out of the three runs with a total of 600 structures from which we selected our submissions, 
only 5 structures had l-RMSD below 10 Å (resulting from the runs with all accessible residues 
on the immunity protein as passive). Our selection criterion (based on Evdw + 0.1 Eelec) thus 
correctly led to the best conformation in this case. 
Target 18. For target 18 [33], the predicted interface residues were quite good for the xylanase 
with 75% of the epitope correctly predicted (see FIR, fraction of correctly predicted native 
interface residues, in Table I). In addition, some mutagenesis information was available[34]. 
However, for TAXI the interface prediction was poor (FIR = 0.04), and we did not find any 
experimental data for defining the interface. Although we tried the same kind of 
active/passive protocols as for target 15, in this case our docking runs did not generate any 
acceptable solution. We did however obtain solutions with more than 42% of the native 
epitope of each partner simultaneously at the interface but these corresponded to rotated 
solutions. 
Target 19. For target 19 [35], the ovine prion was modeled as described above from the NMR 
entry 1DWY [36]. We found various epitopes in the literature [37, 38], which we used again 
in various combinations of active and passive residues, together with the CDR residues of the 
antibody. A docking run was also performed using all accessible residues of the antigen. 
However, no acceptable solution was obtained. As for target 18, our submissions however 
contained rotated solutions containing as much as 44 and 79% of the correct epitopes at the 
interface for the antibody and the antigen, respectively. 
 
The effect of flexibility on our docking results 
In our docking protocol, flexibility is introduced stepwise, first for interface side-chains and 
then for both backbone and side-chains at the interface (see Materials and Methods). To 
analyze in detail if it is worth paying the additional computational price, we compared various 
quality parameters for structures after rigid body docking and after final refinement in explicit 
solvent (Table 2). Although there is some variability between targets, it is clear that the 
number of good solutions as monitored by ligand RMSDs increases when comparing the rigid 
body docking results with the results after flexibility has been introduced. The quality of the 
prediction also improves significantly as can clearly be seen from the fraction of native 
contacts. Finally, flexibility also considerably improved the ranking of structures. 
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Table 2. Impact of flexibility on docking results.  

a For target 11, the RMSD range is 5 - 7.5Å ; for target 12 and 15 it is 5 – 10Å. 
b Rank of best submitted structure according to our scoring scheme. Lower ranking indicates better result. 
 
In addition to the explicit inclusion of flexibility in the refinement stage, we also implicitly 
included it in the rigid body docking stage by starting from ensembles of structures obtained 
from short MD simulations in explicit solvent. Depending on the quality of the starting model, 
the RMSD to the bound form increased or decreased during the MD. Still, we often observed 
that some conformations preferentially lead to better docking solutions. This effect must 
originate from better side-chain conformations since large backbone conformational changes 
cannot be expected within such short simulation times (200 ps).  For example, for target 11, 
our best model originated from MD structures taken at 40 ps for cohesin (backbone RMSD to 
bound form 0.5 Å) and 200 ps for dockerin (backbone RMSD to bound form 4.6Å). For target 
13, good solutions were obtained mainly from the unbound form of the antigen (backbone 
RMSD to bound form 0.5Å) and from a MD snapshot taken at 140 ps (backbone RMSD to 
bound form 0.75Å). 
 
What did we learn from CAPRI? 
CAPRI was a very good stimulus to develop new tools, as well as a possibility to validate new 
features in an unbiased way. As explained above, the fact that we did often not have very 
reliable experimental data (or no data at all) inspired us to experiment with all accessible 
residues as active-active, active-passive or passive-active. For target 13 and 15, this was 
successful, while for target 18 and 19 this did not generate any acceptable solution. Our 
solutions for the latter two cover however the correct epitopes but correspond to rotated 
solutions. Although there are several possible reasons for this difference, it might be related to 
the fact that target 18 and 19 consisted of bigger proteins, which means that the configuration 
space that needs to be covered is larger; it is therefore possible that our sampling was 
insufficient. In cases where data were fuzzy or scarce we used all accessible residues and also 
experimented with the random removal of a fraction (typically 25%) of our data for each 
solution that was generated. In this way, the fuzziness of the interface definition is increased, 
and wrong or inconsistent data need not have a disastrous influence. We started using this 
feature after the results for round 4 were known, when we realized the effect that the wrong 
definition of active residues for dockerin had on our docking of target 12. Note that random 
removal of as much as 50% of the restraints leads to high quality predictions for target 12 
(data not shown). Considering the interface predictions, the blind test results on the CAPRI 
targets were consistent with results on other test sets (Chen and Zhou, personal 
communication). In general, predictions for small proteins are much better than for large 
proteins. Complexes of small proteins on which our training set is based are indeed well 
represented in the PDB. In terms of classes of protein complexes, the PPISP method generally 

Target 10 11 12 13 14 15 
Number of solutions within the given l-RMSD range: rigid body/refineda 
0-5Å 9/8 36/63 33/36 26/26 11/12 2/3 
Average fraction of native contacts a Rigid body: 

0-5Å 0.14 (0.05) 0.27 (0.11) 0.11 (0.03) 0.57 (0.07) 0.54 (0.15) 0.45 (0.07) 
Average fraction of native contacts a Refined: 
0-5Å 0.18  (0.09) 0.36 (0.11) 0.12 (0.03) 0.74 (0.07) 0.50 (0.10) 0.35 (0.13) 
Ranking of best submitted structure: rigid body/refined b 

 6/3 181/51 - 36/1 23/2 8/2 
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makes good prediction for enzyme-inhibitor interfaces but is not suited for antigen-antibody 
interactions. The former complexes have presumably evolved over time to optimize the 
interface. In contrast, antigen-antibody interactions are not subjected to evolutionary 
optimization. A strength of PPISP is that it is relatively insensitive to conformational changes 
accompanying complex formation. Results on CAPRI targets also showed that PPISP 
performed equally well with homology models (dockerin in target 11). 

We also analyzed in detail the influence of flexibility on our docking results. As 
described here and in related studies [39, 40], flexibility is a very important factor for 
docking. Indeed, we found that, in general, the docking results improve after the flexible 
refinement stages. The largest improvement is found in the fraction of native contacts, while 
the effect of flexibility on the RMSDs from the target is the most pronounced when the 
unbound form is further away from the bound form. Finally, we also observed that flexibility 
improves the ranking of correct solutions. Taken all together, this indicates that the inclusion 
of flexibility in docking is clearly beneficial, even if it increases the required computational 
time. 
 Our participation to CAPRI revealed both the strengths and weaknesses of our data-
driven docking approach HADDOCK. Good results can be expected when the data are of high 
quality. Using very fuzzy or ambiguous data, HADDOCK sometimes still generated 
acceptable results (as for target 13 and 15) but in other cases failed to do so (target 18 and 19). 
The scoring of flexible docking solutions, which have a significantly larger number of degrees 
of freedom, remains a difficult process, which can clearly be improved in the future.  
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Abstract 
 
Cytochrome c oxidase (the terminal enzyme in the electron transport system) is of vital 
importance since it generates the proton gradient that drives synthesis of ATP. Its correct 
assembly depends on proper delivery of copper, a process which has been implicated in 
several human diseases. Structural details about the interactions in this pathway are however 
unknown. Here we model several complexes of the human proteins involved in Cu-delivery to 
cytochrome c oxidase: cox17-sco1, sco1-cox2, cox17-cox11 and cox11-cox11. We make use 
for this purpose of information-driven docking, with restraints based on bioinformatic 
interface predictions. The resulting models provide structural information about copper 
delivery towards cytochrome c oxidase. In particular, we analyze the details of the copper 
transfer from donating to accepting protein in the case of cox17-sco1, sco1-cox2 and cox17- 
cox11. For the cox11-cox11 homodimer our model suggests a possible membrane or protein 
interaction site, which might be involved in copper delivery. Finally, our models provide 
testable hypotheses for mutagenesis experiments, which we are currently performing. 
 
Introduction 

 
The reduction of molecular oxygen, catalyzed by cytochrome c oxidase (the terminal enzyme 
in the electron transport system) is of vital importance since it generates the proton gradient 
that drives synthesis of ATP. Multiple subunits and several cofactors are necessary for 
catalytic activity including two hemes a, a magnesium ion, a zinc ion, and three copper ions. 
In particular, the copper ions are located in subunits cox1 and cox2, which contain the CuB 
and CuA centers, respectively. Cytochrome c oxidase is located in the inner mitochondrial 
membrane and the copper binding subunits are encoded by the mitochondrial genome, so 
copper insertion must occur within this organelle. The insertion of these cofactors and 
assembly of the cytochrome c oxidase complex requires accessory proteins [1], but not much 
details are known about the assembly process. 

In particular, the mechanism of copper delivery to cytochrome c oxidase is a long-
standing puzzle. In eukaryotes, copper insertion involves the key copper metallochaperone 
cox17 which acts as a donor of Cu(I) to both sco1 and cox11 [2]. Sco1 is known to interact 
with cox2 [3], and is proposed to donate Cu(I) to the CuA center, whereas cox11 is a 
mitochondrial co-chaperone that provides copper to the CuB center [4]. Cox2 is an integral 
membrane protein anchored to the inner membrane of mitochondria through two 
transmembrane helices. Its soluble C-terminal part contains the copper binding site and 
projects out in the inner membrane space. Both sco1 and cox11 are anchored to the 
mitochondrial inner membrane by a single transmembrane helix with the soluble domain 
located in the inner membrane space, whereas cox17 is a non-membrane protein. See also 
Figure 1 for a schematic overview of the pathway. 

Consistent with the importance of this copper insertion pathway, these proteins are 
associated with a number of human diseases [5-7]. Although 3D structures of the individual 
proteins are known, nothing is known about their interaction mode and full experimental 
characterization of the complexes is hampered among others by the instability of a number of 
components. 

Docking is a computational methodology that uses the known structures of 
components of a complex to generate a model for the complex. Docking approaches are 
increasingly popular for investigating intermolecular complexes whose structures cannot be 
studied otherwise [8-10]. They have been applied for studying a variety of complexes, among  
which a complex related to the pathway we investigate here, cytochrome c – cytochrome c 
 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



 Cytochrome c oxidase Cu-delivery complexes 

95 

 
Figure 1. Scheme of Cu metalation of cox1 and cox2 mediated by cox11 and sco1, respectively. We model the 
interactions depicted in this figure: cox17-sco1, sco1-cox2 and cox17-cox11, and in addition the cox11 
homodimer (see text for details); we do not model the cox11-cox1 interaction since Cu is thought to be inserted 
in cox1 co-translational, before folding of cox1. 
 
oxidase [11], and some copper transfer complexes, PacSN-ScAtx1 [12] and Atx1-ccc2 [13]. 
Here we apply the data-driven docking approach HADDOCK [14] to study the complexes 
along the cytochrome c oxidase Cu-delivery pathway for the human proteins. Since for the 
various proteins involved no experimental information is available for the complexes that are 
formed (at variance with the previously studied complexes mentioned above), we used 
bioinformatics methods to predict interface residues in order to generate restraints to drive the 
docking. Specifically, we model the interactions cox17 – sco1, sco1 – cox2, cox17 – cox11 
and cox11 – cox11 (since cox11 is known to form a homodimer [15]). Note that we do not 
model the cox11 – cox1 complex, since the CuB site is buried deeply inside cox1, and it is 
thought that copper insertion occurs co-translational, i.e. before cox1 folding [16]. 
 
Results and discussion 
 
To obtain insight into the cytochrome c oxidase Cu-delivery pathway we modeled the 
structures of the human cox17, cox11 and cox2 (for details see Methods); the resulting 
structures, together with the recently solved structure of human sco1 [17] are shown in Figure 
2 and some characteristics are listed in Table 1.  
 
Table 1. Models for the human cytochrome c oxidase Cu-delivery proteins 
Protein Model based on % sequence identity Ensemble –RMSDa 
Cox17 1Z2G [18] 32 / 40b 5.8 (1.5) / 0.5 (0.1) b 
Sco1 2GT5, 2GQM [17] c - c 2.7 (0.5) 
Cox11 1SP0 [15] 45 1.3 (0.4) 
Cox2 1OCR [19] 73 0.2 (0.1) 

a Average RMSD (standard deviation) of all 10 structures with respect to each other. 
b Not taking into account unstructured N-terminal tail (residues 1-22). 
c The NMR structure of the human sco1 which is available was used in this case; 2gt5 corresponds to the apo- 
and 2gqm to the holo-form. 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Chapter 7 

96 

A B D

C23
C26

C41
C45

H132

C200C196

C86C88

C

 
*Figure 2. Ribbon representation of the homology model of cox17 (A), the NMR structure of sco1 (B), and the 
homology models of cox2 (C) and cox11 (D). Proteins are color coded using a color ramp from blue (N-term) to 
red (C-term). The copper coordinating residues are shown in cpk and the copper atom is colored magenta (in 
cox17, sco1 and cox11; cox2 is shown without copper since only apo-cox2 is used in the docking). Homology 
modelling was performed using Modeller as described in Methods using templates listed in Table 1. Figure was 
generated using MolScript [20] and Raster3D [21]. 
 
These structures were used as input structures for modelling the following complexes: 
cox17(Cu)-sco1, sco1(Cu)-cox2, cox17(Cu)-cox11 and cox11(Cu)-cox11(Cu). Since there is 
no experimental information on the interface in those complexes, we used WHISCY [22] and 
PROMATE [23] interface predictions (see Methods) to generate ambiguous interaction 
restraints (AIRs) to drive the docking. The predictions are listed in Table 2 and are also shown 
mapped onto the respective structures in Figure 3. 

A B C D

 
Figure 3. Spacefilling representation of the homology model of cox17 (A), the NMR structure of sco1 (B), and 
the homology models of cox2 (C) and cox11 (D). Grayscale code indicates active (black) and passive (medium 
gray) residues used for docking (see Table 2 for corresponding residue numbers). Active residues are defined 
based on interface predictions using WHISCY [22], PROMATE [23] and their combination WHISCYMATE 
[22]; passive residues are surface neigbours of active residues (see Methods). 
  
In all cases the predictions map to patches around the Cu-binding site, which is reasonable 
since these proteins interact in order to transfer copper (note that we did not restrict the 
prediction towards this site). In addition to the interface prediction based restraints we also 
used restraints between the Cu atoms and each of the coordinating cysteines (for details see 
Methods). We performed for each complex three different docking runs, using either the AIRs 
based on interface predictions, or the copper based restraints or both simultaneously. Since the 
latter gave the best convergence, we present results from the docking runs using the combined 
set of restraints. 

To select the best model after docking, the structures were clustered based on their 
pairwise RMSDs. In Table 3 the characteristics of the resulting clusters are shown. In general, 
the structures with the lowest HADDOCK score (see Methods) of the cluster with the lowest 
HADDOCK score would constitute the predicted model. For the sco1-cox2 and cox17-cox11 
this leads to the unambiguous selection of one cluster; for cox17-sco1 and cox11-cox11, 
however, there are two clusters which score almost equal (see further discussion below). 
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Table 2. List of active and passive residues used for docking. 
Cox17   
Active C23, C24, A25, C26, P27, R33, D34, C36, I37, C55, M56, A58, L59, G60, F61 
Passive P19, L20, K21, E28, K30, K31, A32, A35, E39, K40, G41, E42, E43, H44, G46, 

H47, E50, K53, E54, R57, K62 
Cu Cys23, Cys26 
Sco1   
Active G10, F38, T39, C41, P42, D43, C45, P46, L49, F72, I75, D76, Y88, F92, A110, 

R111, Y113, R114, Y116, Y117, S118, Y128, I129, V130, D131, T133, I134, 
Y137, G143, F145, Y148 

Passive L7, L8, S13, Y27, L28, G29, E47, E50, E78, T81, A84, N87, K90, E91, P94, 
R103, E104, D107, Q108, A112, P119, G120, P121, K122, D125, E126, D127, 
D142, E144, L146, N152 

Cu Cys41,Cys45 
Cox11  
Active Q38, Q39, L51, F53, K83, I84, Q85, C86, F87, C88, E90, V100, D101, M102, 

P103, V104, F105 
Passive G2, K20, N24, A25, D26, V27, N34, R36, T40, E41, Y43, E48, T49, A50, T69, 

N71, F75, Q79, Q92, R93, E98, E99, D122, L123, S127, T129, F131 
Cu Cys86, Cys88; Cu-Cu restraint 
Cox2   
Active Q103, T104, Y121, R134, D139, D158, V159, Q195, S197, I199, G201, A202, 

N203, S205 
Passive N119, P124, P125, L128, L133, N140, R141, Q157, L160, P166, K171, D173, 

P176, V191 
Cu Cys196, Cys200 

For all complexes, ambiguous interaction restraints were defined using active and passive residues as listed in the 
Table, based on WHISCYMATE predictions. In addition, copper-based restraints were defined as described in 
Methods using the residues listed in the Table. 
 
The docking provided thus structural models for these complexes along the cytochrome c 
oxidase Cu-delivery pathway, which had been uncharacterized so far. The models are shown 
in Figure 4. In the following we will discuss them and their biological implications. Table 4 
data gives statistics of copper - cysteine contacts and Table 5 summarizes the intermolecular 
contacts.  

 
Analysis of copper-transfer complexes 
Cox17 – sco1 
As noted above we find two clusters of solutions for the cox17-sco1 complex, with 
comparable HADDOCK score (although cluster 1 scores slightly better when assessed by 
FastContact, Dfire and Probe, see Methods). As shown in Figure 4 the orientation of the two 
molecules in these models is rather different. This is reflected in the difference between 
intermolecular contacts in the two clusters (see Table 5). One key difference is the role of 
cox17 Arg33 (which based on mutations is expected to be involved in complex formation 
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Table 3. Characteristics of resulting clustersa 
Cl
#c 

Nstr Rmsd-
Emin 

Score Dfire BSA (Å2) Eair 
(kcal/mol) 

dCu-Cys 
(Å) b 

Cox17 (Cu) Sco1 (apo)  
1 33 3.8 (2.0) -140 (15) -19.2 (1.9) 2289 (247) 408 (126) 2.6 
2 56  13.6 (0.6) -135 (10) -16.1 (1.8) 2412 (285) 447 (71) 2.2 
3 27 9.3 (1.0) -112 (12) -16.5 (2.0) 2192 (254) 438 (112) 2.2 
4 9 13.6 (0.4) -106 (44) -19.6 (2.3) 2354 (388) 520 (66) 2.2 
5 24 10.7 (2.0) -95 (17) -14.7 (1.8) 1962 (238) 475 (88) 2.2 
6 15 5.9 (1.4) -93 (22) -16.6 (3.1) 2031 (284) 543 (81) 2.3 
7 8 9.2 (1.7) -74 (7) -15.6 (2.2) 1887 (220) 615 (65) 2.2 
Sco1 (Cu) Cox2 (apo)  
1 132 6.5 (3.3) -106 (5) -18.2 (1.3) 1943 (181) 446 (72) 2.5 
2 12 13.9 (0.6) -86 (6) -18.3 (1.0) 1938 (76) 601 (62) 16.5 
3 14 14.0 (2.2) -65 (5) -14.7 (0.5) 1798 (194) 611 (72) 5.7 
4 9 11.2 (0.7) -45 (17) -14.0 (1.3) 1691 (219) 644 (54) 4.0 
5 8 16.5 (1.1) -44 (8) -14.4 (0.7) 1685 (237) 712 (61) 8.1 
6 7 9.4 (1.2) -34 (9) -15.2 (1.4) 1858 (214) 782 (55) 11.4 
Cox17 (Cu) Cox11 (apo)  
1 125 4.5 (2.9) -159 (8) -17.8 (0.6) 1835 (134) 333 (73) 2.1 
2 15 6.1 (1.7) -148 (6) -17.6 (0.9) 1998 (158) 280 (76) 2.1 
3 26 8.9 (1.4) -137 (7) -18.0 (0.6) 1885 (162) 285 (81) 2.1 
4 12 14.4 (1.2) -113 (9) -15.0 (1.6) 1779 (129) 372 (64) 2.1 
5 10 8.0 (1.9) -112 (11) -14.4 (1.0) 1828 (119) 260 (86) 2.1 
Cox11 (Cu) Cox11 (Cu)  
1 40 1.8 (1.2) -117 (8) -18.8 (1.0) 2291 (135) 137 (38) - 
2 22 8.2 (0.3) -117 (6) -19.5 (2.0) 2366 (114) 196 (43) - 
3 114 16.9 (0.8) -99 (6) -16.4 (1.1) 1733 (98) 201 (40) - 
4 8 20.7 (0.5) -62 (6) -16.9 (1.2) 1563 (112) 329 (57) - 

aCharacteristics of all resulting clusters with at least 5 structures for the different docking runs. Averages 
(standard deviation in brackets) were calculated over the best 5 structures of each cluster. Nstr, number of 
structures in cluster (out of 200 water refined structures); Score, HADDOCK score, defined as a weighted sum of 
different terms (see Methods); Dfire, statistical energy function based on the reference state of distance-scaled, 
finite, ideal gases [24]; BSA, buried surface area. Bold designates clusters selected as ‘best’; selection is based 
on HADDOCK score. 
bLowest distance in best 5 structures from cluster between Cu and Cys SG in Cu-accepting protein. 
cCluster number when sorted by HADDOCK score; as discussed in the text, for cox17 – sco1 and cox11 – cox11 
two clusters were obtained that scored almost equally. These are referred to in the text as cluster 1 and cluster 2, 
respectively. 
 
with sco1 [25]). In both clusters, it is involved in a salt bridge, the difference being that in 
cluster 1 it contacts sco1 Glu48 and in cluster 2 it contacts Asp123. Another marked 
difference is found with respect to cox17 Phe61. In cluster 1, Phe61 is involved in contacts 
with Arg114, Ile135 and Tyr137, whereas in cluster 2 it contacts Asp43, Val44 and Glu47. 
Clearly, these data provide testable hypotheses for mutation experiments in order to select 
between the two models. 
The copper transfer seems to be more efficient in cluster 2 since 21 out of 56 structures in this 
cluster have the Cu ion within 3Å of both sco1 Cys41 and sco1 Cys45, whereas in cluster 1 
this is the case for only 1 out of 33 structures. This might indicate that cluster 2 is a more 
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*Figure 4. HADDOCK models of 
the complexes along the human 
cytochrome c oxidase Cu-delivery 
pathway: (A) cox17-sco1, (B) sco1-
cox2, (C) cox17-cox11 and (D) 
cox11-cox11.  Color coding: cox17 
(A and C) in orange; cox2 (B) in 
orange; sco1 (A and B) and cox11 
(C) in white. In (D), one of the 
cox11 monomers is orange and the 
other monomer is white. Note that 
for cox17-sco1 and cox11-cox11, 
as discussed in the text, there are 
two clusters of solutions with 
identical scores. 

likely orientation. We analyzed our models to gain some insight into the copper transfer 
mechanism. In cluster 1 we find that the copper is preferably attaching to sco1 Cys41 (the 
average distance copper - Cys41 is lower than the distance copper – Cys45, see Table 4A); in 
cluster 2 there is no difference between Cys41 and Cys45 in this respect. When we redo the 
water-refinement of the original docking run without copper based restraints (data not shown) 
clustering results are similar but now cluster 1 clearly scores better than cluster 2 (note that 
this is consistent with the difference in score according to FastContact, Dfire and Probe, as 
mentioned above). Without these restraints the copper is not transferred to sco1 in most 
structures, but in those were it is, again Cys41 is the accepting cysteine. Note that in a docking 
run in which we did not use the Cu restraints at all (data not shown) we also find that copper 
is accepted by Cys41 (if transferred, which is much less often the case). 
 
Sco1 – cox2 
The CuA site in cox2 contains a binuclear Cu cluster and the transfer mechanism is unknown. 
In the present system we modelled the transfer of one copper ion, considering a mechanism of 
sequential insertion of the two copper ions (note that for modelling the transfer of the second 
copper the structure of cox2-Cu1 should be known). The Cu ion in cox2 is buried below the 
surface of the protein and the coordinating cysteines have a low relative accessibility in the 
starting models (Cys196, 7 +/- 0.3% and Cys200, 4 +/- 1%, as calculated over the ensemble of 
starting structures using NACCESS [26]). However, in many docking solutions Cys200 
becomes more exposed, as can be seen in Figure 5: the 5 best structures of the selected cluster 
the accessibility of Cys196 is still low, 2 +/-1% while that of Cys200 has now increased to 33 
+/-19%. Based on our docking results, we predict that Cys200 is the cysteine that first binds 
the Cu ion upon interaction with sco1. 
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Table 4. Average interatomic distances between the sulfur atoms of copper binding 
cysteines and the copper ion calculated over the ensemble of the five best structures. 
 
4A1. Cox17 (Cu) - Sco1 (apo) cluster1 
Cox17 Sco1 Cu Dist (Å) 
C23 Sγ C41 Sγ  5.1 (2.3) 
C23 Sγ C45 Sγ  8.7 (1.2) 
C26 Sγ C41 Sγ  4.1 (1.6) 
C26 Sγ C45 Sγ  6.9 (0.6) 
C23 Sγ  Cu 2.3 (0.2) 
C26 Sγ  Cu 2.2 (0.04) 
 C41 Sγ Cu 3.6 (1.9) 
 C45 Sγ Cu 7.0 (0.7) 

 
4A2. Cox17 (Cu) - Sco1 (apo) cluster2 
Cox17 Sco1 Cu Dist (Å) 
C23 Sγ C41 Sγ  5.1 (1.7) 
C23 Sγ C45 Sγ  4.4 (1.5) 
C26 Sγ C41 Sγ  3.8 (1.2) 
C26 Sγ C45 Sγ  5.1 (0.9) 
C23 Sγ  Cu 2.3 (0.2) 
C26 Sγ  Cu 2.2 (0.04) 
 C41 Sγ Cu 3.3 (1.7) 
 C45 Sγ Cu 3.6 (1.7) 

 
4B. Sco1 (Cu) – Cox2 
Sco1 Cox2 Cu Dist (Å) 
C41 Sγ C196 Sγ  13.6 (1.7) 
C41 Sγ C200 Sγ  6.2 (2.8) 
C45 Sγ C196 Sγ  14.6 (1.6) 
C45 Sγ C200 Sγ  7.8 (2.8) 
C41 Sγ  Cu 2.2 (0.1) 
C45 Sγ  Cu 2.3 (0.2) 
 C196 Sγ Cu 13.1 (2.1) 
 C200 Sγ Cu 6.1 (3.3) 
 

4C. Cox17 (Cu) – Cox11 
Cox17 Cox11 Cu Dist (Å) 
C23 Sγ C86 Sγ  3.4 (0.2) 
C23 Sγ C88 Sγ  3.6 (0.2) 
C26 Sγ C86 Sγ  7.9 (1.0) 
C26 Sγ C88 Sγ  4.9 (0.7) 
C23 Sγ  Cu 2.2 (0.03) 
C26 Sγ  Cu 6.5 (0.4) 
 C86 Sγ Cu 2.2 (0.1) 
 C88 Sγ Cu 2.1 (0.04) 

4D1. Cox11 – Cox11 (cluster1) a 
Cox11 Cox11 Cu Dist (Å) 
C86 Sγ C86 Sγ  3.2 (0.1) 
C86 Sγ C88 Sγ  5.2 (2.4) 
C88 Sγ C88 Sγ  4.0 (1.3) 
C86 Sγ  Cu 2.1 (0.04) 
C86 Sγ  Cu 2.2 (0.05) 
C86 Sγ  Cu 4.1 (0.9) 
C88 Sγ  Cu 2.0 (0.03) 
C88 Sγ  Cu 2.1 (0.04) 
C88 Sγ  Cu 3.0 (1.6) 
  Cu-Cu 2.9 (0.03) 

a Since cox11 – cox11 is a homodimer complex 
containing two copper atoms, for each copper atom 
four distances to cysteines can be measured. We list 
here the three lowest distances as well as the copper 
– copper distance; these can be directly compared 
to the EXAFS data (see Methods). 

 

4D2. Cox11  – Cox11 (cluster2) a 

Cox11 Cox11 Cu Dist (Å) 
C86 Sγ C86 Sγ  3.2 (0.2) 
C86 Sγ C88 Sγ  3.6 (1.1) 
C88 Sγ C88 Sγ  3.2 (0.2) 
C86 Sγ  Cu 2.1 (0.04) 
C86 Sγ  Cu 2.2 (0.04) 
C86 Sγ  Cu 2.9 (0.8) 
C88 Sγ  Cu 2.1 (0.08) 
C88 Sγ  Cu 2.2 (0.09) 
C88 Sγ  Cu 2.3 (0.08) 
  Cu-Cu 2.7 (0.1) 

a See footnote for Table 4D1. 
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Table 5. Intermolecular Contact 
statisticsa 

5A1. Cox17 (Cu) - Sco1 (cluster1) 
    M

M 
S
S 

M
S 

NB 

Sco1 Cox17     
Lys 51 Asp 34 0 3 0 0 
Cox17 Sco1     
Leu 20 Pro 121 0 0 0 3 
Lys 21 Ile 129 0 0 0 3 
Pro 22 Ser 118 0 0 0 3 
Cys 23 Asp 131 0 2 0 5 
Cys 24 Asp 131 0 0 3 0 
Cys 26 His 132 0 0 1 3 
Cys 26 Val 44 0 0 0 5 
Pro 27 Pro 42 0 0 0 4 
Lys 30 Glu 47 0 3 0 1 
Lys 30 Glu 48 0 3 0 3 
Lys 30 Val 44 0 0 2 4 
Lys 31 Asp 43 0 4 0 3 
Arg 33 Gln 151 0 0 4 0 
Arg 33 Glu 48 0 4 0 2 
His 52 Gln 151 0 3 0 3 
Met 56 Gln 151 0 0 0 3 
Met 56 Ile 134 0 0 0 3 
Met 56 Ile 135 0 0 0 4 
Leu 59 Thr 133 0 0 0 4 
Leu 59 Tyr 116 0 0 0 4 
Phe 61 Arg 114 0 0 0 3 
Phe 61 Ile 135 0 0 0 5 
Phe 61 Tyr 137 0 0 0 3 
 

 
5A2. Cox17 (Cu) - Sco1 (cluster2) 
    M

M 
S
S 

M
S 

NB 

Sco1 Cox17     
Cys 41 Cys 26 0 3 0 0 
Tyr 116 Glu 16 0 3 0 0 
Cox17 Sco1     
Pro 19 Tyr 116 0 0 0 3 
Lys 21 Asp 131 0 4 0 1 
Lys 21 Thr 133 0 0 0 5 
Lys 21 Tyr 116 0 0 1 3 
Pro 22 Ile 134 0 0 0 4 
Pro 22 Ile 135 0 0 0 3 
Cys 23 His 132 0 1 0 3 
Cys 23 Ile 134 0 0 0 4 
Cys 26 His 132 0 1 0 4 
Pro 27 Asp 131 0 0 0 3 
Lys 30 Ile 129 0 0 2 5 
Lys 31 Ser 118 0 4 0 2 
Arg 33 Asp 123 0 4 0 3 
Asp 34 Pro 121 0 0 0 3 
Met 56 Pro 42 0 0 0 3 
Leu 59 Gln 151 0 0 0 3 
Phe 61 Asp 43 0 0 0 4 
Phe 61 Glu 47 0 0 0 4 
Phe 61 Val 44 0 0 0 3 

 
 
 
 

aContacts as defined using Dimplot (see Methods); numbers in table are number of structures for which the 
respective contact is present (out of 5 structures). MM, main chain – main chain hydrogen bonds; MS, main 
chain – side chain hydrogen bonds; SS, side chain – side chain hydrogen bonds and NB, non bonded contacts. 
For the hydrogen bonds, the first residue designates the donor and the second the acceptor. 

H132

C45 C41

C200

C196

 

 
Figure 5. Detailed view of 
the sco1 – cox2 interface in 
one of the 5 best structures 
of the selected cluster where 
copper is (partially) 
transferred towards cox2. 
Note that His132 no longer 
coordinates the copper in 
this structure. 
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5B. Sco1 (Cu) – Cox2 
    M

M 
S
S 

M
S 

NB 

Cox2 Sco1     
Gln 103 Asp 43 0 0 3 0 
Gln 103 Val 44 0 0 0 4 
Trp 104 Val 44 0 0 0 4 
Leu 135 Tyr 116 0 0 0 3 
Ile 199 Ile 129 0 0 0 4 
Ala 202 Cys 41 0 0 2 3 
Ala 202 His 132 3 0 1 4 
Ala 202 Phe 38 0 0 0 3 
Asn 203 Asp 131 0 3 0 2 
His 204 Asp 131 0 0 3 2 
Ser 205 Asp 131 0 3 4 2 
Phe 206 Asp 131 0 0 1 3 
Phe 206 Thr 133 0 0 0 4 
Phe 206 Tyr 116 0 0 0 3 
 
 
 
 

5C. Cox17 (Cu) – Cox11 
    M

M 
S
S 

M
S 

NB 

Cox17 Cox11     
Lys 21 Phe 87 0 0 3 1 
Cys 23 Cys 86 0 3 1 5 
Cys 23 Cys 88 0 0 0 4 
Cys 26 Cys 88 0 0 1 5 
Cys 26 Met 102 0 0 0 3 
Pro 27 Glu 90 0 0 0 4 
Lys 30 Met 102 0 1 0 4 
Lys 30 Pro 103 0 0 0 3 
Lys 31 Glu 98 0 4 0 0 
Lys 31 Glu 99 0 0 4 0 
Lys 31 Val 100 0 0 0 3 
Met 56 Phe 105 0 0 0 4 
Met 56 Pro 103 0 0 0 3 
Leu 59 Cys 86 0 0 0 3 
Leu 59 Gln 85 0 0 1 3 
Phe 61 Ile 84 0 0 0 4 
Phe 61 Phe 105 0 0 0 5 
Ile 63 Phe 105 0 0 0 4 

 
5D1. Cox11 – Cox11 (cluster1) 
    M

M 
S
S 

M
S 

NB 

Cox11 Cox11     
His 3 Arg 93 0 2 0 3 
Gln 38 Glu 98 0 4 0 0 
Gln 39 Glu 98 0 4 0 0 
Leu 51 Leu 94 0 0 0 3 
Leu 51 Val 100 0 0 0 3 
Phe 53 Glu 99 0 0 0 4 
Phe 53 Val 100 0 0 0 4 
Ile 84 Glu 90 0 0 0 5 
Cys 86 Cys 86 0 1 2 5 
Cys 86 Cys 88 0 5 1 3 
Cys 86 Phe 87 0 0 3 4 
Phe 87 Cys 88 0 0 3 4 
Cys 88 Cys 88 0 2 0 5 
Glu 90 Phe 105 0 0 4 5 
Glu 90 Val 104 0 0 0 3 
Gln 92 Phe 105 0 0 0 3 
Val 100 Pro 103 0 0 0 4 
Asp 101 Asp 101 0 0 0 3 
Met 102 Met 102 0 0 0 4 
Met 102 Pro 103 0 0 0 5 

 

 
5D2. Cox11 – Cox11 (cluster2) 
    M

M 
S
S 

M
S 

NB 

Cox11 Cox11     
Gly 2 Val 100 0 0 0 5 
His 3 Glu 98 0 0 0 3 
His 3 Glu 99 0 0 1 3 
His 3 Leu 94 0 0 0 3 
Ser 5 Glu 98 0 4 5 4 
Asp 6 Glu 98 0 0 5 1 
Leu 51 Phe 53 0 0 0 5 
Leu 51 Pro 103 0 0 0 5 
Phe 53 Phe 53 0 0 0 3 
Ile 84 Cys 88 0 0 0 4 
Ile 84 Glu 90 0 0 0 3 
Ile 84 Met 102 0 0 0 4 
Gln 85 Gln 92 0 3 0 0 
Gln 85 Glu 90 0 4 5 5 
Cys 86 Cys 86 0 2 1 4 
Cys 86 Cys 88 0 3 0 5 
Cys 88 Cys 88 0 2 0 4 
Asp 101 Phe 105 0 0 0 4 
Met 102 Phe 105 0 0 0 5 
Pro 103 Phe 105 0 0 0 4 
Pro 103 Pro 103 0 0 0 5 
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A closer look at the position of the Cu ion in the docking results shows that the copper in 
some models is still close to the starting cysteine on sco1 and in others it is transferred to cox2 
Cys200 (see Figure 5). In the latter case, sco1 His132 is no longer coordinating the copper 
ion. The distance copper travels can be assessed by fitting both the cox2 and the sco1 starting 
structure to the modeled complex and calculating the distance from the copper in the docking 
model to the copper in the initial sco1 structure and its location in the cox2 structure. For the 
best 5 structures of the cluster, the first distance is either 1-2Å, which is comparable to the 
precision of the cluster, or around 5Å, in the two cases were Cu is transferred to cox2 Cys200. 
In the latter case, the Cu ion is approximately halfway the path is has to travel from the sco1 
to the cox2 site which is approximately 11Å. 
  
Cox17 – cox11 
It has been suggested previously that Glu90 and Glu91 in cox11, which are conserved in 
eukaryotes but not in prokaryotes, could be involved in complex formation with cox17 [15] 
(note that cox17 is not present in prokaryotes). Although the selected structures do not form 
intermolecular contacts involving Glu91 (in fact in the starting structure Glu91 is already 
forming two intramolecular contacts via its two OE atoms to two backbone amides), Glu90 
indeed is involved in contacts with cox17; these are however not well defined within the 
cluster since contacts to various lysines of cox17 are observed (two times Lys21, once Lys17 
and once Lys30). 

With respect to the predicted path of the copper transfer we find that Cu first detaches 
from Cys26 of cox17. On the cox11 side, the Cu ion is in most cases bound to both Cys86 and 
Cys88 (107 out of 125 structures in the top ranking cluster have the Cu within 3Å of both 
cysteines), indicating that the transfer of copper in this case has almost fully occurred. This 
means that our model for the cox17-cox11 transfer complex represents a stage in the pathway 
further towards the final Cu-loaded accepting structure as compared to the cox17-sco1 
complex. This obviously has to do with the fact that the two accepting Cys on cox11 are more 
easily accessible: the relative accessibilities of Cys86 and Cys88 in cox11 (calculated using 
NACCESS over the ensemble of starting structures) are 55 +/- 10% and 32 +/- 9%, 
respectively, whereas these are only 16 +/-7% and 3 +/- 3% for Cys41 and Cys45 in sco1. 
  
Cox11 – cox11 
In this case docking results in two clusters with comparable scores (both HADDOCK as well 
as other scores (data not shown)). The two clusters have a somewhat different orientation, but 
involve in both cases a hydrophobic interface consisting of residues Met102, Pro103 and 
Phe105. Pro103 is absolutely conserved in eukaryotes but less so in prokaryotes, which 
matches with the fact that only in eukaryotes cox11 is known to form homodimers. Both 
clusters reasonably fit the EXAFS data that were used as restraints, although cluster 2 shows a 
somewhat better agreement: cluster 2 indeed has the best fit to the EXAFS data also when 
compared with other clusters which are not selected based on their score (data not shown). 

Interestingly, in both clusters the two cox11 molecules are oriented anti-parallel; the 
angle between the two long axes is between 20 – 40 degrees in cluster1 and between 10 – 15 
degrees in cluster2. Taking into account that the N-terminal extension of cox11 is attached to 
a transmembrane helix, this orientation means that the two copper ions and their surrounding 
site face the membrane, as shown in Figure 6.   
It is thought that copper is inserted into cox1 co-translationally [16]. Based on our model we 
speculate that copper could be brought into the membrane by virtue of the cox11 homodimer 
inserting into the membrane. Indeed, there are some hydrophobic residues (the absolutely 
conserved Phe87 and Phe89 as well as Phe81 and Phe106 which are absolutely conserved in 
eukaryotes as well) around the two Cu ions (see Figure 6) that might interact with the lipid 
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hydrocarbon tails. This would mean that dimerization of cox11 could help in delivering Cu to 
cox1. 
 

F81

F106

F89 F87 F81F106

F89

F87

900

membrane  
 

Figure 6. Resulting model for the 
cox11 – cox11 homodimer as 
seen from the membrane side. 
Note that, as discussed in the text, 
there are two clusters of solutions 
with related but somewhat 
different orientations; here we 
show the best scoring model from 
cluster 2. Based on our docking 
model we predict that the dimer 
contains a protein or membrane 
interaction site; possible 
interacting phenylalanines are 
shown in ball-and-stick (see 
Results for details). 
 

Predicting interaction surfaces for the dimer (as performed before for the monomer structures; 
see Methods) indicates a putative binding site at the membrane facing site around the Cu (data 
not shown); this region might be involved in membrane interaction or alternatively might be a 
protein interaction site. The observation that cox11 from S. Pombe exists as a fusion protein 
with the partner protein being homologous to S. cerevisiae Rsm22 (which has been proposed 
to have a role in mitochondrial translation), suggests that cox11 function may occur during 
mitochondrial translation of the cox1 mRNA [16]. The interaction between cox11 and Rsm22 
might however be indirect [27]. 
 
Computational aspects 
The selection of correct solutions (scoring) is a difficult problem in docking. In the present 
case, the fact that we know that the Cu ion should be transferred imposes some additional 
restraints on the solutions, and reduces the search space. For the cox11 homodimer we could 
in addition use EXAFS data. We validated our docking approach by repeating the docking of 
the cox11 homodimer without the EXAFS-derived restraints. The clusters obtained in this 
way are similar to the ones obtained with inclusion of the EXAFS data (data not shown), 
which supports our docking approach. 

It is interesting to analyze the influence of the starting structure used in the ensemble 
docking on the final result. For sco1-cox2 and cox17-sco1 we find that whether the Cu ion is 
transferred towards the accepting partner or not depends very much on the specific starting 
structure used for the docking. For the sco1-cox2 complex, the sco1 starting models have 
somewhat different orientations for the long loop 8, but there is no clear reason why some 
orientations would facilitate the transfer. What can be seen when transfer takes place is that 
Phe38, Val44, His132 and Ile134 have a somewhat different arrangement in the starting 
structures; it is however not clear why this arrangement should be favorable (note that His132 
is involved in Cu coordination). We also find for the cox17-cox11 complex a large influence 
of the starting conformation. As mentioned above, in this complex the transfer is rather 
efficient. We observe that those models in which no transfer takes place are mostly derived 
from one specific starting conformation of cox11 (i.e. the accepting partner in this case); in 
this particular structure the two cysteines are somewhat further away from each other. 

 These observations all indicate that docking from ensembles of starting conformations 
is worthwhile doing since it increases the chance of obtaining relevant conformations even at 
the price of a larger interaction space to be searched. This is in line with previous studies [28-
33]. 
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Conclusions and perspectives 
 
We modelled several complexes of the human proteins involved in copper delivery to 
cytochrome c oxidase: cox17 -  sco1, sco1 - cox2, cox17 – cox11 and cox11 – cox11. Details 
of these interactions have not been obtained before, due to experimental difficulties in 
obtaining the structures of these complexes. Our models provide new information such as 
details on the copper transfer from the donating to the accepting protein in the case of cox17 - 
sco1, sco1 – cox2 and cox17 – cox11. The cox11 – cox11 homodimer suggests a possible 
membrane or protein interaction site, which might be involved in copper delivery to cox1. 
Finally, our models provide testable hypotheses for mutagenesis experiments, which are 
currently being carried out. 
 
Methods 
 
Structural coordinates 
Models for the human proteins along the Cu-delivery pathway were generated using Modeller 
6 [34] using the templates listed in Table 1. Out of 1000 generated models, the 10 best based 
on the objective score were used for docking. In the case of the cox17-sco1 complex we 
performed two docking runs, using either apo-sco1 or holo-sco1 (the latter without the Cu 
ion). Since the latter gave better convergence the results we show are from this docking run. 

WHATIF [35] was used for determination of the protonation state of the histidines. Cu 
was introduced with charge +1 and for the appropriate cysteines (see Table 2), the SH atom 
was removed and the charge on atom SG was set to -0.68 instead of -0.45 to compensate for 
the introduction of Cu+1 (note that the charge of the removed SH atom is 0.27 and the charge 
of the CB atom is 0.18). In this way, the total net charge of two cysteines plus copper is zero. 
All non-polar hydrogens were removed as well. 
 
Interface prediction 
WHISCY [22] and ProMate [23] were used for interface predictions and combined for 
consensus scoring using WHISCYMATE [22]. Multiple sequence alignments were 
constructed by first finding homologues of the human proteins using blastp against the nr 
database using default settings (Word Size 3; Expect 10; Blosum62 matrix; Gap Costs: 
existence 11, extension 1) [36], except that a restriction to only eukaryote sequences was used 
since the copper-delivery pathway might be different in prokaryotes as compared to 
eukaryotes (for example, cox17 is only found in eukaryotes [37]). Subsequently, multiple 
sequence alignment was performed using ClustalW 1.83 [38]. ProMate predictions were 
obtained making use of the web interface of ProMate (http://bioportal.weizmann.ac.il/ 
promate/), using default settings. For WHISCYMATE, a residue was predicted if its ProMate 
score was higher than or equal to 98.52 or its WHISCY score higher than or equal to 0.371 or 
if its ProMate and WHISCY scores were both higher than or equal to 55.42 and 0.107, 
respectively. Interface predictions were used to generate AIRs as discussed before [22]: 
predicted residues were designated active residues and their surface neigbours passive 
residues. We also used PPI-Pred [39] for interface prediction; PPI-Pred output consists of a 
most likely binding site location and two other possible binding site. In each case, the PPI-
Pred predictions were overlapping with the WHISCYMATE predictions, although the overlap 
did not always occur with the most likely PPI-Pred predicted binding site.  
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Copper-based restraints 
When appropriate, we defined (unambiguous) restraints between the Cu-ion and the S atoms 
of coordinating cysteines on both the delivering (holo) and accepting (apo) protein partner. 
The restraint distance was 2.4 +/- 0.1Å; residues involved in those restraints are shown in 
Table 2. For the cox11 homodimer, restraints were based on EXAFS data which indicate the 
presence of three S atoms at 2.23Å in the first coordination shell of the Cu, and a second Cu at 
2.7Å [15]. In addition, we used C2-symmetry[40] and NCS-restraints for this homodimer. 

 
Docking protocol 
HADDOCK [14] uses ambiguous interaction restraints (AIRs) defined from any information 
about the interface. In our case, active residues are based on interface predictions, as 
mentioned above. The definition of ambiguous interaction restraints has been described in 
detail before [14]. The docking protocol consists of three consecutive stages [14]: 

(i) randomization of orientations followed by rigid body energy minimization (EM); 
(ii) semi-flexible simulated annealing in torsion angle space (TAD-SA), which consists 

of (ii-a) a rigid body Molecular Dynamics search and first simulated annealing, (ii-b) 
a second semi-flexible simulated annealing during which side chains at the interface 
are free to move, and (ii-c) a third semi-flexible simulated annealing during which 
both side chains and backbone at the interface are free to move; and 

(iii) final refinement in Cartesian space with explicit solvent. 
The docking was performed starting from models for the human proteins along the Cu-
delivery pathway (see above). For each protein, 10 models were used, resulting in 100 
different combinations. In the initial rigid body docking phase, 1000 structures were generated 
(10 for each combination) and the best 200 in terms of total intermolecular energy were 
further submitted to the semi-flexible simulated annealing and final water refinement. Flexible 
segments were defined as default in HADDOCK (using active and passive residues +/- 2 
consecutive residues). In addition,  for cox17 the first 22 disordered residues were treated as 
fully flexible.  

Non-bonded intermolecular interactions were calculated with an 8.5Å cut-off using the 
OPLS parameters [41]. The dielectric constant epsilon was set to 10 in the vacuum part of the 
protocol and to 1 for the explicit solvent refinement. To account for the presence of false 
positives in the interface predictions, for each docking trial, 50 % of the restraints based on 
the interface predictions were randomly discarded. In order to keep the secondary structure 
elements intact during the simulated annealing refinement, hydrogen bond and dihedral angle 
restraints were introduced. We used DSSP [42] to identify secondary structure elements in the 
top ranking homology model: dihedral angle restraints were defined as the measured dihedral 
angle +/- a 200 range and for helices a distance restraint was defined between each i,i+4 O-N 
and O-HN pair (with upper/lower bound of 2.3Å/3.5Å and 1.7Å/2.5Å, respectively). 

Scoring of the structures was performed using the HADDOCK score with standard 
weights [43]. In addition, we also calculated various scores with DFIRE (a statistical energy 
function based on the reference state of distance-scaled, finite, ideal gases [24]), FastContact 
(an estimate of the binding free energy based on a statistically determined desolvation contact 
potential and Coulomb electrostatics with a distance-dependent dielectric constant [44]) and 
Probe (which uses small-probe contact dots to assess the goodness-of-fit [45]); the latter was 
calculated using the MolProbity package [46]. The final selection of clusters was based on 
HADDOCK score. 

The docking solutions were clustered based on positional RMSDs using a 7.5 Å cut-off; 
only clusters with at least 5 members were analyzed.  The RMSDs were calculated on the 
interface backbone atoms of the smallest component after superposition on the interface 
backbone atoms of the largest component). This can be termed “ligand interface RMSD”. 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



 Cytochrome c oxidase Cu-delivery complexes 

107 

 
Analysis of intermolecular contacts 
Intermolecular contacts (hydrogen bonds and non-bonded contacts) were analyzed with 
DIMPLOT which is part of the LIGPLOT software [47] using the default settings (3.9 Å 
heavy-atoms distance cut-off for non-bonded contacts; 2.7 Å and 3.35 Å proton-acceptor and 
donor-acceptor distance cut-offs respectively with minimum 900 angles (D-H-A, H-A-AA, D-
A-AA) for hydrogen bonds. A contact is defined to be present if it is found in at least 3 of the 
5 best structures. 
 
Acknowledgements 
This work has been performed under the Project HPC-EUROPA (RII3-CT-2003-506079), 
with the support of the European Community – Research Infrastructure Action under the FP6 
“Structuring the European Research Area” Programme and was also supported by a “Jonge 
Chemici” grant (grant number 700.50.512) from the Netherlands Organization for Scientific 
Research (N.W.O.) to AB. 

 
References 
1. Carr HS, Winge DR. Assembly of cytochrome c oxidase within the mitochondrion. Accounts Chem Res 

(2003), 36, 309-316. 
2. Cobine PA, Pierrel F, Winge DR. Copper trafficking to the mitochondrion and assembly of copper 

metalloenzymes. Biochimica et Biophysica Acta, in press (2006). 
3. Lode A, Kuschel M et al. Mitochondrial copper metabolism in yeast: interaction between Sco1p and Cox2p. 

Febs Lett (2000), 485, 19-24. 
4. Hiser L, Di Valentin M et al. Cox11p is required for stable formation of the Cu-B and magnesium centers of 

cytochrome c oxidase. J Biol Chem (2000), 275, 619-623. 
5. Papadopoulou LC, Sue CM et al. Fatal infantile cardioencephalomyopathy with COX deficiency and 

mutations in SCO2, a COX assembly gene. Nat Genet (1999), 23, 333-337. 
6. Sue CM, Karadimas C et al. Differential features of patients with mutations in two COX assembly genes, 

SURF-1 and SCO2. Ann Neurol (2000), 47, 589-595. 
7. Valnot I, Osmond S et al. Mutations of the SCO1 gene in mitochondrial cytochrome c oxidase deficiency 

with neonatal-onset hepatic failure and encephalopathy. Am J Hum Genet (2000), 67, 1104-1109. 
8. van Dijk ADJ, Boelens R, Bonvin AMJJ. Data-driven docking for the study of biomolecular complexes. 

Febs J (2005), 272, 293-312. 
9. Bonvin AM. Flexible protein-protein docking. Curr Opin Struc Biol (2006), 16, 194-200. 
10. Gray JJ. High-resolution protein-protein docking. Curr Opin Struc Biol (2006), 16, 183-193. 
11. Bertini I, Cavallaro G, Rosato A. A structural model for the adduct between cytochrome c and cytochrome c 

oxidase. J Biol Inorg Chem (2005), 10, 613-624. 
12. Banci L, Bertini I et al. The delivery of copper for thylakoid import observed by NMR. PNAS (2006), 103, 

8320-8325. 
13. Arnesano F, Banci L et al. A docking approach to the study of copper trafficking proteins: Interaction 

between metallochaperones and soluble domains of copper ATPases. Structure (2004), 12, 669-676. 
14. Dominguez C, Boelens R, Bonvin AMJJ. HADDOCK: A protein-protein docking approach based on 

biochemical or biophysical information. J Am Chem Soc (2003), 125, 1731-1737. 
15. Banci L, Bertini I et al. Solution structure of Cox11, a novel type of beta-immunoglobulin-like fold involved 

in Cu-B site formation of cytochrome C oxidase. J Biol Chem (2004), 279, 34833-34839. 
16. Carr HS, Maxfield AB et al. Functional analysis of the domains in Cox11. J Biol Chem (2005), 280, 22664-

22669. 
17. Banci L, Bertini I et al. A hint for the function of human Sco1 from different structures. PNAS (2006), 103, 

8595-8600. 
18. Arnesano F, Balatri E et al. Folding studies of Cox17 reveal an important interplay of cysteine oxidation and 

copper binding. Structure (2005), 13, 713-722. 
19. Yoshikawa S, Shinzawa-Itoh K et al. Redox-coupled crystal structural changes in bovine heart cytochrome c 

oxidase. Science (1998), 280, 1723-1729. 
20. Kraulis PJ. MOLSCRIPT: A program to produce both detailled and schematic plots of protein structures. J 

Appl Cryst (1991), 24, 946-950. 
21. Merrit EA, Murphy MEP. Raster3D version 2.0: A program for photorealistic molecular graphics. Acta 

Cryst (1994), D50, 869-873. 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Chapter 7 

108 

22. de Vries SJ, van Dijk ADJ, Bonvin AMJJ. WHISCY: What information does surface conservation yield? 
Application to data-driven docking. Proteins (2006), 63, 479-489. 

23. Neuvirth H, Raz R, Schreiber G. ProMate: A structure based prediction program to identify the location of 
protein-protein binding sites. J Mol Biol (2004), 338, 181-199. 

24. Zhou HY, Zhou YQ. Distance-scaled, finite ideal-gas reference state improves structure-derived potentials 
of mean force for structure selection and stability prediction. Protein Sci (2002), 11, 2714-2726. 

25. Punter FA, Glerum DM. Mutagenesis reveals a specific role for Cox17p in copper transport to cytochrome 
oxidase. J Biol Chem (2003), 278, 30875-30880. 

26. Hubbard SJ, Thornton JM. NACCESS. London: Department of Biochemistry and Molecular Biology, 
University College; 1993. 

27. Khalimonchuk O, Ostermann K, Rodel G. Evidence for the association of yeast mitochondrial ribosomes 
with Cox11p, a protein required for the Cu-B site formation of cytochrome c oxidase. Curr Genet (2005), 47, 
223-233. 

28. Smith GR, Sternberg MJE, Bates PA. The relationship between the flexibility of proteins and their 
conformational states on forming protein-protein complexes with an application to protein-protein docking. J 
Mol Biol (2005), 347, 1077-1101. 

29. Grunberg R, Leckner J, Nilges M. Complementarity of structure ensembles in protein-protein binding. 
Structure (2004), 12, 2125-2136. 

30. Dominguez C, Bonvin AMJJ et al. Structural model of the UbcH5B/CNOT4 complex revealed by 
combining NMR, mutagenesis, and docking approaches. Structure (2004), 12, 633-644. 

31. van Dijk ADJ, de Vries SJ et al. Data-driven docking: HADDOCK's adventures in CAPRI. Proteins (2005), 
60, 232-238. 

32. Smith GR, Fitzjohn PW et al. Incorporation of flexibility into rigid-body docking: Applications in rounds 3-
5 of CAPRI. Proteins (2005), 60, 263-268. 

33. Camacho CJ. Modeling side-chains using molecular dynamics improve recognition of binding region in 
CAPRI targets. Proteins (2005), 60, 245-251. 

34. Sali A, Blundell TL. Comparative Protein Modeling by Satisfaction of Spatial Restraints. J Mol Biol (1993), 
234, 779-815. 

35. Vriend G. What If - a Molecular Modeling and Drug Design Program. J Mol Graphics (1990), 8, 52-&. 
36. Altschul SF, Madden TL et al. Gapped BLAST and PSI-BLAST: a new generation of protein database 

search programs. Nucleic Acids Res (1997), 25, 3389-3402. 
37. Banci L, Bertini I et al. A copper(I) protein possibly involved in the assembly of Cu-A center of bacterial 

cytochrome c oxidase. PNAS (2005), 102, 3994-3999. 
38. Thompson JD, Higgins DG, Gibson TJ. Clustal-W - Improving the Sensitivity of Progressive Multiple 

Sequence Alignment through Sequence Weighting, Position-Specific Gap Penalties and Weight Matrix 
Choice. Nucleic Acids Res (1994), 22, 4673-4680. 

39. Bradford JR, Westhead DR. Improved prediction of protein-protein binding sites using a support vector 
machines approach. Bioinformatics (2005), 21, 1487-1494. 

40. Nilges M. A Calculation Strategy for the Structure Determination of Symmetrical Dimers by H-1-Nmr. 
Proteins-Structure Function and Genetics (1993), 17, 297-309. 

41. Jorgensen WL, Tirado-rives J. The OPLS Potential functions for proteins. Energy minimizations for crystals 
of cyclin peptides and crambin. J Am Chem Soc (1988), 110, 1657-1666. 

42. Kabsch W, Sander C. Dictionary of protein secondary structure: pattern recognition of hydrogen-bonded and 
geometrical features. Biopolymers (1983), 22, 2577-2637. 

43. van Dijk ADJ, Kaptein R et al. Combining NMR relaxation with chemical shift perturbation data to drive 
protein-protein docking. J Biomol Nmr (2006), 34, 237-244. 

44. Camacho CJ, Zhang C. FastContact: rapid estimate of contact and binding free energies. Bioinformatics 
(2005), 21, 2534-2536. 

45. Word JM, Lovell SC et al. Visualizing and quantifying molecular goodness-of-fit: Small-probe contact dots 
with explicit hydrogen atoms. J Mol Biol (1999), 285, 1711-1733. 

46. Davis IW, Murray LW et al. MolProbity: structure validation and all-atom contact analysis for nucleic acids 
and their complexes. Nucleic Acids Res (2004), 32, W615-W619. 

47. Wallace AC, Laskowski RA, Thornton JM. Ligplot - a Program to Generate Schematic Diagrams of Protein 
Ligand Interactions. Protein Eng (1995), 8, 127-134. 

 
 

A.D.J. van Dijk "Modelling of biomolecular complexes by data-driven docking"



Appendix 

109

Appendix 
 
Supporting Material Chapter 3 
 
Supporting Table 1. The results of ROTDIF analysis of 15N relaxation data for each Ub2 
structure, fitting data for both domains simultaneously and for each domain separately. The 
meaning of all parameters is the same as in Table 4 (text). Also shown, for comparison (bottom 
row), are the Euler angles for an average orientation (over each ensemble) of the rotational 
diffusion tensor predicted from hydrodynamic calculations using HYDRONMR (de la Torre et 
al., J. Mag. Reson. 2000, 147, 138-146), which uses the “shell modeling” strategy representing 
hydration effects by a shell covering the surface of the protein. These calculations were 
performed for each Ub2 structure; a shell thickness of 3.5 Å was used, representing the sum of 
the thickness of the hydration shell and the average atomic vanderWaals radius.  
 
CSP 

   D+P     Dist     Prox    

Str # α β γ χ2 χ2/df α β γ χ2 χ2/df α β γ χ2 χ2/df χ2(D+P)/ 
[χ2(D)+χ2(P)] 

1 -19 90 -3 211.4 3.1 -18 94 -30 107.3 3.4 -12 94 5 72.7 2.3 1.17 
2 -12 91 7 413.6 6.0 -25 108 -47 136.1 4.3 10 88 8 105.8 3.4 1.71 
3 -16 91 3 385.2 5.6 -24 104 -67 146.1 4.6 6 89 4 122.4 3.9 1.44 
4 -16 92 2 349.0 5.1 -23 104 -60 142.4 4.5 -1 91 8 105.7 3.4 1.41 
5 -14 93 4 356.9 5.2 -19 107 -40 177.9 5.6 -7 91 7 106.5 3.4 1.25 
6 -16 93 -2 358.6 5.2 -25 113 -85 167.3 5.2 -8 89 4 72.4 2.3 1.50 
7 -17 93 5 295.9 4.3 -23 101 3 144.2 4.5 1 92 10 91.7 3.0 1.25 
8 -19 88 1 302.0 4.4 -24 100 -53 148.0 4.6 -12 88 9 81.1 2.6 1.32 
9 -20 85 1 265.8 3.9 -26 95 -25 131.3 4.1 -11 87 15 62.5 2.0 1.37 

10 -13 86 8 362.4 5.3 -21 101 -85 159.0 5.0 -2 87 7 81.5 2.6 1.51 
mean -16 90 3 330.1 4.8 -23 103 -49 145.9 4.6 -4 90 8 90.2 2.9 1.39 
std 3 3 4 60.7 0.9 3 6 27 19.6 0.6 8 2 3 19.3 0.6 0.16 

Hydro 
NMR 

-3 
(1) 

90  
(2) 

-2   
(8)              

 
VEAN  

   D+P     Dist     Prox    

Str # α β γ χ2 χ2/df α β γ χ2 χ2/df α β γ χ2 χ2/df χ2(D+P)/ 
[χ2(D)+χ2(P)] 

1 13 84 188 238.3 3.5 11 80 184 125.6 3.9 10 84 190 77.4 2.5 1.17 
2 14 84 185 321.4 4.7 14 76 170 119.6 3.7 11 85 187 126.8 4.1 1.30 
3 12 83 178 401.8 5.8 14 73 103 167.0 5.2 9 88 173 160.3 5.2 1.23 
4 8 83 188 286.5 4.2 3 72 194 138.0 4.3 17 87 189 56.7 1.8 1.47 
5 20 86 156 390.7 5.7 17 82 165 144.6 4.5 19 92 159 187.8 6.1 1.18 
6 14 85 188 323.5 4.7 16 76 140 119.5 3.7 6 84 185 115.8 3.7 1.37 
7 15 85 188 346.1 5.0 17 80 183 132.6 4.1 -2 84 185 143.3 4.6 1.25 
8 21 86 177 319.3 4.6 15 78 181 95.7 3.0 28 96 171 148.9 4.8 1.31 
9 17 82 186 343.3 5.0 18 78 150 112.8 3.5 12 84 181 155.1 5.0 1.28 

10 16 87 184 329.4 4.8 12 77 129 186.3 5.8 17 84 190 99.0 3.2 1.15 
mean 15 85 182 330.0 4.8 14 77 160 134.2 4.2 13 87 181 127.1 4.1 1.27 
std 4 2 10 46.9 0.7 4 3 29 26.6 0.8 8 4 10 40.3 1.3 0.10 

Hydro 
NMR 

1  
(1) 

90  
(2) 

183 
(9)              
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SANI 
   D+P     Dist     Prox    

Str # α β γ χ2 χ2/df α β γ χ2 χ2/df α β γ χ2 χ2/df 
χ2(D+P)/ 

[χ2(D)+χ2(P)
] 

1 19 89 175 255.0 3.7 19 78 97 126.1 3.9 17 87 180 64.9 2.1 1.33 
2 15 88 176 194.7 2.8 14 81 174 114.3 3.6 12 90 177 51.4 1.7 1.17 
3 14 82 181 248.4 3.6 15 74 181 110.7 3.5 11 84 176 68.6 2.2 1.39 
4 17 89 177 218.2 3.2 16 80 173 110.2 3.4 12 90 182 61.6 2.0 1.27 
5 18 83 187 289.1 4.2 20 74 123 134.4 4.2 13 82 180 64.4 2.1 1.45 
6 22 91 170 219.9 3.2 21 84 146 106.2 3.3 18 90 185 62.6 2.0 1.30 
7 19 86 181 223.5 3.2 18 77 177 110.4 3.5 18 89 178 59.5 1.9 1.32 
8 20 90 181 227.6 3.3 19 82 181 113.8 3.6 14 91 176 66.5 2.1 1.26 
9 20 86 176 202.8 2.9 19 78 171 115.8 3.6 16 88 177 50.7 1.6 1.22 

10 17 84 174 243.4 3.5 17 77 161 112.9 3.5 13 86 173 61.4 2.0 1.40 
mean 18 87 178 232.2 3.4 18 79 158 115.5 3.6 14 88 178 61.2 2.0 1.31 
std 2 3 5 27.6 0.4 2 3 28 8.5 0.3 3 3 3 6.0 0.2 0.08 

Hydro 
NMR 

1  
(1) 

90  
(2) 

173 
(9)              

 
VEAN-SANI 

   D+P     Dist     Prox    

Str # α β γ χ2 χ2/df α β γ χ2 χ2/df α β γ χ2 χ2/df 
χ2(D+P)/ 

[χ2(D)+χ2(P)
] 

1 97 88 121 237.8 3.4 104 85 112 99.2 3.1 93 85 118 82.0 2.6 1.31 
2 98 92 120 217.3 3.2 101 90 114 104.9 3.3 96 87 119 79.7 2.6 1.18 
3 98 86 120 237.8 3.4 105 81 93 104.4 3.3 95 85 121 85.5 2.8 1.25 
4 98 92 123 262.7 3.8 102 91 107 130.2 4.1 94 87 118 98.1 3.2 1.15 
5 96 91 117 226.5 3.3 103 88 110 111.0 3.5 96 88 116 69.4 2.2 1.26 
6 97 91 121 230.2 3.3 104 86 107 115.7 3.6 91 92 116 71.5 2.3 1.23 
7 99 89 114 221.7 3.2 103 85 97 104.1 3.3 96 86 121 77.3 2.5 1.22 
8 94 91 122 217.7 3.2 99 90 109 104.3 3.3 92 85 123 72.1 2.3 1.23 
9 100 92 123 225.5 3.3 104 90 114 111.4 3.5 95 88 126 98.2 3.2 1.08 

10 96 90 121 225.0 3.3 100 87 124 105.7 3.3 94 86 118 78.8 2.5 1.22 
mean 97 90 120 230.2 3.3 103 87 109 109.1 3.4 94 87 120 81.3 2.6 1.21 
std 2 2 3 13.4 0.2 2 3 9 8.8 0.3 2 2 3 10.2 0.3 0.07 

Hydro 
NMR 

87  
(1) 

80  
(1) 

111 
(5)              

 
Crystal 

   D+P     Dist     Prox    

  α β γ χ2 χ2/df α β γ χ2 χ2/df α β γ χ2 χ2/df 
χ2(D+P)/ 

[χ2(D)+χ2(P)
] 

 101 87 163 329.2 4.8 113 79 130 105.4 3.3 85 84 173 88.7 2.9 1.70 
Hydro 
NMR 90 82 147       
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Supporting Table 2. The intervening angles (in degrees) between the corresponding axes of 
the overall rotational diffusion tensor of Ub2 derived from fitting both domains simultaneously 
(“Ub2”) and from the structures of each individual Ub domain (“Dist” or “Prox”). 

CSP       VEAN 
str Ub2 vs. Dist Ub2 vs. Prox Dist vs. Prox  str Ub2 vs. Dist Ub2 vs. Prox Dist vs. Prox 
# x-x y-y z-z x-x y-y z-z x-x y-y z-z  # x-x y-y z-z x-x y-y z-z x-x y-y z-z
1 27 27 4 9 10 8 35 35 6  1 6 5 4 2 3 3 7 6 4 
2 55 51 21 1 22 22 56 54 40  2 17 15 8 2 4 3 19 17 9 
3 70 68 15 1 22 22 72 67 33  3 75 74 10 7 6 6 70 69 16
4 62 61 14 6 16 15 68 65 25  4 13 6 12 6 8 10 18 11 20
5 45 43 15 3 8 7 49 45 20  5 9 10 5 7 3 6 11 8 10
6 83 80 22 7 10 9 90 82 29  6 48 48 9 4 9 8 44 44 13
7 8 7 10 4 18 18 7 25 25  7 7 5 5 5 17 17 3 19 19
8 55 53 13 8 11 7 63 61 17  8 8 7 10 11 10 12 19 17 22
9 28 26 12 15 17 9 40 42 17  9 36 36 4 6 8 5 31 30 8 

10 94 91 17 2 11 11 93 89 24  10 56 56 11 7 6 3 62 62 9 
mean 52.7 50.7 14.3 5.6 14.5 12.8 57.3 56.5 23.6  mean 27.5 26.2 7.8 5.7 7.4 7.3 28.4 28.3 13
std 26.6 25.9 5.2 4.4 5.2 6.0 26.0 20.3 9.4  std 24.7 25.4 3.0 2.7 4.2 4.6 23.1 22.6 6.0

 

SANI       VEAN-SANI 
str Ub2 vs. Dist Ub2 vs. Prox Dist vs. Prox  str Ub2 vs. Dist Ub2 vs. Prox Dist vs. Prox 
# x-x y-y z-z x-x y-y z-z x-x y-y z-z  # x-x y-y z-z x-x y-y z-z x-x y-y z-z
1 78 78 11 5 5 3 83 83 9  1 11 9 8 4 6 5 11 7 11
2 7 3 7 2 3 4 10 3 9  2 7 6 4 1 5 5 6 7 6 
3 8 1 8 6 6 4 12 7 11  3 27 26 9 2 2 3 29 27 11
4 10 4 9 5 7 5 13 9 11  4 17 16 4 5 8 6 12 13 9 
5 64 63 9 8 9 5 56 55 11  5 10 7 8 2 3 3 9 6 7 
6 25 24 7 15 16 4 39 39 7  6 16 14 9 8 5 6 17 9 14
7 10 4 9 4 3 3 12 1 12  7 17 17 6 7 8 4 24 23 7 
8 8 1 8 5 8 6 11 7 10  8 14 13 5 2 6 6 14 16 9 
9 9 5 8 2 4 4 12 6 10  9 10 9 4 4 7 6 14 13 9 

10 15 13 7 3 4 4 15 12 10  10 6 3 5 3 5 4 8 7 6 
mean 23 20 8 6 7 4 26 22 10  mean 13.5 12 6.2 3.8 5.5 4.8 14.4 12.8 8.9
std 25.9 28.0 1.3 3.7 3.8 1.0 25.3 27.6 1.4  std 6.2 6.7 2.1 2.3 2.0 1.2 7.2 7.3 2.6

  
Crystal 

  Ub2 vs. Dist Ub2 vs. Prox Dist vs. Prox 
  x-x y-y z-z x-x y-y z-z x-x y-y z-z 
 34 32 14 9 18 16 42 44 28 
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Supporting Table 3. Analysis of intermolecular contacts and hydrogen bonds for the solution 
and the crystal (PDB entry 1AAR) structures of Ub2.a 

 Hydrogen bonds 

Donor  acceptor M-M S-S M-
S 

Non-bonded 
 contacts 

Common contacts for the crystal and solution structures of Ub2 
Ile44P – Val70D [M] - - - 10 
Val70P – Ile44D  [M] - - - 10 
Ala46P – Thr9D - - - 1 
Gly47P – Thr9D - - - 2 
Tyr59P -- Gly76D - - - 5 
His68P – Leu8D - - - 1 
Arg54P  Gly75D - - 1 - 
Arg72D  Glu51P - 3 - - 
Gln49P  Leu71D [M] 8 - - - 
Gln49D  Leu71P [M] 4 - - - 
Leu71P  Gly47D [M] 5 - - - 
Leu71D  Gly47P [M] 7 - - - 
Contacts present only in the solution structure of Ub2 
Leu8P – Ile44D [M] - - - 5 
Ile44P – Leu8D [M] - - - 4 
Leu8P – Gly47D [M] - - - 5 
Gly47P – Leu8D [M] - - - 9 
Lys48P – Leu73D [M] - - - 4 
Leu73P – Lys48D [M] - - - 4 
Lys48P – Val70D [M] - - - 4 
Val70P – Lys48D [M] - - - 4 
Gln49P – Val70D [M] - - - 6 
Val70P – Gln49D [M] - - - 5 
Gln49P – Arg72D [M] - - - 10 
Arg72P – Gln49D [M] - - - 6 
Glu51P – Arg72D [M] - - - 5 
Arg72P – Glu51D [M] - - - 4 
Glu51P – Arg74D [M] - - - 5 
Arg74P – Glu51D [M] - - - 7 
Gly75D  Glu51P - - 4 - 
Tyr59P  Gly76D - - 4 - 
Gln49P  Arg72D - 4 - - 
Glu51P  Arg72D [M] - 4 - - 
Arg72P  Glu51D [M] - 9 - - 
Glu51P  Arg74D [M] - 5 - - 
Arg74P  Glu51D [M] - 9 - - 

a Intermolecular contacts were analyzed with Dimplot [43] and are reported if present in at least 4 of the ten best 
structures (for the common contacts, all occurrences are reported). The occurrence of main-chain-main-chain (M-
M), side-chain-side-chain (S-S) and main-chain-side-chain (M-S) hydrogen bonds is reported. D and P correspond 
to distal and proximal domain, respectively. The number of occurrences of a given interaction over the ensemble 
of ten best structures is reported for the solution structure. [M] indicates a contact which is mirrored, being present 
both in the distal-proximal and proximal-distal form. 
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Supporting Material Chapter 5 
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Figure 5. Clustering of water-mediated contacts. 
Each type of water-mediated contact is clustered separately (see Methods); here the Glu – His contact is used as an 
example. Clustering of all water-mediated Glu – His contacts is performed on the basis of positional RMSD, 
calculated after least-square positional fitting on the coordinates of the water oxygen, its contacting heavy atoms 
within 5Å on both chains and their respective first bonded partner (total of five atoms). Since several atoms of a 
given side-chain can make contacts with the water oxygen atom within 5Å, various combinations of atoms were 
tested for the calculation of the RMSD matrix and the one resulting in the best clustering (most populated first 
cluster) was selected. In the example shown in the figure, the fitting is performed using the water oxygen, His NE, 
His CD, Glu OE1 and Glu CD. This happens to be the combination of atoms that gives the best clustering (with 13 
out of 17 instances in the first cluster). 
 

Final Rigid Body
Energy
Minimization

Rigid Body
Energy
Minimization (II)
(waters and protein
chains as separate
rigid bodies)

Water removal
- biased MC using
contact preferences
- Eint<0.0 kcal/mol

“encounter complex”

Start: Solvate chains

Rigid Body
Energy Minimization (I)

 

Figure 6. Overview of our solvated docking protocol. 
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Figure 7. Accuracy of predicted water molecules in bound rigid body solvated docking. For each of the 
studied complexes (A-H) the  cumulative fraction of the closest distances between modelled waters and crystal 
waters for  all acceptable structures (dark grey) and for the top 10 acceptable structures (light grey) out of the top 
200 ranked structures is shown in the left panel. The best-scoring acceptable solvated docking solution is shown in 
the right panel, together with its predicted waters (red) and the corresponding crystal waters (green). 
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Figure 8. Accuracy of predicted water molecules in unbound rigid body solvated docking. For each of the 
studied complexes (A-H) the  cumulative fraction of the closest distances between modelled waters and crystal 
waters for  all acceptable structures (dark grey) and for the top 10 acceptable structures (light grey) out of the top 
200 ranked structures is shown in the left panel. The best-scoring acceptable solvated docking solution is shown in 
the right panel, together with its predicted waters (red) and the corresponding crystal waters (green). 
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Figure 9. Accuracy of predicted water molecules in unbound solvated docking after semi-flexible 
refinement. For each of the studied complexes (A-H) the  cumulative fraction of the closest distances between 
modelled waters and crystal waters for  all acceptable structures (dark grey) and for the top 10 acceptable 
structures (light grey) out of the top 200 ranked structures is shown in the left panel. The best-scoring acceptable 
solvated docking solution is shown in the right panel, together with its predicted waters (red) and the 
corresponding crystal waters (green). 

Figure 10. Recovery of interfacial water molecules in bound rigid body solvated docking. For each of the 
studied complexes (A-H), a cpk representation of the largest component is shown together with its associated 
crystal waters (transparent green) and cluster representatives from all predicted waters in the acceptable solutions. 
The latter are color-coded according to the fraction of acceptable structures in which they are observed, from blue 
0% to red 40% (maximal observed fraction). Waters from all acceptable solutions were clustered based on 
pairwise distances using a 2.5Å cut-off. 
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Figure 11 (left) and Figure 12 (right). Recovery of interfacial water molecules in unbound rigid body 
solvated docking before (figure 11) and after (figure 12)  semi-flexible refinement. For each of the studied 
complexes (A-H), a cpk representation of the largest component is shown together with its associated crystal 
waters (transparent green) together and cluster representatives from all predicted waters in the acceptable 
solutions. The latter are color-coded according to the fraction of acceptable structures in which they are observed, 
from blue 0% to red 40% (maximal observed fraction). Waters from all acceptable solutions were clustered based 
on pairwise distances using a 2.5Å cut-off.  
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Table 5. List of PDB and chain id’s of the protein-protein complexes used in the analysis 
of water-mediated contacts: Keskin dataset (R<=2.0) 
1a0m A B 
1a2p B C 
1a8k A C 
1ae9 A B 
1aik N C 

1aoh A B 
1b8d A L 
1bb3 A B 
1bxk A B 
1byo A B 

1cqx A B 
1dci A B 
1evr F J 
1fs5 A B 
1g4y B R 

1ijx C D 
1j7d A B 

 
Table 6. Contact statistics 
For each amino acid – amino acid contact, the corresponding number of contacts found in the 
dataset is listed, followed by the number of main chain and side chain water mediated contacts. 
ALA ALA 47 7 2 
ALA ARG 56 1 11 
ALA ASN 37 2 9 
ALA ASP 62 6 14 
ALA CYS 13 0 2 
ALA GLN 30 2 3 
ALA GLU 71 7 12 
ALA GLY 55 15 1 
ALA HIS 33 2 6 
ALA ILE 76 5 8 
ALA LEU 112 3 9 
ALA LYS 61 7 6 
ALA MET 46 2 9 
ALA PHE 41 0 3 
ALA PRO 37 5 4 
ALA SER 95 6 10 
ALA THR 58 2 2 
ALA TRP 20 2 1 
ALA TYR 63 0 9 
ALA VAL 63 0 5 
ARG ARG 23 2 13 
ARG ASN 42 1 10 
ARG ASP 54 2 19 
ARG CYS 10 0 2 
ARG GLN 16 1 4 
ARG GLU 44 0 15 
ARG GLY 34 2 7 
ARG HIS 21 2 5 
ARG ILE 34 1 7 
ARG LEU 72 3 14 
ARG LYS 31 0 11 
ARG MET 20 0 6 
ARG PHE 22 0 2 
ARG PRO 29 1 9 
ARG SER 63 4 20 
ARG THR 32 0 4 
ARG TRP 16 0 3 
ARG TYR 43 0 12 
ARG VAL 46 4 9 
ASN ASN 24 2 9 

ASN ASP 35 3 9
ASN CYS 31 0 7
ASN GLN 31 0 8
ASN GLU 26 1 5
ASN GLY 36 6 4
ASN HIS 13 1 2
ASN ILE 43 1 2
ASN LEU 66 1 5
ASN LYS 29 1 7
ASN MET 22 0 4
ASN PHE 21 0 1
ASN PRO 27 0 3
ASN SER 48 2 11
ASN THR 28 0 7
ASN TRP 7 0 0
ASN TYR 30 0 5
ASN VAL 42 1 10
ASP ASP 36 5 10
ASP CYS 13 1 2
ASP GLN 30 0 9
ASP GLU 51 1 22
ASP GLY 48 5 1
ASP HIS 20 4 10
ASP ILE 50 1 4
ASP LEU 100 3 11
ASP LYS 54 4 21
ASP MET 42 2 6
ASP PHE 26 0 8
ASP PRO 31 0 4
ASP SER 67 9 9
ASP THR 43 1 10
ASP TRP 14 0 2
ASP TYR 46 2 11
ASP VAL 62 4 15
CYS CYS 8 0 1
CYS GLN 7 0 0
CYS GLU 11 1 1
CYS GLY 10 4 0
CYS HIS 4 0 0
CYS ILE 11 1 0

CYS LEU 21 0 1
CYS LYS 6 2 0
CYS MET 6 0 0
CYS PHE 10 0 0
CYS PRO 10 2 0
CYS SER 12 4 3
CYS THR 15 0 0
CYS TRP 4 1 0
CYS TYR 16 0 1
CYS VAL 14 0 2
GLN GLN 22 0 6
GLN GLU 52 3 16
GLN GLY 32 3 5
GLN HIS 8 1 1
GLN ILE 32 2 3
GLN LEU 64 3 9
GLN LYS 29 2 8
GLN MET 18 0 4
GLN PHE 15 0 0
GLN PRO 14 4 4
GLN SER 30 4 6
GLN THR 23 0 3
GLN TRP 13 0 0
GLN TYR 19 0 9
GLN VAL 26 1 5
GLU GLU 32 2 8
GLU GLY 40 7 4
GLU HIS 26 2 17
GLU ILE 51 3 10
GLU LEU 97 3 19
GLU LYS 58 1 22
GLU MET 24 0 6
GLU PHE 15 0 4
GLU PRO 34 0 10
GLU SER 30 0 14
GLU THR 47 2 11
GLU TRP 6 0 1
GLU TYR 26 2 6
GLU VAL 48 0 13
GLY GLY 32 6 0
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GLY HIS 8 1 1 
GLY ILE 73 3 4 
GLY LEU 76 9 5 
GLY LYS 23 6 6 
GLY MET 19 4 4 
GLY PHE 20 2 2 
GLY PRO 44 6 5 
GLY SER 36 8 4 
GLY THR 42 3 7 
GLY TRP 9 0 1 
GLY TYR 27 2 8 
GLY VAL 53 7 6 
HIS HIS 7 1 3 
HIS ILE 27 1 4 
HIS LEU 20 0 2 
HIS LYS 22 0 6 
HIS MET 13 1 4 
HIS PHE 9 0 0 
HIS PRO 12 0 2 
HIS SER 30 2 10 
HIS THR 21 3 6 
HIS TRP 5 0 2 
HIS TYR 24 0 4 
HIS VAL 13 0 0 
ILE ILE 34 1 2 
ILE LEU 110 4 8 
ILE LYS 30 1 6 
ILE MET 27 0 1 
ILE PHE 38 1 0 
ILE PRO 40 3 1 
ILE SER 55 2 4 

ILE THR 48 2 1
ILE TRP 14 0 0
ILE TYR 41 0 1
ILE VAL 59 2 3
LEU LEU 94 3 8
LEU LYS 74 1 12
LEU MET 57 7 8
LEU PHE 59 0 2
LEU PRO 49 0 6
LEU SER 105 2 11
LEU THR 94 2 10
LEU TRP 19 0 2
LEU TYR 44 0 4
LEU VAL 98 0 10
LYS LYS 24 2 12
LYS MET 24 0 5
LYS PHE 18 0 5
LYS PRO 15 1 2
LYS SER 46 2 17
LYS THR 37 2 10
LYS TRP 9 1 1
LYS TYR 21 0 5
LYS VAL 38 3 7
MET MET 15 3 3
MET PHE 7 0 0
MET PRO 13 0 0
MET SER 24 0 3
MET THR 29 2 8
MET TRP 8 1 1
MET TYR 22 0 5
MET VAL 35 2 4

PHE PHE 5 0 0
PHE PRO 15 0 0
PHE SER 15 0 1
PHE THR 36 0 1
PHE TRP 3 0 0
PHE TYR 25 0 3
PHE VAL 43 0 5
PRO PRO 10 1 2
PRO SER 31 1 5
PRO THR 38 1 8
PRO TRP 15 0 2
PRO TYR 29 4 12
PRO VAL 45 1 8
SER SER 55 3 4
SER THR 51 5 12
SER TRP 23 0 0
SER TYR 52 1 6
SER VAL 75 7 10
THR THR 22 1 1
THR TRP 14 0 0
THR TYR 25 4 1
THR VAL 38 0 5
TRP TRP 3 0 0
TRP TYR 4 0 1
TRP VAL 14 0 2
TYR TYR 26 2 5
TYR VAL 46 3 7
VAL VAL 42 2 5

 
Clustering of water-mediated contacts 
RMSD-based clustering of water-mediated contacts was performed using a cut-off of 1.5 Å. 
For each amino acid – amino acid pair, the contacting atoms that resulted in the best 
clustering (most populated first cluster) were selected. Contacts involving two close waters 
that would fall into the same cluster, were counted only once. Table 7 reports the number of 
clusters observed and the fraction of amino-acid contacts falling in the first cluster. Note that 
the lower the number of clusters, and the larger the size of the first cluster, the better the 
clustering. 

Table 7. Clustering statistics of water-mediated side chain contacts.a 
Number of clusters 1 2 3 >3 

number of amino acid-amino acid combinations 79 38 8 7 
Fraction in first clusterb 0-25% 25-50% 50-75% 75-100%

number of amino acid-amino acid combinations 10 69 26 27 
a The total number of amino acid combinations (max. 210) for which clustering could be performed is 132. The 
remaining amino acid combinations that do not cluster correspond to main chain contacts or to amino acid pairs 
with zero or only one water-mediated contact. 
b Fraction of all observed water-mediated contacts within the first cluster. 
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Note: Tables 8 and 9 are placed on page 124. 
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Figure 4. 
 
Color Figures Chapter 3. 

 
Figure 7. 
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Table 8. Bound solvated and unsolvated docking results.a 

 
 Top 200 Top Best Best 
 <4 Åb RMSDc Rankd RMSDe

- R 200 0.2 1 0.1 1dhk - S 200 0.2 1 0.1 
- R 200 0.1 1 0.1 1brs - S 200 0.1 1 0.1 
- R 200 0.3 1 0.2 2sic - S 200 0.6 1 0.2 
- R 200 0.4 1 0.3 7cei - S 200 0.8 1 0.3 
- R 101 0.2 1 0.2 1ppe - S 200 0.2 1 0.2 
- R 168 0.1 1 0.1 1ohz - S 43 7.7 9 0.3 
- R 182 5.3 9 0.2 1gcq - S 125 5.3 4 0.2 
- R 181 0.3 1 0.2 1avx - S 198 0.3 1 0.2 
- R 200 0.2 1 0.2 1kpf - S 200 0.2 1 0.2 
- R 200 0.4 1 0.4 1ggr - S 189 0.4 1 0.4 

a Results from reference (R) unsolvated and solvated (S) protein – protein docking for the various test-cases (see 
Table 2). Bold indicates cases where solvated docking performs equal to or better than the unsolvated docking. 
b The number of structures below the indicated interface-RMSD (i-RMSD) value is reported (<4Å,  acceptable). 
The i-RMSD is calculated over the backbone atoms of all residues making contacts across the interface within a 
10Å cut-off. 
c i-RMSD of highest scoring solution. 
d Rank of best-ranked structure below 1Å i-RMSD. 
e i-RMSD value of lowest i-RMSD structure. 
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Table 9. Recovery of water molecules in bound solvated docking.a 

 

 

 

 

 

 

 

 

 

 

 

 

a Solvated docking results for the acceptable solutions out of the top 200 models for the various test-cases (see 
Table 2).  
b Average number (standard deviation) of water molecules per structure. 
c Number of fully buried crystal waters recovered (i.e. within 2.0Å  of a modeled water) / total number of buried 
crystal waters (see Table 2). 
d Average fraction (standard deviation) of acceptable structures in which a fully buried water is recovered.  

 <#waters>b recoveryc # frecover (%)d 
1dhk 8.6 (6.0) 24 /25 12 (7) 
1brs 6.1 (4.5) 18 /18 12 (8) 
2sic 8.8 (3.8) 7/8 19 (14) 
7cei 10.1 (3.8) 8/8 13 (9) 
1ppe 8.5 (4.0) 6/6 11 (4) 
1ohz 7.6 (3.8) 5/5 19 (7) 
1gcq 10.3 (3.6) 4/4 33 (25) 
1avx 5.4 (5.0) 1/1 8 
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Color Figures Chapter 5. 

 
Figure 2. 
 
For figures 3 and 4, see figures 7A, 7B, 8B and 8F (figures 3A-3D) and figures 10A, 10B, 
11B, 11F (figures 4A-4D), respectively, in “Supplementary Material” for chapter 5 
(above). 
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Color Figures Chapter 7. 
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Summary 
 
Proteins play a major role in biology by interacting with each other and with other 
biomolecules such as lipids, nucleic acids and various smaller ligands. The study of these 
interactions is of fundamental importance to understand cellular processes, and this could be a 
key towards understanding mechanisms of diseases and possible development of drugs. 

As a result, considerable attention is given in the current post-genomic era to the study 
of protein interactions. As described in the general introduction of this thesis (Chapter 1), 
various methods have been used in order to find out the partners with which a given protein 
interacts (“interaction mapping”). From the point of view of structural biology, a key task is to 
unravel these interactions at atomic details: the structure of a biological molecule can explain 
its function and provides a starting point for further experiments. However, traditional 
structure determination methods (X-ray crystallography and NMR) encounter serious 
experimental difficulties in dealing with structures of protein complexes. Therefore, 
complementary computational methods are needed – both to predict structures of systems that 
cannot be approached experimentally and also to cope with the large number of expected 
complexes. 

This thesis describes the modeling of biomolecular complexes by data-driven docking, 
a computational method that, based on the known structures of the constituents of a complex 
and any information about their interface, derives a model for the structure of the complex. 
Various experimental data such as obtained by mutagenesis or from a variety of NMR 
experiments can give information about protein – protein interfaces in a relatively easy way 
(compared to a full structure determination). Chapter 2 explains the basics of the docking 
methodology and reviews several approaches towards the use of experimental information in 
docking. It also introduces the data-driven docking method HADDOCK which we used in all 
the modelling described in this thesis. 

Chapters 3 and 4 focus on the use of NMR information in data-driven docking. 
Chemical shift perturbation (CSP) data are obtained by recording HSQC spectra of one 15N-
labelled partner in the complex in the absence and presence of increasing amounts of the 
partner protein. Changes in chemical shifts allow assessment of the interface in the complex. 
These data can be combined with Residual Dipolar Couplings (RDCs, chapter 3) or diffusion 
anisotropy data (chapter 4). Both RDCs and diffusion anisotropy data provide orientational 
restraints and are complementary to the information provided by the CSP data. 

In Chapter 3 this methodology is applied towards the determination of the solution 
structure of the ubiquitin dimer. Poly-ubiquitin chains are the signal by which proteins are 
recognized by the proteasome, resulting in their degradation. The smallest ubiquitin chain 
consists of a dimer. A crystal structure of such a dimer was already available; this structure, 
however, does not fit the NMR data as well as the solution structure which we describe in this 
chapter. The difference between the two structures is a slight rotation (~ 20 degrees) of the 
two ubiquitin moieties, indicating a subtle difference between solution and crystal structures. 

In Chapter 4 the usefulness of diffusion anisotropy data in modelling biomolecular 
complexes is assessed by generating synthetic datasets and comparing docking results under 
various assumptions with regard to the diffusion anisotropy data (e.g. various amounts of 
noise and various degrees of anisotropy).  

In Chapter 5 we turn towards the docking methodology itself. In all current docking 
approaches, modelling takes place in vacuum, completely ignoring the possible role of water 
in biomolecular recognition. In order to explicitly introduce water into the modelling process, 
we first investigate its possible structural role at protein-protein interfaces by analyzing a set 
of complexes, and then describe a novel solvated docking protocol that accounts for water in 
the docking process. It is based on the concept of the “first encounter complex” in which a 
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water layer is present in between the two molecules in the first recognition step. Our approach 
thus mimics the pathway from the initial encounter complex towards the final assembly in 
which most water molecules have been expelled from the interface. In our protocol, the two 
protein chains are solvated prior to docking, and a large fraction of the water is subsequently 
removed in the first rigid body docking stage based on water-mediated contact probabilities 
derived from a set of high-resolution crystal structures. We demonstrate the feasibility of this 
approach on complexes with known structures, both with dry and wet interfaces, and show 
that the docking results in general improve. Solvated docking is thus a viable tool in the study 
of biomolecular complexes. In addition, it adds considerable information to existing docking 
approaches, since it allows to predict structural water molecules at an interface, which can be 
particularly valuable for drug design for example. 

The last two chapters are directed towards validation and application of our docking 
methodology. Chapter 6 describes the results of our participation to the blind docking 
experiment CAPRI (Critical Assessment of Predicted Interactions). In CAPRI, participants 
must make blind predictions of the structure of a complex within a limited time; these are then 
compared by independent assessors to the yet unpublished experimental structure. All major 
groups worldwide that develop methods to predict the structure of complexes participate. 
CAPRI is instrumental in stimulating new developments in the docking field. Our 
participation to CAPRI was quite successful: for many of the targets we managed to generate 
medium or even high quality results, and our overall performance places us in the top of the 
field. Chapter 6 discusses our approach and also gives a detailed look at the impact of 
flexibility on our docking results. Flexibility is an important issue in docking since the free 
and bound conformations of a protein can differ. Our analysis shows that HADDOCK, which 
is quite unique in its treatment of both side chain and backbone flexibility, is able to deal with 
small to moderate conformational changes. 

In the final chapter, HADDOCK is applied to the study of complexes along the 
cytochrome c oxidase copper-delivery pathway. This is an important process since the correct 
assembly of cytochrome c oxidase (which generates the proton gradient that drives synthesis 
of ATP, the major biological energy carrier) depends on the copper-delivery pathway. So far, 
structural details about interactions between the proteins involved in this pathway (cox17, 
sco1, cox2 and cox11) are unknown. Here, models for the structures of the human complexes 
cox17-sco1, sco1-cox2, cox17-cox11 and cox11-cox11 were generated, based on information 
from interface prediction methods. The resulting models shed light on the path that copper 
travels during its way towards cytochrome c oxidase and provide new starting points for 
experimental studies. 
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Samenvatting 
 
Eiwitten vervullen hun uitermate belangrijke rol in biologische processen door interacties aan 
te gaan met elkaar en met andere biomoleculen, zoals lipiden, nucleinezuren en allerlei kleine 
liganden. Het bestuderen van deze interacties is nodig om cellulaire processen te begrijpen. 
Daarnaast kan het een belangrijke bijdrage leveren aan het ontrafelen van de mechanismes 
van ziektes en het ontwikkelen van medicijnen. 

In het huidige post-genomic tijdperk wordt dan ook veel aandacht besteed aan het 
bestuderen van interacties van eiwitten. Er zijn, zoals beschreven in de algemene introductie 
van dit proefschrift (hoofdstuk 1), verschillende methodes om te bepalen met welke partners 
een eiwit interacties aangaat (‘interactie inventarisatie’). Een belangrijke taak voor structuur-
biologie is om deze interacties op atomair niveau te begrijpen: de structuur van een 
biomolecuul kan zijn functie verklaren en geeft ideeën voor nieuwe experimenten. Vaak is het 
echter zeer lastig om de structuur van eiwit-complexen te bepalen met behulp van de 
traditionele structuurbepalingsmethoden (röntgen-kristallografie en NMR). Daarom zijn er 
aanvullende computer-berekeningsmethoden nodig om structuren van complexen te 
berekenen die experimenteel niet bepaald kunnen worden, en meer in het algemeen ook 
vanwege het grote aantal interacties tussen eiwitten. 

Dit proefschrift beschrijft het modelleren van biomoleculaire complexen door middel 
van data-gestuurde dokking, een computer-berekeningsmethode die gebruik maakt van de 
bekende structuren van de partners in een interactie en beschikbare informatie over het 
grensvlak tussen de verschillende partners. Er zijn allerlei experimentele methoden (zoals 
mutagenese of verschillende NMR experimenten) die relatief gemakkelijk informatie 
verschaffen over het grensvlak tussen de verschillende componenten van een complex 
(relatief gemakkelijk vergeleken met een volledige experimentele structuurbepaling van het 
complex). Hoofdstuk 2 beschrijft de dokking-methodologie en geeft een overzicht van 
verschillende manieren om experimentele informatie in dokking te gebruiken. Het bespreekt 
ook de data-gestuurde dokking methode HADDOCK die in al het modelleerwerk in dit 
proefschrift wordt gebruikt. 

Hoofdstuk 3 en 4 behandelen het gebruik van NMR-gegevens in data-gestuurde 
dokking. Veranderingen in chemische verschuivingen (chemical shift perturbations, CSP) zijn 
het resultaat van een NMR-experiment waarin eenvoudige spectra worden gemeten voor een 
15N-gelabeld component van een complex in afwezigheid en aanwezigheid van een 
toenemende hoeveelheid ongelabeld partner-eiwit. Veranderingen in chemische 
verschuivingen vertellen dan iets over de locatie van het grensvlak op het gelabelde eiwit. 
Deze data kunnen gecombineerd worden met Residuele Dipolaire Koppelingen (Residual 
Dipolar Couplings, RDCs, hoofdstuk 3) of diffusie anisotropie data (hoofdstuk 4). Zowel 
RDCs als diffusie anisotropie data bevatten informatie over de orientatie van de partners in 
het complex ten opzichte van elkaar en vullen de informatie in CSP data aan. 

In hoofdstuk 3 wordt deze methodologie gebruikt om de structuur van de ubiquitine 
dimeer in oplossing te bepalen. Ketens van ubiquitine moleculen zijn het signaal waardoor 
eiwitten worden herkend door het proteasoom, wat leidt tot hun afbraak. De kleinste 
ubiquitine-keten is een dimeer. Er was al een kristalstructuur voor zo’n dimeer beschikbaar, 
maar die komt niet zo goed overeen met de beschikbare NMR data als de structuur in 
oplossing die in dit hoofdstuk wordt beschreven. Het verschil tussen de twee structuren is een 
rotatie van zo’n 20 graden van de twee ubiquitin moleculen ten opzichte van elkaar; dit laat 
zien dat er subtiele verschillen kunnen zijn tussen de structuur van een complex in kristalvorm 
en in oplossing. 

In Hoofdstuk 4 wordt het nut van diffusie anisotropie data in data-gestuurde dokking 
onderzocht door verschillende synthetische datasets (met verschillende anisotropie en 
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verschillende hoeveelheid ruis) te genereren en de resultaten van de dokking met elkaar te 
vergelijken. 

In hoofdstuk 5 wordt een nieuwe dokking-methode voorgesteld. In alle bestaande 
dokking-methodes vindt dokking plaats in vacuüm, zonder de mogelijke rol van water in 
biomoleculaire herkenning in ogenschouw te nemen. Om water expliciet mee te nemen in het 
modelleren van biomoleculaire complexen wordt eerst een analyse uitgevoerd van een aantal 
complexen om de structuur-gerelateerde rol van water aan biomoleculaire grensvlakken te 
bepalen. Daarna wordt een nieuwe methode beschreven die water introduceert tijdens het 
dokking-proces. Deze methode is gebaseerd op het concept van ‘eerste ontmoetings-complex’ 
waarin een waterlaag aanwezig is tussen de twee moleculen; we simuleren het proces vanaf 
dit  ontmoetings-complex tot het uiteindelijke complex waar het meeste water verdwenen is. 
In ons protocol worden de twee eiwitketens gesolvateerd voorafgaande aan de dokking en 
wordt vervolgens tijdens de dokking het meeste water verwijderd op basis van water-
gemedieerde contact-waarschijnlijkheden die worden bepaald aan de hand van een set hoge 
resolutie kristal structuren. We laten zien dat deze gesolvateerde-dokking-methode werkt voor 
zowel ‘droge’ als ‘natte’ grensvlakken, en dat deze methode leidt tot betere dokking-
resultaten.  Gesolvateerde dokking voegt informatie toe aan bestaande dokking-methodes 
omdat het water-posities voorspelt aan het grensvlak; dit kan belangrijk zijn voor bijvoorbeeld 
het ontwerpen van medicijnen. 

De laatste twee hoofdstukken bespreken validatie en toepassing van onze data-
gestuurde dokking-methode. Hoofdstuk 6 behandelt onze deelname in CAPRI (Critical 
Assessment of PRedicted Interations, Kritische Evaluatie van Voorspelde Interacties). 
Deelnemers aan CAPRI moeten binnen een bepaalde tijd een blinde voorspelling maken van 
de structuur van een complex; deze voorspelling wordt dan door een onafhankelijke jury 
vergeleken met de nog niet gepubliceerde experimentele structuur. Alle belangrijke groepen 
uit de hele wereld die methoden ontwikkelen om structuren van eiwit-complexen te 
modelleren doen mee aan CAPRI. Daardoor is CAPRI een belangrijke stimulans voor nieuwe 
ontwikkelingen in dokking. Onze deelname aan CAPRI was erg succesvol: voor de meeste 
complexen wisten we medium- of zelfs hoge-kwaliteit structuren te voorspellen, en we 
hoorden duidelijk bij de top van het veld. Dit hoofdstuk laat zien welke methodes we 
gebruikten en laat ook specifiek zien hoe belangrijk flexibiliteit is. Dit laatste is een belangrijk 
thema omdat in het algemeen de ongebonden en gebonden conformatie van een eiwit 
verschillend zijn. Onze analyse laat zien dat HADDOCK, dat bijzonder is omdat het zowel 
zijketen- als hoofdketen-flexibiliteit toelaat, in staat is om conformatie-veranderingen te 
modelleren, zolang ze niet al te groot zijn. 

In het laatste hoofdstuk wordt HADDOCK gebruikt om eiwit-eiwit complexen te 
bestuderen die betrokken zijn bij het afleveren van koper aan cytochrome c oxidase. Dit is een 
belangrijk proces omdat het correcte functioneren van cytochrome c oxidase hier van afhangt, 
en cytochrome c oxidase genereert de proton-gradiënt die nodig is voor de synthese van ATP, 
de belangrijkste biologische energie-drager. Tot nu toe zijn er geen details bekend over de 
structuur van de interacties tussen de eiwitten die bij dit koper-afleveringsproces betrokken 
zijn (cox17, sco1, cox2 en cox11). In dit hoofdstuk modelleren we de complexen cox17 – 
sco1, sco1 – cox2, cox17 – cox11 en cox11 – cox11, door gebruik te maken van 
grensvlakpredictie-methodes en data-gestuurde dokking. Deze modellen geven inzicht in de 
route van koper naar cytochrome c oxidase en kunnen dienen als startpunt voor nieuwe 
experimenten. 
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