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“One thing I have learned in a long life: All our science, 

measured against reality, is primitive and childlike — and 

yet it is the most precious thing we have.” 

Albert Einstein 
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General Introduction: 

Integrative Modeling of Biomolecular Complexes 
 

 

Based on the research article: 

Ezgi Karaca, Alexandre M.J.J. Bonvin, Advances in Integrative Modeling of 
Biolmolecular Complexes, Methods, 2012, in press. 

 
 
 
1. Integrative Modeling of Biomolecular Complexes 
 

Proteins and their intricate network of interactions are the mainstay of any 

cellular process. Dissecting their interaction networks at atomic detail is therefore 

invaluable, as this will pave the route to a mechanistic understanding of biological 
function. Atomic detail (high-resolution) information about structure and dynamics of 

biomolecular complexes is typically acquired by classical experimental methods 
such as X-Ray crystallography and NMR spectroscopy. Compared to other structural 

biology methods, these are the most accurate ones. They are, however, faced with 

many challenges, especially when the macromolecular systems under study become 
very large, comprise flexible or unstructured regions, exist in very tiny amounts, are 

membrane associated, or when their constituents interact only transiently. In the last 
decade another method, cryo-EM has emerged as a promising alternative for (high-

resolution) structure determination. Its advantage over classical techniques is that it 

does not require high sample concentration [1,2], leading routinely to medium 
resolutions in the 8-20Å range [3]. But rarely the resolution gets better than 8 to 6Å, 

which could only be obtained so far for highly symmetric and stable complexes [4–
6].  
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The number of known 3D structures of macromolecular complexes is 

considerably smaller than the amount of documented protein-protein interaction data 
[7,8]. Technical limitations of high-resolution methods and other problems 

mentioned above hamper closing this growing gap in a rapid manner. As a rescue 

strategy, structural biologists often resort to using different types of biochemical and 
biophysical experiments that can quickly provide accurate low-resolution 

information even for challenging systems. Most of the time, however, the collected 
data are rather sparse and/or of limited information content. These limitations call for 

integrative computational tools, like for example docking, that can, using some kind 

of physical model, judiciously combine and accurately translate sparse experimental 
data into structural information [9–11].  

Currently, integrative modeling is the best strategy when conventional 
structural methods fail. Using such an integrative approach should reduce the 

downside features of both experimentation and modeling. From an experimentalist 

point of view, integrative modeling is beneficial since it can generate new hypothesis 
to drive experiments, which can significantly speed up the structure determination 

process and/or increase our understanding of biological function [10–12]. It is also 
advantageous for modelers, as incorporating experimental data into the modeling can 

accelerate the computational search and greatly help to overcome the shortcomings 

of ab initio modeling, such as high rates of false positives and difficulties in assessing 
the accuracy of the generated models [13,14].  

Integrative methods have most of the time been developed with the drive of 

dissecting a specific system. Recent examples include successful characterization of a 
wide range of challenging systems, varying from flexible dimers to whole cells, based 

on different combinations of X-Ray, NMR, cryo-EM, Electron Tomography and SAXS 
data [15–18]. All of these are important milestones in the field of integrative 

modeling, however, being mainly application-oriented or system-specific, their 

general applicability still has to be demonstrated [17]. There is a small number of 
generic integrative modeling approaches and these are the main focus of this review. 

We discuss them in detail in the following sections. In the final section, we 
concentrate on our data-driven docking approach, HADDOCK, and position it within 

the current state of generic integrative modeling methods by presenting some 

application examples. 
 

2. Translating sparse data into 3D structures 
	  

2.1. Sources of low-resolution information 
 

There are various types of biophysical and biochemical experimental 

techniques that can quickly provide low-resolution structural information. Assuming 
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that the stoichiometry and composition of the macromolecular complex is known, 

these can provide useful insight into binding sites, distances between specific pair or 
groups of atoms, orientation between molecules and/or globular shape of the 

complex. The most frequently used data and their information content are 

summarized in Table 1.  
Chemical Shift Perturbation (CSP), Hydrogen/Deuterium (H/D) exchange, 

solvent Paramagnetic Relaxation Enhancement (PRE) and chemical footprinting 

experiments provide information about interacting surfaces [11,12,17,19]. They all 
determine the binding site based on the alteration of the environment upon 

complexation. CSP measures the chemical environment changes induced by ligand 
binding [20–22]. H/D exchange is conducted by monitoring the exchange of labile 

hydrogens with deuteriums, so that changes in surface accessibility can be detected 

[23,24]. Solvent PREs are measured by using chemically inert paramagnetic probes 
as co-solvents that cause relaxation and thus signal attenuation of solvent accessible 

protons [25]. In chemical footprinting, the non-interacting surface of the complex is 
exposed to chemical modification, leaving the binding site unaffected [26]. 

Mutagenesis allows to identify specific residues that are critical for binding [12,27]. 

Next to those methods, bioinformatics approaches based on sequence/structure 
conservation [28], comparative patch analysis [29], correlated mutation studies [30], 

possibly combined with information about surface properties (e.g. curvature, 
hydrophobicity, charge) [31], can also be used to predict binding sites. All these 

approaches are built on the idea that conservation of sequence, contacts, patches or 

a globular structural element can possibly depict a probable interaction site 
[11,32,33].  

Short-range distances between pair of atoms can be obtained by NOE 
measurements (<5-6 Å) [34,35], which are used together with dihedral angle 

restraints derived from J-couplings measurements or from chemical shifts analysis in 

conventional NMR structure calculation [36]. Chemical cross-linking experiments 
provide another source of distance information [37,38]. In these, functional groups 

on the surface of biomolecules are cross-linked using reactive chemicals. Residues 
are cross-linkable, if they are in close proximity and have chemical properties (e.g. 

Lys side-chains) allowing them to bind covalently to the cross-linking agent. They are 

usually identified by MS. The measured distance ranges depend on the cross-linker 
size and flexibility [39,40]. In the presence of paramagnetic ions (e.g. substituted in a 

metal binding site or attached to the protein via a tag), PRE [15], Pseudocontact Shifts 
(PCS) NMR [41] measurements or EPR experiments  [42] can help to identify long-

range distances up to 20 to 40 Å, depending in the paramagnetic species used and 

even 80 Å for EPR measurements. PCS, in addition, also contain orientational 
information. These effects are observed due to magnetic dipolar interactions between 
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nucleus and the unpaired electrons of the paramagnetic center [17,43,44]. FRET 

experiments provide another source of long-range distance information: the 
measured distances depend on the separation of the fluorescently labeled residues of 

the complex [45–47]. 

 
Table 1. Sources of low-resolution data, classified based on their information content. 

 

 Data type Experimental technique 

B
in

di
ng

 S
it

e 

Chemical shift perturbationsa NMR 

H/D exchangea NMR, MS 

Solvent PREa NMR 

Mutagenesisa Biochemistry 

Chemical footprintinga Biochemistry 

Conservation (Correlated mutations, 

Comparative patch analysis)a 
Bioinformatics predictions 

D
is

ta
nc

e 

NOE distancesb NMR 

Chemical cross-linksb MS 

PREb NMR 

Correlated mutationsc Biochemistry 

PCSb NMR 

Distances (distribution)d FRET 

Distances from EPR d EPR 

O
ri

en
ta

ti
on

 

Residual dipolar couplingse NMR 

Relaxation anisotropye NMR 

Sh
ap

e 

Collision cross sectionf  IM-MS 

Radius of gyrationf SAXS 

Molecular envelope, globular shapef SAXS, cryo-EM 
 

Resolution/ambiguity level for a given source of information:  
aResidue; bAtom-atom (separation); cResidue-residue (separation); dLabel-label 
(separation); eInter-monomer and/or bond vector orientations; fBiomolecular 
complex. 

 

 Information on the relative orientation of two molecules can be obtained by 
Residual Dipolar Coupling (RDC) [48] or NMR Relaxation experiments [49]. In 

conventional NMR structure calculations, this orientational information is often 
combined with binding site and distance information, from CSP’s and NOE’s, 
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respectively [19,35]. Lately it has also been frequently used with shape data from 

SAXS experiments, in order to reduce the inherent degeneracy entailed by the low-
resolution shapes [50,51]. Low-resolution shape information can be obtained from 

SAXS and cryo-EM experiments. SAXS experiments measure the scattering intensity at 

very low angles, which can be translated into a low-resolution 3D envelope [52]. In 
addition, the radius of gyration (Rg) of a complex can be extracted from the SAXS 

data, which is an indicator of the structure compactness [53]. Cryo-EM experiments 
provide an electron density map with a resolution range typically between 8 and 20 

Å [1,3]. The molecular maps extracted from cryo-EM experiments are especially 

useful when the individual structures of a complex’s constituents are known, since 
these can then be fitted into those maps [54]. Finally, IM-MS experiments also 

provide shape-related information in the form of Collision Cross Sections (CCS). The 
CCS corresponds to the rotationally–averaged molecular area to which the buffer gas 

can collide; it offers thus information on the overall size and conformation of the 

complex [55–57].  
For further information and a more detailed description of the various types 

of experimental data, please refer to the comprehensive review of Melquiond and 

Bonvin on data-driven modeling [12].  
 

2.2. Integration of sparse data into modeling 
 

Integrative modeling of complexes is typically composed of two stages. The first 

stage is sampling, where the conformational space is searched and the second one is 
scoring, in which the generated models are ranked based on some energy function. 

Sampling can be accomplished by minimizing a target energy function or by 

searching for geometric surface correlations [58–61]. The latter ensures an exhaustive 
sampling of the rotational and translational space, in order to find the binding mode 

that provides the best surface complementarity. Common surface correlation 
methods are based on Fast Fourier Transformations [62,63] or geometric hashing 

[64]. Minimization/optimization methods are often not exhaustive; they typically 

perform a nonlinear optimization of a defined target function, which encodes 
biophysical/biochemical properties of the biomolecules and their interfaces [65–67]. 

Gradient-based energy minimization [68] or molecular dynamics methods [69], or 
Metropolis Monte Carlo simulations [70], which only require energy calculations, are 

the most frequently used optimization methods [59,60,71]. There are a number of 

generic modeling approaches making use of these sampling methods in a versatile 
manner. One of them is docking, where the conformational search is particularly 

dedicated to identifying the correct macromolecular interface and reproducing its 
physicochemical properties. 
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 The experimental and/or bioinformatics data can be integrated into 

macromolecular modeling either a priori during sampling, by restraining the 

conformational search space, or a posteriori during scoring, by filtering or ranking the 
generated models based on their fit to the experimental data [58,72]. In the latter 

case, the conformational search should be done globally by thorough exploration of 

the interaction space (Figure 1A). This type of search typically results in a large 
number of heterogeneous models. However, if information is used to drive the 

conformational search (i.e. a priori), the search can be concentrated on a fraction of 

the interaction space, defined by the input data, thus resulting in an often more 
homogenous set of solutions (Figure 1B).  

A straightforward way of imposing a restraint a priori is to incorporate it as an 

additional energy term into the existing force field (Eq. 1).  
 

Etarget = EFF + wdataErestr    (Eq. 1) 
 

The combination of force field (EFF) and restraint energy (Erestr) terms defines the 
target function (Etarget) that reaches its minimum, when the computed model 

simultaneously agrees with a priori encoded chemical and physical information and 

the observed data [10,11,71,73]. EFF denotes the empirical knowledge on covalent 
(e.g. bonds, angles, dihedrals and chirality) and non-bonded (electrostatics and van 

der Waals) interactions, expressed in molecular mechanics terms [66,74,75].  Erestr on 

the other hand, describes the discrepancy between observed and calculated data. It is 
often expressed as a harmonic potential [71]:  

 

Erestr = (RCalc - RRefe)2   (Eq. 2) 
 

where RCalc is the back-calculated value from the structure and RRefe is the 
experimental reference value. The target value of the quadratic potential can be 

either a single point or an interval, in between which Erestr is 0 [76,77]. This is defined 
by the nature and precision of the available information. For example, an inter-

atomic distance obtained from cross-linking experiments is typically enforced as an 

interval to account for the flexibility of the linker [39,40]. Each restraining function 
should be associated with the existing energy terms by choosing a proper weight 

(wdata, see Eq. 1), in order to balance the impact of the various energetic terms 
[71,78]. Further, Erestr can be modified to avoid large energies and forces at large 

violations, which could cause problems in the optimization procedure. Typically the 

potential function is modified such as to switch smoothly from a harmonic to a linear 
form after a defined violation. Such functions are often used in NMR structure 

determination [76,79].  
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Figure 1. Global search vs. Information-driven search. A. A global search method 
performs a thorough exploration of the conformational space resulting in a large 
number of heterogeneous solutions.  B. An information-driven search method is 
directed by the data supplied and thus the search is only concentrated on limited 
part of the conformational space. Such a protocol generates a more homogenous set 
of solutions compared to global search. 

 

 After the conformational search, experimental and/or bioinformatics data can 
be translated into a “fit” term, which measures the discrepancy between the 

structural properties back-calculated from the generated models and the 

experimentally measured ones. This term can be used in isolation as an individual 
filter, so that non-fitting models will be eliminated. It is rather advisable to integrate it 

with other physicochemical information (e.g. non-bonded energies) into a scoring 
function [58]. Conventional scoring functions often consist of a weighted sum of 

based desolvation and contact potential terms [14,58]. The generated models are 

ranked based on the value of this scoring function. Alternatively, the models can be 
clustered and then the scores are calculated on a per-cluster basis [80,81]. Individual 

ranking provides a list of good scoring solutions, whereas, in cluster ranking the 
solutions are grouped based on a defined similarity measure and ranked according to 

their average cluster score. 

 

3. Challenges of integrative approaches  
 

Albeit the various macromolecular modeling methods differ in their 
approaches, all of them are confronted with similar challenges due to the intricate 

conformational space to be sampled, the difficulty of accurate scoring and the 
ambiguous and degenerate nature of the input data. In the following, we address 

each of these challenges individually. 
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3.1. What are the challenges?  
 

3.1.1. Modeling large and dynamic molecular machines 
 

Large and dynamic molecular machines, such as the proteasome [82], the 

ribosome [83], the nuclear pore complex and the spliceosome, carry out a majority 
of essential cellular functions [11,84]. Modeling such assemblies requires, first, being 

able to deal with multiple molecules, of possibly different natures, and second, being 

able to cope with conformational changes. These requirements result in a paramount 
increase in the degrees of freedom and, accordingly, in a highly intricate 

conformational space to be sampled [85,86].  
One of the ways to reduce the number of degrees of freedom is by using coarse-

grained representations, in which groups of atoms (or even residues) are represented 

by a single particle [87–89]. Moreover, if present in the system, inclusion of 
symmetry considerations will restrain the number of possible conformational poses 

[33,90,91]. So, in order to efficiently model large macromolecular machines, an 
ideal integrative approach should be able to handle various types of cyclic and 

dihedral symmetries and, when needed, should include different levels of coarse-

grained representations. 
The challenges of dealing with flexibility and conformational changes have been 

discussed thoroughly in the docking literature, [92–94] revealing that current docking 
techniques perform well if binding-induced interfacial backbone changes are rather 

small (≤2 Å). These can be modeled either via refinement of the interface and/or by 

starting the docking from a suitable ensemble of conformations [67,95–97]. In order 
to model larger scale conformational changes, incorporation of some experimental 

data is of great help to simplify the conformational search. For very large changes, 
however, or even for folding-upon-binding events that, in most cases, will not be 

sufficient. New methodologies should thus be incorporated to surmount the barriers 

of exploring the jagged conformational space of the biomolecular interaction 
[7,98,99].  

 
3.1.2. Constructing an accurate scoring function 
 

 After having generated models/poses by sampling the interaction space, 

scoring, i.e. fishing out the biologically relevant solutions among the generated pool 
of conformations is crucial [81]. This is not an easy task. Conventional scoring 

functions typically describe the thermodynamics and physicochemical properties of 

the interface through a combination of terms described shortly in Section 2.2. Recent 
analyses have, however, revealed that these functions could not accurately address 

those properties since they do not correlate with binding free energy [8,14]. This can 
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be explained in part by the facts that they lack entropic terms and do not take into 

account the energetics of free components [14,60]. Further, no single scoring 
function consistently ranks correct solutions at the top [8,14,81,100]. One of the 

ways to overcome this problem is to incorporate information-based terms into the 

scoring function [8,14]. Here the choice of the appropriate weight (wdata, Eq. 1) is 
critical: too large weights might dominate the scoring and result in unphysical 

solutions being selected, while too small weights might significantly reduce the effect 
of the data [71]. Therefore an optimization procedure should be carried out for 

defining the ideal wdata [7]. For example, it has been recently demonstrated that 

careful incorporation of a SAXS-based term into conventional scoring functions can 
increase the scoring accuracy significantly [101,102] (see also Section 4.1). 

 

3.1.3. Dealing with the Degeneracy and Ambiguity of the input data 
 

The main advantage of information-driven approaches over ab initio modeling is 

that the supplied information drives the minimization towards the relevant part of the 

conformational space, increasing both accuracy and precision. Of course this only 
holds if the data used are guiding the search towards the relevant part of the 

conformational space and contain sufficient information, e.g. are non-degenerate, 

meaning that each member of the set describes a distinct property of the system. 
Degeneracy, most of the times, arises from an uneven spatial distribution of the data 

and can directly affect the quality of solutions [11,39,40]. Moreover, the data used 
might be ambiguous and/or involve false-positives, like in the case of putative 

binding site information extracted from CSP, H/D exchange and mutation 

experiments, or even more when bioinformatics predictions are used (see Table 1) 
[103]. Therefore an efficient information-driven method should have a robust energy 

minimization protocol that can translate non-specific ambiguous data into specific 
biomolecular interactions, and, it should assess the content of the input data 

judiciously, by picking, if possible, the relevant (true positive) subset that can drive 

the structure into a lower energy state or by discarding in some way unreliable, 
consistently violated data.  In order to avoid problems arising from degeneracy and 

ambiguity, the generated models should be cross-validated against data that have not 
been used directly during the modeling process. Also, ideally, information from 

different types of sources should be used in order to increase the data coverage. 

 
3.2. Examples of current integrative modeling approaches 
 

 Current integrative methods are dealing with the mentioned challenges in 

various ways. A short description of a few noteworthy examples is provided below.  
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 Following the technological advancements in the cryo-EM field, numerous EM 

maps of biomolecular systems have been published in the past decade. Some of 
these are available from the EM database at the European Bioinformatics Institute 

(http://www.ebi.ac.uk/pdbe/emdb/ [3]). Consequently, various methods have been 

developed to fit 3D monomeric structures into those maps [1]. The majority of those 
focus only on the geometric compatibility between the (low-resolution) EM map and 

the predicted macromolecular assembly. Multifit [104] distinguishes itself from other 
the molecules into the EM map. Starting from the bound conformations of the 

monomers, Multifit could successfully produce near-native models (global-RMSD < 5 

Å) for a benchmark of 10 symmetric and asymmetric multi-protein assemblies. The 
next challenge for Multifit will be to develop a flexible docking protocol to address 

conformational changes taking place upon binding. 
 A prominent way to account for conformational changes while docking 

atomistic structures into cryo-EM maps is flexible fitting. Such a procedure is 

especially necessary if the conformational state captured by the EM map is 
significantly different than of the atomistic model used for fitting [1,105]. Most of the 

flexible fitting methods are deforming atomistic structures along the density of cryo-
EM maps by using physics-based approaches, such as Normal Modes [106–108], MD 

[108–110] and simulated annealing protocols [111]. Normal Modes-based methods 

use a linear combination of low-frequency modes to morph the structure into the 
density map. MD-based techniques introduce a biasing potential, which forces the 

structure to fit into the EM map. SA methods translate the density information into a 
restraining term and minimize the resulting energy function. A recent review of 

Ahmed et al. [105] discussed whether there is a consensus among these fitting 

approaches. For this, one software package was selected for each of the different 
fitting method (Normal Modes: NMFF [112,113], MD: MDFit [114], SA: YUP.SCX 

[111]) and run on a benchmark of five large-sized proteins (350-800 amino acids). 

All cases had a medium resolution cryo-EM map (10-13 Å) that captured a different 
conformational state than that of the available structures. This comparison disclosed 

that, albeit the flexible fitting methods did differ, the resulting models were in 
consensus for the majority of cases and they could address collective conformational 

changes better than rigid fitting techniques (run with Situs [115]) [105].  

In all of the above examples, only one type of data was used at a time. There are, 
however, a number of programs that can deal with various sources of information in 

a versatile manner to model large and dynamic macromolecular assemblies. A first 
example is RNABuilder, developed by Flores et al. [116]. RNABuilder offers an 

efficient way to deal with large-scale conformational changes: by using internal 

coordinates it reduces the number of degrees of freedom and treats the sub-domains 
of the RNA molecule as rigid bodies that are connected via flexible linkers. If present, 
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contact information, coming from NMR, cross-linking experiments, functional assays, 

bioinformatics, or any other source can be used to drive the folding [116]. 
RNABuilder was able to fold the 160 residue P4/P6 domain of a ribozyme to ~10Å 

away from the known crystal structure, 6Å lower RMSD than any of the previously 

published methods, and this in an order of magnitude shorter time [117]. Since its 
initial demonstration for RNA folding, it has been extended to other types of 

molecules in order to provide a cheap and generic solution to deal with large 
conformational changes (Samuel Flores, personal communication).  

 Another method, which is able to incorporate different types of data in a 

versatile way, is the Integrative Modeling Platform (IMP) developed in the Sali group. 
Based on the gathered experimental information and the chosen system 

representation, IMP first translates data into spatial restraints, which are then used to 

generate models by using various energy minimization functions and protocols. The 
key aspects of IMP are that it allows the inclusion of different data types, like 

contacts, proximity, distances, shape, etc., and resolution into its target function, and 
the simultaneous use of mixed (coarse- and fine-grained) system representation of a 

system [66]. The remarkable capability and efficiency of this kind of integrative 

approach was illustrated by the modeling of gigantic molecular machines, such as 
the Nuclear Pore Complex [118], the eukaryotic Ribosome [119] and, more recently, 

the 26S Proteasome [120]. In order to model the latter, information extracted from 
cryo-EM, X-Ray crystallography, chemical cross-linking experiments and 

bioinformatics approaches, like comparative modeling, was integrated. All these data 

were translated into spatial restraints that were applied in various combinations 
during consecutive modeling steps, consisting of subunit localization, fitting (with 

Multifit [104]), flexible refinement and clustering. This work shed light onto the 
macromolecular arrangement within the 26S proteasome and provided significant 

insights into the sequence of events prior to degradation [120].  

In two other recent examples of integrative modeling, Campos et al. [121] and 
Loquet et al. [122] were able to model the pilus/needle of the bacterial secretion 

systems (pilus of the Type II and Type IV [121], needle of the Type III [122]). Instead 

of fitting the individual promoters into the available medium-to-low resolution cryo-
EM maps in a rigid manner, they extracted biophysical properties from the EM maps 

to guide the search, rather than using the maps themselves, and allowed flexibility 

during their modeling.   
Campos et al. used data from mutation experiments (salt-bridge charge inversion, 

double cysteine substitution and cross-linking), together with the biophysical 

information taken from low-resolution EM maps (symmetry of the assembly, degree 
of rise and angle per subunit), in order to model the Type II (from Klebsiella oxytoca 

and Vibrio cholerae) and Type IV (from Neisseria gonorrhoeae) pilus. [121] Through 
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starting with pili protomers and imposing a multi-stage minimization protocol 

followed by clustering and a final MD refinement step, they could model the pilus at 
atomistic detail and even suggest its handedness based on the number of restraint 

violations. Loquet et al., on the other hand, started from extended polypeptide chains 

of the protomers and applied the fold-and-dock protocol [123] of Rosetta, in order to 

model the Type III (from Salmonella typhimurium) secretion needle. During modeling 
they enforced restraints translated from solid state NMR (chemical shifts, inter- and 

intra- subunit distances), STEM (axial properties) and cryo-EM (radius of the needle) 

experiments). They could not distinguish the handedness of the needle, but could 
reveal that having 11 subunits per two turns (rather than 9, 13 or 15) resulted in the 

least violations. These two recent examples of integrative modeling, which provided 
atomistic insight into different kinds of bacterial secretion systems, can easily be 

extended to model other supramolecular assemblies with helical symmetry.  

A final but not least example is the Inferential Structure Determination (ISD) 
framework, which was developed as a NMR structure calculation suite [124,125]. 

ISD employs an unconventional but correct way to deal with sparse and imperfect 
data: it makes use of tools and concepts from Bayesian theory [125]. The relevance 

of an experimental observation for structure calculation is assessed rather than taking 

its contribution for granted. To do so, ISD follows: (i) Thorough exploration of the 
conformational space by replica-exchange Monte Carlo, (ii) calculation of 

occurrence frequencies of protein conformations that are compatible with the 
available data and (iii) translation of those frequencies into likelihoods toward 

inferring what is the “critical” set of information to calculate the structure and the 

degree of its significance (weight). With this statistical approach, ISD eliminates any 
bias introduced by empirical weights used in conventional structure calculation 

methods [125,126]. Recently this Bayesian approach has been extended to enhance 
the resolution of intermediate- and low-resolution cryo-EM density maps [127].  

 

4. High Ambiguity Data-Driven Docking: HADDOCK 
 

 Our in house, information-driven macromolecular docking program, 
HADDOCK [65,128], is another example of an integrative approach for the modeling 

of biomolecular complexes. HADDOCK allows the inclusion of (sparse) data coming 

from various experimental sources and can deal simultaneously with molecules of 
different nature, i.e. proteins, peptides, small molecules, oligosaccharides, RNA, 

DNA [65,128]. The docking procedure is composed of three stages: (i) initial docking 
by rigid body energy minimization (it0), (ii) semi-flexible refinement in torsion angle 

space (it1) and (iii) final refinement in explicit solvent (water). The binding mode of 

the complex is roughly determined during it0 and then a pre-defined percentage of 
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the top-ranking solutions according to the HADDOCK score (a weighted sum of 

electrostatics, van der Waals, restraint energies, buried surface area and an empirical 
desolvation term [129]), are selected for further refinement. The consecutive 

refinement steps allow for small- to medium-range conformational changes while 

improving the overall score of the models (Figure 2). The final structures are clustered 
based on their pairwise ligand interface RMSD and the average cluster scores are 

calculated over the top 4 members of each cluster [65,128].  

 

  
Figure 2. HADDOCK score as a function of the interface-RMSD for models 
generated at the various stages of the protocol. Solutions obtained after the initial 
rigid body energy minimization are indicated by black triangles. These are scored 
and the top 200-400 hundreds are selected for semi-flexible refinement in torsion 
angle space (blue squares) (it1) followed by a final explicit solvent refinement 
(water) (red stars). As represented in the inset, flexible refinement brings the models 
towards a lower energy state (resulting in lower interface-RMSDs and HADDOCK 
scores). 

 

HADDOCK was originally developed to make use of NMR data, and in 
particular of chemical shift perturbation data (see Section 2.1.), but throughout the 

years it has extended its capacity markedly [65,128]. Currently it can translate most 
of the information sources listed in Table 1 into structural restraints (or additional 

scoring term), except for cryo-EM data, although work in this direction is ongoing. 

HADDOCK uses a flat-bottom, “soft-square” potential to impose restraints [79]. This 
potential behaves harmonically up to violations of 2Å, after which it switches 

smoothly to a linear one. Such a modification avoids enormous forces due to large 
violations that can result in instabilities of the calculations (see Section 2.2.) [71,77]. 

The flat-bottom potential, enables the incorporation of restraints with upper and 

lower limits to account for the uncertainty of the measurements. Information about 
interfaces (but not the specific contacts made) is converted into Ambiguous 
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Interaction Restraints (AIRs). AIRs are composed of active (residues that are known to 

make contact) and passive (residues that potentially make contact – usually the 

surface neighbors of active’s) residues. Those residues are used to define a network of 

ambiguous distance restraints, which ensures that an active residue on the surface of 
a biomolecule should be in close vicinity to any active or passive residues on the 

partner biomolecule. If the list of interacting residues is not very accurate, e.g. in the 

case of bioinformatics predictions, then a user-defined percentage of the restraints 
can be discarded at random during docking and refinement (50% by default). 

Another key advantage of HADDOCK is its flexibility in imposing the restraints: users 
protocol and can change the weights assigned to each of them depending on the data 

accuracy and confidence in the data. All of these features are also offered via 

HADDOCK’s user-friendly web server interface [128] at: 
http://haddock.science.uu.nl/ 

 

5. Scope of the thesis 
 

 The comprehensive introduction presented above illustrated the current state 
of integrative approaches and the challenges of the field. Within this context, in this 

thesis, we focus on our information-driven docking program HADDOCK, pushing 
back the limits of its applicability in integrative modeling. To that end, in Chapter 2, 

a method to model generic multi-body complexes by simultaneous docking of all 

components is described and its performance is depicted for six multimer complexes, 
composed of five symmetric protein homo-oligomers and one symmetric protein–

DNA complex. Chapter 3 discusses an efficient divide-and-conquer approach, built 

on the multi-body docking ability of HADDOCK described in Chapter 2, to deal with 
large conformational changes upon binding. The performance of this approach is 

benchmarked on a set of 11 dimeric protein–protein complexes, covering a vast 
range of conformational change from 1.5 Å to as much as 19.5 Å! In Chapter 4, the 

usefulness of low-resolution shape data for scoring docking decoys is explored. A 

new scoring function is introduced that combines the regular HADDOCK score with 
the low-resolution shape information from either Small Angle X-ray Scattering or 

Collision Cross Section data. In Chapter 5, the methods developed in this thesis are 

demonstrated on two challenging real-case examples, for which different types of 
experimental data area available. In the first example, the structural basis for the 

ubiquitin linkage selectivity of a deubiquitination enzyme is investigated in the light 
of NMR and mutagenesis data. In the second one, a complex capturing the transfer of 

histones H3-H4 from one histone-chaperone to another one is modeled based on 

SAXS data. Finally, the thesis ends with a Perspectives section on the future and 
limitations of integrative modeling. 
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Abstract 
 

Over the last years, large-scale proteomics studies have generated a wealth 

of information of biomolecular complexes. Adding the structural dimension to the 
resulting interactomes represents a major challenge that classical structural 

experimental methods alone will have difficulties to confront. To meet this challenge, 
complementary modeling techniques such as docking are thus needed. Among the 

current docking methods, HADDOCK (High Ambiguity Driven DOCKing) 

distinguishes itself from others by the use of experimental and/or bioinformatics data 
to drive the modeling process and has shown a strong performance in the critical 

assessment of prediction of interactions (CAPRI), a blind experiment for the 
prediction of interactions. Although most docking programs are limited to binary 

complexes, HADDOCK can deal with multiple molecules (up to six), a capability 

that will be required to build large macromolecular assemblies. We present here a 
novel web interface of HADDOCK that allows the user to dock up to six 

biomolecules simultaneously. This interface allows the inclusion of a large variety of 
both experimental and/or bioinformatics data and supports several types of cyclic 
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and dihedral symmetries in the docking of multibody assemblies. The server was 

tested on a benchmark of six cases, containing five symmetric homo-oligomeric 
protein complexes and one symmetric protein-DNA complex. Our results reveal that, 

in the presence of either bioinformatics and/or experimental data, HADDOCK shows 

an excellent performance: in all cases, HADDOCK was able to generate good to high 
quality solutions and ranked them at the top, demonstrating its ability to model 

symmetric multicomponent assemblies. Docking methods can thus play an important 
role in adding the structural dimension to interactomes. However, although the 

current docking methodologies were successful for a vast range of cases, considering 

the variety and complexity of macromolecular assemblies, inclusion of some kind of 
experimental information (e.g. from mass spectrometry, nuclear magnetic resonance, 

cryoelectron microscopy, etc.) will remain highly desirable to obtain reliable results.  
 

1. Introduction 
	  

Proteins are the wheels and millstones of the complex machinery that 

underlies human life. Catalyzing a huge diversity of chemical processes, proteins 
work in close association with other biomolecules: nucleic acids, sugars, lipids, and 

other proteins. This huge network of protein interactions enables the cell to respond 

quickly to changes in the environment, such as temperature, oxygen, or nutrient 
concentration. However, to fully understand this network, insights at the atomic level 

are needed.  
In the wake of the elucidation of the human genome [1, 2], many structural 

genomics projects are solving the structures of what is now becoming a considerable 

fraction of the human proteome [3]. These projects are now moving to the next level, 
which is solving the atomic resolution structures of protein complexes. However, this 

is a challenge that is considerably greater than obtaining the structures of single 
proteins. First of all, a protein can take part in 10 interactions on average; thus, the 

number of complexes is expected to be at least an order of magnitude larger than the 

proteome, and their composition can even vary over time. Second, associations 
between subunits in protein complexes are often weak and reversible, which make 

purification and crystallization difficult. Finally, there are some very well studied 
classes of interactions, such as enzyme-inhibitor, antibody-antigen, and GTPase-GAP 

(GTPase-activating protein) interactions, but these classes represent binary 

interactions between proteins. In contrast, many of the most important functions in 
the cell are carried out by large, dynamic molecular assemblies, such as the 

ribosome, the proteasome, the spliceosome, RNA polymerases, and the nuclear pore 
complex [4, 5]. For such assemblies, high-resolution methods such as X-Ray 

crystallography and NMR spectroscopy often provide atomic level information at the 
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level of individual subunits or subcomplexes, but they typically encounter difficulties 

at the level of the full complex.  
Fortunately, low-resolution information about protein complexes can often 

be obtained. Affinity purification [6, 7] followed by mass spectrometry is a high 

throughput technique to study the composition of a complex. However, dissociation 
inside the mass spectrometer can be a problem for transient or unstable complexes in 

which case chemical cross-linking can help. Once the composition of the complex is 
known, there is a variety of experimental techniques available to obtain structural 

information on the complex. The most detailed information can be gathered by using 

data obtained from various NMR experiments, for example chemical shift 
perturbations [8] or residual dipolar couplings [9]; unfortunately, NMR is limited to 

complexes that are fairly small in size, making its applicability in the context of large 
assemblies less suited. Techniques that provide information about the shape of a 

protein complex, such as small angle X-Ray scattering (SAXS), cryoelectron 

tomography, and single molecule cryoelectron microscopy (cryo-EM), are more 
suited to characterize large complexes. Unfortunately, all of these techniques suffer 

from limitations in resolution that are either fundamental or caused by structural 
heterogeneities of the complex.  

A well known approach to obtain information on residues at an interface is 

site-directed mutagenesis [10]. In principle, a loss of binding affinity indicates that 
the mutated residue mediates the interaction, although the reverse is not true. Also, 

one must take care of secondary effects, such as unfolding or conformational change 
caused by the mutation. Apart from that, very detailed information about interface 

residues can be obtained by extensive mutagenesis experiments, such as alanine 

scanning and double mutant cycles. Mass spectrometry offers the opportunity to get 
peptide level or residue level information about protein interfaces by accurate mass 

measurements of peptides from the protein complex, generated either a priori 
through proteolytic cleavage, or inside the mass spectrometer (MS/MS). For example, 

interface residues can be identified as residues that undergo slower 

hydrogen/deuterium exchange upon complex formation. This process can be 
monitored at the peptide level by mass spectrometry (or in smaller complexes, at the 

residue level by NMR), although this method is very sensitive to noise caused by 
conformational changes upon binding. In the same way, radical probe MS (RP-MS) 

uses differences in oxidation of residues by hydroxyl radicals generated in the mass 

spectrometer to identify interface residues. Finally, chemical cross-linking followed 
by MS can provide direct information about residue contact sites between different 

binding partners of the complex. Several cross-linking reagents can provide 
complementary information. However, it has been reported that the cross-linkers 
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may disrupt the structure of the protein complex and that care should therefore be 

taken to interpret the results [11].  
There is a need for computational approaches to translate this low-resolution 

information into atomic resolution models that can provide functional and 

mechanistic insights. One of the most promising approaches is docking, the 
prediction of the structure of a complex starting from the free, unbound structures of 

its constituents. In recent years, docking methods have made much progress in the 
blind prediction of the structure of protein complexes as seen in the recent rounds of 

the critical assessment of prediction of interactions (CAPRI) experiment [12, 13]. 

Most docking methods are ab initio, which means that experimental data are not 
required. However, it is possible in several ab initio methods to use experimentally 

determined interface residues in the docking: in MolFit [14, 15] and ATTRACT [16, 

17], it is possible to upweight the interaction scores of interface residues; in ZDOCK 
[18, 19], it is possible to block non-interface residues; and in PatchDock [20, 21], 

ZDOCK, pyDock [22, 23], and several other methods, it is possible to filter the 

docking results based on experimental information. Next to purely ab initio 
approaches, there are also methods that make use of different types experimental 

information, for example PROXIMO [24], based on RP-MS data, and MultiFit [25], a 

hybrid fitting/docking approach based on electron microscopy data.  
A method that distinguishes itself from the variety of above mentioned 

docking approaches is HADDOCK [26–28]. In HADDOCK, the docking can be 
driven by a variety of experimental data using information about interface, contacts, 

and relative orientations inside a complex simultaneously. Originally developed for 

NMR data, HADDOCK is able to deal with a large variety of experimental data as 
shown in Table 1. Interface residues are defined as “active residues” that are believed 

to participate in the formation of the interface, and “passive residues” are those that 

are possibly at the interface; other kinds of data can be entered directly. (See the 
original HADDOCK studies [26–28] and Materials and Methods for more details.) 

HADDOCK has performed very well in translating these data into structures and 

structural models. More than 60 Protein Data Bank structures calculated using 
HADDOCK have been deposited to date as experimental structures in the Protein 

Data Bank [29]. Moreover, HADDOCK has shown a strong performance in CAPRI. 
Finally, HADDOCK is a general purpose program that can integrate many kinds of 

data, but even with a single source of data it is able to perform as well as more 

specialized programs: for example, HADDOCK was able to closely reproduce the 
NMR-calculated E2A-HPr complex using only chemical shift perturbation data. For 

the ribonuclease S-protein-peptide complex (Protein Data Bank code 1J80 [30]) for 
which RP-MS data are available, PROXIMO was able to closely reproduce the crystal 

structure (root mean square deviation (RMSD) of the top scoring model from the 
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reference crystal structure is 1.26 Å); using the same data, HADDOCK could get even 

closer with an RMSD of only 0.68 Å from the crystal structure (results not shown).  
 

Table 1. The various experimental data that can be incorporated in to HADDOCK 
 

Experimental data HADDOCK representation 

Mutagenesis data Active and passive residues 

H/D exchange data Active and passive residues 

Bioinformatic interface predictions Active and passive residues 

Mass spectrometry data 
Cross-linking data Custom CNS restraints 

Radical probe mass spectrometry Active and passive residues 

Limited proteolysis mass spectrometry Active and passive residues 
or directly, as an MTMDAT-generated 

HADDOCK parameter file 

NMR data 
Chemical shift perturbation data Active and passive residues 

Cross-saturation experiments Active and passive residues 
Residual Dipolar Couplings Directly 

Diffusion anisotropy restraints Directly 

NOEs: as custom CNS restraints Custom CNS restraints 
Dihedral angles Directly 

Hydrogen bonds Directly 
Para-magnetic restraints Under development 

Shape data 
SAXS Under development 

EM Under development 

	  
	  

Most docking methods are designed to deal with just two molecules, making 
their application limited with regard to large macromolecular assemblies. In most 

programs, multicomponent complexes can be assembled by adding each component 

one at a time, whereas simultaneous docking of the whole complex is typically not 
possible. Recently five ab initio docking programs (MolFit [31, 32], ClusPro [33], 

Rosetta [34], M-ZDOCK [35], and SymmDock [36]) gave birth to specific versions for 

the prediction of the symmetric multimers. Among these programs, MolFit, ClusPro, 
and Rosetta perform a rotational/translational search about the proper symmetry axes. 

These programs can deal with different types of cyclic and dihedral symmetries. 
Different than the other two, Rosetta is able to assemble complexes having helical 

and icosahedral symmetries. M-ZDOCK and SymmDock are suited for the prediction 

of macromolecules with cyclic symmetries. However, the ability to deal with 
arbitrary large molecular assemblies is currently rare. CombDock [37], which was 

    2 



	  38 

developed by the team of SymmDock, can build hetero-oligomer complexes, but it 

does not have a symmetry option. Only HADDOCK can deal with molecular 
complexes that are hetero-oligomers or homo-oligomers with arbitrary symmetry 

operators between and within each component.  

The flexibility of HADDOCK comes at a price: it requires the user to have 
the structure calculation program CNS [38] installed and a considerable degree of 

expertise in its usage and molecular modeling in general, and it requires a cluster of 
computers. To alleviate this problem and to open up HADDOCK for a wide 

community, we have recently developed the HADDOCK web server [27]. The server 

offers multiple web interfaces, ranging from very simple and user-friendly to very 
powerful and flexible, exposing the full range of HADDOCK options to the expert 

user. However, up until now, the HADDOCK server was unable to deal with more 
than two molecules. Here we present a novel web interface for multibody docking of 

complexes. Like the HADDOCK program itself, the server supports the docking of up 

to six molecules simultaneously; all HADDOCK options, including symmetry 
restraints, are made available to the user. Even larger assemblies can in principle be 

modeled if the docking is performed in an incremental way. Here we demonstrate 
the performance of the multibody server on a small benchmark comprising 

complexes of various symmetries and increasing numbers of components (from three 

to five). To drive the docking, bioinformatics interface predictions and/or available 
experimental information were used. The HADDOCK server is available online at 

http://haddock.chem. uu.nl.  
 

2. Materials and Methods 
 

2.1. Ambiguous Interaction Restraints and Docking Protocol  
 

HADDOCK uses experimental and/or bioinformatics data to drive the 

complex formation in silico. The experimental and/or prediction data are used to 

define active and passive residues. Active residues are described as the identified 
interface residues, and passive residues correspond to their solvent-accessible 

neighbours. These are used to define a network of Ambiguous Interaction Restraints 
(AIRs) between the molecules to be docked. An AIR defines that a residue on the 

surface of a biomolecule should be in close vicinity to another residue or group of 

residues on the partner biomolecule when they form the complex. By default, this 
is described as an ambiguous distance restraint between all atoms of the source 

residue to all atoms of all target residue(s) that are assumed to be in the interface of 
the complex (Figure 1).  
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Figure 1. Illustration of the ambiguous interaction restraints (AIRs) used in 
HADDOCK to drive the docking. Active residues correspond to residue 

experimentally identified or predicted to be at the interface. Passive residues are 

surface neighbors of active residues. AIRs are defined for each active residue with 
the effective distance being calculated from the sum of all individual distance 

between any atom of an active residue and any atom of all active and passive 

residues on the partner molecule (Eq. 1).  
 

The effective distance between all those atoms,  is calculated as follows: 

 (Eq. 1)  

 

Here NAatom indicates all atoms of the source residue on molecule A, NresB the 

residues defined to be at the interface of the target molecule B and NBatom all atoms 

of a residue on molecule B. The 1/r6 summation somewhat mimics the attractive 
part of a Lennard-Jones potential and ensures that the AIRs are satisfied as soon as 

any two atoms of the biomolecules are in contact. The AIRs are incorporated as an 

additional energy term to the energy function that is minimized during the docking. 
The ambiguous nature of these restraints easily allows experimental data that often 

provide evidence for a residue making contacts to be used as a driving force for the 
docking. As such the AIRs define a network of restraints between the possible 

interaction interface(s) of the molecules to be docked without defining the relative 

orientation of the molecules, minimizing the necessary search through 
conformational space needed to assemble the interfaces. 

The docking protocol in HADDOCK consists of three stages: (i) rigid body 
energy minimization (it0), (ii) semi-flexible refinement in torsion angle space (it1), 

and (iii) a final explicit solvent refinement (water). In the last two stages, flexible 

segments are typically defined automatically based on the identified intermolecular 
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contacts. The solutions are ranked at the end of each docking stage based on the 

following HADDOCK scoring functions: 
 

it0:  0.01 . EvdW + 1.0 . EElec + 0.01 . EAIR  - 0.01 . BSA + 1.0 . EDesolv + 0.1 . ESym (Eq. 2)  

it1:  1.0 . EvdW + 1.0 . EElec + 0.1 . EAIR - 0.01 . BSA + 1.0 . EDesolv + 0.1 . ESym (Eq. 3) 
water:  1.0 . EvdW + 0.2 . EElec + 0.1 . EAIR + 1.0 . EDesolv + 0.1 . ESym  (Eq. 4) 

 

The weighted parameters that are used in different stages of the scoring are: van der 
Waals (EvdW), electrostatics (EElec), restraint violation (EAIR), desolvation (EDesolv) [39] 

symmetry restraint energies, and buried surface area (BSA).  The solutions are 

clustered using a 7.5Å cut-off based on their pairwise RMSD values and the cluster 
ranks are determined according to the average energy of the four best structures of 

each cluster. 
 

2.2. Dealing with symmetry 

 HADDOCK can deal with biomolecules having cyclic (C2, C3, C5) 
symmetries or any combination thereof. This also allows dealing with dihedral 

symmetries since dihedral symmetry can be interpreted as a combination of cyclic 

symmetry pairs  (e.g. D2 symmetry is a combination of 6 C2 symmetry pairs (see 
Table 2)). The symmetry restraints can be applied both within and between 

molecules. Compared to other docking programs supporting symmetric molecules, 
the unique characteristic of HADDOCK is that it applies symmetry on the molecules 

while docking them simultaneously. For the generation of symmetric complexes, two 

types of restraints should be used in combination: NCS (non-crystallographic 
symmetry) [40] and distance symmetry restraints [41, 42], both available within CNS. 

Non-crystallographic symmetry. NCS restraints force two (or more) 
monomers to be identical without defining any symmetry operation between them. 

This is achieved through minimization of the following potential energy function: 

 

ENCS = kNCS ( " x am # x a
m =1

M

$
a=1

A

$ )2 + " y am # y a( )2 + " z am # z a( )2  (Eq. 5) 

 

This energy term is calculated after superposition of the monomers onto the first 

monomer. In the potential expression, A is the number of atoms, M is the number of 
monomers, kNCS is a constant, 

 

( " x am , " y am, " z am )  are the Cartesian coordinates of the ath 

atom on the mth monomer and  corresponds to the average position of ath 

atom with respect to the superimposed coordinates [41]. Using NCS restraints in 

HADDOCK only requires the user to define pairs of segments on which the NCS 
restraints will be applied. These can belong either to the same molecule or to 

 

(x a ,y a,z a )
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separate molecules allowing to define both intra- and intermolecular symmetries. The 

only requirement is that the number and type of atoms should be identical in both 
segments.  
  

Table 2. Definition and illustration of the symmetry restraining options in HADDOCK. 

 
 

 Cyclic and Dihedral Symmetry. The implementation of this type of symmetry 
in HADDOCK is based on the symmetry distance restraints defined by Nilges [41, 
42] for the NMR structure calculation of symmetrical dimers. The symmetry is 

imposed by requiring that pairs of intermolecular distances between all symmetric 

Cα atoms should have identical values. In the case of a dimer composed of 
molecules A and B, this condition can be illustrated as follows: 

      

 

" = d(Ai,B j ) # d(Bi,A j )  (Eq. 6)  
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Δ is summed over all distances between Ca atoms of the defined segments. 

Here the idea is to minimize Δ, so that the symmetric distances between the 
monomers are equal to each other. This is illustrated in Table 2. The major advantage 
of this approach is that it does not require knowledge of the position of the symmetry 

axis and it can be applied to different symmetries (C2, C3, C5 as shown in Table 2) 

and oligomeric proteins. The symmetric pairs should be defined as explained above 
for NCS restraints.  

 

2.3. Docking Procedure for Symmetric Complexes  
 

All test cases, except for the protein-DNA complex, were docked using the 

multibody web interface of HADDOCK (Table 3). The procedure followed to dock 

the protein-DNA complex differs from the generic multibody docking protocol in the 
sense that two subsequent docking rounds were performed: in the second round 

custom-built DNA models that captured the conformational changes in the DNA 

from the first docking are used as starting structures. This approach allows modeling 
rather large deformations in the DNA and is explained comprehensively in a recent 

work of van Dijk et al. (M. van Dijk and A.M.J.J. Bonvin, 2010, Nucleic Acids Res.).  
 

Table 3. Properties of the Multimer Docking Benchmark  
 

PDB ID 
CATH 

Classification 

Complex 

Type 

Docking 

Type 

Symmetry 

Type 

# of 
amino 

acids 
1QU9 [66] Mainly Beta  Homotrimer Bound C3 128  

1URZ [67] Mainly Alpha / 
    

Homotrimer Unbound C3 400  

1OUS [68] Alpha Beta  Homotetramer Bound D2 114  

1VIM [69] Alpha Beta Homotetramer Bound D2 200 

1VPN [70] Mainly Beta Homopentamer Bound C5 289  

3CRO [71] Mainly Alpha Homodimer-

Double stranded 
  

Unbound C2  71  

(Protein) 
   

In four of the test cases (Protein Data Bank codes 1QU9, 1OUS, 1VIM, and 
1VPN), the interface information was obtained through the consensus interface 

prediction server CPORT using the “very sensitive” option. In the case of Protein 

Data Bank code 1URZ, a former CAPRI target, we used the same interface definition 
as was used previously in CAPRI [43]. For the protein-DNA complex, Protein Data 

Bank code 3CRO, sequence conservation and experimental data (mutagenesis and 
ethylation interference) were used to define the protein-DNA interaction site. The 

interface information was converted into AIRs via the setup page of the HADDOCK 

web site. The generated AIR files together with the input structures were then 
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supplied to the multibody server as an input for the docking. To favor compactness of 

the solution, center-of-mass restraints were enabled. For each complex, the proper 
combination of NCS and symmetry restraints were defined. Sampling of 180° rotated 

solutions was disabled. The number of structures was increased to 5000, 400, and 

400 for it0, it1, and water, respectively. All other parameters were left at their default 
settings. 
 

2.4. Evaluation of Docking Models 
 

The models were evaluated according to the CAPRI criteria [13]. For a 

complex to be classified as acceptable (one star), its interface root mean square 

deviation (i-RMSD) from the complex had to be lower than 4 Å, or its liga nd RMSD 
(l-RMSD) had to be lower than 10 Å. In addition, the fraction of native contacts (Fnat) 

had to be ≤0.1. For good predictions (two stars), the criteria were i-RMSD ≤2 Å or l-
RMSD ≤5 Å and Fnat ≤0.3. For high quality predictions (three stars), the criteria were 

i-RMSD ≤1 Å or l-RMSD ≤1 Å and Fnat ≤0.5. A cluster was considered one/two/three 

star(s) if at least one of its top four members was of one-/two-/three-star quality or 
better. 
 

3. Results 
 

We have compiled a benchmark of six multimer assemblies. The complexes 
are homomeric with different numbers of components and various symmetries (see 

Table 3). One of them corresponds to a dimeric protein-DNA complex. In four cases, 

the docking was performed starting from the separated components of the crystal 
structure (“bound docking”). In one case (1URZ), the starting structures correspond to 

the dimeric form of the complex, whereas the trimeric form had to be predicted; this 

complex corresponds to a viral envelope protein that was a target in CAPRI (target 
10). For the protein-DNA complex (3CRO), the docking was performed from the 

unbound conformation of the monomers and a canonical B-DNA model. In 
summary, our benchmark consists of four bound cases and two unbound cases.  

For modeling of the benchmark complexes, we made use of the new 

multibody interface of the HADDOCK web server. The web server provides a user-
friendly interface that gives full control over the various HADDOCK parameters and 

supports a wide range of experimental restraints (Figure 2).	   This interface is freely 
docking of up to six molecules and supports several types of cyclic symmetries (C2, 

C3, or C5) and any type of dihedral symmetry that can be expressed as a 

combination of the available cyclic symmetry pairs (see Materials and Methods). Our 
server is the first to support cyclic and dihedral symmetries at the same time and to 

allow simultaneous docking of up to six molecules.  
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Figure 2: View of the 
HADDOCK’s multi-body 
web interface for data-
driven docking. 

[ http://haddock.chem.uu.nl/services/HADOCK ] 
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The performance of our multibody docking approach was demonstrated for six 

complexes (Table 3) using a combination of experimental and/or bioinformatics 

predictions. For four of the complexes (1QU9, 1OUS, 1VIM, and 1VPN), active and 
passive residues were defined based on consensus bioinformatics interface 

predictions from CPORT (see Materials and Methods). For the other two complexes, 
a combination of experimental and predicted information was used. The list of active 

and passive residues for each complex is given in Table 4. Using that information, 

the HADDOCK multibody server produced and ranked at the top high quality 

models, demonstrating the excellent performance of our approach. Both the top 
ranked models and the top ranked clusters according to the HADDOCK score 

contained at least a medium quality (two-star) prediction (see Table 5).  
Furthermore, analysis of the results showed that the imposed symmetries are 

fulfilled. In four cases, bound docking was performed, including a trimer (1QU9), 

two tetramers (1OUS and 1VIM), and a pentamer (1VPN). For each of them, the first 
ranked HADDOCK model corresponds to a high quality prediction. Considering the 

increased docking complexity due to the large interaction space to be sampled in the 
case of multicomponent systems, this demonstrates an outstanding performance. In 

the two unbound cases consisting of a CAPRI target and a protein-DNA complex, 

good results (two-star quality predictions) were also obtained (see Table 5). The 
performance of the protein-DNA docking (3CRO) and the ability of HADDOCK to 

catch the conformational changes in the DNA demonstrate that the excellent 

capabilities of HADDOCK are not limited to just protein-protein complexes. An 
overlay of the top predictions onto their respective reference crystal structures is 

shown in Figure 3.	  	  	  
	  

Table 4. List of active and passive residues used in HADDOCK in order to dock the various 
benchmark complexes. 

 

PDB ID Active Residues Passive Residues 

1QU9a 
3,4,6,7,8,11-18,21,28-

31,33,69,72,73,75,77,81,82,85,88, 
92,100-114,120,122,124 

2,9,23,24,26,36,37,38,42,52,58,63,64
,67,70,79,80,83,86,89,90,93,96,97,98

,99,115,116,118,126-128 

1URZb 
5,8,9,10,11,13,54,71,73,75,76,78,79
,87,93,98,110,118,193,196,219,222,

244,248,251,267,269,270 

4,7,12,15,21,22,24,26,28,34,36,56,57
,64,66-70,72,77,81,83,86,92,94-

96,107,108,120,131,150,152,154,192
,194,195,216-

218,224,243,246,250,253-
263,266,271,272,273 

1OUSa 
3,15,17,19,41,42,47-52,71,76-

87,89,91,93,98,99,100-
103,106,108,110,112-114 

1,2,5,7,9,12,13,21,24,25,27,39,43,45,
46,53,54,64,66,68,69,70,72,73-

75,96,97 
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Table 4. Continued. 
 

1VIMa 

-2-10,16,41-47,50,51,54,55,57,63-
73,138,140-

142,144,145,147,150,151,154,155,1
58,159,162,163,176-185 

12-19,35,60-
62,74,75,89,91,95,102,129,133-

137,146,165-168,170-174 

1VPNa 

32-38,52,71,74,75,78,79,107,111-
119,123,127,130-

137,139,142,152,160,162,225,228, 
229,239,240-245,250,252-260,264-
269,274,275,288,289,291,296,299, 

300,303,314,316 

39-41,50,51,54,56,58,60,63-
68,72,73,77,80,81,88,93,101,102,104

-106,108-
110,117,124,126,128,138,140,141,14

3-146,150,151,153-
156,158,170,177,179,183,185,231-

236,238,244,246-
249,251,261,262,276,290,292-
295,297,305,307,309,311,312 

3CROc 

Protein: 

29,31,32,
42-44 

DNA: 

4-7,13-18,22-25,32-36 

Protein: 

9,18-
20,27,28,30,34,36,37,40,41,45,46 

The active and passive residue information is gathered via aCPORT, bCPORT and 
literature data, cconservation and experimental data (mutagenesis, ethylation 
interference). 

 

Table 5. Multi-body docking results obtained via using the multi-body interface of 
HADDOCK web-servera. 

 

 Quality/ Rank Best structure 
i-RMSD / l-RMSD 

(Å) 

Best cluster 
Quality/Rank 

Best cluster 
i-RMSD / l-RMSD 

(Å) 

1QU9
b
 ★★★ / 1 0.8 / 0.7 ★★★/1 0.8±0.1 / 0.7±0.1 

1URZ
ub

 ★★/ 1 1.7 / 5.2 ★★/1 1.8±0.1 / 5.3±0.1 

1OUS
b
 ★★★/ 1 0.9 / 1.2 ★★★/1 0.8±0.1 / 1.3±0.6 

1VIM
b
 ★★★/ 1 1.0 / 1.2 ★★★/1 1.2±0.2 / 1.3±0.2 

1VPN
b
 ★★★/ 1 0.7 / 0.7 ★★/1 4.1±0.1 / 4.0±0.1 

3CRO
ub

 ★★/ 1 1.79 / 2.2 ★★/1 2.12±0.3 / 2.8±0.6 
	  

aFor the definition of i-RMSD and l-RMSD refer to the Methodology section, bBound 
docking – the docking was performed with the separated monomers taken from the 
reference crystal structure, cUnbound docking – the docking was performed with 
the free form of the monomers (see Materials and Methods for details). 
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Figure 3. View of the best HADDOCK solutions (having colored monomers) 
superimposed onto their respective crystal reference structures (shown in light 
grey). a. 1QU9 b. 1URZ c. 1OUS d. 1VIM e. 1VPN and f. 3CRO. The figures were 
generated with Pymol (Delano Scientific LLC, http://www.pymol.org). 

 

4. Discussion 
 

4.1. Pushing Back Limits of Structural Prediction of Macromolecular Assemblies 
 

In the structural characterization of biomolecules, most of the developments 

on the modeling side are limited to rather “small” binary systems often only 
applicable to proteins. Just a few molecular docking programs can deal with 

multibody assemblies, and they are generally restricted to the prediction of 
symmetric homomeric complexes [32–37]. So far, HADDOCK [26, 28, 43] is the 

only molecular docking program that is able to perform simultaneous docking of 

multibody complexes up to six components. A multibody docking server was 
recently released on the HADDOCK web portal, allowing the users, through a user-

friendly interface, to exploit the full range of experimental data supported by 
HADDOCK and to fully customize the docking process. The performance of this web 

server was evaluated in this study against a benchmark set of six multimeric 

complexes, including a protein-DNA complex. Cyclic or dihedral symmetries, which 
are present in the large majority of homomers [44], were defined combined with the 

interface information derived from experimental evidences and/or predictions made 
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by our consensus interface prediction program, CPORT. The results show that 

HADDOCK is able to generate native to near-native predictions for all cases with i-
RMSD values for the best model ranging between 0.7 and 2.2 Å. Although we could 

produce excellent results even with the inclusion of bioinformatics predictions, 

which usually contain a considerable amount of false positives, one should always 
keep in mind that the information supplied to HADDOCK should be of high quality. 

This is because the complexity of the interaction space is larger in the case of 
multibody docking compared with the two-body docking. 	  	  

The vast quantity of low-resolution experimental data that could further be 

used in HADDOCK paves the route for the prediction of large macromolecular 
complexes. By combining distance and interaction restraints from low-resolution 

methods with molecular docking, architectural or even atomic models might be 
generated. These restraints can be derived from a variety of experimental 

measurements including MS of intact complexes, chemical cross-linking, cryo-EM, 

SAXS, fluorescence resonance energy transfer, and analytical ultracentrifugation. One 
very recent addition to this series of biophysical tools is ion mobility separation (IM) 

coupled to MS [45]. IM is an established technique for studying shape and 
conformation of small molecules and individual proteins. When coupled with MS, 

mass and subunit composition of a protein complex can be determined 

simultaneously with its overall topology and shape [46, 47]. The cross-sections of 
amyloid oligomers formed in the early steps of amyloid fibril formation calculated by 

IM-MS [48] could be used as a restraint in data-driven docking to discriminate 
between quaternary topologies for a specific oligomeric state. This can be done for 

example by inferring a radius of gyration restraint from this cross-section 

measurement or by predicting the cross-sections from the docking models and using 
the experimental data as a filter.  

 
4.2. Are We Ready to Predict Interactomes from Three-dimensional Structures of 
Biomolecules? 
 

In today’s proteomics era, large-scale screening techniques are used to 

characterize protein-protein interactions (PPIs) in vivo [49, 50]. Despite the massive 

number of interactions detected by protein complex purification techniques using MS 
(originally either by high throughput MS protein complex identification [51] or by 

high throughput mass spectrometry protein complex identification coupled to tandem 
affinity purification [52], systematic yeast two-hybrid screening [53–55], 

complementary mapping techniques (e.g. protein fragment complementation assay 

[56], and in vitro proteome chip screening [57])), the interactome coverage remains 
low, roughly 50 and 10% for the yeast and human interactomes, respectively [58]. 
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This becomes apparent in the rather limited overlap between various data sets 

obtained with different approaches [59]. This can be explained by a limit in 
proteome coverage (up to 70% for the best approaches) and by the inherent high 

fraction of false positives (previous estimations mention that more than half of all 

current high throughput data are spurious [59]). It also highlights the difficulties 
encountered by some methods for certain types of interactions, strengthening the 

complementarities between the different techniques. Finally, proteomics data sets 
derived to map PPIs, even when a similar detection method is used [7, 60], have a 

limited overlap (only 18%) [61]. Computational methods to predict protein 

assemblies could in principle play a complementary role in the study of 
interactomes, providing additional insights with leverage of the structural models. But 

can present scoring functions used in protein-protein docking methods characterize 
the binding affinity of a macromolecular complex, a requisite to predict 

interactomes? To answer this question, we have tested nine of the currently best 

performing scoring functions against a large set of high quality binding affinity data 
derived from the literature [62]. The results (data not shown) reveal that scoring is 

orthogonal to binding affinity prediction (the highest calculated r2 was 0.09!) even 
though scoring functions are successfully being used in discriminating native 

structure from decoys. Hence, even if structural modeling tools and molecular 

docking approaches can significantly improve the selection accuracy of PPI networks 
[63], these computational methods need to be optimized for both purposes, e.g. 

annotation and prediction of PPIs.  
 

4.3. Need for Combining Experimental Information and Modeling 
 

By combining a variety of experimental approaches, one can easily increase 

our knowledge about biologically relevant interaction [64]. The experimental 
information can guide large scale docking studies to upgrade the information 

contained in interactome maps by adding the three-dimensional structural dimension 

to the PPIs. Moving toward systems biology, computational methods could aim at 
predicting how the proteome is wired and how dynamic changes in the interactome 

occur in response to different environmental factors. In that regard, mass 
spectrometry techniques that determine the composition and stoichiometry of 

macromolecular complexes will be of indispensable value.  

But how far are we from a high throughput method to screen for protein 
complex structures? Recently, we have linked HADDOCK to MTMDAT, an 

automated software for the analysis of mass spectrometry data [65], creating 
effectively a pipeline for high throughput, MS-based structural modeling of 

complexes. This pipeline allows feeding automatically into HADDOCK the interface 
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information identified by MS from digestion experiments. This is only one example of 

how experiments and modeling can be coupled, and we expect that many other 
related applications will be developed in the future to open the route to large-scale 

annotation of interactomes.  
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Abstract 
 

Binding-induced backbone and large-scale conformational changes represent 
one of the major challenges in the modeling of biomolecular complexes by docking. 

To address this challenge, we have developed a Flexible Multidomain Docking 

protocol that follows a “divide-and-conquer” approach to model both large-scale 
domain motions and small- to medium-scale interfacial rearrangements: the flexible 

binding partner is treated as an assembly of sub-parts/domains that are docked 

simultaneously making use of HADDOCK’s multibody docking ability. For this, the 
flexible molecules are cut at hinge regions predicted using an elastic network model. 

The performance of this approach is demonstrated on a benchmark covering an 
unprecedented range of conformational changes of 1.5 to 19.5Å. We show from a 

statistical survey of known complexes that the cumulative sum of eigenvalues 

obtained from the elastic network has some predictive power to indicate the extent of 
the conformational change to be expected.  
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1. Introduction 
 

Proteins play a vital role in all kinds of biological processes through their 

complex interactions with other biomolecules and small ligands. Revealing all the 

functional steps in the lifetime of a protein requires 3D atomic-level information 
about the complexes it forms. This information can be obtained from classical 

experimental techniques such as X-ray crystallography and NMR, although, 
considering the enormous number of complexes, the need for accurate and 

complementary computational methods like docking is evident [1–6]. Docking is 

defined as the modeling of the structure of a complex (the bound conformation) 
starting from the free forms (unbound conformations) of the interaction partners. This 

becomes an extremely challenging task when the conformation of a protein changes 
significantly upon complex formation [1,2,6,7].  

Various mechanisms have been proposed over the years to describe the 

binding process and its associated conformational changes. Fischer suggested that the 
active sites of the interacting molecules are complementary to each other, obeying a 

lock-and-key mechanism [8]. Koshland extended this model by proposing that the 
binding follows an induced fit rule, where the molecules adopt different 

conformations in order to fit into the active site of their interaction partner [9]. Later 

on, Kumar et al. reevaluated this issue from a statistical mechanics point of view and 

proposed the conformational selection model [10]: The native state of a protein exists 
in an ensemble of conformations sampling various states and environmental effects 

shift the equilibrium towards the bound conformation. Subsequent to this hypothesis, 

Grunberg et al. [11] provided a consensus model, treating the concept of recognition 
and binding as two different processes with conformational selection at the basis of 

the recognition process; starting with the formation of an encounter complex 

followed by an induced fit mechanism leading to the final complex.  
Conformational changes occurring upon binding can be classified into four 

categories: local rearrangements, collective global motions, a mixture of the two and 
binding-induced folding events. Local changes cover loop rearrangements [7], 

secondary structure element alterations and motions etc. Global changes refer to 

large scale domain motions like hinge and shear [7,12,13]. Binding-induced folding 
events are observed in specific recognition when the folding of one of (partially) 

unfolded partner occurs only upon binding [1,6,14]. Various strategies have been 
followed to model these different types of conformational changes [1–3,6,7]. For the 

lock-and-key cases, namely when shape complementarily drives the interaction, rigid 

body algorithms (e.g. geometric hashing [15] and Fast Fourier Transform [16]) 
provide fast and accurate solutions. Small- to medium-scale backbone 

conformational changes (in the range of 1-2Å) can be modeled through algorithms 
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that address the induced fit mechanism (mostly based on Molecular Dynamics and 

Monte Carlo simulations [17,18]). For some types of conformational changes, e.g. 

loop rearrangements or allosteric effects, this may not provide satisfactory results. 
Under such conditions, docking can be started from ensembles of structures (coming 

from NMR, Molecular Dynamics or Monte Carlo Simulations, Normal Mode 
Analysis, graph theoretic approaches, etc.), following thus the conformational 

selection model [17,19,20]. As an alternative method, a multi-copy mean-field 

approach [21,22] can also be used. The final class of algorithms is based on the 
consensus binding model introduced by Grunberg et al. [11]: structures are docked 

starting from an ensemble of conformations and then refined allowing for small 

conformational changes to take place [19]. This class of algorithms can be useful if 
different types of conformational changes are observed at the same time. Modeling of 

the last class of conformational changes, namely folding upon binding should be 

considered separately from regular docking as it requires incorporation of protein 
structure prediction within the context of docking. As a first step to deal with this 

problem, Baker’s group recently developed a fold-and-dock protocol within Rosetta 

for modeling symmetric homo-oligomers [23]. 
All of the above mentioned algorithms work reasonably well for small- to 

medium-scale local conformational changes; but they usually fail to model large loop 
rearrangements, secondary structure changes and collective domain motions where 

the backbone RMSD of a protein changes by more than 2-3Å [1,2,24]. This is mainly 

due to the complexity of the conformational space to be sampled and the difficulty of 
predicting a priori such type of conformational changes [1,2,24]. Hybrid 

methodologies that combine different approaches are thus needed in order to address 
this problem. Until now five hybrid methods have been proposed to model large-

scale conformational changes: ATTRACT [22,25], SwarmDock [26,27], multibody 

multistage docking procedure of MolFit [28], FlexDock [29] and fold-tree 
representation of Rosetta [30]. ATTRACT can incorporate soft harmonic low 

frequency modes into the docking procedure and provide fast relaxation/adaptation 
of the structure on a global scale [25]. SwarmDock also uses normal modes in the 

docking procedure but, in contrast to ATTRACT, it takes a linear combination of both 

low and high frequency normal modes into account for addressing high frequency 
thermal motions occurring at the interface [27]. MolFit treats the individual domains 

of the molecules as soft rigid objects and then docks them in a sequential multi-stage 
two-body docking protocol [28]. The method of FlexDock exploits a similar 

methodology, it dissects the flexible protein into rigid domains and performs a 

pairwise docking of the separate domains using PatchDock [31] followed by 
assembly of the resulting models. In Rosetta, the protein is represented as a fold-tree, 

which provides a mean for defining flexible regions between centers of the rigid 
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molecules and thus allowing domains to move with respect to each other during 

rigid-body optimization [30]. Next to these docking approaches, there is a recently 
published flexible refinement server, FiberDock constructed to deal with large 

conformational changes. FiberDock deforms the backbone in the direction of the 

selected normal modes [32]. The normal mode selection is based on the correlation 
of that particular mode with the van der Waals forces. All these approaches are quite 

promising, but they also have some limitations, especially in treating interfacial 
induced backbone and side-chains conformational changes at the same time.  

Our in house docking software HADDOCK has already proven its ability to 

deal with small- to medium-scale induced conformational changes by combining 
docking from ensembles of starting structures with flexible refinement of both side- 

chains and backbone [17,33,34]. Moreover we have recently demonstrated 
assemblies [35]. Here we combine all these aspects and propose a straightforward 

and easy-to-apply docking protocol that can deal with large conformational changes 

while accounting for local changes at the same time. Following a “divide-and-
conquer” approach, our Flexible Multidomain Docking (FMD) protocol within 

HADDOCK partitions the flexible molecule into rigid bodies with connectivity 

restraints between them and performs a simultaneous multibody docking of all 
components [35]. The proteins are dissected into domains by cutting them at hinge 

regions predicted from an Elastic Network Model [36]. This allows modeling of 
global scale changes at the rigid body docking stage. The resulting models are 

subsequently subjected to a flexible refinement involving both side-chains and 

backbone motions to deal with small- to medium-scale induced conformational 
changes. Our FMD protocol was tested against a benchmark of eleven protein-

protein complexes that are experiencing domain motions, spanning a range of 
conformational changes from 1.5Å to as much as 19.5Å. This new FMD protocol is 

shown to be an excellent approach to model conformational changes as large as 

19.5Å. 
 

2. Experimental Procedures 
 

2.1. Determination of the Hinge Regions 
 

The hinge prediction server HingeProt [36] was used to define the hinge 

regions of the flexible monomers. HingeProt annotates rigid parts and possible hinge 
regions of the supplied protein based on two elastic network models: GNM [37] and 

Anisotropic Network Model [38]. In this work, two different outputs provided by the 
HingeProt server are used: the predicted hinge regions and the eigenvalues obtained 

by the decomposition of the connectivity (Kirchhoff) matrix [37]. The hinge 

predictions obtained from HingeProt are filtered in order to preserve the secondary 
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structure integrity. Insignificant and/or structurally unreliable predictions are 

eliminated. The detailed procedure is described in the Results section. 

 
2.2. Docking Protocol of HADDOCK  
 

Both two-body docking and FMD were performed with HADDOCK 2.1 

[17,34,35]. The interface information used to construct the AIRs was extracted from 
the crystal structure of the complexes. We assumed to have an ideal definition of the 

interacting surfaces in order to concentrate on our ability to deal with large 

conformational changes. The AIR definitions are provided in Table S3. For the runs 
with bioinformatics predictions, we used CPORT [39]. In the FMD runs, center-of-

mass restraints between the domains were turned on to ensure compactness of the 

solutions. Center-of-mass restraints are defined as a distance restraint between the 
geometric average positions of all Ca atoms within each molecule. The distance is 

automatically defined based on the dimension of the molecules or domains. The 
number of structures was increased to 5000, 400 and 400 for it0, it1 and water 

respectively. Random removal of AIRs was turned off since ideal restraints were used. 

Other parameters were left to their default values. Scoring and clustering were 
performed according to standard HADDOCK procedures [17,34].  

 
2.3. Assessment of the structure quality 
 

The docking models were evaluated according to CAPRI criteria [40]: 
- Acceptable prediction (one star): i-RMSD≤4Å or l-RMSD≤10Å and Fnat ≥ 0.1 

- Good prediction (two stars): i-RMSD≤2Å or l-RMSD≤5Å and Fnat≥0.3 
- High quality prediction (three stars): i-RMSD≤1Å or l-RMSD≤1Å and nat≥0.5 
 

i-RMSD refers to the interface RMSD, l-RMSD to the ligand RMSD, calculated over 

the backbone atoms of the ligand (rigid component) after fitting on the receptor, and 
Fnat to the fraction of native contacts. Next to Fnat we also provided Fnonnat, which 

is the fraction of incorrectly predicted contacts given the modeled complex. A cluster 

was considered of one-, two- or three-star quality if at least one of its top four 
members was of the corresponding quality.  

 

3. Results 
 

3.1. Benchmark Compilation 
 

The FMD benchmark was compiled according to three major criteria: (i) One 
of the partners should only undergo a small conformational change, of less than 2.0 

Å, in order to decrease the level of complexity, (ii) the other partner should 
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experience conformational change emanating from hinge motions (ideally from one 

hinge position) and the hinge motion should be functionally involved in the binding 
process, (iii) both the bound and unbound conformations of the partners should be 

available.  

Eleven protein-protein complexes were found that fit all the above-
mentioned requirements, except 1NPE, a former Critical Assessment of PRediction of 

Interactions (CAPRI [40]) target, with only the bound conformation of the ligand 
available (Table 1). The other complexes were taken from the Protein-Protein 

Docking Benchmark 4.0 [73], eight of which belonging to the difficult category. A 

vast range of conformational changes is covered, from 1.5Å to 19.5Å, with 1IRA, 
1H1V, 1Y64 1F6M, and 1FAK being particularly challenging (Table 1, Figure 1). 

 
Table 1. Selected complexes for the Flexible Multidomain Docking Benchmark. 

 

   
Backbone 

Conformational 
Change Range (Å) 

Complex ID Receptor IDa Ligand IDa Receptor Ligand 

1IRAuu 
 [41] 1G0Y_R [42] 1ILR_1 [43] 19.5 0.7 

1H1Vuu
  [44] 1D0N_B [45] 1IJJ_B [46] 13.9 1.6 

1Y64uu 
 [47] 1UX5_A [48] 2FXU_A [49] 10.3 1.1 

1F6Muu
 [50] 1CL0_A [51] 2TIR_A [52] 7.3 0.9 

1FAKuu
 [53] 1QFK_HL [54] 1TFH_B [55] 6.0 1.0 

1ZLIuu  [56] 2JTO_A [57] 1KWM_A [58] 3.8 0.6 

1E4Kuu
 [59] 2DTQ_AB [60] 1FNL_A [61] 2.9 1.7 

1IBRu
u [62] 1F59_A [63] 1QG4_A [64] 2.9 1.1 

1KKLuu [65] 1JB1_AB [66] 2HPR [67] 2.6 0.5 

1NPEub
 [68] 1KLO_A [69] 1NPE_A [68] 1.8 - 

1DFJuu
 [70] 2BNH_A [71] 9RSA_B [72] 1.5 0.7 

 

uuDocking was performed starting from the unbound conformations of both receptor 
and ligand, ubFor this particular protein, as the unbound conformation of the ligand 
was not available, the docking was performed from the unbound conformation of 
the receptor and the bound conformation of the ligand, aThe PDB and chain ID’s 
are indicated as PDB ID_chain ID. 

 

3.2. The Workflow of Flexible Multidomain Docking 
 

Dissecting proteins into domains 
Hinges were predicted using the HingeProt server [36]. They were then 

filtered to guarantee the structural integrity and dissect the flexible molecule in as few 

components as possible in order to maintain the compactness of the expected 

solution. This filtering is based on the domain motions study of Hayward in which 
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hinges were found to be more likely at the termini of α-helices, β-sheets and in loops 

that connect domains, less likely in the center of interdomain α-helices and not likely 

within β-sheets [75]. In addition, we also discarded hinge predictions close to N- and 
C-terminal residues, as it is highly improbable that such residues can have a hinge-

like behavior. Subsequently, the monomer was cut at the first peptide bond following 
the predicted hinge residue. Short explanations for the basis of the hinge selection for 

each protein can be found in Table 2. 
	  

	  
Figure 1: Comparison of the unbound (grey) and bound (blue) superimposed 
conformations of the receptors in our benchmark. (a. 1IRA b. 1H1V c. 1Y64 d. 
1F6M e. 1FAK f. 1ZLI g. 1IBR h. 1E4K i. 1KKL j. 1NPE k. 1DFJ). For each case, the 
positional backbone RMSD between the two forms is indicated. The figures were 
generated with Pymol [74]. 

 

Defining ambiguous interaction and connectivity restraints 
The Ambiguous Interaction Restraints (AIRs) were generated via a new 

HADDOCK server interface especially built to allow fine-tuning of restraints in the 
case of multibody docking (http://haddock.chem.uu.nl/services/GenTBL/) [34]: (i) 

Restraints for the interface of the rigid molecule were kept ambiguous for the distinct 

interfaces of the separated flexible molecule, (ii) No AIRs were defined between the 

1IRA_Y	  vs.	  1G0Y_R
RMSD:	  19.5Å

a. b. c. d.

e.
f.

1Y64_B	  vs.	  1UX5_A
RMSD:	  10.3Å

1FAK_H	  vs.	  1QFK_HL
RMSD:	  6.0Å

1E4K_AB	  vs.	  2DTQ_AB
RMSD:	  2.9Å

1IBR_B	  vs.	  1F59_A
RMSD:	  2.9Å

1NPE_B	  vs.	  1KLO_A
RMSD:	  1.8Å 1DFJ_	  I	  vs.	  2BNH_A

RMSD:	  1.5Å

1F6M_A	  vs.	  1CL0_A	  
RMSD:	  7.3Å

1H1V_G	  vs.	  1D0N_B	  
RMSD:	  13.9Å

1ZLI_B	  vs.	  2JTO_A
RMSD:	  3.8Å

1KKL_AB	  vs.	  1JB1_AB
RMSD:	  2.6Å

g. h.

i. j. k.

    3 



	  62 

separated domains of the flexible molecule (see Figure 2). The AIRs were defined 

based on interface residues identified from the crystal structure of the complexes. By 

choosing an ideal definition of the interface (but not of the contacts made) we focus 
on the problem of dealing with conformational changes. This represents thus a best-

case scenario.  
To maintain the connectivity between the separated chains, two connectivity  

restraint files consisting of an unambiguous distance restraint  between the C- and N-

termini of the separated domains were prepared. The first file was used during the 
rigid body energy minimization (it0) and semi-flexible refinement in torsion angle 

space (it1), to enforce a chain separation of no more than 10Å (upper distance 

restraint). The second one was imposed during the final refinement in explicit solvent 
(water) in order to restore the connectivity (to the real peptide distance, 1.3Å). As the 

N- and C-termini of the cut domains are created artificially, they were kept 

uncharged. Three residues on both sides of the separated domains were defined as 
fully flexible to allow for more flexibility of the linker region. All other HADDOCK 

parameters were left to their default values. The summary of the workflow is 
illustrated in Figure 3.  
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Table 2. List of selected hinges and the basis of the selection. 
 

Complex 
ID 

Receptor 
ID 

Hinge Predictionsa 

(Selected hinge in bold) 
Basis of the Selection 

1IRA_Y 1G0Y_R 13,98,203,307 13 and 307 are at the N- and C-termini, 
respectively. 98 and 203 are on a linker, 

but 203 is within a 10 residue longer 
linker than 98. 

1H1V_G 1D0N_B 423,446,500,534,631 Only 534 and 631 are on a linker, where 
631 is more flexible compared to 534 

according to experimentally determined 
B-Factors. 

1Y64_B 1UX5_A 1427,1403,1544,1647,16
99 

1403 is in a linker while the others are 
in α-helices. 

1F6M_A 1CL0_A 11,79,110,115,148,245,2
83,303 

This protein is cut at two places. 115 and 
245 are selected as probable hinges, as 
they lie on a linker that connects two 

large domains. 
1FAK_H 1QFK_L 83,89,130 130 is a C-terminal residue. Both 83 and 

89 are in the same linker; 89 was 
selected arbitrarily. 

1ZLI_B 2JTO_A 37 The only hinge prediction is selected. 
1E4K_AB 2DTQ_AB 338,444(in chain A) 

340(in chain B) 
The receptor of this complex is a 

symmetrical homodimer (composed of 
chain A and B).  Except 444, which is at 
the C-terminus, both predictions point 

out the same regions in different chains, 
thus just one monomer is cut at 340. 

1IBR_B 1F59_A 116,237,322 All predictions are in the middle of a-
helices. Therefore 237 is selected, as it 
corresponds to the center of mass of the 

receptor. 
1KKL 1JB1_ABC 156,201,218,225,262,26

4,281,285,286(2 
times),291,307 

The hinge prediction is run on chains A, 
AB and ABC.  The receptor is a 

symmetric trimer, thus all the predictions 
are considered. The most frequently 

predicted hinge regions are around the 
289-293 linker, in which 291 is located. 

1NPE_B 1KLO_A 43,89,122 In the literature it was already stated that 
this protein is composed of three 
modules, containing 4 disulphide 

bridges. Residue 122 forms a disulphide 
bridge. Residue 43 separates the first 
module, while residue 89 is in the 
middle of the second module [69]. 

1DFJ_I 2BNH_A 117,229,326 Residue 326 is in the middle of an α-
helix, residue 229 is completely in the 
center of a barrel formed by α-helices 
and β-sheets and residue 117 is on a 

linker. 
aThe hinge predictions were obtained with the HingeProt server [36]. 
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Figure 2: Schematic 
representation of the 
restraints used in docking 
(ambiguous interaction 
and connectivity 
restraints) and of the 
dissection of the flexible 
partner into sub-domains. 

 
 

 
 
 
 
 
 
 
 
 
Figure 3: Workflow of Flexible 
Multidomain Docking in 
HADDOCK 

 
 
3.3. Performance of Flexible Multidomain Docking 
 

Both standard semi-flexible two-body docking and the new FMD protocol 
were applied to the benchmark for comparison. Two-body docking could generate 

good solutions (two stars) for 1DFJ and 1NPE and acceptable ones (one star) for 
1E4K and 1KKL. The best solutions were ranked at the top for the latter three (Table 

3). For the other cases, two-body docking failed completely in generating any 

acceptable solutions. When the new FMD protocol was applied, acceptable or 
better solutions were obtained for each benchmark case (Table 3). The 

improvement is impressive particularly for the seven cases (1IRA, 1H1V, 1Y64, 

1F6M, 1FAK, 1ZLI, 1IBR) for which two-body docking was failing: the best l-RMSD 
values of the top four challenging cases decreased from 38.6Å to 7.5Å for 1IRA, 

from 31.1Å to 9.6Å for 1H1V, from 3.2Å to 9.5Å for 1Y64 and from 39.4Å to 8.7Å 

A
10Å

it0/it1

1.3Å

waterB 1

AI
Rs

B2
AIRs
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for 1F6M (Note also the very high fraction of native contacts (Table 3)).  
 

	  

Table 3. Comparison of two-body and Flexible Multidomain Docking results.a 

 

Flexible Multidomain Docking 

PDB ID Quality / Rank 
b i-RMSD (Å) l-RMSD (Å) Fnat Fnonnat 

1IRA  / 1 3.9 7.5 0.55 0.61 
1H1V  / 11 4.6 9.6 0.49 0.67 
1Y64  / 5 3.9 9.5 0.48 0.72 
1F6M  / 1 3.5 8.7 0.69 0.58 
1FAK  / 37 

   

2.8 

 

4.2 

 

0.55 

 

0.54 

 
1ZLI  / 1 2.1 3.5 0.74 0.47 
1E4K  / 5 

   

2.3 

 

4.0 

 

0.70 

 

0.47 

 
1IBR  / 1 2.3 4.0 0.63 0.57 
1KKL  / 1 2.2 4.9 0.67 0.59 
1NPE  / 16 

   

1.2 

 

3.2 

 

0.95 

 

0.36 

 
1DFJ  / 5 

   

2.0 

 

7.1 

 

0.68 

 

0.56 

 
 

2-Body Docking 
c 

PDB ID Quality / Rank i-RMSD (Å) l-RMSD (Å) Fnat Fnonnat 
1IRA - / 1 17.5 38.6 0.04 0.94 
1H1V - / 1 11.9 31.1 0.08 0.94 
1Y64 - / 1 10.3 32.2 0.07 0.92 
1F6M - / 1 14.1 39.4 0.00 1.00 
1FAK - / 1 11.4 28.5 0.01 0.99 
1ZLI - / 1 14.8 25.3 0.02 0.99 
1E4K  / 1 4.1 9.8 0.58 0.58 
1IBR - / 1 9.6 30.9 0.11 0.90 
1KKL  / 1 3.1 12.3 0.56 0.60 
1NPE  / 1 1.7 6.1 0.85 0.45 
1DFJ  / 116 

   

1.8 

 

5.6 

 

0.63 

 

0.59 

 

 

aThe quality is expressed according to CAPRI criteria (see Experimental 
Procedures). The reported rank is the rank of the individual models prior to 
clustering. See also Table S1-S3, bThe ranking is based on the HADDOCK Score: 
1.0 Evdw + 0.2 Eelec + 1.0 Edesol 

(see Main text), cWhen no acceptable solution is 
generated, the values for the top ranked structure are reported.  

 

Besides providing acceptable-to-good solutions for all of the cases, FMD-

HADDOCK could rank them at the top using the standard scoring scheme in 
HADDOCK consisting of a weighted sum of van der Waals and electrostatic 

energies and an empirical desolvation term [76](HADDOCKscore = 1.0 Evdw + 0.2 
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Eelec + 1.0 Edesol).  Furthermore, the quality of the models improved for 1E4K, 1KKL, 

1NPE, and 1DFJ, for which two-body docking already provided reasonable 
solutions. 1E4K’s and 1KKL’s best models, ranked among the top five, are now a 

two star (good) solution and 1NPE’s top ranking structure is almost a three star 

(high accuracy) prediction (with i-RMSD=1.1Å and Fnat=0.95). For 1DFJ the 
quality of the best model did best predictions superimposed onto the reference 

crystal structures are shown in Figure 4. 

 

 

Figure 4: View of the best HADDOCK solutions superimposed onto the respective 
reference crystal structures. The docked complexes are shown in magenta (ligand) 
and blue (receptor) and the reference crystal structure (only the receptor is shown) 
in grey: a. 1IRA b. 1H1V c. 1Y64 d. 1F6M e. 1FAK f. 1ZLI g. 1IBR h. 1E4K i. 1KKL j. 
1NPE k. 1DFJ. The quality of the models is indicated as: number of stars / interface 
RMSD (in Å) / fraction of native contacts (See Experimental Procedures). The figures 
were generated with Pymol [74]. 

 
 
 
 

  

1IRA	   /3.9/0.55

a. b.

1Y64	   /3.9/0.48

c.

1FAK	   /2.8/0.55

1E4K	  
/2.3/0.70

d.

e.

1IBR	   /2.5/0.70

f.

1NPE	   /1.2/0.95

g.

1DFJ	   /2.0/0.68

1H1V	   /4.6/0.49

1F6M	   /3.5/0.69

1ZLI	   /2.1/0.74

h.

1KKL	   /2.2/0.67

i. j. k.
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Table 4. Cluster statistics of Flexible Multidomain Docking.a 

	  

PDB ID Quality / Rank i-RMSD (Å) l-RMSD (Å) Fnat Fnonnat 

1IRA  / 1 4.2 ± 0.4 8.0 ± 1.0 0.54 ± 0.03 0.64 ± 0.07 

1H1V  / 2 4.8 ± 0.2 10.4 ± 1.2 0.50 ± 0.06 0.66 ± 0.06 

1Y64  / 1 4.8 ± 0.6 11.3 ± 1.0 0.44 ± 0.06 0.74 ± 0.03 

1F6M  / 1 3.1 ± 0.3 9.2 ± 0.8 0.49 ± 0.08 0.64 ± 0.04 

1FAK  / 2 

   

3.7 ± 0.5 

   

9.8 ± 4.5 

   

0.48 ± 0.02 

   

0.61 ± 0.05 

   
1ZLI  / 1 2.2 ± 0.2 3.8 ± 0.4 0.77 ± 0.03 0.47 ± 0.02 

1E4K  / 1 2.5 ± 0.2 5.9 ± 0.1 0.64 ± 0.05 0.46 ± 0.04 

1IBR  / 1 2.7 ± 0.6 5.1 ± 1.1 0.67 ± 0.04 0.57 ± 0.03 

1KKL  / 1 2.4 ± 0.2 5.4 ± 0.5 0.69 ± 0.05 0.56 ± 0.03 

1NPE  / 2 

   

2.2 ± 1.1 

   

6.5 ± 4.7 

   

0.82 ± 0.22 

   

0.46 ± 0.06 

   1DFJ  / 1 3.2 ± 0.8 9.1 ± 0.8 0.59 ± 0.02 0.67 ± 0.02 
	  

aThe quality is expressed according to the CAPRI criteria (see Experimental 
Procedures). The rank corresponds to the cluster ranking based on the average 
HADDOCK score (1.0 E

vvdw + 0.2 Eelec + 1.0 Edesol) of the top 4 members of a cluster. 
RMSD’s and Fnat are reported as averages ± standard deviation calculated over the 
top 4 members of a cluster. 

	  
Table 5. Number of docking models of various qualities for the various stages of 

the Flexible Multidomain Docking protocol. a 

	  

 Quality ( /  / ) 

PDB ID it0a it1 
a water a 

1IRA 27 / - / - 43 / - / - 44 / - / - 

1H1V 50 / - / - 108 / - / - 116 / - / - 

1Y64 - / - / - 1 / - / - 1 / - / - 

1F6M 2096 / - / - 382 / - / - 382 / - / - 

1FAK 151 / 3 / - 70 / 11 / - 71 / 12 / - 

1ZLI 1496 / 3246 / - 5 / 395 / - 3 / 397 / - 

1E4K 2569 / 1371 / - 87 / 212 / - 98 / 201 / - 

1IBR 1287 / - / - 195 / 104 / - 196 / 103 / - 

1KKL 521 / 1844 / -  323 / 77 / -  304 / 96 / - 

1NPE 984 / 32 / 1 356 / 26 / - 353 / 30 / - 

1DFJ 210 / - / - 96 / - / - 116 / 1 / - 
	  

a
 it0: Rigid Multidomain docking, it1: Semi-flexible refinement in torsion angle 

space, water: Final explicit solvent refinement. 
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Within the standard HADDOCK protocol the final ranking of solutions is 

based on cluster averages rather than individual ranks. Each of the top ranking 
clusters contained at least one acceptable prediction, with an average Fnat of 0.44 

for the worst and of 0.82 for the best case (Table 4). This stresses the excellent 

performance of our scoring scheme. We also analyzed the number of acceptable or 
better structures generated during each stage of the docking (Table 5). One can 

observe a clear decrease in the number of acceptable solutions as a function of the 

docking difficulty (related to the extent of the conformational changes). For the 
challenging cases, scoring becomes even more critical since the fraction of good 

solutions within the pool of sampled conformations decreases, as can be seen in 
the case of 1Y64: For this complex, only one acceptable solution is generated after 

refinement; despite this, HADDOCK ranked it at the top (Table 3). For the other 

cases, the FMD protocol provided a pool of near native predictions after each 
refinement step (it1, water) (Table 5).  

 

4. Discussion 
 

Docking has become a popular approach to model biomolecular 
interactions. Current approaches are able to deal with small side-chain and backbone 

alterations while dealing with large conformational changes is still one of the major 

bottlenecks in the field. Considering the various types of conformational changes and 
the focus of existing docking approaches on mainly dealing with rather local small 

changes, it is evident that new developments are required to tackle modeling of large 
conformational changes occurring upon binding.  

Here we have presented a straightforward and easy-to-apply Flexible 

Multidomain Docking protocol that can deal with large collective backbone 
conformational changes by treating the flexible partner as a collection of sub-

domains with connectivity restraints between them. Our results have revealed that 

FMD outperforms standard two-body docking especially in the cases with 
conformational change range ≥3Å (1IRA, 1H1V, 1Y64, 1F6M, 1FAK, 1ZLI), 

something that has never been demonstrated before. Even in the case of smaller 
conformational changes (<3Å) the FMD protocol improves in general both the quality 

and ranking of the solutions upon two-body docking (1E4K, 1IBR, 1KKL, 1NPE, 

1DFJ). Interestingly two-body docking worked well for 1E4K but not for 1IBR, 
although both receptors experience the same extent of conformational change (2.9Å). 

Possible explanations for this could be that: (i) The domain motion of 1E4K can be 
explained with only one hinge while more than one are needed for 1IBR and (ii) the 

interface area of 1IBR is twice as large as that of 1E4K (1685Å2 against 810Å2).  The 

performance of standard docking methods seems to be affected not only by the 
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amount of conformational changes but also by their complexity and the extent of the 

interface to be predicted.   
Other factors that may affect the docking performance are the size of the 

sub-domains to be docked and the number of hinges at which a receptor is cut. Our 

results revealed that FMD is robust with respect to the size of the segments involved 
in docking. For 1Y64, 1ZLI, 1KKL and 1NPE one of the sub-domains consists of less 

than fifty residues while the others have larger domains. Shorter segments are more 
prone to be flexible, thus making it harder to model the correct binding mode. Also 

our protocol is performing well when more than one hinge is involved in the domain 

motion as illustrated by the 1F6M case. FMD is quite successful to model a wide 
range of conformational changes (from 1.5Å to 20Å), in cases when only two 

domains are involved. It does not perform as well when the system complexity 
increases like for example for the former CAPRI target, 1TLV [77], which consists of a 

homodimer with each monomer experiencing a large conformational change of 

12.7Å upon activation. In this case, a four body docking failed to generate any 
acceptable solution (best i-RMSD 6.2Å and global RMSD 10.3 Å), where the multi-

stage docking protocol of MolFit [28] could generate a model with a global RMSD of 
5.6Å.  

Another parameter that affects the docking quality is the interface 

information used to drive docking. In order to focus on our ability to deal with 
conformational changes, we assumed in this work perfect interface information; this 

is a best-case scenario and one can therefore expect that the performance will 
depend on the quality and reliability of the supplied data. We investigated this aspect 

by using bioinformatics interface predictions obtained from our in-house consensus 

predictor, CPORT, to drive docking (http://haddock.chem.uu.nl/services/CPORT/) 
[39]. We could only generate acceptable solutions for 1FAK, 1ZLI and 1KKL (Table 

S1). This is directly related to the specificity of the prediction (see Table S2). Only for 

four cases (1FAK, 1ZLI, 1KKL and 1DFJ) the specificity of CPORT predictions was 
above 30% for both receptor and ligand and for three of these acceptable to medium 

quality solutions could be obtained. This is in line with what was observed in 
systematic HADDOCK runs, where CPORT was used to drive docking [39].   

In general, our FMD protocol could generate at least an acceptable solution 

for each case, and even medium-quality predictions for seven of them. The fraction 
of native contacts for the best models was above 0.5 (the CAPRI threshold for high 

quality predictions) for nine of them. The strength of FMD-HADDOCK resides mainly 
in its ability to deal with large-scale and small, induced conformational changes at 

the same time.  

Our benchmark shares common cases with three other hybrid 
methodologies (see Introduction): 1NPE and 1IBR with FlexDock (see Table 2 in 
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Schneidman-Duhovny et al. [29]); 1DFJ and 1IBR with ATTRACT (see Table 5 in May 

et al. [25]) and FiberDock (Table 4 in Mashiach et al. [32]). Comparing the best l-

RMSDs for 1IBR, FlexDock, FiberDock and FMD produce similar somewhat better 
results than ATTRACT. FMD however outperforms FlexDock in scoring. A similar 

situation is observed for 1NPE. In the case of 1DFJ FMD, FiberDock and ATTRACT 

perform well in both sampling and scoring, although FiberDock’s best model has a 
better l-RMSD.  

The excellent performance of the new FMD-HADDOCK protocol represents 
already a major step in dealing with large conformational changes occurring upon 

binding. One question however remains: How can we predict which type of 

conformational change should be expected upon binding so that one can choose the 
best suited method? Dobbins et al. [24] pointed out that Normal Mode Analysis can 

provide some discrimination among the various types of conformational changes. 

They stated that the slowest mode of a protein experiencing significant 

conformational changes (Cα-RMSD>2.0Å) has a 2.5 times lower frequency than for 

proteins undergoing limited conformational change (Cα-RMSD<1.0Å). To further 

investigate this issue, we considered a set of 268 proteins experiencing different 

levels of conformational changes (0.3Å≤Cα-RMSD≤19.5Å). These were taken from 

the Docking Benchmark 4.0 [73], excluding multimers, antibody-antigen complexes 
and proteins having less than fifty amino acids. For all single proteins, eigenvalues 

from a Gaussian Network Model (GNM, see Experimental Procedures) [37] were 
obtained from the HingeProt web server [36]. They were normalized and their 

cumulative sum (ranging from 0 to 1) was calculated and plotted as a function of the 

number of modes. This plot can be interpreted as the fraction of motion explained by 
a given number of modes. Here we assumed that proteins undergoing larger 

conformational changes have smaller GNM-eigenvalues, corresponding to collective 

low frequency motions. For these, the cumulative sum of the normalized GNM-
eigenvalues should increase slower as a function of the number of modes than for 

rigid cases, in agreement with the observations of Dobbins et al. [24] (Figure S1). To 

test this assumption, we developed a simple predictor, which predicts proteins as 
being rigid or flexible based on the fraction of motion explained by a given number of 

modes (see Supplementary Experimental Procedures). This classifier performs with 

the best accuracy (65±16%, cross-validated accuracy) on the set of 268 proteins 
when a 2.6Å RMSD cut-off is used to classify these proteins as rigid and flexible and 

the cut-off for the fraction of motion explained for the first 50 modes is taken as 0.08 

(i.e. the cumulative sum of the eigenvalues for the first 50 modes should be < 0.08 
for the protein to be predicted as flexible). Our simple predictor was able to classify 

the receptors of the FMD benchmark with 64% accuracy (with seven out of nine 
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flexible cases and one out of two rigid cases being correctly classified, see Figure 5). 

The cumulative sum of the normalized eigenvalues for a given number of modes may 

thus be deterministic in predicting the range of the conformational change that could 
be expected. This could provide a mean to select an appropriate method to deal with 

different types of expected conformational changes.  
 

 
Figure 5: Fraction of motion explained by the first 50 GNM modes for the 11 
receptors from FMD Benchmark. Grey bars indicate correctly classified; black bars 
indicate the misclassified cases. The extent of the conformational change is 
indicated on top of each bar. 

 

5. Conclusions 
 

We have developed a new Flexible Multidomain Docking protocol that 

follows a “divide-and-conquer” approach to model large-scale domain motions and 
small- to medium-scale rearrangements within an interface at the same time. This 

represents a major step in dealing with one of the major challenges and limitations in 

the modeling of biomolecular complexes. Our analysis also identified indicators that 
might allow us to predict the extent of the conformational changes and thus select 

the most appropriate method to deal with them. This remains, however, a 
challenging problem as a variety of approaches will still have to be combined in 

order to properly describe simultaneously all possible types of changes. The 

availability of some experimental information will become crucial to drive the 
docking and/or for validation of the resulting models as the complexity of the 

problem increases. As a final remark we note that Flexible Multidomain Docking as 

implemented in HADDOCK 2.1 is now also accessible via the multibody docking 
interface of the HADDOCK web server [34].  
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Supplementary Information 
 

Here are the details of this section’s content and how is relates to the rest of 

the chapter: 
 

Figure S1 (Cumulative Sum of the Normalized GNM-Eigenvalues as a 

function of the first 50 modes) is related to Figure 5. The data values provided in 
Figure 5 correspond to the Cumulative Sum of the Normalized GNM-Eigenvalues of 

the red lines at Number of modes=50. Table S1 is related to Table 3.  In Table S1, we 

present the performance of our protocol when bioinformatics predictions are used to 
drive the docking. In the main text these results are discussed and compared with the 

results given in Table 3. Table S2 is related to Table 3. Table S2 is also directly 

related to Table S1 since it provides the quality assessment of the bioinformatics 
predictions used in docking.  Table S3 is related to Table 3. The data given in Table 

S3 are used in the FMD-HADDOCK procedure to drive the docking, the results of 

which are presented in Table 3. Supplementary Experimental Procedures is related 

to Figure 5, which illustrates the performance of our classifier in predicting the extent 
of the conformational changes. The Supplemental Experimental Procedures section 

provides a description of how our classifier was developed and validated.  

 
	  

Figure S1. Cumulative Sum of the Normalized GNM-Eigenvalues as a function of 
the first 50 modes. The red lines correspond to the receptors of the FMD 
benchmark, while the blue lines indicate the remaining eligible cases from the 
Docking Benchmark 4.0 [73]. Eight out of eleven receptors (1IRA, 1H1V, 1F6M, 
1Y64, 1FAK, 1E4K, 1KKL, 1DFJ) have particularly small slopes compared to the 
other the cases. 
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Table S1. CPORT-driven FMD-Benchmark docking results. 
 

PDB ID 
Quality /  

Rank 

i-RMSD  

(Å) 

Best i-RMSD (Å)  

/ Rank 

l-RMSD  

(Å) 
Fnat Fnonnat 

1IRA - / 1 13.8 8.1 / 102 32.7 0.00 1.00 

1H1V - / 1 21.6 16.4 / 318 57.2 0.00 1.00 

1Y64 - / 1 21.4 9.4 / 205 52.6 0.00 1.00 

1F6M - / 1 12.8 10.4 / 155 25.3 0.03 0.97 

1FAK  / 61 3.4 3.4 / 61 10.8 0.23 0.55 

1ZLI  / 5 4.2 4.2 / 5 9.2 0.34 0.5 

1E4K - / 1 24.2 11.2 / 76 66.8 0.00 1.00 

1IBR - / 1 19.7 11.1 / 70 51.9 0.00 1.00 

1KKL  / 154 

   

1.9 

 

1.9 / 154 5.3 

 

0.70 

 

0.26 

 1NPE - / 1 11.4 4.5 / 138 35.1 0.00 1.00 

1DFJ - / 1 16.9 5.1 / 217 59.4 0.00 1.00 
 
 

Table S2. Quality assessment of the CPORT predictions. (Cases for which CPORT-driven 
FMD-HADDOCK could generate at least one acceptable solution are indicated in bold). 

 

PDB ID Specificity (%) 

   

Sensitivity (%) 

   1IRA 21.1 / 43.2 31.9 / 44.2 

1H1V 8.7 / 17.7 14.8 / 51.8 

1Y64 8.4 / 20.7 27.1 / 37.2 

1F6M 9.7 / 43.5 29.2 / 80.0 

1FAK 42.8 / 40.9 57.1 / 37.5 

1ZLI 53.1 / 55.3 60.7 / 63.6 

1E4K 3.6 / 19.6 9.1 / 52.6 

1IBR 22.4 / 26.1 31.7 / 36.2 

1KKL 30.0 / 31.6 53.6 / 71.4 

1NPE 15.0 / 10.7 25.0 / 22.2 

1DFJ 48.2 / 47.5 69.2 / 57.6 
 
 

Supplementary Experimental Procedures:  
 

Predicting the amount of conformational change 

In order to see if GNM-eigenvalues have any value in predicting the amount 
of conformational changes and identify large domain motions we analyzed a set of 

268 proteins experiencing different levels of conformational changes (0.3Å≤Cα-
RMSD≤19.5Å). These were taken from the Docking Benchmark 4.0 [73] excluding 

multimers, antibody-antigen complexes and proteins having less than fifty residues. 
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For all single proteins, GNM-Eigenvalues [37] were downloaded from the HingeProt 

webserver [36]. They were normalized and their cumulative sum (ranging from 0 to 
1) was calculated and plotted as a function of the number of modes. This plot will be 

referred to as the fraction of motion explained by a given number of modes.  

We designed a simple predictor for classifying the proteins as rigid or flexible 

based on the value of the cumulative sum for a given number of modes. The 
parameters of our predictor were optimized in a grid search to maximize the 

prediction accuracy on the set of 268 proteins described above. The following 
parameters were considered: (i) RMSDcut-off for classifying the proteins as rigid and 

flexible, (ii) number of modes considered, Nmodes (from 1 to 50 is steps of 5) and (iii) 

cutoff for the fraction of motion explained, FMcut-off (from 0.01 to 0.20 in steps of 

0.01). We limited the RMSD cutoff between 2 and 3Å, 2Å being the limit defining the 
challenging cases in the protein Benchmark 4.0.  

The optimization was performed using cross-validation by dividing randomly 
the data into ten sub-sets and using nine of them for the optimization. The accuracy 

was measured both on the training and left out sets. This procedure was carried out 

ten times so that all of the sub-sets were used once for validation purposes. 
For a given set of parameters (RMSDcut-off, Nmodes, FMcut-off) the decision 

process of our predictor is very simple: 
 

- Cumulative sum for Nmodes > FMcutoff value    rigid protein 

- Cumulative sum for Nmodes <= FMcutoff value   flexible protein 
 

The prediction’s accuracy was defined as: 
  

Accuracy = ½ (Accuracyrigid + Accuracyflexible) 
 

where the rigid and flexible classes are defined based on the chosen RMSDcut-off. 
For each class the accuracy is simply the number of correct predictions divided by 

the total number of members in that class. We chose for this class-specific accuracy 

evaluation to remove size effects since the rigid class typically contains many more 
members than the flexible class. With this measure a random predictor would give an 

overall accuracy of 50%. 
The cross-validated average accuracy obtained for ten different test sets is 

65±16%; it was obtained for the following combination of parameters: FMcut-off = 

0.08, Nmodes = 50 and RMSDcut-off = 2.6Å, which were consistently found over 
the ten different optimization set. 
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Table S3. AIRs used in the docking of the benchmark cases. The residue numbering 

corresponds to the numbering of the unbound receptor and ligand. 
 

AIR used for docking 

ID Receptor Ligand 

1IRA 6,8-13,25,27-30,105-113,117-121,123, 

124,126,160,198,200,202,233-

 

 

8-11,14,16,18-20,22,24-27,29,31,33-40,42, 

43,50-54,56,102,107,126-130,147,149-151 

1H1V 428,429,465,467,473-
478,480,482,484, 

 

 

543-548,567-569,621,696,711,714,715, 
718,726,734,741,742,745,746,748-751, 

 
1Y64 1359,1360,1362,14021409,1411,1412, 

1414,1415,1424,1427,1428,1430-
 

 

 

4,5,6,99,100,102,124,125,128,130,143-
148,167,225,318,319,321-

 

 
1F6M 37,39,44,81,83,85,99,100,128,131,133, 

137-139,141-143,215-217,237,238 
31-35,37,40,41,44,60,67,70-75,77,91,93-98 

1FAKa 1,2,4,5,8,9,27-30,34-39,41-
47,50,53,55, 

 

17,18,20,22,24,37,39,40-48,50,51,56,58,61, 
74,76,90-96,109,110,112,130-133,135,140, 

 
1ZLI 1,4,5,9,10,11,12,15,26-29,34,37,41-46, 

52-55,57,72-74 

69,71-73,119-125,127,145,155-157,161-
164, 

 
1E4Ka 9,10,11,37,38,39,41,69,70,71,99,223-

227,314-318,320 
88-90,113,116,117,119,120,129,130-132, 

135,155,158-161 

1IBR 12,45-47,64,70,74-79,81,82,103,104, 
106,107,109,110-114,137,139,140-

  

10,11,12,13,15,18,22,25,51,52,55, 
56,59,60,62,63,67-69,72,105-107, 

 

 

 

 

1KKLa 2,3,4,6,23,44-46,48,64,65,70,76,312, 
313,316,317,319,320 

12-16,40-49,51-57 

1NPE 27,29-33,37-40,42-47,73-78,82,89 9,32,34-37,39,55,56,80,82,98,99,125,141, 
143,168,170,186,210,212,226,248,249,251, 

 
1DFJ 6,7,31,32,60,89,117,146,202,228,257, 

259,283,285,314,316,342,379,397,399, 

 

 

4,7,11,12,23,24,28,31,32,35,38-44,65-
67,69, 

 
 

aFor these cases, the receptor, consisting of multiple chains, was renumbered 
starting from one and continuously over the various chains (for docking a single 
chainID was used). 
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Abstract 
 

Scoring, the process of selecting the biologically relevant solution from a 

pool of generated conformations, is one of the major challenges in the field of 
biomolecular docking. A prominent way to cope with this challenge is to incorporate 

information-based terms into the scoring function. Within this context, we have 

integrated low-resolution shape data obtained from either Ion Mobility Mass 
Spectrometry (IMMS) or SAXS experiments, into the conventional scoring function of 

our information-driven docking program HADDOCK. Here, we systematically assess 
the strengths and weaknesses of IMMS- and SAXS-based scoring, either in isolation or 

in combination with the HADDOCK score. The results from an analysis of a large 

docking decoy set composed of dimers, generated by running HADDOCK in ab inito 
mode, reveal that the content of IMMS data is of too low resolution for selecting 

correct models, while, on the other hand, scoring with SAXS data leads to a 

significant performance improvement. The effectiveness of SAXS scoring however 
depends on the shape and arrangement of the complex with prolate and oblate 

systems showing the best performance. We observe that the highest accuracy is 

achieved when SAXS scoring is combined with the energy-based HADDOCK score. 
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1. Introduction 
 

Understanding how a single cell functions is the fundamental quest of life 
sciences. This can only be comprehensively addressed once the structure-function 

relationships of biomolecular complexes occurring in that particular cell will have 

been explored thoroughly. There are two main classical experimental techniques that 
can reveal the structure of the biomolecular complexes in atomistic detail, X-Ray 

crystallography and NMR spectroscopy. Although these have helped immensely to 
shed light on the mechanical and functional world of biomolecules, they are faced 

with many challenges when the biomolecular systems under study become very 

large, comprise flexible or unstructured regions, exist in very tiny amounts, are 
membrane associated, or when their constituents interact only transiently [1,2]. 

While these limitations hamper acquiring high-resolution information low-resolution 
biochemical or biophysical data can often still be obtained. The disadvantage here is 

that, most of the time, these data are sparse and contain limited structural information 

compared to high-resolution methods. Therefore, computational modeling using 
integrative approaches, like macromolecular docking, are needed to translate these 

sparse low-resolution data into useful structural information [1,3].  
Low-resolution spatial information can be derived from a variety of 

biophysical experimental techniques comprising NMR [3–5], cryo-EM [6,7], MS [8], 

IMMS [9,10], EPR [11], SAXS [1,4], FRET [12], and/or biochemical ones like 
mutagenesis and chemical footprinting [3,6,13]. The data obtained from these 

experiments can be integrated into a modeling procedure either during sampling i.e. 
a priori by restraining the conformational search space, or during scoring, i.e. a 

posteriori by filtering or scoring the generated models based on the discrepancy 

between the experimentally measured structural properties and the back-calculated 
ones. In this work, we focus on the latter and assess the applicability of low-

resolution shape data, obtained from either IMMS or SAXS experiments, for scoring 

decoys generated by macromolecular docking using our information-driven docking 
approach HADDOCK [14,15]. The reasons to focus first on these experimental 

techniques are that they are rapid, effective, and can be applied to a very broad mass 
range [1,4,9,10].  

IMMS is a combination of two different spectrometry techniques: Ion 

mobility and mass spectrometry that are working under gas phase conditions. 
Coupling IM with MS provides information about the mass, subunit composition and 

Collision Cross Sections (CCS) of the biomolecular complexes under study [2,10,16]. 
The CCS is defined as the rotationally averaged area of a molecule that is available to 

interact with the buffer gas, which entails low-resolution (one-dimensional) shape-

related information [10]. It has been demonstrated that CCS values estimated for the 
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lowest charge states measured under gas phase conditions often correlate with the 

ones simulated from X-Ray and NMR structures [10,17–19]. So far CCS-guided 
modeling has been conducted by comparing experimental CCS values with the ones 

simulated from models. It has been used to understand various important biological 

phenomena, e.g. virus capsid formation [20], aggregation of amyloid fibrils [21], 
protein folding pathways [22] and potential conformational changes [16]. Lately 

D'Abramo et al. used CCS data to score the complexes generated by docking [23]. 

They tested their CCS-based scoring function on available CAPRI  (Critical 
Assessment of PRediction of Interactions) targets and observed that the probability of 

selecting a near-native solution was significantly higher than a random selection. 
SAXS allows characterization of biomolecular complexes under native 

conditions [1,24]. It measures the intensity scattered by a protein sample at low 

scattering angles. From the scattering profile size- and shape-related information can 
be extracted, such as molecular weight, radius of gyration, maximum molecular 

dimension and a low-resolution 3D molecular envelope [1,4,25]. The fact that SAXS 
experiments can be conducted in a rapid manner has recently made it possible to run 

them in a high-throughput manner [26]. Over the years, SAXS has been used to shed 

light on challenging vital biological processes, like folding-unfolding events, 
conformational changes and oligomerization processes [1,4,24]. To this end, the 

SAXS information has been typically translated into: (i) a molecular envelope, which 

can guide the construction of ab intio bead models or the docking of individual 3D 
structures [24,25,27], (ii) a restraining energy term, which can be used to refine 

structure directly against the SAXS curve (often in combination with orientational 

NMR restraints) [4,28,29], or (iii) a scoring term that calculates the discrepancy 
between the experimental scattering curve and the back-calculated one from the 

model [30–32]. SAXS-based scoring has been recently incorporated into two ab initio 

docking methods, pyDock [33] and PatchDock [34], revealing that SAXS integrated 
scoring improves the accuracy of model selection significantly.  

Here we present a thorough and systematic investigation of the information-

content of both CCS and SAXS data and their usefulness in filtering docking decoys 
based on a benchmark of 176 complexes (Docking Benchmark 4.0) [35]. For this we 

used HADDOCK, our information-driven docking program that allows inclusion of 
various types of sparse experimental data to drive the modeling of biomolecular 

complexes [14,15]. The docking procedure is composed of three stages: Initial 

docking by rigid-body energy minimization (it0), semi-flexible refinement in torsion 
angle space (it1) and final refinement in explicit solvent (water). The binding mode of 

the complex is roughly determined during it0 and then the top scoring models  

(typically the top 200-400, ranked according to the HADDOCK score) are selected 

for further refinement. In this study, we demonstrate that this selection process plays 
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a critical role in the accuracy of the final models. For this, we combine two different 

scoring functions, integrating CCS information from IMMS or SAXS scattering profiles, 
with the conventional HADDOCK score and measure their performance on docking 

decoys obtained by running HADDOCK in ab initio mode. We analyze the strengths 

and weaknesses of each data type within the context of macromolecular docking and 
reveal that the highest accuracy in scoring can be obtained when these terms are 

combined with the conventional HADDOCK score. Last but not least, this study 

represents HADDOCK’s base-line performance, both for ab initio docking and for the 
inclusion of shape data as filter.  

 

2. Materials and Methods 
 

2.1. Running HADDOCK in ab inito mode 
 

All complexes were docked using the ab initio mode of HADDOCK2.2 with 

only center-of-mass (CM) restraints. CM restraints are distance restraints defined 
between the centers-of-mass of the molecules. They are automatically calculated 

from the dimensions of each component along its principal x,y,z axis (dx, dy, dz) as:  
 

dCM = (dx,i+dy,i+dz,i -dmax,i )/4
i=1

N!6

"   (Eq. 1) 

,where N is the number of constituents that are docked, dx,y,z the dimensions along 

each principal axis and dmax the longest dimension (the latter is subtracted to ensure 
generation of tighter restraints). From this a distance restraint is defined with an upper 

distance bound set to (dCM+1) Å and no lower bound.  

For each docking, 10,000 rigid-body structures were generated with 
ntrials=5 (meaning that 5 docking trials were performed and the best solution was 

kept) starting from random orientations. For each solution, the 180° rotated solution 

was also automatically sampled, resulting in an effective sampling of 100,000 
decoys, of which only 10,000 were written to disk. The number of structures for 

subsequent refinement (it1, water) was increased to 400. In the case of symmetrical 

multimers, proper non-crystallographic symmetry (NCS) and symmetry restraints 
were used as described previously [36]. The solutions were ranked at the end of each 

docking stage according to the following HADDOCK scores:  
 

it0: 0.01EvdW + 1.0EElec+0.01ECM -0.01BSA+1.0EDesolv +0.1ESym  (Eq. 2) 

it1: 1.0EvdW + 1.0EElec+0. 1ECM -0.01BSA+1.0EDesolv +0.1ESym   (Eq. 3) 

water: 1.0EvdW + 0.2EElec+0.1ECM +1.0EDesolv +0.1ESym   (Eq. 4) 
 

EvdW is the van der Waals intermolecular energy, EElec the intermolecular electrostatic 

energy, ECM the distance restraint energy, EDesolv the empirical desolvation energy [37], 
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BSA the buried surface area and, if present, ESym the symmetry restraint energy. The 

non-bonded interactions (EvdW and EElec) are calculated using an 8.5Å cutoff using 
OPLS parameters [38]. The final models were clustered based on the pairwise ligand 

interface RMSD with a minimum cluster size of four and a RMSD cut-off of 7.5Å. The 

resulting clusters were ranked based on the average score of their top four members. 
 

2.2. Generation of synthetic CCS values 
 

The Leeds method [39] was used to generate synthetic CCS values of the 
native complexes and of the docking models. Leeds is a Monte Carlo approach 

estimating the area of the protein to which the buffer gas can collide. It is the fastest 

among the other CCS simulation methods [40–43], and its’ predictions have been 
shown to be in good agreement (~7% difference) with experimental values [10,39]. 

During simulations the default settings of Leeds were kept with the choice of Helium 
as the buffer gas. In order to measure the discrepancy between the CCS value of the 

native complex (CCSRefe) and of the model (CCSMod), the following fit term was 

defined:  CCSFit = abs(CCSRefe – CCSMod)/CCSRefe  (Eq. 5) 
 

2.3. Generation of synthetic SAXS curves 
 

A commonly used method, Crysol [44], was applied to simulate the SAXS curves 

of the native complexes and of the docking models. Synthetic SAXS data were 
simulated for the momentum transfer (s) range of 0.0005-0.5 with default parameters, 

except for the maximum order of harmonics and the number of data points 
generated, which were set to 18 and 256, respectively. In order to measure the 

impact of SAXS data on docking in a realistic manner, noise was added to the data 

such that to mimic the experimental error, as in previously published examples [45–
47]: 

 

 The error-to-intensity ratio (kexp) was calculated by using the data points of a 

good quality experimental SAXS curve (measured from a sample having a 
concentration >10 mg/ml (Tobias Madl, personal communication)) by:   
 

kexp(s) = σexp(s)/Iexp(s) (Eq. 6) 
 

 A second order Gaussian Error Function was fit to the distribution of kexp as a 
function of the momentum transfer s, in order to simulate the error-to-

intensity ratio (ksim): 
 

= 0.22 − .
.

+ 0.06 − .
.

   (Eq. 7)  
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For a realistic error estimation, ksim was randomly chosen within the 

confidence interval (95%) of the Gaussian Error Function (by using the rand 

function of MATLAB [48], for details see Supplementary Material). This ratio 
was then used to scale the intensity predicted by Crysol: 

	  
              σsim(s) = ICRYSOL(s) 

. ksim(s)   (Eq. 8) 
 

To measure the fit between the SAXS curve of the native complex and of the 
model, the discrepancy value, χ (calculated by Crysol) was used: 

 

=   ( ) ( )
( )

    (Eq. 9) 

 

,where Np is the total number of experimental data points, σ(si) is the experimental 

error, c is a scaling factor, Ie(si)  is the experimental intensity and I(si)  is calculated 

intensity [44]. During fitting, the constant subtraction option was used to improve the 
fit [44]. 

 
2.4. Construction of the new scoring function 
 

 The CCS and SAXS fit terms defined above (Eq. 5 and 9) were individually 

incorporated into the standard HADDOCK score. Their optimum weight was 

determined by exploring a range between 0-500 and selecting the weight that results 
in the maximum number of benchmark cases with at least one hit at their top 400. 

This optimization was performed using the it0 structures generated for the 176 cases 

of the Docking Benchmark 4.0 [35] (see below) by running HADDOCK in ab initio 
mode. As a result, the new scoring functions were determined: 

 

HADDOCKCCS = HADDOCKScore + 50 . CCSFit  (Eq. 10) 

HADDOCKSAXS = HADDOCKScore + 50 . χ  (Eq. 11) 
 

In order to define the base-line performance, a random selection of various numbers 
X of models was performed. A near native hit in the top X can be obtained if there are 

≥10000/X near native solutions generated for that particular case. For each top X 

category, an enrichment factor was calculated by averaging over all complexes the 

ratio of the number of hits selected by the combined scoring function (either 
HADDOCKCCS or HADDOCKSAXS) to the number of hits selected by random selection. 
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2.5. Docking Benchmarks  
 

The first benchmark used in this study is Docking Benchmark 4.0 [35], 

which consists of 176 unbound-unbound cases, composed of 52 enzyme-inhibitor, 

25 antibody-antigen and 99 other type of complexes. As SAXS and IMMS are 
sensitive to mass change, the number of residues of the unbound states was matched 

to the one of the native complex (i.e. missing parts in the structure of complex were 
removed from the structures of the free forms).  

The second benchmark is composed of multimeric complexes with more 

than two components. It is an extension of the previously published benchmark 
[36,49] and contains nine cases: four homotrimers, two homotetramers and three 

homopentamers, with C3, D2 and C5 symmetry respectively (Table 1). For six of 
them (1A3F, 1QU9, 1OUS, 1VIM, 1VPN, 1C4Q), the docking was started with the 

separated components of the crystal structure (“bound docking”), since the unbound 

coordinates are not available.  
 

Table 1. The properties of the Symmetric Multimer Benchmark.  
 

PDB ID 

Complex 

Type 

Number of 
amino acids 

(per chain) 

Shape of each chain / 

Anisotropy value 

1JS0u [50] C3 trimer 124 Prolate / 2.2 

1QU9b
 [51] C3 trimer 128 Prolate / 0.1 

1A3Fb [52] C3 trimer 137 Prolate / 1.5 

1URZu [53] C3 trimer 400 Prolate / 19 

1OUSb
 [54] D2 tetramer 114 Prolate / 2.8 

1VIMb
 [55] D2 tetramer 200 Prolate / 0.7 

1B0Cu [56] C5 pentamer 58 Prolate / 3.6 

1C4Qb C5 pentamer 69 Spherical / 0.0 

1VPNb [57] C5 pentamer 289 Prolate / 4.4 
 

b Docking was started with the separated components of the crystal structure. 
u Docking was started with the free forms of the monomers. 

 

2.6. Classification of the cases according to their shape 
 

We classified the shape anisotropy (SA) of the various systems in order to 
study the shape-dependency of the docking and scoring results. Since, in a real case, 

the structure of the complex will not be known, this classification was performed on 

the largest component of each complex. If the partners were similar in size, the one 
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having the largest SA was considered. The shape anisotropy was calculated from the 

eigenvalues ( ) of the molecule’s Gyration Tensor (G) [58,59]:  
 

= ( )
  (12) 

 

,where     is the mean of the eigenvalues. For a rod-like prolate protein, SA would be 
larger then zero (as ≫ ≈ ); for a disc-like oblate protein it would be smaller 

than zero  (as ≪ ≈ ) and for an isotropic sphere-like protein SA would be 
equal to zero  (as ≈ ≈ ). 

 

2.7. Assessment of the docking models quality 
 

At the rigid-body docking stage, a solution with i-RMSD ≤ 4.0 Å was 

considered to be a hit; a case containing at least one hit within the top 400 was 
considered to be successful. After water refinement, the models were evaluated based 

on the CAPRI criteria [60]:   

 Acceptable prediction (one star): i-RMSD ≤ 4 Å or l-RMSD ≤ 10 Å   

 Good prediction (two stars): i- RMSD ≤ 2 Å or l-RMSD ≤ 5 Å 

 High-quality prediction (three stars): i- RMSD ≤ 1 Å or l-RMSD ≤ 1 Å 
 

over the backbone atoms of the ligand (rigid component) after fitting on the receptor. 

A cluster was considered of one-, two-, or three-star quality if at least one of its top 

four members was of the corresponding quality.   
 

3. Results and Discussion 
 

3.1. The Performance of HADDOCK ab initio is mainly limited by scoring rather 
than sampling 
 

HADDOCK was run in ab initio mode to dock the unbound structures of the 

Docking Benchmark 4.0 (see Sections 2.1. and 2.5.). At the rigid-body docking stage 

at least one hit (near-native model among the 10,000 rigid-body docking models) 
was obtained for 78% of the whole benchmark, corresponding to 138 cases out of 

176. Within those 138 successful cases, at least one near-native model could be 
ranked in the top 400 for 49%, top 100 for 27% and top 10 for 13% of the cases. 

These statistics reveal a large success rate difference between sampling and scoring: 

considering the 138 successful cases, even for the best case (top 400 category), the 
overall success rate dropped upon scoring by 50% (from 100% to 49%).  This 

indicates that the success rate of HADDOCK ab initio is mainly limited by scoring 

rather than sampling [61]. A possible solution to overcome this problem is to 
incorporate external information into the scoring function [6,62–65]. For this purpose 
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we developed two different scoring functions that integrate collision cross section 

information from IMMS and scattering profile from SAXS experiments.  
 

3.2. CCS does not discriminate between different docking poses of dimers  
 

In order to evaluate the effect of CCS on HADDOCK’s scoring function, the 

set of 138 successful complexes with at least one near native hit were ranked 
according to a random selection, the standard HADDOCK score (Eq. 2), CCSFit only 

(Eq. 5) and the optimized combined HADDOCKCCS score (Eq. 10). The corresponding 

scoring performances is depicted in Figure 1A. This analysis revealed that the success 
rate of CCSFit-based ranking was either significantly worse than the random selection 

(as in top 400 category) or similar to it. This implies that for this particular benchmark 

set the CCS data do not contain any information that would allow discriminating 
different docking poses. Accordingly, incorporation of the CCSFit term into the 

standard HADDOCK score did not result in any improvement. 

 
 

 
Figure 1. Depicted success rates of various scoring functions. The success rates 
were calculated on Docking Benchmark 4.0 cases, for which HADDOCK ab inito 
could generate at least one hit (138 cases). For each top ranking category, the 
scoring performances are presented in the order of A. random selection, 
HADDOCK, CCSFit-only and HADDOCKCCS 

scores, and B. random selection, 
HADDOCK, χ-only and HADDOCKSAXS scores. 

 

 Previously Ruotolo et al. presented that simulated CCS values of a complex, 

composed of 8kDa subunits (~75 amino acids) start to diverge from each other 
significantly only at large subunit numbers (varying between 8-to-12 subunits, see 

Figure 1a of Ruotolo et al. [2]). This observation was further supported by the 

findings of Politis et al. (Figure 3a of [16]) and Pukala et al. (Figure 2 [66]). In our 
case, the lack of sensitivity of the CCSFit term could be attributed to the fact that the 

Docking Benchmark 4.0 consists only of dimers or rather limited size (between 7-90 
kDa). To investigate the subunit- and mass-dependency of CCS, we scored the it0 

models of 1VIM and 1VPN, the two largest complexes of our multimer benchmark, 

A. B.

Top400 Top100 Top10 Top400 Top100 Top10

10

30

50

70

90

10

30

50

70

90

Su
cc

es
s R

at
e 

(%
)

Su
cc

es
s R

at
e 

(%
)

Random Selection
HADDOCK Score

-only
HADDOCKSAXS

Random Selection
HADDOCK Score
CCS-only
HADDOCKCCS

    4 



	  90 

with CCSFit and HADDOCKCCS terms. In the case of 1VIM, both CCSFit and 

HADDOCKCCS could rank all of the near-native solutions at top 10, whereas for 
1VPN they could not rank any hit even at top 400. Although these results were not 

conclusive, they suggest that CCS data do carry potential for the study of large 

macromolecular complexes. 
 

3.3. HADDOCKSAXS improves scoring of rigid-body docking models 
 

In order to assess the scoring ability of HADDOCKSAXS, the success rates of a 
random selection, the standard HADDOCK score, the SAXS only χ-score and the 

combined HADDOCKSAXS score were compared (Figure 1B). The success rate 

statistics revealed that the SAXS χ has a significant discriminative ability (even higher 
than the standard HADDOCK score). Among all the scoring functions, however, the 

combination of χ and HADDOCK score performed the best, especially for the top 

400 category (Figure 1B), with a 24% improvement in success rate (from 49% to 
73%, measured over the set of 138 complexes with at least one near-native hit). We 

also calculated the enrichment factor of each scoring function compared to a random 
selection (Table 2, see Section 2.4.). On average HADDOCKSAXS scoring could enrich 

the number of hits selected per case by 8 fold for the top 400 category and by 17 fold 

for the top 100 category, showing the best performance and almost doubling the 
performance of the HADDOCK score.  

 

Table 2. Enrichment factors of various scoring functions compared to a random 
selection. The enrichment factor is calculated as the ratio of the number of selected 
near-native solutions (for the given top category) compared to a random selection of 
the same number of models. (This measure could only be calculated for top 400 
and top 100 categories, as for the lowers ones random selection could not rank any 
hit in the given top category.) 

 

 Haddock  χ-only HADDOCKSAXS 

Top 400 4.5 5.7 7.9 

Top 100 9.4 14.5 16.8 

 

In the last stage of HADDOCK, the water-refined solutions are typically 
clustered requiring a minimum number of four models per clusters. Successful 

clustering would therefore require a minimum number of four near-native solutions 
at it0. Considering this requirement, only 116 out of the 176 complexes would 

qualify for clustering (irrespective of the rank of the models). While the resulting 

overall success rate decreases from 78% to 66%, the overall conclusions about the 
improved performance of the combined SAXS score do not change (data not shown). 
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It has already been demonstrated that SAXS could distinguish better between 

different conformations of the same complex, if the anisotropy of the complex’s 
constituents is high, namely if their shape is far from spherical [4,33,67]. To explore 

this point we classified the successful set of 138 complexes into three: prolate (90 

cases), oblate  (25 cases), spherical (23 cases) based on the largest constituent of each 

complex and not the complex itself, so that this measure can potentially be used as a 
predictor of the impact of SAXS scoring in real cases, where the structure of the 

complex is still unknown. The performance of the various scoring functions was 
analyzed for each class separately revealing that SAXS χ-based scoring performs 

significantly better for anisotropic (66% for prolate, 72% for oblate) complexes than 

for spherical (57%) ones (Figure 2). The same can be observed for the combined 

HADDOCKSAXS score, although with an increased overall performance (74 % for 
prolate, 76% for oblate, 65 % for spherical).  

 

 
Figure 2. Depicted success rates of various scoring functions classified according 
to shape and function of the complexes. The success rates presented here are for 
top 400 category and they are calculated on 138 successful cases of the 
benchmark. A. The successful docking decoys are classified according to their 
shape determinants into: prolate (90 cases), oblate  (25 cases), spherical (23 cases), 
and B. biochemical functions into: Enzyme-Inhibitor (45 cases), Antibody-Antigen 
(19 cases), Other (74 cases). 

 

When the same set was classified according to biochemical function, the 
most pronounced increase in scoring accuracy was seen for Antibody-Antigen 

complexes: HADDOCKSAXS could rank at least one hit at top 400 for all of the 
Antibody-Antigen cases (100% success rate), whereas the regular HADDOCK score 

could do the same only for half of them. This impressive improvement is related to 

the shape dependency of SAXS scoring since all of the Antibody-Antigens complexes 
are highly anisotropic (prolate). Compared to Antibody-Antigens complexes, the 

success rate of HADDOCKSAXS dropped to 76% for Enzyme-Inhibitors and 65% for 

the Other category.  
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3.4 Impact of flexible refinement 
 

The top 400 models re-ranked according to the HADDOCKSAXS score were 

subjected to HADDOCK’s two-step refinement protocol (it1, water). This flexible 

refinement resulted in a success rate increase of 2% compared to rigid-body docking  
(73%). Among the cases having at least one hit, 56% contained one-star quality 

solutions, 42% two- and only 2% three-star solutions. The performance comparison 

between HADDOCK and HADDOCKSAXS revealed that HADDOCKSAXS improves the 
success rate of the high-ranking top categories (Figure 3). 

 

 

 

 
 
 
Figure 3. Performance comparison of 
HADDOCK (blue) and HADDOCKSAXS  

(red) scores at the end of the water 
stage. The success rates were calculated 
for different top ranking categories 
(between top 400 and top 10) of 
Docking Benchmark 4.0 cases, for 
which HADDOCK ab inito could 
generate at least one hit (138 cases). 

 
For example, for the top 25 category HADDOCKSAXS could increase the 

success rate of HADDOCK by 17% (from 54% to 71%). Note again that these 
numbers refer to the scoring performance of HADDOCK run in ab initio mode, 

without any additional information except for the SAXS term used in scoring. As an 

alternative to HADDOCK ab inito, docking can also be driven by bioinformatic 
predictions. In that case, the scoring performance was shown to double, from 27% to 

58%, after water refinement [61].  

 
3.5. HADDOCKSAXS improves the ranking of symmetric multimers especially for 
anisotropic ones 
 

In order to assess the impact of SAXS scoring on larger systems, we run 
HADDOCK in ab initio mode on a symmetric multimer benchmark composed of 9 

complexes from trimers to pentamers (Table 1). This benchmark is an extension of 

our previously reported multibody docking work [36]. HADDOCK generated a 
substantial number of near-native hits for five cases (Table 3). Their number however 

decreased significantly for larger system sizes (as in 1OUS, 1VIM, 1VPN, Table 3) or 

in cases where significant conformational changes are observed upon binding, such 
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as in 1URZ where backbone-RMSD change is 4.3Å. For these, very few near-native 

solutions could be sampled or none as in the latter case.  
 

 

Table 3. The rigid-body docking (it0) performance of HADDOCK and scoring performance of 
HADDOCKSAXS 

on Symmetric Multimer Benchmark. The second column refer to the total 
number of near-native hitsa generated, the third to the number of near native hits ranked within 
the top 400 using the regular HADDOCK score (Eq. 4) and the fourth column to the number of 
hits ranked using the combined HADDOCKSAXS score (Eq. 11). The last column corresponds to 
the enrichment factor calculated as the ratio of the number of hits by combined 
HADDOCKSAXS scoring to the number of hits by regular HADDOCK scoring. 
 

 

PDB 
ID 

Number of 

hits 
generated 

Number of hits 

ranked by 
HADDOCK 

(% of total hits) 

Number of hits 
ranked by 

HADDOCKSAXS 

(% of total hits) 

Enrichment factor 

compared to the 
standard 

HADDOCK score 

1JS0 90  4 (4%) 88 (98%) 24.5 

1QU9 409 368 (92%) 366 (91%) 1.0 

1A3F 418 112 (28%) 273 (68%) 2.4 

1URZ - - - - 

1OUS 1 0 0 0 

1VIM 8  8 (100%) 8 (100%) 1 

1B0C 66  0 30 (45%) ∞ 

1C4Q 231  217 (94%) 212 (92%) 1.4 

1VPN 8 5 (62%) 5 (62%) 1 
aA solution is considered to be a near-native hit, if it is within 4.0Å i-RMSD or 10Å 
l-RMSD of the native solution (see Section 2.7.). 
 

Irrespective of the docking difficulty, HADDOCKSAXS could rank at least one hit 
within the top 400 for seven out of eight cases, which translates into a success rate of 

88%. As observed before for dimers, also in the case of multimers it performs 
significantly better for systems having high anisotropy (1A3F, 1JS0, 1B0C) than for the 

ones with low anisotropy (1QU9, 1C4Q) (Table 1). At the end of water refinement, a 

top ranking high accuracy three-star solution could be generated for four cases, a 
medium quality two-star for two and an acceptable one-star solution for one (Table 

4, Figure 4). Moreover, all these high quality solutions were populated in top ranking 

clusters.  
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Table 4. Scoring performance of HADDOCKSAXS on Symmetric Multimer 

Benchmark at the end of the flexible refinement (water) stage. 
	  

  Single structure scoring 

(Qualitya/Rank)  

Cluster-based scoring 

 (Qualitya/Rank) 

1JS0 ★/1 & ★★/14 ★/1 & ★★/2 

1QU9 ★★★/1 ★★★/1 

1A3F ★★★/1 ★★★/1 

1URZ - - 

1OUS - - 

1VIM ★/1 ★/1 

1B0C ★/7 ★/1 & ★★/2 

1C4Q ★★★/1 ★★★/1 

1VPN ★★★/1 not clustered 
a For the definition of quality, see Section 2.7. 

 

 

 

 
 

Figure 4. Selected illustrations of the best models ranked by HADDOCKSAXS. For 
each case, the fit between the simulated scattering curve of the crystal structure (red 
crosses) and the one of the best HADDOCK model (black, connected-lines) is 
demonstrated. The structure of the best HADDOCK model (colored) superimposed 
on top of the crystal structure (black) is placed at the top right corner of each 
scattering curve. Next to each model, it’s quality and rank are indicated. 
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3.6. Application examples with experimental SAXS profiles 
 

We tested the performance of HADDOCKSAXS on three cases (3K3K, 2R15 

and 1O6S) for which experimental SAXS profiles are available (Table 5). The 

experimental SAXS curve of 3K3K was acquired from the Biosis database [26], the 
profiles of the other two were kindly provided by Dmitri Svergun [33]. For docking, 

HADDOCK ab initio and for scoring, HADDOCKSAXS were used in the same way as 

described above. The data and results are summarized in Tables 5 and 6. 
3K3K is an abscisic acid receptor forming an asymmetric homodimer [68]. 

Docking of 3K3K was started from the isolated chains of 3K3K. At the end of it0, 

HADDOCK could rank 63% of the hits generated within the top 400, whereas this 
rate dropped to 44% upon HADDOCKSAXS scoring (Table 6A). This accuracy drop 

was due to the fact that the χ value calculated for a degenerate binding mode and for 

the native solution was the same (Figure 5A,B). Recently Gabel et al. [67] remarked 
that, when the monomers of a homodimer are oriented in a “side-by-side” fashion, as 

in the case here, the SAXS curves simulated from different side-by-side orientations of 

the same complex fit equally well to the experimental curve. This degeneracy issue is 

less problematic when the monomers are arranged in an “end-to-end” (rod-like) 
fashion. Despite the degeneracy problem, the contribution of the HADDOCK score 

ensured that a biologically meaningful, high accuracy cluster was ranked at top at the 

end of the flexible refinement (Figure 5B).  
 

Table 5. Test benchmark with experimental SAXS curves. 
 

PDB ID 
Complex 

Type 

# of 
amino acids 

(per chain) 

Shape of each 
chain / 

Anisotropy value 

3K3Kb [68] Homodimer 211 Prolate / 0.8 

2R15b [69] 

 

Homodimer 212 Prolate / 26.8 

1O6Su [70] 

 

Dimer 466/105 Prolate / 11.3 
 

b Docking was started with the separated components of the crystal structure. 
u The docking was started with the free forms of the monomers: 1O6T [70] and 
chain B of 1FF5 [71].  

 
2R15 is a complex of an end-to-end myomesin fragment, composed of two 

highly prolate domains (My12 and My13) (Table 5) [69]. My12 was used as starting 

structure for both chains. During rigid-body docking, only two near-native models 
could be generated, which were successfully selected by HADDOCKSAXS for further 

refinement. At the end of the flexible refinement one of these near-native solutions 
was ranked within the top 10 (Table 6B). This scoring success (successful selection of 
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2 out 10,000 models) could be achieved since the monomers of 2R15 are highly 

prolate and, in the complex, they are oriented in an “end-to-end” fashion (Figure 5C).  

The last example, 1O6S is a prolate complex of internalin (InlA) and the N-
terminal domain of human E-cadherin (hEC1) (Table 5) [70]. The docking was started 

with the free forms of In1A (PDB id, 1O6T [70]) and hEC1 (PDB Id, 1FF5_chainB 

[71]). During rigid-body docking 25 near-native models were generated, none of 
which were ranked within the top 400 with the regular HADDOCK score. Yet 

HADDOCKSAXS selected 80% of those near-native models for further refinement, 
which were then populated in the top ranking one-star quality cluster at the end of 

the flexible refinement (Table 6, Figure 5D).  

 
Table 6A. Rigid-body docking (it0) performance of HADDOCK and scoring 
performance of HADDOCKSAXS 

on the Benchmark with experimental SAXS curves. 
The second column refer to the total number of hits generated, the third column to 
the number of hits ranked at top 400 by HADDOCK and the last column to the 
number of hits ranked by HADDOCKSAXS. 

 

 
# of hits generated 

# of hits ranked by 
HADDOCK 

(% of total hits) 

# of hits ranked 

by HADDOCKSAXS 

(% of total hits) 

3K3Kb 117 74 (63%) 52 (44%) 

2R15 2 0 (%) 2 (100%) 

1O6S 25 0 (%) 20 (80%) 

 
Table 6B. Scoring performance of HADDOCK

SAXS 
at the end of flexible refinement 

(water) stage. 
 

 Single structure 
scoring 

(Qualitya/Rank) 

Cluster-based scoring 

(Qualitya/Rank) 

3K3Kb ★★★/17 ★★★/1 

2R15 ★/6 & ★★12 - 

1O6S ★/32 ★/1 
 

a For the definition of quality, see Section 2.7. 
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Figure 5. The performance of HADDOCKSAXS on cases with real SAXS profile. 
For each case, the fit between the experimental scattering curve (red crosses) 
and the simulated one of the HADDOCK model (black, connected-lines) is 
depicted together with the superimposed HADDOCK model (colored) on top of 
the crystal structure (black). Next to each model, it’s quality and rank are 
indicated. A-B. When the monomers of a homodimer are oriented in a “side-by-
side” fashion, as in the 3K3K case, SAXS curves simulated from A. a degenerate 
and B. a correct binding mode could fit equally well to reference SAXS curve. C. 
For 2R15, although two near-native models were sampled during it0, one of 
them could be ranked at top 10 with HADDOCKSAXS at the end of water 
refinement. D. HADDOCKSAXS could select 80% of the near-native 1O6S 
models for further refinement, which were then populated in a top ranking one-
star quality cluster at the end of water. 
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4. Conclusions  
 

In this work, we demonstrated that, in the absence of external information, 
the accuracy of docking models obtained by running HADDOCK in ab initio mode is 

substantially limited by scoring rather than sampling. The inaccurate nature of 

conventional scoring functions can, however, be improved by incorporating 
information-based terms. Within this context, we evaluated the impact of integrating 

CCS from IMMS and scattering profile from SAXS experiments into HADDOCK’s 
scoring function.   

 Our analysis revealed that the information content of CCS data is of too low-

resolution for distinguishing correct models in a large docking decoy set composed of 
dimers. Despite this failure to distinguish near-native docking poses for dimeric 

assemblies, in principle, CCS data could add useful information for large 
macromolecular complexes. Indeed, various literature examples have underpinned 

the size dependency of CCS, indicating that CCS-based terms start to be 

discriminative at high subunit numbers [2,16,66].  In order to test this, we re-ranked 
the rigid-body docking models of the two largest assemblies of our multimer 

benchmark, 1VIM and 1VPN (Table 1). As a result, CCSFit and HADDOCKCCS worked 
out nicely for 1VIM (both of them ranked all of the near-native solutions at top), 

whereas they could not select any hit in the latter for further refinement. This analysis 

suggests that there is room for further improvements, especially for large assemblies.  
In contrast to the CCS data, the results presented here for SAXS scoring show 

a significant performance improvement, especially when combined with an energy-
based function, like the classical HADDOCK score. The scoring performance, 

however, depends on the shape and arrangement of the complex. Therefore, the 

SAXS scoring term should be preferentially combined with conventional, energy-
based scoring functions, in order to ensure a selection of physically relevant 

interfaces. Any additional source of information that can be included in the sampling 
phase will also increase the coverage of near-native solutions and compensate for the 

inherent shape- and orientation-dependency of SAXS data. For that HADDOCK is an 

excellent candidate, with its built-in ability of incorporating various sources of data 
addressing spatial properties, such as interface contacts, orientation between 

molecules and residue-to-residue distances. The HADDOCKCCS and HADDOCKSAXS 
scoring functions and associated scripts will be part of a future release of HADDOCK 

and are freely available upon request. 
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Supplementary Material 
 

Generation of errors for the synthetic SAXS curve 
 

The error-to-intensity ratio (kexp) was calculated by using the data points of a 

good quality experimental SAXS curve (measured from a sample having a 

concentration >10 mg/ml (Tobias Madl, personal communication)) (Figure S1). A 
second order Gaussian Error Function provided the best fit to kexp (with R2: 0.97 and 

RMSE: 0.01), which is used to simulate error-to-intensity ratio, ksim for the s-range 

between 0.02 and 0.5, for the intensity range between -0.5 and 0.25: 
 

= − + −   (1) 
 

The coefficients of ksim and their confidence bounds (with 95% of confidence level) 

were determined to be: 
 

a1 b1 c1 

0.2177  
(0.2158, 0.2196) 

0.4238 
 (0.419, 0.4286) 

0.2044  
(0.1984, 0.2104) 

 

a2 b2 c2 

0.0642  
(0.0574, 0.071) 

0.2407 
 (0.238, 0.2437) 

0.0861  
(0.0794, 0.09285) 

 

For a realistic error estimation, ksim was randomly chosen within the confidence 

interval (95%) of the Gaussian Error Function (by using the rand function of MATLAB 

[48]). An illustration of the randomly simulated ksim is presented in Figure S1. 
 

 
Figure S1. The evaluation of the real (kexp) and simulated (ksim) error-to-
intensity ratio. The kexp (black crosses) was calculated by using the data points 
of a good quality experimental SAXS curve, whereas ksim 

(red dots) was randomly 
chosen within the confidence interval (95%) of the Gaussian Error Function (Eq. 
1), which was fit to kexp.  
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Abstract 
 
 Integrative approaches that incorporate various biophysical and/or 

biochemical information into the modeling process can help exploring biological 

function at atomic detail or suggest hypothesis-driven experiments. They are 
particularly valuable when conventional high-resolution structural determination 

methods fail. Within this context, this chapter presents two examples of integrative 
modeling using our information-driven docking approach HADDOCK. In the first, 

using NMR chemical shift perturbation and mutagenesis data, we show that the 

topology of the deubiquitination enzyme Josephin imposes a preference for the 
cleavage of K48-linked di-ubiquitin chains. In the second example, we model, based 

on the EPR and SAXS data, the transfer complex of the histone heterodimer H3-H4 
from Asf1 to p48, two histone chaperones, known to be involved in the initiation of 

nucleosome assembly formation. The generated models provide insight into the 

interactions and suggest mutations for further experimental validation.  
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1. Introduction 
 

Numerous biophysical and/or biochemical experimental methods can 

provide in a reasonably fast manner reliable low-resolution information on 

biomolecular complexes. This information can become very valuable when the 
conventional high-resolution structure determination techniques fail. In order to 

translate these low-resolution data into structural information, efficient integrative 
modeling tools are needed. These are helpful to address biological function at atomic 

detail or to reduce the number of possible experiments by suggesting hypothesis-

driven ones (see Chapter 1). In this chapter, we illustrate integrative modeling with 
two application examples underpinning the mentioned advantages. In the first, using 

NMR and mutagenesis data, we investigate the structural basis of a deubiquitination 
enzyme’s biological activity. In the second, we model, based on EPR and SAXS data, 

the complex between histones H3-H4 and two histone-chaperones leading to 

initiation of the nucleosome assembly. For this, we use our information-driven 
docking program HADDOCK [1,2]. In the first example, we follow a Flexible 

Multidomain Docking (FMD) protocol (see Chapter 3). In the second case, we make 

use of the combined HADDOCKSAXS scoring presented in Chapter 4.  
 

2. The Role of the Josephin Domain in the poly-Ubiquitin Binding and 

Cleavage properties of Ataxin-3 
 

Ubiquitin (Ub) is an adaptor protein functioning in various pathways, such as 

transcription, protein degradation, immune response etc. It is attached to protein 
substrates either as a single Ub molecule or as poly-ubiquitin (polyUb) chains [3].  

The latter are formed by linkage of a lysine residue in Ub to the C-terminal of another 
Ub molecule. Ubiquitin carries seven lysine residues, allowing thus for various 

linkages. Each linkage type has a different function, among which K48- and K63-

linkages are the most studied ones [4]. K48-linked polyUb chains function in the 
degradation pathway [5–7], whereas K63-linked polyUb chains have a non-

degradative signaling role in transcription activation, DNA repair and damage 
response [8,9]. Detailed knowledge on how differently branched polyUb chains are 

recognized and differentiated remains elusive [10]. So far, it has been proposed that 

the recognition specificity is modulated by proteins consisting of multiple domains 
with different Ub interaction motifs. Ataxin-3, which takes part in quality control 

pathways and transcriptional regulation, is such a protein: it preferentially cleaves 
K48-, K63- and mixed polyUb chains (with four or more subunits) [11–14]. Ataxin-3 

entails a catalytic N-terminal Jospehin domain that has a cysteine protease fold 

(Figure 1A). Chemical Shift Perturbation (CSP) NMR experiments has unveiled two 
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distinct Ub binding sites on Josephin: a proximal (close to the active site, site 1) and a 

distal one (site 2) (Figure 1A) [15]. The structure of Josephin bound to polyUb chains 

is however unknown. In this work, we explore by information-driven docking with 
HADDOCK, under the guidance of mutation and CSP-NMR data, whether the 

topology of Josephin imposes any preference for differently branched (K48- or K-63) 
diUb linkages [10]. 

 

2.1. Data used to drive the integrative modeling of the Josephin-diUb complex 
 

The starting structures for Josephin and Ub were taken from PDB entries 
1yzb (NMR ensemble) [16] and 1ubq (X-Ray structure) [17], respectively. Ambiguous 

Interaction Restraints (AIRs) were defined from CSP data obtained from NMR 
titrations of Josephin constructs with a mutation at either site 1 (I77K-Q78K) or site 2 

(W87K). SAMPLEX [18] was run to determine the significant changes in the CSP data 

of the two binding sites. The active residues for docking were defined based on the 
SAMPLEX selection. For Ub, the passive residues were defined as the solvent 

accessible neighbors of the active ones within a 5Å cut-off, whereas for Josephin this 

cut-off was set to 10Å, in order to increase the interface coverage on Josephin [10].  

 
2.2. Description of the integrative modeling strategy 
 

Three different three-body (two Ub molecules and Josephin) docking runs 

were performed to test the ability of K48- and K63-linked diUb to interact with 
Josephin [10]. The isopeptide bond between the two Ubs was defined by imposing a 

loose distance restraint of 10 Å between the side chain ammonium group of either 

K48 or K63 and the carboxyl carbon atom of G76 for the initial docking; this distance 
was subsequently decreased to 1.5Å for the final water refinement to reestablish the 

isopeptide bond (as described in Chapter 3). In the first two runs, the K48- and K63-

linkages were imposed separately, whereas in the third run an ambiguous linkage 
restraint was imposed to both K48 and K63 residues to see which one would be 

preferentially selected during docking. In the third docking run, an ambiguous 
distance was defined to both K48 and K63. The C-terminal tail (last three residues) of 

each Ub was defined as fully flexible together with K48 and/or K63 depending on the 

linkage type to allow for increased conformational sampling both across the linkage 
and in the C-terminal tail that should get into proximity of the active site. In all three 

runs, 5000 models were generated by rigid body docking (it0) and the best 200 were 

subjected to a semi-flexible refinement in torsion angle space (it1) followed by 
refinement in explicit water (water). Random removal of restraints was turned off 

(noecv=false) and additional center-of-mass restraints were defined between the 
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various molecules to ensure the compactness of the solutions. All other parameters 

were left to their HADDOCK default values.  
All three runs were repeated with one additional distance restraint (10 Å) 

between the Josephin’s active site (side chain sulphur of Cys14) and the Ub’s C-

terminal carbon not involved in the diUb linkage (Figure 1). This distance was 
shortened to 5Å for the final water refinement step. The final models were clustered 

based on the pairwise ligand interface RMSD with a minimum cluster size of four 

and a RMSD cut-off of 5Å (this value was decreased from the default 7.5Å to have a 
better clustering in this multibody docking case). The resulting clusters were ranked 

based on the average HADDOCK score of their top four members. 

 
2.3. The topology of Josephin selects preferentially for K48-linked diUb linkages 
 

The docking run with the K48-diUb linkage in combination with the 

ambiguous interaction restraints (AIRs) defined from the CSP data resulted in two 
ensembles of solutions with similar scores (data not shown). Site 1 (or proximal) Ub 

shares the same orientation in all solutions, suggesting that this site is overall better 

defined. For Ub binding to site 2 (distal), two contiguous binding surfaces were found 
that seem to be equally compatible with the experimental restraints [10]. Strikingly, 

both clusters contain solutions with the C- terminus of site 1 Ub at close proximity to 
the Josephin active site, even though no explicit distance restraints were defined to 

position it close to the active site of Josephin (Figure 1A). In the second run with the 

K63 Ub linkage, the solutions were more scattered and no biologically meaningful 
structures could be obtained (i.e. none having the Ub C-terminus close to the 

catalytic center) [10]. Even in the best case, the C-terminus of site 1 Ub was far away 
from the active site (Figure 1B). To investigate if this could be an artifact of our 

docking procedure, we repeated the calculations with an additional distance restraint 

to position the C-terminus of the site 1 Ub into the Josephin active site. No solution 
was found that could satisfy this restraint indicating that the two subunits of a K63-

linked diUb cannot be accommodated simultaneously in both Josephin sites. Finally, 

we performed a run in which the linkage preference was left ambiguous by defining 
a linkage restraint including both K48 and K63. Although both linkage types were 

obtained at the rigid-body docking stage, the only selected solutions for the 
subsequent semi-flexible refinement based on the HADDOCK score correspond to 

the K48-linkage. These results indicate that the different linkages result in different 

positioning of the two Ubs on Josephin and dictate the different binding specificities: 
The K63-linked diUb can not accommodate the geometric requirements imposed by 

the two Josephin binding sites and only the K48-linkage diUb is able to occupy both 
Ub-binding sites of Josephin simultaneously. This observation was further supported 
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by biochemical experiments. Our collaborators incubated isolated Josephin with 

equal amounts of K48-linked or K63-linked pentaUb chains. The isolated Josephin 
domain cleaved K48-linked pentaUb chains with a higher efficiency compared to 

K63-linked chains, which indicates a preference of Josephin for K48-linkages (Figure 

1C) [10], consistent with our prediction based on the docking models. 
 

 
Figure 1. NMR CSP data-driven HADDOCKing unveils that Josephin’s topology 
dictates a preference for K48-linked diUb chains, This is further supported by 
enzymatic assays.  Josephin is depicted in green cartoon and its encircled active site 
(C14, H119, N134) by red spheres. diUb is represented as marine-blue cartoon, its 
C-terminus as magenta sphere and its linked lysines as green spheres. The two 
subunits of K48-linked diUb could populate the binding and catalytic sites on 
Josephin simultaneously (A), whereas K63-linked diUb chains could not (B). This 
suggests a preference for the cleavage of K48-linked poly-ubiquitin chains, which 
was demonstrated experimentally (C): Equal amounts of pentaUb K48- or K63-
linked chains were incubated together with Josephin, which revealed that isolated 
Josephin domain cleaves K48-linked pentaUb chains with a higher efficiency 
compared to K63-linked ones. 

 

3. Structural Basis for the H3-H4 histone Exchange Complex between two 

Different Histone-chaperons, p48 and Asf1   
 

The nucleosome is the integral subunit of the eukaryotic chromatin structure. 
Its core is composed of an octomeric histone complex that is formed by association 

of, first, two H3-H4 heterodimers with DNA and, then, two H2A-H3B heterodimers 

with the formed histone-DNA complex [19,20]. During DNA replication, histone 
chaperons assist the formation of nucleosomes and recruits enzymes to them for post-

translational modification [21]. Retinoblastoma protein RbAp48 (p48) is one of the 

key chaperones in this process. Its structure belongs to the WD40 repeat β-propeller 

fold (Figure 2B) [22,23] and is a subunit of the chromatin-assembly-factor-1 complex  
(CAF-1) that positions heterodimeric H3-H4 histones onto newly replicated DNA to 

initiate nucleosome assembly [21,24,25]. During the initiation process, CAF-1 is 

assisted by another critical chaperone, anti-silencing function protein 1 (Asf1) [26]. 

   5 



	  110 

The crystal structure of H3-H4-Asf1 showed that Asf1 envelops H3 to prevent H3-H4 

oligomerization (Asf1, Figure 2A), facilitating the transfer of H3-H4 to CAF-1 as a 

dimer. Here, based on SAXS and EPR data combined with docking, we investigate, 
the structural basis of the initiation mechanism of nucleosome assembly formation, 

i.e. the p48-H3-H4-Asf1 complex that captures the transfer of H3-H4 heterodimer 
from Asf1 to p48. 

 
3.1. Data used to drive the integrative modeling of p48-H3-H4-Asf1 
 

For modeling the p48-H3-H4-Asf1 complex, two starting structures were 
used. The first one corresponds to a model of the complex between p48 (pdb id: 

2xu7 [27]) and the N-terminal helix of H4 histone (p48-H4Nter) based on the crystal 
structure of the p46-H4Nter complex, 3cfs [21] (Figure 2B). The key residues involved 

in hydrophobic or hydrophilic/charged interactions with H4 and defining the protein 

fold are identical in p48 and p46 (the overall sequence homology is 90%) [21]. The 
model was constructed as follows: p48 was first rigidly fit on p46-H4Nter complex (in 

Pymol [28]), then p48 and H4Nter(taken from the p46-H4Nter complex) were extracted 
and the resulting complex was optimized with the refinement server of HADDOCK. 

The second structure used for docking was taken from the crystal structure of the 

Asf1-H3-H4 complex (H3-ΔH4-Asf1) [26] with the N-terminal helix of H4 chopped 
off.  

SAXS data (collected on a 1.0 mg/ml sample) (Aleksandra Watson, 
Cambridge University, unpublished data) and distance information from PELDOR 

EPR experiments were available for modeling the p48-H3-H4-Asf1 complex. The 
SAXS profile was used for scoring the docking models (see Chapter 4). The EPR data 

were not used as restraints, but were indicative of structural rearrangements during 

complex formation (The distance between the labeled N-terminal helices of H3 and 
H4 was observed to dramatically change upon H3-H4’s complexation with p48, 

Ernest Laue, Cambridge University, unpublished data). This information was used to 
devise a docking protocol allowing for increased flexibility (see below).  

 

3.2. Description of the integrative modeling strategy 
 

In order to explore the structural grounds of the conformational change 

suggested by EPR experiments, the H3-H4 heterodimer (extracted from 2hue) was fit 
onto the H4Nter of the p48-H4Nter model. This rigid-body fitting resulted in serious 

steric clashes (Figure 2C), indicating that H4 should experience major 
conformational changes when it binds to p48. In order to generate possible models of 

the p48-H3-H4-Asf1 complex allowing for conformational changes, we docked p48-

H4Nter and H3-ΔH4-Asf1, using only center-of-mass restraints in combination with a 
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loose unambiguous restraint of 10 Å between G41 and G42 where the cut in H3-H4 

was introduced. This distance was reduced to 1.3 Å for the final water refinement. In 

addition, three residues from each side of the separated H4 structural segments 

(H4Nter and ΔH4) were treated as fully flexible. Their terminus was kept uncharged. 
The number of structures at the it0, it1 and water stages was increased to 

10,000/400/400 respectively. At the end of it0, models were selected for further 

refinement by using the combined HADDOCKSAXS score (see Chapter 4). All other 

parameters were left to their HADDOCK default values. The final models were 
clustered with a clustering cut-off of 7.5Å and ranked based on the average 

HADDOCK score of their top four members.  
 

 
Figure 2. The superimposed N-terminal helices of histone H4 belonging to 2hue 
(H3-H4-Asf1) and 3cfs (p46-H3-H4) suggest that a dramatic structural 
rearrangement must occur in H4 upon complexation with p48 (a close homologue 
of p46). Asf1 is illustrated in black cartoon, H3 in cyan-green cartoon, H4 in 
marine-blue cartoon and p46 in gold cartoon. The N-terminal helix of H4 (H4Nter) is 
represented with marine-blue transparent surface. A. Asf1 envelopes H3, in order to 
block H3-H4 heterotetramer formation [26]. B. p46 contains a groove formed 
between N-terminal helix and an extended loop, to which  H4Nter binds [21]. C. H4 
cannot preserve its conformational state captured in 2hue, as superimposition of it 
on top of 3cfs’s H4Nter

 results in serious steric clashes. 
 
3.3. Initial models of p48-H3-H4-Asf1 exchange complex suggest further mutational 
studies 
 

The docking procedure described in Section 3.2 resulted in three clusters 

(Table 1, Figure 3). Although the binding mode of each cluster is different they all (i) 

have p48 and Asf1 in close vicinity to facilitate the transfer of H3-H4 heterodimer, (ii) 
fit the experimental SAXS data equally well with comparable χ values and (iii) in all, 

the termini of H4Nter and ΔH4 are close enough to be re-connected. Their HADDOCK 
scores, however, differ significantly with Cluster 1 having the best score (and best 

individual components as well). We therefore selected it as the most plausible 
binding mode (Figure 3A).  
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Table 1. The statistics of individual scores on a per-cluster basisa. 
 

 HS 
(a.u.) 

SAXS-χ EvdW 

(kcal/mol) 
Eelec 

(kcal/mol) 
Edesol 

(kcal/mol) 

BSA 
(Å2) 

Cluster 1 -59.1±2.5 1.03±0.01 -32.4±4.2 -250±29 16.0±8.9 1447±84 

Cluster 2 -19.7±5.9 1.04±0.00 -22.9±1.4 -182±13 32.5±7.8 1090±48 

Cluster 3 -4.0±14.0 1.01±0.00 -29.8±1.0 -49±28 25.6±13.0 1122±84 
 

HS corresponds to HADDOCK Score, Evdw to van der Waals energy, Eelec to 
Electrostatics energy, Edesol to Desolvation energy and BSA to Buried Surface Area, 
aThe clusters were ranked based on the average HADDOCK score (1.0 Evdw + 0.2 
Eelec + 1.0 Edesol) of the top four members of a cluster. 

 

We further analyzed Cluster 1 to suggest critical residues across the p48-

H4Nter/H3-ΔH4-Asf1 interface that can be targeted for further mutagenesis studies 

(Table 2). The interaction surface on H3-ΔH4-Asf1 is majorly formed by the middle-
long helix of H3, with a contribution by a small linker region of Asf1 facing towards 
this H3 helix (Figure 3A). On the p48 side, the interaction surface is mainly formed 

by the N-terminal helix of p48. Overall, the interface residues are mainly composed 

of highly charged and hydrophobic residues that lead to a low electrostatics energy 
and a large buried surface area. We analyzed the interface of all three clusters (Table 

2A) and, based on this, we could propose amino-acids for mutagenesis that are 

involved in contacts unique to Cluster 1 (Table 2A). These can be used as candidates 
to validate the model by further mutagenesis studies (Table 2B). We should note here 

that, at the time of writing, this is still an ongoing project and hopefully more data 

will become available to increase the quality and the precision of the models 
generated. 
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Table 2A. List of the contacts observed across the p48-H4Nter/H3-ΔΔH4-Asf1 interface for all 
three clustersa. 

p48-H3 Interface 
Hydrogen Bondsb Non-bonded 

contacts 
Cluster 

id 
M-M S-S M-S 

LYS26 - GLU105  x  x 1 

LYS26 - VAL101    x 1 

PRO29 - LEU61    x 3 

PHE30 - LEU61    x 2 

PHE30 - PHE104    x 3 

PHE30 - VAL101    x 3 

VAL35 - LEU61    x 3 

p48-H4 interface 

GLU19-LYS44  x  x 2 

LYS26-ILE46    x 3 

LYS26-LYS44    x 3 

LYS26-VAL43    x 3 

ASN27-GLY42   x x 3 

PHE30-TYR98    x 1 

p48-Asf1 interface 

PHE30-LYS143   x x 1 

H4Nter-Asf1 interface 

LYS31-GLU142  x x x 1 

ILE34-GLU142    x 1 

H4Nter-H3 interface 

LYS31-GLU94  x   2 

PRO32-ALA98    x 2 

ALA33-GLU97    x 2 

ALA33-ALA98    x 2 

ALA33-VAL101    x 2 

ALA33-ILE112    x 1 

ARG36-GLU105  x  x 2 

ARG36-ILE112   x  1 

ARG36-LYS115   x x 1 

LEU37-ILE112    x 1 

LEU37-LEU61    x 2 

ARG40-GLU105  x   2 
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Table 2A continued: aThe intermolecular contacts were calculated on the best four 
members of each cluster. Only contacts observed in at least in 2 models among the 
best four member of each cluster are listed. The known contacts across the p48-
H4Nter interface were excluded from the list, bM-M is indicates Main chain-Main 
chain, S-S Side chain-Side chain, M-S Main chain-Side chain. 

 

Table 2B. Possible critical residues (across the p48-H4Nter/H3-ΔΔH4-Asf1 interface) suggested 
for further mutagenesis studiesc. 

 

p48 H3 H4 Asf1 

GLU19 
LYS26 

ASN27 
PHE30 

GLU105 

ILE112 

LYS31 

ALA33 
ARG36 

ARG40 
LYS44 

LYS142 

GLU143 

cThe selection criteria for choosing a critical residue pair were, (i) to be involved in 
a contact unique to Cluster 1, (ii) to be observed in at least in 2 models among the 
best four member of Cluster 1 and (iii) to significantly contribute to the 
intermolecular energy (Evdw+Eelec). 

 

4. Concluding Remarks 
 

 In this chapter, we have demonstrated the use of integrative modeling with 
two challenging examples, applying the protocols and tools reported in the previous 

chapters of this thesis. For this, low-resolution data were transformed into structural 

information, in order to explore the grounds of the observed biological activity. The 
models obtained in both cases should not be seen as an end, but rather as a starting 

point for new hypothesis that can be tested experimentally. Within this context, in 
the first example, the modelling allowed to predict the cleavage preference of 

Josephin for differently branched diUb chains, which was subsequently validated by 

biochemical experiments, and in the second one, new hypothesis-driven mutagenesis 
experiments were proposed to validate the structural model of H3-H4’s transfer from 

Asf1 to p48. As long as high-resolution structural studies of this complex fail, further 
validation, for example by targeted mutagenesis of the proposed models will be 

required, as the SAXS data alone are not sufficient to distinguish between various 

binding modes. This work also nicely illustrates the fact that a tight collaboration 
between computational structural biologist and experimentalists is the mainstay of 

integrative modeling. Joining forces can lead to an understanding of complex 
biological phenomena that cannot be thoroughly grasped either by modeling or 

experiment only.  
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Perspectives: On the Future and Limitations of 

Integrative Modeling 
 

“We have entered the era of an integrated structural biology” 
(From the meeting review of the symposium celebrating the 40th anniversary of the 

Protein Data Bank archive) 

 
 

Based on two review articles: 
Adrien S.J. Melquiond, Ezgi Karaca, Panagiotis L. Kastritis, Alexandre M.J.J. Bonvin, 

Next challenges in protein–protein docking: from proteome to interactome and 

beyond. WIREs Comput Mol Sci 2012, 2: 642-651. 

Ezgi Karaca, Alexandre M.J.J. Bonvin, Advances in Integrative Modeling of 
Biomolecular Complexes, Methods, 2012, advances online publication. 

 
 

 
A mechanistic understanding of how a cell functions involves complementing 

interactomes and cellular tomograms by three-dimensional structures of complexes. 

This daunting task can only be achieved by joining experimentation and 
computational modeling. Integrative modeling techniques that can judiciously 

combine and accurately translate sparse experimental data into structural information 
are excellent examples, which have been developed to this end (Figure 1). In the last 

decade, following the advances in biophysics and biochemistry, the coverage of the 

integrative approaches has increased substantially, such that acquiring structural 
information on challenging macromolecular complexes, like the proteasome, the 

ribosome or the Nuclear Pore Complex has come within the reach of integrative 
modeling.  

	  

	  	  	  	  	  	  Chapter	  
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Figure 1. Integrative modeling can translate low-resolution and sparse biophysical, 
biochemical and bioinformatics data into structural information. The supplied 
information can be handled either a priori during sampling, by restraining the 
conformational space, or a posteriori during scoring, by filtering or ranking the 
generated models based on their fit to the experimental data. 
 

Most of the current macromolecular docking programs, with HADDOCK as one 

of the pioneers, have stepped into the integrative modeling field. The recent and 
ongoing developments in docking, together with the ones presented in this thesis, are 

important milestones in the prediction of challenging macromolecular complexes. 
However, further methodological advancements are required to move to the next 

level of complexity, i.e. building accurate and comprehensive models of larger 

machineries, such as, for example, the bacterial flagellar motor, the atp synthase, the 
translocon or molecular transporters.  

A possible avenue for this is to incorporate low-resolution shape data, coming 
from cryo-EM (see Chapter 1) or SAXS, not only in the scoring stage to discriminate 

the generated models, but also in the sampling stage, to drive the refinement process. 

This will require the definition of energy functions and their derivatives that measure 
the agreement between the experimental data, SAXS profiles or cryo-EM densities, 

and the model [1,2]. These can be used in optimization algorithms based, for 
example, on Monte Carlo approaches that only require an energy function or 

gradient-based methods such as restrained energy minimization and molecular 

dynamics [2,3]. In the case of SAXS data, direct refinement against the SAXS curve 
comes at a price: all-atom gradient-based minimization of large complexes are 

computationally expensive [1,4]. In order to decrease the computational cost, a 
simplified version of the energy function can be used during energy minimization [5] 

or lower resolution information extracted from SAXS profiles, such as the radius of 
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gyration (Rg) [6] and the maximum molecular dimension, can be used to drive 

modeling. In this thesis, we have only reported the use of SAXS profiles as a filter for 
selecting models in combination with the HADDOCK score (Chapter 4). A next step 

in incorporating SAXS data into docking in a computational cost efficient manner is 

to restrain the radius of gyration of the complex based on Rg obtained from the SAXS 
data (e.g. from Guinier or Debye approximations or from the integral of the pair 

distribution function [7]). First tests of Rg-driven docking on the Docking Benchmark 

4.0 (results not shown) indicate that such a restraint does not improve the docking 
performance compared to ab initio docking. Therefore, more complex energy 

functions representing the SAXS data will have to be implemented in order to make a 

difference.  
Accurate modeling of macromolecular machines involves dealing with a large 

number of molecules, simultaneously, and also extensive sampling of their 
interaction space, which will lead to a myriad of degrees of freedom (see Chapter 1). 

A possible way to lower the number of degrees of freedom is to decrease the 

granularity of the system by Coarse Graining (CG) the biomolecular representation. 
CG can be employed at different resolutions and be incorporated into different stages 

of modeling, i.e. before or during sampling [8]. An example of incorporating CG into 
the pre-modeling stage would be to explore the conformational space of the input 

biomolecule with an Elastic Network Model (ENM) and then perform the docking 

from an ensemble of structures generated with such methods [9]. On the other hand, 
during modeling, the entire system, or sub-parts, such as side-chains, residues or 

even domains, can be represented as beads, in order to employ CG at different 
resolutions [8,10]. CG is commonly used in the Molecular Dynamics field to 

simulate mesoscopic systems for longer time scales [11,12]. Moreover, it is used in 

various molecular docking programs to speed up the sampling process [13,14] or 
other integrative molecular modeling programs to build up gigantic molecular 

assemblies, such as the Nuclear Pore Complex [15]. A successful CG implementation 
in sampling necessitates careful treatment and re-parameterization of the force field 

according to the coverage of the CG model selected [10]. Therefore, the level of CG, 

its transferability and the efficiency of the sampling method will directly affect the 
accuracy level of the resulting model [8,10,16].   

So far, most of the docking methods have been developed to model interactions 
of soluble proteins and consequently overlooked membrane and membrane 

associated complexes. Membrane proteins constitute an integral part, ~30% of the 

proteomes of organisms [17], thus it will be crucial to also build robust protocols for 
accurate modeling of membrane and membrane-associated protein complexes. Here, 

one issue will be to properly mimic the membrane environment, in order to describe 
the thermodynamics of the membrane protein complex. This point can be addressed 
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by refining the model in a medium that simulates the physicochemical properties of 

the membrane or by incorporating a term into the energy function accounting for the 
membrane contribution, e.g. a membrane solvation term [18]. Another issue in 

modeling membrane complexes will be to obtain restraints. These can be provided 

by solid-state NMR [19], other experimental techniques [7,20–22] or bioinformatics 
analysis [23]. A recent and promising development is to use evolutionary methods for 

deriving contact information between residues. This approach has recently been 
demonstrated to be rather successful in predicting the 3D structure of membrane 

proteins [24] and has the potential to be extended to complexes of membrane 

proteins. 
Next to computational limitations, the quality of the experimental data used in 

models. For example, an information-driven method can only produce biologically 
meaningful models, if the supplied data are guiding the search towards the relevant 

part of the conformational space. Also, the information provided by the various data 

should be non-degenerate, i.e. describe distinct properties of the system (see Chapter 
1). We illustrate this point using cross-linking data derived from MS experiments. 

Throughout the last decade, method developments and proof-of-concept studies in 

this area have yielded a wealth of valuable information for the structural analysis of 
biomolecules, ranging from protein-peptide to multi-protein complexes [25]. We 

picture here the impact of the degeneracy issue in the modelling of an enzyme-
inhibitor complex (Collicin-Immunity protein in complex with collicin dnase, pdb id: 

1ujz) for which published cross-linked residue pairs are available [26]: The three 

inter-monomer distances detected by MS were used to drive the complex formation 
(Figure 2A). The docking resulted in a single cluster corresponding to an alternative 

binding mode (Figure 2B – grey model). The top ranking solution (Figure 2B – green 

model), which did not cluster, was an isolated high accuracy (interface-RMSD < 1 Å) 
solution. The generation of the alternative binding mode resulted from the fact that 

two of the supplied inter-monomer distances were sharing the same atom (Lys537, 
Figure 2A). To be able to define uniquely the orientation between two surfaces (or 

two planes) three independent distances are needed. Indeed, when three 

independent distances evenly distributed over the surface of the complex were used, 
the docking produced a top-ranking cluster of native solutions with interface-RMSD 

< 1 Å. This example illustrates that the accuracy of information-driven approaches is 

directly correlated with the quality and distribution of the input data. It is therefore 
highly advisable to assess both the degeneracy and the quality of any input data 

before using them during modeling.  
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Figure 2. Dependency of the docking model on the quality and degeneracy of the 
input data. Published cross-linked residue pairs for the enzyme-inhibitor complex 
(Collicin-Immunity protein (marine blue) in complex with collicin dnase (green)) 
were used to drive the docking process. The cross-linked residues are represented in 
spheres and labeled with their residue id. The inter-monomer distances used to 
drive docking are indicated in between brackets. A. View of the reference crystal 
structure (pdb id: 1ujz [27]). B. Resulting HADDOCK models: the best ranking 
cluster, corresponding to an alternative solution, is shown with collicin in black; the 
isolated (not found in any cluster), top ranking solution, corresponding to the crystal 
structure, is shown with collicin in green.  

 

In this thesis, we have reviewed the field of integrative modeling and 

described new approaches that have been implemented in our modeling platform 
HADDOCK. We anticipate that in the next decade, some of the limitations and 

challenges laying ahead of us will be addressed, accelerating the growth of the 
integrative modeling field and paving the way to increase accuracy, coverage and 

resolution of integrative models. Nevertheless, as in any modeling exercise, we 

should always keep in mind that the model should not be an endpoint, but rather a 
starting point for generating new hypothesis that can be tested experimentally. As a 

final remark, it should be clear that the route to shedding atomic resolution light onto 
challenging molecular systems and understanding the underlying mechanistic of 

biomolecular function is not a straight one; its exploration will require computational 

structural biologists and experimentalists to work in a collaborative and synergistic 
manner. 
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Summary 
 

The process of life, which we see, feel, experience or witness in our daily 
lives, is essentially modulated at the nanoscale (10-9 m). Being more precise, the 
biological function we observe at the macroscale, is an outcome of the orchestrated 
communications among biomolecules -particularly proteins- at the nanoscale. Thus, 
it is by dissecting and grasping the nanoscale world of biomolecules and their 
interaction networks that we will gain a basic understanding on biological processes. 
Since the early 50s, this realization has led to the birth and rise of “structural 
biology”, the science of elucidating structures of biomolecules at atomic scale and 
relating them to their functions.  

Classical structural biology is mainly defined by two experimental 
techniques, X-Ray crystallography and Nuclear Magnetic Resonance (NMR) 
spectroscopy, through which atomic structures of tens of thousands of biomolecules, 
mainly proteins, and thousands of biomolecular complexes have been solved in an 
accurate manner. These methods have helped immensely in the discovery of the 
structural world of many biomolecular complexes. Still, as a field, structural biology 
is far from keeping pace with the speed at which biological data are being generated 
in other disciplines, such as biochemistry. As an example, the current number of 
known atomic structures of macromolecular complexes is depicted to be 
considerably smaller than the documented protein-protein interactions. 
Unfortunately, technical limitations of classical structural biology techniques and/or 
the nature of the biomolecules under study hamper to close this gap in a rapid 
manner. As a rescue strategy, structural biologists often resort to different types of 
biochemical and biophysical experiments that can quickly provide low-resolution 
information on macromolecular complexes, even for challenging cases. Most of the 
time, however, the collected data are rather sparse and/or contain limited 
information compared to that obtained from classical structural methods. These 
limitations call for integrative computational tools that can, by using a physics-based 
model, judiciously combine and accurately translate sparse experimental data into 
structural information. One such tool is macromolecular docking, defined as the 
process of building a molecular complex from its known individual components.  

The generic idea behind docking approaches can be comprehended easily 
via the following analogy (David Goodsell, The Machinery of Life, p.10): 

 

“Constructing molecular complexes is much like trying to build machines 
with Lego blocks: you may build a variety of different objects, but the final form is 
shaped and limited by the shape and connections of the underlying units.” 

 

Current “dockers” have exploited this analogy in two ways: They have either 
constructed algorithms based on limitations imposed by shape (shape 
complementarity methods) or connections (optimization methods that minimize a 
target energy function to satisfy connections –restraints- between supplied 
molecules). Albeit different in their approaches, both methods are confronted with 
similar challenges when building multi-component assemblies, addressing large 
conformational changes upon binding or selecting the “correct” solution among 
generated models. The work described in this thesis focuses on extending the 
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capabilities of our in-house docking program HADDOCK by developing new 
protocols and incorporating new types of experimental information for being able to 
tackle those challenges.  

In Chapter 1, I provide a comprehensive introduction on the concept of 
integrative modeling. For that, I first introduce the sources of low-resolution 
information and then I describe various methods to integrate that information into the 
modeling process. I also depict the major challenges that the integrative modeling 
field is faced with: (1) Modeling large assemblies, i.e. dealing with multiple 
molecules simultaneously, (2) modeling dynamic molecular complexes, i.e. 
addressing large conformational changes upon binding, (3) constructing accurate 
scoring functions for fishing out the biologically relevant solution(s) among the 
generated pool of conformers, and  (4) dealing with the degeneracy and ambiguity of 
methodological advances regarding those challenges taken from literature. I end this 
chapter by introducing our data-driven docking approach HADDOCK, which can 
integrate various sources of information to drive the modeling of biomolecular 
complexes. In the following Chapters 2-5, I position HADDOCK within the 
described integrative approaches, by presenting the protocols I developed during my 
PhD studies to cope with the depicted challenges (Chapter 2 refers to challenge (1), 
Chapter 3 to (2), Chapter 4 to (3) and Chapter 5 to (4)).  

In Chapter 2 I demonstrate that HADDOCK is able to handle multiple 
molecules and allows to impose different types of symmetries during docking. All of 
these options are implemented into a novel web-interface (the Multi-body interface) 
of HADDOCK, which allows the user to dock up to 6 biomolecules simultaneously, 
offers inclusion of experimental and/or bioinformatics data and supports several types 
of cyclic and dihedral symmetries during docking. The performance of the web-
server is tested on a benchmark of six cases, containing five symmetric homo-
oligomeric protein complexes and one symmetric protein-DNA complex. The quality 
of the modeled multimeric assemblies reveal that, in the presence of either 
bioinformatics and/or experimental data, HADDOCK is able to generate high-ranking 
near-native solutions (having an interface-RMSD range of 0.8 – 1.8Å) for all cases, 
demonstrating its ability to model symmetric multi-component assemblies.  

In order to address the challenge of modeling binding-induced large-scale 
conformational changes, in Chapter 3, I describe a novel Flexible Multi-domain 
(FMD) docking protocol. FMD aims at modeling both large-scale domain (hinge) 
motions and small- to medium-scale interfacial rearrangements: this is achieved by 
cutting the flexible molecule at a hinge region predicted by an elastic network 
model, and then by performing a simultaneous docking of all sub-parts/domains  
making use of HADDOCK’s multi-body docking ability, presented in Chapter 2. The 
cut domains are kept together by connectivity restraints. The performance of this 
unprecedented range of conformational changes, from 1.5 to 19.5Å. In general, this 
FMD protocol could reproduce at least a near-native solution (interface-RMSD ≤ 4Å) 
for each case and rank these at the top. These results demonstrate that this protocol is 
poised to model conformational changes as large as 20Å! Finally, I show that the 
cumulative sum of eigenvalues obtained from the elastic network is indicative to 
predict the extent of the conformational change to be expected. 
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In Chapter 4, I demonstrate that the scoring problem can be eased by 
incorporating information-based terms into the scoring function. For this purpose, I 
integrate low-resolution shape information obtained from either Ion Mobility Mass 
Spectrometry (IM-MS) or Small Angle X-Ray Scattering (SAXS) experiments into 
HADDOCK’s scoring function and systematically assess the strengths and 
weaknesses of IM-MS- and SAXS-based scoring. For that, I make use of a large 
docking decoy set composed of 138 heterodimers generated by running HADDOCK 
in ab initio mode. The statistics calculated on this large decoy set suggests that IM-MS 
data are of too low resolution for selecting correct models, while scoring with SAXS 
data leads to a significant performance improvement. The performance of SAXS 
scoring however depends on the shape and arrangement of the complex and its 
constituents. 

In Chapter 5, I present two application examples of integrative modeling 
using HADDOCK. In the first one, I combine NMR chemical shift perturbations and 
mutagenesis data in order to predict the topology of the complex between the 
deubiquitination enzyme Josephin and a di-ubiquitin chain. The results of this 
integrative modeling suggest that Josephin imposes a preference for the cleavage of 
K48-linked di-ubiquitin chains, which is validated by biochemical experiments. In 
the second example, I model the transfer of the histone heterodimer H3-H4 from one 
histone chaperone, Asf1, to the other one, p48, based on Electron Paramagnetic 
Resonance data that suggests large structural rearrangements upon complexation and 
SAXS data, which provides insight on the globular assembly of the complex. This 
transfer takes place during the initiation of nucleosome assembly. The generated 
integrative models suggest putative inter-molecular interactions that can be tested by 
further mutagenesis experiments. 

In the final chapter of my thesis, Chapter 6, I give a perspective on future 
directions of HADDOCK. These include incorporating low-resolution shape data 
(coming from SAXS, cryo-EM) into sampling, implementing coarse-grained 
representations into HADDOCK in order to allow the modelling of even larger 
assemblies, and adapting HADDOCK’s energy functions in such way that it will 
enable the modelling of membrane systems. At the end of this chapter, I provide a 
proof-of-principle example to underpin the fact that the accuracy of integrative 
models not only depends on the presented methodological advances and future 
directions, but also on the quality and the distribution of the data supplied. This 
example nicely pinpoints the fact that integrative modeling should not be seen as an 
end point, but rather a starting point for generating new hypothesis to be tested 
experimentally. 

In conclusion, the recent and ongoing developments in integrative modeling, 
together with the ones presented in this thesis, are important milestones in the 
modeling of protein-protein interactions. This should lead in the next decade to a 
significant growth in the field of structural computational biology and pave the route 
to increased accuracy, coverage and resolution of integrative models. 
Comprehending the underlying mechanistic of biomolecular function is not a simple 
process; computational structural biologists and experimentalists will therefore have 
to work in a collaborative and synergistic manner, in order to make significant 
advances in this field. 
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Samenvatting 
 

Alle levensprocessen die we dagelijks om ons heen zien, voelen, ondergaan 
of aanschouwen worden in wezen gereguleerd op de nanoschaal (10-9 m). Of nog 
preciezer, de biologische functionaliteiten die we op de macroschaal waarnemen 
zijn een optelsom van gearrangeerde communicaties tussen biomoleculen, 
voornamelijk eiwitten, op de nanoschaal. Door dus inzicht te krijgen in de 
nanoschaal wereld van biomoleculen en hun netwerk van interacties te ontleden, 
kunnen we ons fundamentele begrip van biologische processen vergroten. Dit 
bewustzijn heeft vanaf het begin van de jaren vijftig geleid tot het ontstaan en 
groeien van de “structuur biologie”, de wetenschap die zich bezighoudt met het 
ophelderen van de atomaire structuur van biomoleculen om deze vervolgens te 
relateren aan hun biologische functies. 

De klassieke structuur biologie wordt hoofdzakelijk bepaald door twee 
experimentele technieken waarmee de atomaire structuren van tienduizenden 
biomoleculen, voornamelijk eiwitten, en duizenden biomoleculaire complexen 
zorgvuldig bepaald zijn, namelijk X-ray kristallografie en Nuclear Magnetic 
Resonance (NMR). Deze methoden hebben een enorme bijdrage geleverd bij het 
ontrafelen van de vouwingswereld van veel biomoleculaire complexen. 
Desalniettemin kan het wetenschapsgebied van de structuur biologie met geen 
mogelijkheid de snelheid bijbenen waarmee biologische gegevens worden 
gegenereerd in andere disciplines, zoals de biochemie. Het huidige aantal 
opgehelderde atomaire structuren van macromoleculaire complexen is bijvoorbeeld 
vele malen kleiner dan alle in de literatuur beschreven eiwit-eiwit interacties. 
Technische beperkingen van de klassieke structuur biologie technieken en/of de aard 
van de onderzochte biomoleculen maken het helaas lastig deze kloof in de nabije 
toekomst te dichten. 

Als uitweg voeren structuur biologen vaak verschillende biochemische en 
biofysische experimenten uit, die zelfs in lastige gevallen redelijk snel lage resolutie 
informatie over macromoleculaire complexen kunnen verschaffen. In de meeste 
gevallen is de informatie die de experimenten leveren echter schaars en/of beperkt 
vergeleken met de klassieke structuur biologie methoden. Dit zorgt voor een vraag 
naar computationele methoden die op een intelligente manier deze schaarse 
experimentele gegevens kunnen integreren, combineren en op een juiste manier 
kunnen vertalen naar structuur informatie: integratief modeleren. Een voorbeeld 
hiervan is macromoleculair dokken, een methode waarbij een complex tussen 
moleculen wordt opgebouwd uit de reeds bekende individuele componenten. 

De volgende vergelijking legt op een simpele manier het generieke idee 
achter dokken uit (David Goodsell, The Machinery of Life, p.10): 
 

 “Het construeren van moleculaire complexen is als het bouwen van 
machines met lego blokken: je kan verschillende objecten bouwen, maar het 
uiteindelijke resultaat wordt bepaald en gelimiteerd door de vorm en mogelijke 
verbindingen van de gebruikte onderdelen.” 
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De huidige “dokkers” hebben deze analogie op twee manieren uitgewerkt: ze 
hebben algoritmes ontwikkeld op basis van de voorwaarden die door de vorm 
worden opgelegd (complementaire vorm methoden) óf door de verbindingen 
(methoden die een energiefunctie minimaliseren om te voldoen aan de verbindingen 
-restraints- tussen de relevante moleculen). Hoewel de twee benaderingen 
verschillend zijn, worden beide methoden met dezelfde uitdagingen geconfronteerd 
als het gaat om het opbouwen van complexen die bestaan uit meerdere 
componenten, het verwerken van grote conformationele veranderingen tijdens het 
vormen van het complex of het selecteren van de “juiste” oplossing uit de genereerde 
modellen. Het werk beschreven in dit proefschrift heeft als doel het uitbreiden van de 
mogelijkheden van ons in-house dokprogramma HADDOCK, door nieuwe 
protocollen te ontwikkelen en nieuwe soorten experimentele gegevens toe te voegen, 
om de hiervoor beschreven uidagingen aan te gaan. 
 In Hoofdstuk 1 leg ik op een begrijpelijke manier het concept integratief 
modeleren uit. Hiertoe introduceer ik eerst de technieken die lage resolutie 
informatie kunnen verschaffen en vervolgens beschrijf ik verschillende methoden die 
deze informatie kunnen integreren in het modeleringsproces. Daarnaast geef ik aan 
wat de belangrijkste uitdagingen zijn waar het onderzoeksveld van het integratief 
modeleren mee geconfronteerd wordt: (1) Het modeleren van grote assemblages, 
ofwel het werken met meerdere moleculen tegelijkertijd, (2) het modeleren van 
dynamische moleculaire complexen, ofwel het verwerken van grote conformationele 
veranderingen door het binden van de moleculen, (3) het ontwerpen van accurate 
scoringsfuncties waarmee de biologisch relevante oplossing(en) uit de populatie van 
gegenereerde modellen geselecteerd kan (kunnen) worden en (4) het kunnen werken 
met gedegenereerde en ambigue startgegevens. Na dit gedeelte, schets ik de meest 
relevante in de literatuur beschreven methodologische ontwikkelingen ten aanzien 
gedreven dokprogramma HADDOCK dat informatie van verschillende experimentele 
origine kan integreren, om zo het modeleren van biomoleculaire complexen te 
sturen. In de hoofdstukken die volgen (Hoofdstukken 2-5) plaats ik HADDOCK ten 
opzichte van de beschreven integratieve methoden en beschrijf ik de protocollen die 
ik tijdens mijn promotieonderzoek heb ontwikkeld met betrekking tot de hierboven 
genoemde uitdagingen (Hoofdstuk 2 verwijst naar de 1e uitdaging, Hoofdstuk 3 naar 
de 2e, Hoofdstuk 4 naar de 3e en Hoofdstuk 5 naar de 4e). 
 In Hoofdstuk 2 laat ik zien dat HADDOCK meerdere moleculen kan 
hanteren en in staat is tijdens het dokken verschillende soorten symmetrie op te 
leggen. Al deze opties zijn opgenomen in een nieuwe HADDOCK web-interface (de 
Multi-body interface) waar de gebruiker de mogelijkheid heeft tot 6 moleculen 
tegelijkertijd te dokken, experimentele gegevens of bioinformatische voorspellingen 
kan gebruiken en meerdere soorten cyclische en dihedrale symmetrieën tijdens het 
dokken kan toepassen.  Om de prestatie van de web-server te bepalen is deze getest 
met een benchmark bestaande uit vijf symmetrische homo-oligomere eiwitten en één 
symmetrisch eiwit-DNA complex. De kwaliteit van de gemodelleerde multi-
componente assemblages laat zien dat wanneer bioinformatische voorspellingen 
en/of experimentele gegevens gebruikt worden, HADDOCK in alle gevallen near-
native oplossingen (met een interface RMSD tussen 0.8 – 1.8Å) kan genereren die 
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hoog gerangschikt worden en laat dus zien dat HADDOCK in staat is symmetrische 
multi-component assemblages te modeleren. 
 In Hoofdstuk 3 beschrijf ik een nieuw Flexible Multi-domain (FMD) 
dokprotocol waarmee ik grote conformationele veranderingen kan modeleren die 
door het binden geïnduceerd worden. FMD heeft als doel het modeleren van zowel 
grote domein (scharnier) bewegingen als ook kleine tot middelgrote herschikkingen 
aan de interface: dit wordt tot stand gebracht door het flexibele molecuul in een 
scharniergebied, dat door een elastisch netwerk model voorspeld kan worden, door 
te knippen en vervolgens gebruik te maken van het multi-component dokprotocol in 
HADDOCK beschreven in Hoofdstuk 2, om tegelijkertijd alle onderdelen/domeinen 
te dokken. De losgeknipte domeinen worden bij elkaar gehouden door connectie 
restraints. De prestatie van deze methode werd getest met een benchmark van elf 
complexen die een ongeëvenaarde omvang van conformationele veranderingen 
vertegenwoordigen: 1.5 – 19.5Å. Samengevat kan dit FMD protocol op zijn minst 
near-native oplossingen (interface-RMSD ≤ 4Å) voor ieder complex genereren en 
deze bovenaan rangschikken. Deze resultaten geven aan dat dit protocol klaar is om 
de door het elastische netwerk gegeven cumulatieve som van de eigenwaardes 
indicatief is voor de grootte van de te verwachtte conformationele verandering. 
 In Hoofdstuk 4 laat ik zien dat het scoringsprobleem vereenvoudigd kan 
worden door op informatie gebaseerde termen aan de scoringsfunctie toe te voegen. 
Hiertoe heb ik lage resolutie vorminformatie, verkregen van Ion Mobility Mass 
Spectrometry (IM-MS) of Small Angle X-ray Scattering (SAXS) experimenten, in de 
HADDOCK scoringsfunctie geïntegreerd en heb ik systematisch de sterke en zwakke 
punten van de op IM-MS en SAXS gebaseerde scores getest. Hiervoor heb ik gebruik 
gemaakt van een set van dok decoys bestaande uit 138 heterodimeren die 
gegenereerd zijn door HADDOCK in de ab-initio stand te laten lopen. De statistieken 
bepaald met deze grote decoy set laten zien dat IM-MS gegevens vaak een te lage 
resolutie hebben om de juiste oplossingen te kunnen selecteren, maar dat SAXS 
gegevens daarentegen wel voor een significantie verbetering van de scoringsfunctie 
zorgen. De kracht van de SAXS score hangt echter wel af van de vorm en organisatie 
van het complex en zijn componenten. 
 In Hoofdstuk 5 presenteer ik twee voorbeelden van toepassingen van 
integratief modeleren met HADDOCK. In het eerste geval combineer ik 
veranderingen van NMR chemische verschuivingen en mutagenese gegevens om de 
topologie van het complex tussen het de-ubiquitinatie enzym Josephin en een di-
ubiquitine keten. De resultaten van dit integratieve modeleringsvoorbeeld suggereren 
dat Josephin een voorkeur heeft voor het splitsen van K48-gelinkte di-ubiquitine 
ketens, hetgeen vervolgens door biochemische experimenten gevalideerd is. In het 
tweede voorbeeld modeleer ik de overdracht van de histon H3-H4 heterodimeer van 
de ene histonchaperonne, Asf1, naar de andere, p48, gebruikmakend van Electron 
Paramagnetic Resonance (EPR) en SAXS gegevens. De EPR gegevens wijzen erop dat 
er grote conformationele verandering plaatsvinden tijdens de complexformatie en de 
SAXS data geven een inzicht in de algehele organisatie van het complex. Deze 
chaperonne overdracht vindt plaats tijdens de initiatie van nucleosoom assemblage. 
Het gegeneerde integratieve model wijst op mogelijke contacten tussen de 
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moleculen, die nu kunnen worden geverifieerd met behulp van mutagenese 
experimenten. 
 In het laatste hoofdstuk van mijn proefschrift, Hoofdstuk 6, geef ik mijn visie 
op de wegen die HADDOCK in de toekomst in zal slaan. Dit omvat het toevoegen 
van lage resolutie vorm gegevens (afkomstig van SAXS, cryo-EM) in de 
samplingroutine, het implementeren van coarse-grained representaties in HADDOCK 
om nog grotere assemblages te kunnen modeleren en het aanpassen van de 
energiefuncties van HADDOCK zodat ook het modeleren van membraan systemen 
mogelijk zal worden. Aan het eind van dit hoofdstuk bespreek ik een proof-of-
principle voorbeeld om kracht bij het feit te zetten dat de juistheid van het integratief 
modeleren niet alleen bepaald wordt door de hier gepresenteerde methodologische 
vooruitgangen en toekomstige ontwikkelingen, maar ook door de kwaliteit en de 
distributie van de experimentele gegevens. Dit voorbeeld geeft mooi aan dat het 
integratief modeleren niet als een einddoel op zich gezien moet worden, maar meer 
als een uitgangspunt om nieuwe hypotheses te kunnen generen die vervolgens 
experimenteel getest kunnen worden. 
 Concluderend, de recente en huidige ontwikkelingen in het integratief 
modeleren, samen met degenen die in dit proefschrift beschreven zijn, zijn 
belangrijke mijlpalen in het modeleren van eiwit-eiwit interacties. In het volgende 
decennium zouden deze moeten leiden tot een significante groei van het veld van de 
computationele structuur biologie en de weg moeten vrij maken voor een betere 
precisie, dekking en resolutie van de integratieve modellen. Het begrijpen van de 
onderliggende mechanismes van de biologische functie is echter geen simpel proces; 
computationele structuur biologen zullen hiertoe op een synergetische manier samen 
moeten werken met experimentalisten om significante vooruitgangen in dit 
onderzoeksgebied te kunnen boeken. 
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