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a b s t r a c t
High-resolution structural information is needed in order to unveil the underlying mechanistic of biomolecular function. Due to the technical limitations or the nature of the underlying complexes, acquiring
atomic resolution information is difﬁcult for many challenging systems, while, often, low-resolution biochemical or biophysical data can still be obtained. To make best use of all the available information and
shed light on these challenging systems, integrative computational tools are required that can judiciously
combine and accurately translate sparse experimental data into structural information. In this review we
discuss the current state of integrative approaches, the challenges they are confronting and the advances
made regarding those challenges. Recent developments are underpinned by noteworthy application
examples taken from the literature. Within this context, we also position our data-driven docking
approach, HADDOCK that can integrate a variety of information sources to drive the modeling of biomolecular complexes. Only a synergistic combination of experiment and modeling will allow us to tackle the
challenges of adding the structural dimension to interactomes, shed ‘‘atomic’’ light onto molecular processes and understand the underlying mechanistic of biomolecular function. The current state of integrative approaches indicates that they are poised to take those challenges.
Ó 2012 Elsevier Inc. Open access under CC BY-NC-ND license.

1. Introduction
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 concenAbbreviations: 3D, Three-Dimensional; AFM, Atomic Force Microscopy; CCS,
Collision Cross Section; EM, Electron Microscopy; EPR, Electron Paramagnetic
Resonance; FRET, Förster resonance energy transfer; IM, Ion Mobility; RMSD, Root
Mean Square Deviation; MD, Molecular Dynamics; MS, Mass Spectrometry; NMR,
Nuclear Magnetic Resonance; NOE, Nuclear Overhauser Effect; PCS, Pseudocontact
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STEM, Scanning Transmission Electron Microscopy.
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tration [1,2], leading routinely to medium resolutions in the 8–
20 Å range [3]. But rarely the resolution gets better than 8–6 Å,
which could only be obtained so far for highly symmetric and stable complexes [4–6].
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
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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 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
Table 1
Sources of low-resolution data, classiﬁed based on their information content.
Data type

Experimental
technique

Binding site

Chemical shift perturbationsa
H/D exchangea
Solvent PREa
Mutagenesisa
Chemical footprintinga
Conservation (correlated mutations,
comparative patch analysis)a

NMR
NMR, MS
NMR
Biochemistry
Biochemistry
Bioinformatics
predictions

Distance

NOE distancesb
Chemical cross-linksb
PREb
Correlated mutationsc
PCSb
Distances (distribution)d
Distances from EPRd

NMR
MS
NMR
Biochemistry
NMR
FRET
EPR

Orientation

Residual dipolar couplingse
Relaxation anisotropye

NMR
NMR

Shape

Collision Cross Sectionf
Radius of gyrationf
Molecular envelope, globular shapef

IM-MS
SAXS
SAXS, cryo-EM

Resolution/ambiguity level for a given source of information:
a
Residue.
b
Atom–atom (separation).
c
Residue–residue (separation).
d
Label–label (separation).
e
Inter-monomer and/or bond vector orientations.
f
Biomolecular complex.
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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 noninteracting 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 20–40 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 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].
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, 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 Å 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].
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Fig. 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.

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], 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.
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 (Fig. 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 (Fig. 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 ¼ EFF þ wdata Erestr

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 ¼ ðRCalc  RRefe Þ2

ð2Þ

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].
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 terms describing steric
complementarity, electrostatics, hydrogen bonds, knowledgebased 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.

ð1Þ

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

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
to use 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
(62 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 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
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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.
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
methods by taking the interfacial shape complementarity into account while ﬁtting 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 promising method 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
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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, 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 10 Å away from the known
crystal structure, 6 Å 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 the 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
[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 lowresolution 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 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 and 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 intermediateand 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 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 (Fig. 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].
HADDOCK was originally developed to make use of NMR data,
and in particular of chemical shift perturbation data (see Section 2.1.) [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, ‘‘softsquare’’ potential to impose restraints [79]. This potential behaves
harmonically up to violations of 2 Å, 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
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Fig. 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).

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 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 can impose
different combination of restraints at different stages of the docking 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/.
4.1. How does HADDOCK address the challenges of integrative
approaches?
HADDOCK is one of the few molecular docking programs able to
perform direct docking of generic multibody complexes. It can deal
simultaneously with up to six molecules of various natures, including, when needed, cyclic and/or dihedral symmetries [33]. HADDOCK’s ability to model symmetric multimers has been
benchmarked on ﬁve symmetric protein homo-oligomers, including two unbound cases and one symmetric protein–DNA complex.
The interaction restraints were obtained from bioinformatics predictions for the protein–protein complexes and from mutagenesis
and ethylation interference experiments for the protein-DNA complex. In all cases, native to near-native predictions (with interfaceRMSD values for the best model ranging between 0.7 Å and 2.2 Å)
were obtained, irrespective of the docking difﬁculty (Fig. 3) [33].
Next to modeling multimeric macromolecular assemblies, HADDOCK also offers an efﬁcient methodology to deal with large

conformational changes upon binding, by performing Flexible
Multi-domain Docking (FMD) [95]. The FMD protocol is a divideand-conquer approach: it handles the ﬂexible binding partner as
a collection of sub-domains with connectivity restraints between
them and uses the multibody docking option of HADDOCK to dock
the separated domains simultaneously (Fig. 4). This approach enables modeling of large-scale domain motions at the rigid body
docking stage, which is followed by regular ﬂexible reﬁnement,
where limited side-chain and backbone conformational changes
are addressed. The performance of this protocol was 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 order to focus on the capacity of FMD to model large conformational changes, knowledge of the interface region was assumed.
We could demonstrate that by using the same set of restraints
FMD signiﬁcantly outperforms standard two-body docking, generating a top-ranking near-native solution for each case (with interface-RMSDs ranging from 1.1 Å to 4.6 Å). This divide-and-conquer
approach is thus able to model conformational changes as large
as 19.5 Å, something that had never been demonstrated before
[8,95].
In HADDOCK, scoring at the end of the initial rigid body docking, it0, is very critical, as only a fraction of the generated models
(e.g. top 200–400) will be subjected to further ﬂexible reﬁnement.
Recently, we generated a docking decoy set by running HADDOCK
in ab initio mode with only center-of-mass restraints on the unbound structures of the Docking Benchmark 4.0 (176 complexes).
[130] Analysis of the resulting sets of 10,000 models per complex
disclosed that, at the rigid-body stage, HADDOCK could sample at
least one near-native solution (interface-RMSD 6 4 Å) in 78% of
the cases, whereas in only 38% of them those solutions were selected for further ﬂexible reﬁnement (unpublished data). As mentioned previously, the inaccurate nature of scoring functions can be
improved by incorporating experimental data, like for example
SAXS scattering curves. In order to test if a SAXS-based scoring
could improve the success rate, we added to our scoring function
a new term describing the discrepancy between the backcalculated SAXS curve of the model and the experimental
(reference) one. As a result, SAXS data could improve the scoring
accuracy after rigid body docking (it0) by a factor 1.5 (from 38%
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Fig. 3. HADDOCK’s performance on symmetric multibody complexes. View of best HADDOCK solutions (with colored monomers) superimposed onto their respective crystal
reference structures (shown in dark gray). For each case the type of docking (b:bound, ub: unbound) used to generate that model and its interface-RMSD is reported [33].

Connectivity Restraints
10Å
1.3Å

it0/it1
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Flexible
Multi-Domain
HADDOCKing

best HADDOCK model
interface-RMSD: 3.9Å
Fig. 4. HADDOCK Flexible Multidomain Docking approach to deal with large
conformational changes upon binding. The working principle is illustrated with the
interleukin-1 receptor and its antagonist (pdb id: 1ira), experiencing a conformational change of 19.5 Å upon binding [134]. The receptor (green) is cut into domains
at its hinge region. A three body docking is then performed on the artiﬁcially
generated multibody system: two subdomains of the receptor and the ligand (blue).
The top ranking model with an interface-RMSD of 3.9 Å is shown [95].

to 57% success rate). This increase is especially pronounced when
the shape of one of the complex’s constituents is anisotropic
(1.6-fold improvement), compared to symmetric ones (1.3-fold
improvement). As demonstrated with this example, careful incorporation of experimental information into conventional scoring
functions can help to overcome accuracy problems in scoring.

4.1.1. Application examples
Under this section we give two application examples of the use
of HADDOCK, in which model building was driven by real experimental data. The ﬁrst one involves a nice illustration of using
ambiguous interaction data in the context of ﬂexible multibody
docking, and the second one discusses a degeneracy problem that
might be encountered in docking based on cross-linking data.
The ﬁrst example concerns a deubiquitinating enzyme, Josephin, known to cleave poly-Ubiquitin (Ub) chains. The main question to be addressed was which type of Ub-linkages, K48 or K63,
was preferentially cleaved by this enzyme. NMR experiments suggested that 2 Ubiquitin molecules could bind to Josephin simultaneously. Mutational studies combined with NMR chemical shift
perturbation data depicted the interaction surface of Ub and Josephin [131]. In particular, two distinct binding sites were identiﬁed
on Josephin. By inclusion of the stoichiometry, ambiguous interface
and di-Ub linkage information concurrently, two linked Ubs were
docked onto Josephin following a FMD-like procedure. The resulting models underpinned that Josephin can only properly position
K48-linked diUb for cleavage, since the two subunits of K48-linked
di-Ub could populate both binding and catalytic sites on Josephin
at the same time (Fig. 5A), whereas K63-linked di-Ub chains could
not (Fig. 5B). Despite the ambiguity in the interaction data and the
limited accuracy of the resulting models, these results were sufﬁcient to propose a hypothesis about preferential cleavage, which
was subsequently validated by biochemical experiments (see
Fig. 3E in Nicastro et al.’s paper [131]).
In another example, published cross-linked residue pairs of an
enzyme-inhibitor complex (collicin-immunity protein in complex
with collicin dnase, pdb id: 1ujz) were used to back-calculate the
structure [132]. For modeling, the starting monomers were taken
from the crystal structure and three inter-monomer distances detected by MS were used to drive the complex formation (Fig. 6A).
The docking resulted in a single cluster corresponding to an alternative binding mode (Fig. 6B – gray model). The top ranking solution (Fig. 6B – green model), which did not cluster, was an isolated
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Fig. 5. Information-driven docking with HADDOCK revealed that the topology of Josephin selects preferentiality for K48-linked diUb linkages. Josephin is shown in green
cartoon and di-Ubiquitin in marine-blue cartoon with its C-terminus indicated by a magenta sphere. The linked lysines of Ubs are depicted by gray spheres, while the catalytic
triad of Josephin is indicated in red and encircled with a dashed ellipse 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 K47-linked poly-ubiquitin chains which was demonstrated
experimentally [131].

A

B

Fig. 6. Docking model’s dependency on the quality and degeneracy of the input data. Published cross-linked residue pairs for the enzyme-inhibitor complex (collicinimmunity 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. (A) View of the reference crystal structure (pdb id: 1ujz [135]). The inter-monomer distances used to drive docking are indicated in between
brackets. (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. Both sets of solutions satisfy the cross-link distance restraints. Because of
the degeneracy of two cross-links involving the same Lys residues, those three distances are not sufﬁcient to uniquely deﬁne the complex.

high accuracy (interface-RMSD 6 1 Å) solution. The alternative
binding mode resulted from the fact that two of the inter-monomer distances were sharing the same atom (Lys537, Fig. 4A). To
be able to deﬁne uniquely the orientation between two surfaces
(or two planes) three independent distances are needed [39]. Indeed, when three independent distances that are evenly distributed over the surface of the complex were used, the docking
produced a cluster of native solutions with interface-RMSD 6 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 pre-assess both
the degeneracy and the quality of any input data before using them
during modeling.
5. Conclusions and outlook
A mechanistic understanding of how a cell functions requires
complementing interactomes and cellular tomograms by three-

dimensional structures of complexes [133]. This daunting task
can only be achieved by combining experimentation and computational modeling. Integrative modeling techniques are excellent
examples that have been developed to that end. Most of the current macromolecular docking programs, with HADDOCK as one
of the pioneers, have stepped into the integrative modeling ﬁeld.
In this review, we have discussed the current state of integrative approaches and presented the major challenges they are confronting, such as building intricate and dynamic molecular
machines, dealing with large conformational changes upon binding
or integrating sparse data from various sources. These challenges
make it very difﬁcult to properly estimate the accuracy of integrative methods unless their performance has been properly benchmarked. This is a crucial step as it allows to set a proof-ofconcept and deﬁnes the limits of what is achievable in real
applications.
Models originating from integrative approaches should not be
seen as an end, but rather as the starting point for new hypothesis
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that can be tested experimentally. It will be the synergistic combination of experiment and modeling that will allow us to tackle the
challenges of adding the structural dimension to interactomes,
shed ‘‘atomic’’ light onto molecular processes and understand the
underlying mechanistic of biomolecular function.
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