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Chapter 1

Introduction

1.1 Structural biology in the Omics-age

Since the start of modern-day Western science, Man is on a mission
to thoroughly study Nature in order to understand, manipulate, and
overcome her [1]. Above all, a fundamental insight into life is a hallmark
in the whole scientific enterprise, where life is biologically represented in
its irreducible form by the cell. The cell is a highly complex system that
is regarded as the building block of life and is able to reproduce itself
independently. Even though DNA holds a full blueprint of an organism,
studied by the field of genomics, it is mainly the proteins that orches-
trate the organization and functioning of cells, which has given rise to
the field of proteomics, and the field of interactomics to characterize their
interactions [2]. Recent technological and methodological advances have
enabled the inquiry of the interaction networks that are formed by pro-
teins, and showed that the set of all interacting protein complexes, the
interactome, is 1 to 2 orders of magnitude larger than the total number
of proteins that the genome encodes for, the proteome [3]. Inhibitors
of these protein-protein interactions are an upcoming class of molecules
with a profound impact on drug-development [4].

The field of structural biology tries to understand the workings of
the molecules of life by studying their structure, preferable up to atomic
resolution, as this provides a functional and mechanical description of
the system [5] and a basis for rational drug design [6, 7]. Three di-
mensional, atomic-resolution structural information can be obtained by



1

2

high-resolution methods, mainly X-ray crystallography and NMR spec-
troscopy. Unfortunately, both methods are hampered by several limi-
tations. X-ray crystallography is mainly limited by the production of
high-quality crystals, an undertaking that becomes more difficult with
increasing structure size, flexibility of the macromolecules, and transient
complexes; for NMR spectroscopy it is mainly the size of proteins that
is limiting structure determination, as spectra become heavily congested
for larger complexes, making peak assignment infeasible. Furthermore,
neither method is amenable to high-throughput investigations of com-
plexes and large assemblies, a necessary requirement for the structural
elucidation of the interactome.

In order to close the structure knowledge gap, computational meth-
ods have been devised to aid in this quest. Homology modeling is a suc-
cessful approach to predict the structure of a protein with high-sequence
identity to another already known structure, and heavily extends the
structural knowledge of the proteome [8]. Macromolecular docking is the
field that occupies itself with predicting the structure of a complex start-
ing from their individual components [9], and can be divided in two main
approaches: template based docking, similar to homology modeling, and
“free” docking. It has been shown recently that templates are available
for most complexes of structurally characterized proteins [10]. However,
this approach is only amenable to complexes for which co-crystallized
templates are available [11]. The “free” docking approach can be further
subdivided into ab initio docking and data-driven docking. The former
solely uses shape matching and physico-chemical principles to predict the
structure of complexes with a limited success rate [12]; the data-driven
approach tries to increase the success rate by including additional infor-
mation from biophysical and biochemical methods during the docking
[13, 14]. Data-driven docking is also more popularly known as hybrid or
integrative modeling of biomolecular complexes.

1.2 Integrative modeling of biomolecular complexes

Integrative modeling is a procedure in which data from diverse sources
are combined to accurately predict a model of a biomolecular complex
[15, 16]. The procedure can be abstracted in four stages [17]:
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1. Gathering information: collect information in the form of experimen-
tal data, bioinformatics predictions, statistical inference, or just about
anything that can be of use during the modeling.

2. Model representation and evaluation: the degrees of freedom of the
model should be chosen, i.e. using an all-atom model or a more
coarse-grained representation, depending on how much information
the data provide. In addition, scoring functions for each data-type
need to be determined to indicate consistency between the models
and the data.

3. Sampling and optimization: the sampling and optimization protocols
should be chosen depending on the degrees of freedom of the system.
For a 6 dimensional system, corresponding to the relative placement
of two three-dimensional rigid bodies, an exhaustive search can be
performed, while for higher-dimensional systems Monte Carlo and
simulated annealing approaches would be more efficient.

4. Scoring and analysis: the resulting models need to be scored, ranked
and clustered based on their congruency with the data to ascertain
model precision and accuracy.

In the remainder of this section we will mainly describe sources of
data to use during the modeling, and describe software packages that are
geared towards integrative modeling.

1.3 Sources of information
In addition to the high-resolution structural techniques, many other

experimental methods have been devised to extract structural or low-
resolution information. NMR spectroscopy is also capable of pinpointing
interface residues through the use of chemical shift perturbations (CSPs)
[18], and the relative orientation of subunits to each other by residual
dipolar couplings (RDCs) [19], among several other methods [20]. Small
angle X-ray scattering (SAXS) experiments result in a 1D scattering
curve, from which a diverse set of parameters can be determined with
structural interpretation, e.g. radius of gyration, and even complete (low-
resolution) shapes [21–23]. Biochemical methods such as mutagenesis
and radical footprinting provide information on the binding interface.
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Bioinformatics prediction methods can also deliver this information by
analyzing sequences and extract conserved interface residues through co-
evolution [24]. Two other experimental approaches that provide shape
data and distance restraints are cryo-electron microscopy (cryo-EM) and
chemical cross-linking coupled with mass-spectrometry (CXMS), which
we will discuss more in-depth in the following.

1.3.1 Cryo-electron microscopy

Cryo-EM is a set of various transmission electron-microscopy tech-
niques, namely cryo-electron tomography (cryo-ET), electron crystallog-
raphy, and single-particle cryo-EM, that all ultimately results in a three
dimensional density of the sample [25]. In cryo-ET whole cell slices are
studied by systematically tilting and imaging projections of the sample;
electron crystallography is mainly aimed at investigating membrane pro-
teins that can form two-dimensional crystals; single-particle cryo-EM is
used to study individual macromolecular assemblages by imaging many
projections of random orientations of the assembly.

However, all three approaches are limited by the same phenomenon:
the prolonged irradiation of the specimen with electrons results in ex-
tensive damage, reminiscent of the impact of a nuclear bomb [26]. To
diminish this effect, the sample is typically plunge-frozen in liquid ethane
to instantly vitrify and fixate it, resulting in a near-native hydrated state.
However, the allowed electron dose is still severely limited, resulting in
very noisy projections, well below atomic resolution. Electron crystal-
lography tries to improve on this by using the high-resolution electron
diffraction pattern to attain atomic resolution. Cryo-ET can significantly
increase the resolution of particular assemblages by subtomogram aver-
aging: a process where similar particles are aligned and averaged, re-
sulting in an increased signal-to-noise ratio. Singe-particle cryo-EM in
turn images many particles on a grid, each with a random orientation.
By aligning similarly oriented projections, class averages can be obtained
with a highly improved signal-to-noise ratio. If enough class averages are
available, the three-dimensional density can be reconstructed through
several iterative approaches.

Thanks to recent dramatic advances in direct electron detectors and
improved particle processing software, the resolution of cryo-EM has im-
pressively increased and sky-rocketed the cryo-EM field from blob-ology
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[27] to the rising star in structural biology (subtitle of the cryo-EM
Gordon Research Conference 2014), to revolutionizing structural biol-
ogy [28, 29]. Although electron diffraction resolution has remained the
same at around 2Å [30], cryo-ET’s subtomogram averaging now attains
sub-nanometer resolution [31], and the single-particle cryo-EM resolution
record for now stands at 2.2Å [32].

Still, despite all these advances, the resolution of cryo-EM densi-
ties are in most cases typically too low for ab initio structural modeling.
The information content of cryo-EM data is highly dependent on the
resolution, with individual domains becoming visible at 15Å, secondary
structure elements at 10Å for helices and 7Å for 𝛽-strands, and the sepa-
ration of beta-sheets and bulky side-chains at around 4Å [33]. Thus, for
typical cryo-EM data of 7Å resolution and lower, additional data need
to be incorporated in an integrative approach to attain an atomic model
of the macromolecular assembly.

1.3.2 Chemical cross-linking coupled with mass spectrometry

A very different method from cryo-EM is chemical cross-linking cou-
pled with mass spectrometry. Here, protein complexes are covalently
linked with chemical cross-links to determine spatial proximity between
components. A standard CXMS experiment consists of six stages [34]:
1) the cross-links are added to the (purified) sample after optimizing the
reaction conditions; 2) the cross-linked proteins are isolated to reduce the
number of false-positives; 3) the cross-linked proteins are subsequently
digested using trypsine or other proteases; 4) the resulting peptides are
enriched using physico-chemical methods, such as size exclusion, affinity,
and strong cation exchange chromatography. The final two steps are 5)
MS optimization for peptide detection and 6) data-processing to detect
cross-linked residues.

Even though the procedure is straightforward, each step is marked
by optimization and many parameters need to be chosen, such as which
linker to use, and how to enrich the cross-linked peptides [35, 36]. How-
ever, the major bottleneck is the final data analysis as millions to billions
of fragments can be produced and need to be considered [34]. After a
successful analysis, the cross-linked peptides can be mapped back on
the proteins and distance restraints between components can be derived,
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where the length and flexibility of the linker are used to define an ac-
ceptable range for the distance restraint. The shorter the linker the more
information the restraint provides, though at the price of a reduced num-
ber of formed cross-links. So again, the inclusion of the low-resolution
long-range distance restraints provided by CXMS require an integrative
approach to accurately and precisely model the protein assemblies. A few
recent examples where CXMS data were used are the INO80 complex of
Saccharomyces cerevisiae [37], the Polycomb Repressive Complex 2 [38],
and the 30S-elF1-elF3 translation initiation complex [39].

1.3.3 Software packages and platforms

Performing integrative modeling requires dedicated high-end soft-
ware packages with powerful minimization, optimization and sampling
algorithms. Currently, there are several software packages and platforms
available that can handle data from a substantial number of experimen-
tal methods, but I will focus on three. One is the Rosetta software
from the Baker lab [40], the second is the Integrative Modeling Platform
(IMP) developed by the Sali lab [41], and the third is our in-house data-
driven docking software HADDOCK (High Ambiguity Driven DOCKing)
[42, 43].

Rosetta

Rosetta is at its core a structure prediction software package, and
is well known for its elaborate and accurate scoring function and confor-
mational sampling techniques [44]. Although originally a de novo pro-
tein prediction program [45], it has ventured into a more integrative
approach and can now also perform X-ray crystallography refinement
(MR-Rosetta) [46], use NMR data (CS-Rosetta), CXMS data [47], and
recently also cryo-EM data [48, 49], resulting in the current prediction
software package juggernaut that it is today [50]. The Rosetta source
code was recently rewritten with the release of Rosetta3 [40]. Rosetta is
free to use for academic purposes.
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IMP

The IMP software package was from the outset designed as an inte-
grative modeling platform, and is well-known for its use in the develop-
ment of a model of the Nuclear Pore Complex [15, 51]. The IMP software
consists of several user interface layers, each giving more control to the
user [41, 52]. The base layer is written in C++ for speed, where each
class is encapsulated for use in Python. This provides a scripting inter-
face to setup an integrative modeling approach with data derived from
diverse sources translated to restraints. One level higher are the direct
user applications, such as MultiFit for cryo-EM [53, 54] and FoXS for
the calculation of SAXS curves [55]. In addition, the IMP package is
also integrated into the molecular graphics visualization program UCSF
Chimera [56]. IMP is Free Software, licensed under the LGPL and GPL.

HADDOCK

The first version of HADDOCK was created in 2003, starting out
as a binary protein docking program originally capable of incorporating
CSP data and bioinformatics predictions [42]. Since then, HADDOCK’s
capabilities have steadily increased, and now also supports the use of
RDCs [57], relaxation anisotropy [58], protein-DNA docking [59], sol-
vated docking using explicit water [60, 61], docking up to 6 components
[62], NMR pseudocontact shifts [63], SAXS and collision cross sections
derived from MS [64], and protein-peptide docking [65]. The HADDOCK
web server was introduced in 2010 [66] to provide a user-friendly interface
to the science community. The HADDOCK software is free to use for
academic purposes and ships with its source code, but does require CNS
(Crystallography and NMR System) for its computational back end [67].

1.4 Explorative modeling
The goal of integrative modeling ultimately is to produce repre-

sentative models of biomolecular assemblies that are consistent with the
acquired data, thus putting the emphasis on the structural models. How-
ever, this does not necessarily provide insight into the information con-
tent of the restraints and certainty in the models. We can also turn this
around, and instead put the emphasis on the data and aim at quantifying
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the information content by counting all accessible states that are either
consistent or inconsistent with the data. I am referring to this different
paradigm and associated field as explorative modeling. A hallmark of
this approach is to systematically sample a decent representative portion
of the degrees of freedom of the system under investigation, and calculat-
ing for each sampled point the fit with the data, ultimately resulting in a
distribution of states satisfying the input data. The method is inherently
computationally demanding as the number of points to sample is sizable
by itself and increases exponentially with the number of degrees of system
being investigated. However, for two-body systems, corresponding to 6
degrees of freedom assuming rigid entities, the approach is manageable.
The goal of explorative modeling is thus to provide the information con-
tent of the data, and preferably visualize this to the structural biologist,
to aid in appreciating the impact of the data in restraining the accessible
conformational/interaction space, to give insight into model uncertainty,
and guide future work.

1.5 Overview of thesis
This thesis primarily describes new computational methods to han-

dle cryo-EM and distance restraints data for integrative and explorative
modeling. In Chapter 2 I introduce a high-performance cross-correlation
based rigid-body fitting software package called PowerFit to automat-
ically fit high-resolution structures in low-resolution cryo-EM density
maps. In addition to algorithm optimizations, it provides a novel and
more sensitive scoring function to further extend the applicable resolu-
tion range. In Chapter 3 I explore the resolution limits of rigid-body fit-
ting in cryo-EM data and leverage this information to heavily accelerate
the procedure through the use of multi-scale image pyramids. Chap-
ter 4 describes the incorporation of cryo-EM data in the HADDOCK
software. The approach can be fully combined with all other available
sources of information in HADDOCK, resulting in a truly integrative
approach. Next, in Chapter 5 I present the HADDOCK2.2 web server,
an upgrade of the HADDOCK web server, for user-friendly integrative
modeling of biomolecular complexes. Chapter 6 deals with quantifying
and visualizing the information content of distance restraints in general,
and CXMS data in particular. It introduces the concept of the accessi-
ble interaction space, the set of all possible solutions of a complex, and
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defines a way to exhaustively enumerate the accessible space. This is
implemented in another software package called DisVis, and represents
a first step into explorative modeling. I extend the approach further
in Chapter 7, where interface residues are inferred from the accessible
space defined by the distance restraints. The inferred residues can subse-
quently be used in the HADDOCK software to complement the docking
process. In the final Chapter 8 , I present a summary of the thesis
and provide a personal perspective on the field of integrative modeling,
proposing further lines of research.
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Chapter 2

Fast and sensitive rigid-body fitting into
cryo-EM density maps with PowerFit

2.1 Introduction

Determining the architecture of large macromolecular complexes is
of considerable interest to understand their function and mechanisms.
Classical high-resolution methods such as X-ray crystallography and NMR
spectroscopy might, however, struggle in doing that for large complexes
that might be too flexible to crystallize or too large for peak assignment
because of spectral overlap in NMR. Cryo-electron microscopy (cryo-
EM) is quickly becoming the method of choice to gain structural insight
into the nature of such large macromolecular assemblies. Especially with
recent advances in detector technology and improved software and al-
gorithms, the resolution of cryo-EM density maps is steadily increasing,
occasionally at the point where models can be build in the density ab
initio [28]. Still, for the bulk of the determined structures the level of
detail is too low to routinely allow this and additional information is
required to build an atomic representation of the system [68].

Typically, cryo-EM data are complemented with known high-resolution
three dimensional (3D) models determined either experimentally or via
homology modeling. These represent the pieces of the density puzzle
that should all be fitted together in the map. The first step in the high-
resolution modeling process is placing the subunits as rigid entities at the
correct position in the density. This is often done manually using graphics
software, most notably UCSF Chimera using its fit-in-map function [69].
This is unfortunate as it is subjective and can lead to over-interpretation
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of the density map, as there is no objective scoring function to give an
indication of the goodness-of-fit. This is especially problematic if flexible
fitting is applied afterwards, since for the refinement to make sense the
subunit should be located in a local minimum, else it might drift away
from its initial position during the process. To this purpose a plethora of
automatic rigid body fitting software has been developed [70]. A major
class among those is the cross-correlation based programs, which are of-
ten combined with a full-exhaustive six dimensional (6D) grid search of
the three translational and three rotational degrees of freedom [71–78].
This leads to a thorough and objective analysis of all possible solutions
to locate the global cross-correlation minimum.

The first full-exhaustive cross-correlation based software was pub-
lished by Volkmann and Hanein [71]. The approach was further de-
veloped by Chacón and Wriggers [73] using the Fast Fourier Trans-
form (FFT) algorithm in combination with the cross-correlation theo-
rem, which decreases the computational complexity of the search. In
addition, they applied a Laplace pre-filter on the density and search ob-
ject, significantly extending the applicable resolution range. Roseman
[72] introduced the more sensitive local cross-correlation (LCC) score
to fit subunits instead of whole complexes in the density. Wu et al.
[75] acknowledged the problem of overlapping densities of neighboring
subunits at lower resolutions and developed a core-weighted (CW) cross-
correlation score to minimize this effect by biasing the weight of density
toward the core of the search object. Recently, Hoang et al. [78] imple-
mented a GPU-hardware-accelerated version based on FFT techniques
to calculate the LCC score, building on the earlier work by Roseman [79].

Here we report on further developments in cross-correlation based
rigid body fitting. In the Methods section, we first shortly describe the
essence of exhaustive cross-correlation based fitting and introduce a new
cross-correlation function that combines the core-weighted approach of
Wu et al. [75] with the LCC, demonstrating how it can be calculated
using FFTs. Furthermore, to decrease the time required to perform a full
exhaustive search we use the optimal rotation sets developed by Karney
[80] and decrease the size of the density by automatically resampling the
data, if possible, and trimming padded regions. In the Results section,
we investigate the sensitivity of the newly developed scoring function by
automatically fitting the subunits of the 80S D. melanogaster ribosome
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[81]. Lastly, we present a performance comparison against other fitting
software using the GroEL/GroES system with experimental data [82].

We implemented our approach in a Python software package called
PowerFit, which can run on multi-core CPU machines and can be GPU-
accelerated using the OpenCL framework. PowerFit has been tested on
Linux, MacOSX and Windows operating systems and is Free Software.
The source code with detailed installation instructions and application
examples can be found at https://github.com/haddocking/powerfit.

2.2 Methods

2.2.1 State of the art of rigid body cross-correlation based fitting

The goal of cross-correlation rigid body fitting is to determine the
three translational and three rotational degrees of freedom of the model
that optimize the cross-correlation score between the high-resolution model
and the density. To this end, the model is first blurred to the resolution
of the cryo-EM data to properly calculate the goodness-of-fit. It should
be noted that, although the notion of the exact resolution of a cryo-
EM density is still a matter of debate and can actually be anisotropic,
the reported resolution of the data is usually sufficient for fitting pur-
poses. This blurred model is then fitted by performing a systematic,
full-exhaustive search of the 6D space and saving locations correspond-
ing to high cross-correlation values. Predictably, the problems with this
approach are sensitivity of the scoring function and speed of the search.
The sensitivity of the global cross-correlation score as originally used by
Volkmann and Hanein [71] is often compromised as, typically, subunits
instead of the whole complex are fitted into the density. To make things
worse, at lower resolution the local densities of neighboring subunits are
overlapping, resulting in systemic noise mainly at the edges of the search
model. To overcome the first problem, Roseman [72] introduced the lo-
cal cross-correlation function, which effectively is the cross-correlation
normalized under the running footprint of the shape of the model. This
localizes the score to only the region of interest, making the fitting of sub-
units feasible. As for the effect of overlapping densities of neighboring
subunits, this can be minimized by biasing the density toward the core of
the search object. Wu et al. [75] incorporated this concept by calculating

https://github.com/haddocking/powerfit


2

14

the core-index of each voxel of the search object, where the core-index is
a measure for how far the voxel is from an edge. To further enhance the
sensitivity of the scoring function, a Laplace pre-filter can be applied to
the cryo-EM density and search object [73]. Originally combined with
the global cross-correlation, it was recently shown that combining it with
the LCC further extends the applicable resolution range [78].

To increase the efficiency of the search and minimize computational
costs, the main innovation was the use of the cross-correlation theorem in
combination with FFTs. By discretizing the model density on a grid with
the same voxel spacing and size as the cryo-EM grid, a translational scan
can be performed using the FFT-accelerated approach. This reduces the
computational complexity from 𝑁 2 to 𝑁 log (𝑁), where 𝑁 is the total
number of voxels of the cryo-EM data. After each translational scan,
the model density is rotated and the process is repeated until a pre-set
rotational sampling density is achieved, meaning that the time required
for a search depends linearly on the number of rotations sampled. The
rotation step can be accelerated by directly rotating the density of the
search object instead of repeatedly rotating the high-resolution model
and blurring it afterwards. The GPU-architecture especially is suited for
this task as tri-linear interpolation can be done with high-efficiency [78].

2.2.2 Increasing the sensitivity by combining the LCC with the
core-weighted approach

Originally the core-weighted procedure was combined with the global
cross-correlation, which significantly extended the resolution range in
which a subunit could be successfully fitted into the density. The same
procedure is expected to also improve the sensitivity of the better per-
forming LCC. Combining the two approaches results in what we defined
here as the core-weighted LCC (CW-LCC) scoring function:

CW-LCC = 1
𝑁

∑u�
u� (𝑤u�𝜌u� − 𝜌u�

u� ) ⋅ (𝑤u�𝜌u� − 𝜌u�
u� )

𝜎u�
u� 𝜎u�

u�
(2.1)

where the summation is over all the 𝑁 voxels that are within a distance
of half the resolution of any atom of the search object indexed by 𝑖; 𝑤u�
is the core-index of voxel 𝑖; 𝜌u� and 𝜌u� are the intensities of the search
object and the cryo-EM density at voxel𝑖, respectively, 𝜌u�

u� and 𝜌u�
u� are
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the core-weighted density average for the search object and the local
cryo-EM density, respectively, given by 𝜌u�

u� = 1/𝑁 ∑u�
u� 𝑤u�𝜌u�. 𝜎u�

u� and
𝜎u�

u� correspond to the core-weighted density standard deviation given by

𝜎u�
u� = √(𝜌u�

u� )2 − (𝜌u�
u� )2 with (𝜌u�

u� )2 = 1/𝑁 ∑u�
u� (𝑤u�𝜌u�)2. The CW-LCC

reduces to the regular LCC by setting 𝑤u� = 1. The Laplace pre-filtered
scoring function is defined by performing the mapping 𝜌u� → ∇2𝜌u� in
Eq. 2.1. In order to calculate the CW-LCC we first need to define the
core-index of each voxel.

Determining the core-index 𝑤u�

The core-index is a measure for how close a voxel is to the core of the
density of the subunit that is being fitted. We calculate the core-index by
progressively eroding a binary mask of the search object and summing
each eroded mask together, see Figure 2.1A for a 2D example. This
guarantees that voxels at the surface have a low core-index value, while
voxels deeply buried get a higher value, even for complex shapes.

Using Fourier techniques to calculate the CW-LCC

Starting from Eq. 2.1 and following in the spirit of Roseman [79], we
can normalize the core-weighted density 𝑤u�𝜌u� of the template by setting
𝜌u�

u� = 0 and 𝜎u�
u� = 1, which simplifies Eq. 2.1 to

CW-LCC = 1
𝑁

∑u�
u� 𝜌u�

u� ⋅ 𝑤u�𝜌u�

√(𝜌u�
u� )2 − (𝜌u�

u� )2
(2.2)

where 𝜌u�
u� indicates the normalized core-weighted density. This leaves

three terms to be determined: the nominator, which we refer to as the
core-weighted global cross-correlation (CW-GCC); the square of the av-
erage core-weighted density, (𝜌u�

u� )2, and the average of the squared core-

weighted density, (𝜌u�
u� )2, of the cryo-EM data. These can be calculated

using FFTs as follows

CW-GCC = ℱ−1 [ℱ (𝑤𝜌u�
u� )∗ × ℱ (𝜌u�)] (2.3)
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Figure 2.1 Algorithms used in PowerFit. (A) Illustration of the calculation
of the core-weighted mask. The initial binary mask is progressively eroded and
summed. (B) Illustration of the impact of resampling and trimming on a slice
of the GroEL/GroES density where each square consist of 8 × 8 voxels. After
resampling and trimming the final size is significantly reduced.

(𝜌u�
u� )2 = ℱ−1 [ℱ (𝑤)∗ × ℱ (𝜌u�)]2 (2.4)

(𝜌u�
u� )2 = ℱ−1 [ℱ (𝑤2)∗ × ℱ (𝜌2

u� )] (2.5)

where ℱ and ℱ−1 are the Fast Fourier transform and its inverse, re-
spectively, ∗ is the complex conjugate operator, × is the element wise
multiplication operator, 𝑤 is the core-weighted mask, 𝜌u� and 𝜌u� are the
calculated and experimental densities, respectively. In Eq. 2.3 it is
the search object that is multiplied with the core-weighted mask, instead
of the cryo-EM density. It is this trick which allows the CW-GCC to
be calculated using FFTs. Note that even though there are 9 Fourier
transforms required to calculate the CW-LCC, only 6 need to be calcu-
lated for every orientation sampled, as the 3 Fourier transforms of the
cryo-EM data can be calculated just once before the search. So the FFT-
accelerated CW-LCC effectively costs only one Fourier transform more
than the regular LCC [78].
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2.2.3 Speeding up the search

Using optimized rotation sets to limit rotational degeneracy

Since the computational complexity of the exhaustive search de-
pends linearly on the number of rotations sampled, optimizing and lim-
iting rotational degeneracy is important for an efficient search. However,
sampling rotations or orientations in a systematic and efficient manner
is a non-trivial exercise. As such, the number of orientations that are
sampled to guarantee a certain rotational sampling density can differ
widely. For example, COLORES uses proportional Euler angles [73],
while gEMFitter performs an icosahedral tessellation to generate rota-
tions [78], resulting in 1264 and 900 orientations sampled for a coarse 24°
search, and 119664 and 92160 for a fine 5° search, respectively.

In our implementation, we make use of the optimal rotation sets de-
termined by Karney [80], originally developed for solid state NMR. These
sets were pre-calculated by enclosing the hypersphere of unit quaternions
and require only 648 orientations for a 20.83° search and 70728 orienta-
tions at a 4.71° sampling rate. This is an enhancement of the sampling
efficiency of at least a factor of 1.3 compared to gEMFitter, while offering
a denser rotational sampling interval.

Decreasing the map size by resampling and trimming the density

In addition to the number of rotations sampled, the computational
complexity of the search scales with 𝑁 log (𝑁) where 𝑁 is the number of
voxels of the data. This is the major determinant for the computational
resources required. Limiting the density size is thus key to limiting the
time required for a search. Cryo-EM data are often oversampled with
respect to their resolution incurring a significant computational cost to
perform an exhaustive search. Because neighboring voxel intensities will
be highly correlated, resampling the cryo-EM data will not affect the
scoring sensitivity significantly. However, as there is still signal after
the resolution cutoff, resampling the cryo-EM data to Nyquist rate will
introduce aliasing effects and image distortions. Therefore, we choose to
resample the cryo-EM map to a default rate of 2 times Nyquist, i.e. the
data are resampled such that the voxel spacing is 1/4th of the resolution,
allowing for a safe buffer to minimize aliasing effects.
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In addition to that, cryo-EM data are usually generously padded
with voxels containing only noise. It is not uncommon for the padding
to increase the number of voxels in each direction by a factor of 2 or more.
This comes at a considerable cost when performing an exhaustive search
as the number of voxels grows by a factor of 8 or more. To eliminate the
computational cost incurred by this padding, we trim the padded voxels.
The effect of resampling and trimming is shown in Figure 2.1B on a
slice of the GroEL/GroES complex (EMD-1046).

2.2.4 Implementation and availability

We implemented our methods in a Python package named PowerFit
that comes with a command line tool eponymously named powerfit. A
flowchart of the powerfit algorithm is shown in Figure 2.2. It requires as
input a PDB structure, a cryo-EM map and its resolution. Optional pa-
rameters are the rotational sampling density (default=10.83°), whether
to resample and/or trim the density and use the Laplace pre-filter and/or
core-weighted procedure, and the number of PDBs that should be written
to file after the search. In addition, the number of CPU processors avail-
able to the search can be specified or whether the computations should
be off-loaded to the GPU.
After invoking powerfit, the software will first try to resample the cryo-
EM map to 2 times Nyquist rate and then trim it. A density of the
search object (the 3D structure) is constructed by a Gaussian convolu-
tion where the standard deviation is a function of the resolution. Also,
a binary mask is computed out the structure, where voxels within half
a resolution distance from any atom in the model are set to 1 and oth-
erwise 0. Both the search object density and mask are discretized on
grids of equal sizes and spacing as the cryo-EM density map to allow
for an FFT-accelerated search. The Laplace pre-filter is applied on the
cryo-EM and template densities, if requested. A core-weighted mask is
calculated from the initial binary mask using the procedure described
above. The data necessary for the search are offloaded to the GPU if
requested. The template and mask are rotated using tri-linear interpo-
lation, where texture memory acceleration as described by Hoang et al.
[78] is used when possible. For each rotation sampled, a translational
correlation scan is performed using FFTs. The rotational solution with
the highest score is saved at every grid position. This continues until the
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Figure 2.2 Flowchart of the powerfit algorithm.
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requested rotational sampling density is achieved. At the end, the grid,
which contains at each position the highest found cross correlation score
for all sampled rotations, is segmented using a 3D watershed algorithm
[83] in order to remove redundant solutions. The location of each max-
imum together with its correlation score and corresponding rotation are
written to file as well as the corresponding PDB coordinates of the top
𝑁 solutions (where 𝑁 is a user-defined parameter).

PowerFit is written in the Python language (Python2.7) and re-
quires the NumPy and SciPy packages. The CPU version can be further
accelerated by installing the FFTW3.3 library together with pyFFTW.
To offload the computationally intensive search to the GPU, we used the
OpenCL framework together with the clFFT library, a high-performance
FFT library for OpenCL. Python bindings were available through the py-
opencl and gpyfft packages. PowerFit is licensed under the MIT license
and can be downloaded from https://github.com/haddocking
/powerfit together with instructions on how to install and use it. It has
been successfully tested on Linux, MacOSX and Windows systems and
its GPU-accelerated version can run on both AMD and NVIDIA GPUs,
minimizing vendor lock-in.

2.3 Results

2.3.1 Scoring sensitivity of the core-weighted LCC

To test the scoring sensitivity of the CW-LCC, we used PowerFit to
fit each subunit of the 80S D. melanogaster ribosome [81] independently
in the density at different resolutions. To this end, we simulated cryo-EM
data from a deposited model (4V6W) from 6 to 30Å resolution in 1Å in-
crements. The cryo-EM data were created using a Python script based
on the molmap function in UCSF Chimera [69]. Subsequently, we fitted
each subunit using the LCC and CW-LCC score and also together with
the Laplace pre-filter (L-LCC and L-CW-LCC) resulting in four different
scoring functions. As there are 86 subunits in the assembly, we performed
8600 exhaustive searches in total (86 subunits × 25 resolutions × 4 differ-
ent scores). The voxel spacing of the simulated data was 1/4th of the
resolution with a maximum of 4Å using a rotational sampling density
of 20.83∘ (648 rotations). We defined a fit as successful if the positional

https://github.com/haddocking/powerfit
https://github.com/haddocking/powerfit
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Figure 2.3 Fitting subunits of the ribosome in simulated cryo-EM data.
(A) The 80S ribosome assembly of D. melanogaster (4V6W). (B) The success
rate from the fitting of 86 individual subunits is plotted versus the resolution
of the cryo-EM data for the four different scoring functions (LCC = local cross
correlation; CW-LCC = core-weighted LCC; L-LCC; Laplace pre-filtered LCC;
L-CW-LCC = Laplace pre-filtered CW-LCC).

RMSD of a solution in the top 10 was smaller than 8Å compared to
the reference structure (4V6W), which is a reasonable 2 voxel spacings
away from the correct solution at 16Å resolution and lower. Since we
were testing the sensitivity of the scoring function, the orientation of the
correct model was included in each search. The results of the scoring
comparison are shown in Figure 2.3B.

All four scoring functions can fit all subunits correctly in the density
at 6Å and 7Å resolution. However, the performance of the LCC begins
to decrease after 8Å resolution and the number of successful cases drops
markedly up to 18Å resolution, to further only decrease. The CW-LCC
score performs significantly better, only starting to drop at 10Å resolu-
tion. After that, it follows a similar pattern as the LCC with a quick drop
first and a more stable region in the end. The core-weighted approach
extends the applicable resolution range of the LCC by a respectable 3Å.
The scoring functions combined with the Laplace pre-filter are evidently
performing better. The L-LCC score is almost 100% successful up to
12Å resolution. The success rate drops at lower resolutions, though not
as fast as the LCC and CW-LCC score and follows a rather linear trend,
which is in contrast with the other scoring methods. The best performing
score is the L-CW-LCC as expected. It is capable of fitting all subunits
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Figure 2.4 The GroEL/GroES density (EMD-1046) with its reference
structure fitted inside (1GRU). The subunits used in the full exhaustive search
are shown on the right.

up to a resolution of 12Å and is near-perfect up to 15Å resolution. Similar
to the L-LCC score, the success rate drops linearly up to 30Å resolution.

This analysis demonstrates that including both the Laplace pre-filter
and the core-weighted approach results in the most sensitive scoring func-
tion. The Laplace pre-filter seems to have the largest impact, changing
the drop rate of the curve to a linear one, while the inclusion of the
core-weighted approach results in a right shift of the curve.

2.3.2 Fitting performance of powerfit

Fitting subunits in the GroEL/GroES complex

As an experimental test case for powerfit, we used the GroEL/GroES
complex (EMD-1046, Figure 2.4) [82], which has been used in the cryo-
EM modeling challenge and makes comparison with other software pos-
sible [78, 84]. The crystal structure of GroEL/GroES (1GRU) was used
as a reference. We fitted a subunit of the trans and cis rings of GroEL
and the whole GroES ring (as with other software attempts, fitting indi-
vidual subunits of GroES was not successful [78]) independently in the
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Table 2.1 Fitting performance on the GroEL/GroES complex of the
Laplace pre-filtered (L) and core-weighted local cross-correlation (CW)
score. The average RMSD of fitted subunits are shown in Å when using the full
and resampled map.

Trans Cis GroES

L CW L CW L CW

Full map 2.9 3.4 4.6 3.8 4.6 4.2

Resampled 5.5 5.2 7.6 7.3 4.4 4.4

density, using the four different scoring functions, with and without re-
sampling. The rotational sampling density was set at 4.71∘. For the cis
and trans rings we took the top 7 best scoring fits and calculated the
average RMSD to the 1GRU reference structure; for the GroES ring we
took the best fit only. The results are shown in Table 2.1.

The LCC score was incapable of fitting any subunit properly as was
noted earlier [78]. In case of the GroES lid, it actually places it upside-
down in the density. The CW-LCC is more successful in this respect, and
properly fits the GroES ring at the top of the density with an RMSD
of 7.4Å using the full map and 4.4Å when using the resampled map.
However, it still fails to accurately fit the trans and cis subunits in the
density. In general, the Laplace pre-filter scoring functions are capable of
fitting all subunits successfully in the density, with no significant differ-
ence in accuracy considering the resolution of the data. As expected,
the accuracy lowers when we resample the map to two times Nyquist,
though the difference is less than one voxel spacing; when refitting the
top 7 solutions using one translational scan in the fitted orientation with
the regular voxel spacing, similar results are obtained, but at a markedly
lower computational cost (see next section). The fitting results from pow-
erfit (RMSD of 3.4, 3.8 and 4.2Å) are competitive compared to previous
published ones: gEMfitter reported an RMSD of 2.8, 4.0 and 5.3Å for
the trans, cis and GroES ring [78], respectively, and Segger 3.1, 5.1 and
6.0Å [85].

Timing comparison of powerfit

We also investigated the effect of trimming and resampling the den-
sity on the time required to perform a run. As the Laplace pre-filter only



2

24

Table 2.2 Time required for a coarse (20.81∘) and fine (4.71∘) rotational
search on the GroEL/GroES complex using the local cross-correlation
score. The timings of fitting in the full, trimmed, and resampled and trimmed
(R + T) map version are reported.

Coarse Fine

CPU GPU CPU GPU

Full map 3m 32s 18s 6h 23m 23m 50s

Trimmed 58s 7s 1h 37m 3m 54s

R + T 10s 4s 13m 6s 1m 6s

needs to be applied once, the timings of the regular and Laplacian scores
are similar. We therefore only show times for the L-LCC and L-CW-LCC
scores. The results of the timing runs are shown in Table 2.2.

Running a coarse 20.81∘ rotational search can be done in a few min-
utes, even on a single processor with a map size of 128 × 128 × 128
voxels. However, for a fine rotational sampling density of 4.71∘ an exhaus-
tive search already requires more than 6 hours. Using a GPU (NVIDIA
Geforce GTX 680) to accelerate the search reduces the time required to
approximately 30 minutes. When trimming the density before the search,
which in the GroEL/GroES case reduces the map size to 72 × 72 × 90,
the time required for a fine search drops to ~1.5 to 2 hours on a single
processor and only 5 minutes on a GPU. It should be emphasized that
trimming the map does not have any impact on the search accuracy and
thus should always be applied for a faster search. Further minimizing
the map size by resampling the density results in 36 × 36 × 45 voxels,
and only requires 15 minutes on a single CPU and 1 to 2 minutes on a
GPU. Thus, we advise to always use the trimming option and start a
search using the resampled option. The resulting solutions can than be
refitted using a single translational scan on the non-resampled map for
an optimal speed to accuracy trade-off.

We compared the fitting times of powerfit against another GPU-
accelerated rigid body fitting software gEMfitter [78]. The results are
shown in Table 2.3. Running gEMfitter using a 5∘ sampling density
(92160 orientations) with the L-LCC scoring functions, requires 5 hours
and 48 minutes against 6 hours and 23 minutes for powerfit, without any
of the simplifications introduced here, on a single processor (Intel Core
i7-3632QM). As the bulk of the time is spent on computing FFTs, the
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Table 2.3 Timing comparison between powerfit and gEMfitter using a
fine rotational search on the GroEL/GroES complex. Both softwares offer
the user the option to resample the density.

CPU GPU

gEMfitter powerfit gEMfitter powerfit

Full map 5h 48m 6h 23m 11m 25m 48s

Resampled 38m 2s 41m 25s - 1m 40s

difference in performance might be found in the fact that the gEMfitter
binary has been compiled with the mkl-library and powerfit with GCC.
gEMfitter also has a resampling option, which reduces the running time
to 38 minutes. Only applying the resampling option reduces the run-
ning time for powerfit to 41 minutes, and combined with trimming the
running time drops further to 13 minutes using the same L-LCC scoring
function. We could not properly compare the GPU-accelerated version
of gEMfitter against powerfit as the provided gEMfitter binary runs only
on Ubuntu systems with NVIDIA GPUs and was not at the authors’ dis-
posal. However, the gEMfitter article reports 11 minutes running time
using a NVIDIA C2075 GPU, which is significantly shorter than powerfit
without trimming and resampling. With the latter two options turned
on, the powerfit timings drop to close to 1 minute on a GTX 680 GPU
card. Again, since the bulk of the time is spent on computing FFTs, the
difference probably arises in the efficiency of the FFT implementation:
the CUDA FFT implementation is specifically optimized for NVIDIA
GPUs while the clFFT implementation is mainly optimized for AMD ar-
chitecture, but runs on all OpenCL supported architectures. So there is a
choice between performance versus portability, although, with trimming
and resampling enabled, powerfit is still faster.

Additional complexes fitted with powerfit

To validate our approach further, we applied powerfit on three ad-
ditional cases in the resolution range of 8.9 to 13.5Å (Table 2.4, Fig-
ure 2.5). EMDB entry 2325 is another GroEL/GroES complex, but at
a considerably higher resolution of 8.9Å compared to the 1046 density
[86]. The increased level of detail allowed to fit each GroES subunit inde-
pendently in the map, irrespective of the scoring function used, with the
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Table 2.4 Additional complexes fitted with powerfit. A fine rotational
search (4.71∘) was performed using the four scoring functions (LCC = local
cross correlation; CW-LCC = core-weighted LCC; L-LCC = Laplace pre-filtered
LCC; L-CW-LCC = Laplace pre-filtered CW-LCC).

EMDB Resolution (Å) PDB Score RMSD (Å) Rank

2325 8.9 3ZPZ:O

LCC 1.7 1 – 7

CW-LCC 1.9 1 – 7

L-LCC 1.7 1 – 7

L-CW-LCC 1.5 1 – 7

1884 9.8 2YKR:W

LCC 2.5 1

CW-LCC 3.0 2

L-LCC 2.2 1

L-CW-LCC 2.2 1

2017 13.5 4ADV:V

LCC 60.8 1

CW-LCC 1.3 1

L-LCC 5.9 1

L-CW-LCC 4.7 3

correct 7 fits found in the top 7. The other two cases are ribosomes with a
GTPase [87] and methyltransferase [88] bound to it, subunits with com-
parable size. For entry 1884 with a reported resolution of 9.8Å, the RsgA
GTPase was correctly fitted in the density by all four scoring functions
and was found within the top 2 best scoring solutions. The ribosome
map 2017 with the bound KsgA methyltransferase has a somewhat lower
resolution of 13.5Å. In this case, the LCC was incapable of correctly
fitting the subunit in the density. The other scoring functions placed the
subunit properly in the map, with the correct fit found within the top 3
best scoring solutions.

2.4 Conclusion

In this work we have introduced PowerFit, an open source Python
package, which comes with a command line tool powerfit to perform an
exhaustive cross-correlation based rigid body search. It implements a
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Figure 2.5 Cryo-EM densities together with the subunits that were inde-
pendently fitted. (A) GroES subunit in GroEL/GroES complex (EMD-2325),
(B) RsgA GTPase in 30S ribosome (EMD-1884), and (C) KsgA methyltrans-
ferase in 30S ribosome (EMD-2017).

new core-weighted enhanced LCC score that significantly expands the
applicable fitting resolution range. In addition, powerfit minimizes the
computational time requirements by using optimized rotation/orienta-
tion sets, trimming and resampling the electron density, and leveraging
the computational resources provided by GPUs. PowerFit is therefore
a valuable addition to the structural biologist toolbox, allowing obtain-
ing an objective initial fit of high-resolution subunits in low-resolution
cryo-EM density maps within a reasonable time.

Notes

This Chapter is based on: G.C.P. van Zundert and A.M.J.J. Bonvin.
Fast and sensitive rigid-body fitting into cryo-EM density maps with
PowerFit. AIMS Biophysics 2, 73–87 (2015). Furthermore, dr. Marcus
Weingarth is acknowledged for making GPU resources available.
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Chapter 3

Leveraging the limits of rigid-body fit-
ting in cryo-EM maps using multi-scale
image-pyramids

3.1 Introduction

A structural understanding of large macromolecular complexes is of
fundamental importance to rationalize and manipulate cellular processes.
Cryo-electron microscopy (cryo-EM) is quickly becoming the method of
choice for studying these macromolecular machines as recent advances
are enabling unprecedented levels of detail to be visualized [28]. Sub-
nanometer resolution maps are no exception anymore, although the level
of detail is usually still too low for de novo building of atomic struc-
tures. When possible, cryo-EM data are therefore combined with high-
resolution atomic models of subunits for a proper structural understand-
ing of the data. Typically, the first step in the modeling process is placing
the subunits in the density as rigid bodies, after which the models can
be refined using some flexible fitting procedure [70].

A variety of tools and software have been developed to help users
in the rigid body fitting, both for manual and automatic placement.
Though manual placement is frequently performed, most notably using
UCSF Chimera [69], it is subjective and can lead to over-interpretation
of the data, as there is no objective target function to be optimized. The
available local cross-correlation function in UCSF Chimera is limited, as
it samples only the current orientation. The problem of manual fitting
is exacerbated when flexible fitting is applied afterwards, as it requires
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an initial local cross-correlation minimum between the model and the
density, else the model would drift away from its fitted location.

An automatic and objective method to determine the placement of
the subunits is to perform a full-exhaustive systematic cross-correlation
search of the three translational and three rotational degrees of free-
dom of the model in the density. Many advances have been made in
both sensitivity and speed of cross-correlation based rigid body fitting
[71–73, 75–78, 89, 90]. In Chapter 2 we introduced the core-weighted
local cross-correlation scores in our rigid-body fitting package PowerFit.
However, to our knowledge, no thorough investigation into the limits of
rigid body fitting has been performed so far, nor has the resolution re-
quirements to fit a subunit of a certain size in the density been quantified.
In addition, as the size of cryo-EM data has been steadily increasing as a
result of the higher information content, the CPU requirements for an ex-
haustive search, which is usually performed using Fast Fourier Transform
(FFT)-techniques for fast translational scans, are considerably increas-
ing, which slows down the entire process.

Here we report on a comprehensive exploration of cross-correlation
based rigid-body fitting into cryo-EM densities, using five high-resolution
ribosome maps in the range of 5.5 to 6.9Å for which high-resolution mod-
els are available. We analyze the success rate of fitting all 379 subunits
into these maps as a function of resolution using four different scoring
functions. This is done by progressively lowering the resolution of the
initial data down to 30Å. Furthermore, we show how the size of the
subunits influences the success rate of fitting and how over-interpreted
regions of the map can be identified. Finally, we leverage this infor-
mation by using the concept of multi-scale image pyramids [91], well
known in the field of image analysis, to significantly reduce the required
computational resources and time to perform a fit by up to two orders
of magnitude. This is implemented in our PowerFit package for fast
rigid body fitting in cryo-EM data, which can be freely downloaded from
https://github.com/haddocking/powerfit.

https://github.com/haddocking/powerfit
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Table 3.1 The five high-resolution ribosome cases with deposited atomic
models.

EMDB-ID Resolution (Å) PDB-ID Number of subunits

1780 [94] 5.5 4V7E 88

2620 [95] 6.9 4UJE 83

2845 [96] 6.5 4UER 39

5591 [81] 6.0 4V6W 86

5976 [97] 6.2 3J77 83

3.2 Methods

3.2.1 Exploring the limits of rigid-body fitting

To explore the resolution limit for successful rigid body fitting, we
selected five high-resolution cryo-EM ribosome maps from the EMData-
bank [92], ranging in resolution from 5.5 to 6.9Å, for which structural
models were deposited in the Protein Databank [93] (Table 3.1). The
ribosome is an excellent case study as it contains many chains of var-
ious sizes and types. Subsequently, we tried to fit each separate chain
independently in their respective density map with PowerFit, using four
different scoring functions: the local cross-correlation (LCC), the core-
weighted (CW-) LCC, and their Laplace pre-filtered versions the L-LCC
and L-CW-LCC, respectively, given by the master equation

CC = 1
𝑁

∑u�
u� (𝑤u�𝜌u� − 𝜌u�) ⋅ (𝑤u�𝜌u� − 𝜌u�)

𝜎u�
u� 𝜎u�

u�
(3.1)

where the summation is over all 𝑁 voxels that are within half a resolution
distance of any atom of the search object indexed by 𝑖; 𝑤u� is a weight
factor given to voxel 𝑖; 𝜌u� and 𝜌u� are the intensities of the search object
and the cryo-EM density at voxel 𝑖, respectively; 𝜌u�

u� and 𝜌u�
u� are the

weighted density average for the search object and the local cryo-EM
data, respectively, given by 𝜌u�

u� = 1/𝑁 ∑u�
u� 𝑤u�𝜌u�. Finally, 𝜎u�

u� and 𝜎u�
u�

are the weighted density standard deviations for the search object and
EM-data. The LCC-score is defined by setting 𝑤u� to 1, while for the
CW-LCC 𝑤u� is given by the core-index (Wu et al. [75], Chapter 2), a
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measure for how close the voxel is to the core of the search object. The
Laplacian enhanced scoring functions are defined by mapping 𝜌 → ∇2𝜌u�
[73].

After each round of fitting, the resolution of the cryo-EM data was
lowered by 1Å using the following procedure. Assuming that the density
is described by a collection of atoms with a spherical Gaussian density
distribution, where the width of the Gaussian depends on the resolution
of the data, the density at each point ⃗𝑟 in space is given by

𝜌 ( ⃗𝑟|𝑅) =
u�

∑
u�

𝐴u� exp (−| ⃗𝑟 − ⃗𝑟u�|
2

2𝜎2
u�

) (3.2)

Here the summation is over all 𝑁 atoms indexed by 𝑖, where the ampli-
tude of the density is given by the atom number of the element 𝐴u�, ⃗𝑟 is
the position of atom 𝑖, and the spread 𝜎u� is a function of the resolution
𝑅 given by

𝜎 (𝑅) = 1√
2𝜋

𝑅 (3.3)

This definition of the resolution ensures that the amplitude of the spec-
ified resolution is at 1/𝑒 of the maximum in Fourier space. In order to
lower the resolution of the map to a lower target resolution, the density
can simply be convoluted with a Gaussian kernel as

𝜌target ( ⃗𝑟) = 𝐺u� ∗ 𝜌init (3.4)

where 𝜌init and 𝜌target are the initial and target density, respectively,
and 𝐺u� is the Gaussian kernel with standard deviation 𝜎u�, and ∗ is
the convolution operator. The convolution of two Gaussians results in
another Gaussian [98] as follows

𝐺1 ∗ 𝐺2 = 𝐴 exp [−| ⃗𝑟 − ( ⃗𝑟1 + ⃗𝑟2)|2

2 (𝜎2
1 + 𝜎2

2 )
] (3.5)

where 𝐺1 and 𝐺2 are two Gaussian functions with center ⃗𝑟1 and ⃗𝑟2 and
width 𝜎1 and 𝜎2, and 𝐴 a normalization constant of no interest here.
Thus, 𝜎u� is then simply
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Figure 3.1 Example of a multi-scale image pyramid of the D. melanogaster
ribosome (EMD-5591) . The time required for an exhaustive search increases
with increasing resolution.

𝜎u� = √𝜎2
target − 𝜎2

init (3.6)

This procedure gives a handle and tool to lower the resolution of a map to
a specified target resolution. After lowering the resolution, the data were
resampled such that the voxel spacing was 1/4th of the new resolution
using simple tri-linear interpolation.

3.2.2 Leveraging the limits using multi-scale image pyramids

The rapid advancement of the cryo-EM field has resulted in an im-
pressive increase in the number of high-resolution density maps and corre-
sponding atomic models. The increase in the level of detail, however, also
requires the number of voxels to represent the data to rise. Consequently,
the time required for an exhaustive search can increase dramatically as
fitting algorithms typically use the FFT for rapid translation correlation
scans, which scale with 𝑁 log 𝑁 where 𝑁 is the number of voxels.

The actual level of detail present in current high-resolution maps
may, however, be far surpassing the minimal required information to un-
ambiguously fit a subunit into the density. The superfluous amount of
information can be leveraged by building a multi-scale image pyramid to
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speed up the search: by progressively lowering the resolution and sub-
sampling the data, the size of the density is reduced, which subsequently
results in lower computational resources and time requirements. How-
ever, for the image-pyramid concept to work effectively, the resolution
boundaries to perform a successful fitting of a particular subunit must
be established. A natural parameter to investigate is the size of the
subunit, expressed here simply as the number of residues, since larger
chains carry more information and thus require a lower level of detail
to be properly fitted in the density. Once the success rate for correct
fitting of differently sized chains has been established, this information
can be used to extract the required resolution for a specific chain. An
image-pyramid can then be built by creating densities at different scales
to fit subunits of various sizes. An example of such an image pyramid is
shown in Figure 3.1.

3.3 Results and discussion

3.3.1 Success rate of different scoring functions

We first determined the best performing cross correlation score for
fitting subunits in the experimental maps. As fine rotational searches are
computationally demanding, we performed at this stage solely a transla-
tional correlation scan with the correct orientation of each chain. If no
correct local cross correlation minimum can be found here, a fine search
is futile. The success rate of fitting a subunit correctly is plotted against
the resolution of the data in Figure 3.2A. A fit is considered success-
ful if the subunit is placed within 2 voxels of the true solution, and we
only considered the best-ranked fit, i.e. the fit with the highest corre-
lation score. Congruent with an earlier analysis of noise-free simulated
data, the L-CW-LCC score performs the best of the four, followed by the
L-LCC, CW-LCC and LCC (see Chapter 2). Remarkably, the L-CW-
LCC is capable of fitting about 90% of the 379 subunits unambiguously
down to a resolution of 13Å. Inclusion of the Laplace pre-filter has the
biggest impact and increases the applicable resolution extent by about
5Å. The core-weighted approach has a smaller impact and extends the
resolutions 1 to 2Å further.
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Figure 3.2 Aggregate fitting results of the 5 ribosome cases. (A) Success
rate of fitting a subunit unambiguously at the correct position for four correlation
scores as a function of the density map resolution. (B) Success rate of correctly
fitting a subunit consisting of a given number of residues with the L-CW-LCC
score as a function of the density map resolution. The subunits were divided into
seven categories based on their respective number of residues.

3.3.2 Size dependence of success rate

To quantify the success rate of the L-CW-LCC further, we performed
a fine rotational search (6.6∘ interval, 27672 orientations) for each sub-
unit. We divided the chains in 7 categories based on their size represented
by their number of residues (Table 3.2). The success rate of fitting each
category of subunits is shown in Figure 3.2B. We again only considered
unambiguous fits, i.e. the top ranked fit. As expected, the smallest chains
have the lowest success rate. Even when fitting in 8Å resolution data the
success rate is smaller than 50%. This increases to around 80% already
for subunits with a residue count of 50 to 100. The success rate stabilizes
to 90% for larger sized chains and is stable down to 12Å resolution data.
After the 12Å point, the success rate drops rapidly, though less strongly
for larger chains. For subunits larger than 500 residues, which also in-
clude the rather large rRNA chains, the success rate remains stable down
to 20Å. We conclude from this analysis that the bulk of the subunits can
be unambiguously fitted in the density down to 12Å resolution.

Interestingly the success rate spikes locally at 16Å resolution, and is
more pronounced for larger chains. This can also be observed in Figure
3.2A only for the L-CW-LCC score. The reason for this is not fully ap-
parent. It might be an artifact of the core-weighted procedure: the core-
indices of subunits consisting of multiple subunits may shift suddenly and
coalesce, locally increasing the sensitivity of the score. Another reason
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Table 3.2 Size categories used during the analysis with the number of
corresponding subunits.

Number of residues Number of subunits

0 – 50 9

50 – 100 87

100 – 150 122

150 – 200 67

200 – 300 67

300 – 500 15

500+ 12

might be that for those subunits the local resolution is significantly lower,
and that fitting with a high-resolution template of the subunit results in
too much noise entering the correlation score, which is remedied by fil-
tering the template further down to lower resolutions. Although this has
no impact on the main finding of the fitting analysis, the observation is
intriguing.

3.3.3 Detecting over-interpreted regions of the density

The advantage of objectively fitting subunits in the density and char-
acterizing the success rate is that it allows the identification of possibly
over-interpreted regions of the density. For example, in the largest size
category the elF3c chain (543 residues) of EMD-2845 was placed incor-
rectly in the density. When inspecting the current fit (Figure 3.3), we
can see that the global features of the chain are present in the density,
although it is not of sufficient resolution to identify the secondary struc-
ture elements, and that some parts are sticking outside the density. This
was also implicated by the authors, as the local resolution of the den-
sity drops to around 10 to 15Å in that region [96]. Interestingly, the
chain is unambiguously fitted when the resolution of the data is filtered
to 21Å resolution, indicating that the global features of the chains are
indeed consistent with the data, but the high-resolution structure might
be over-interpreting the data.



3

37

Figure 3.3 The elF3c chains as currently placed in the density by manual
rigid-body fitting (EMD-2845, 4UER) The density is shown at an iso-contour
level of 0.03 (A) and 0.01 (B).

3.3.4 Fast fitting with multi-scale image pyramids

Now that resolution indicators are defined for reliably fitting a par-
ticular size chain into the density, this knowledge can be leveraged through
building a multi-scale image pyramid to speed up the search. To demon-
strate the speedup that can be achieved, we applied our approach to
another ribosome case with a reported resolution of 5.7Å (EMD-2917,
5AKA) [99]. We constructed an image pyramid by filtering and resam-
pling the original data down to 9, 12, 13 and 20Å resolution (Figure
3.4). We only fitted chains larger than 50 residues: chains consisting of
50 to 100 residues were fitted in the 9Å resolution density, chains con-
sisting of 100 to 300 residues in the 12Å data, chains consisting of 300 to
500 residues in the 13Å map, and for subunits bigger than 500 residues
we used the 20Å data.

All 31 chains could be unambiguously fitted considering only the top
solution with the best cross-correlation, with the exception of the 4.5S
RNA consisting of 74 residues. A local cross correlation maximum can
be found at the correct location, with the successful fit placed at rank
17. This is probably due to the local resolution of the data dropping to
around 10 to 12Å in that region, indicating flexibility of the chain [99].
The time required to fit one subunit into the original map (180×180×180
voxels) is approximately 10 hours using a single AMD Opteron 6320 CPU
processor and 40m for an NVIDIA GTX 680 GPU. This reduces to 6h
and 29m for the 9Å resolution data (160 × 160 × 160), 2h and 7m for the
12Å data (108 ×100 ×120), 1.5h and 5m for the 13Å data (96×96×108),
and 20m and 1m for the 20Å data (64 × 64 × 72), respectively. Thus,
the speed increase is up to 30 times for CPU and 40 times for GPU
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Figure 3.4 Cryo-EM data of E. coli ribosome (EMD-2917) at different
resolutions with the deposited structure (5AKA) fitted into the original
map (left). The resolution and the size of the data, the latter expressed in
numbers of voxels, are indicated under each density.

calculations for the larger subunits, at only a small cost in the success
rate of fitting.

3.4 Conclusions

Here we have explored the resolution limits of rigid body fitting in
high-resolution cryo-EM densities, ranging between 5.5 and 6.9Å reso-
lution, using 5 different ribosome cases. We have shown that also for
experimental data the L-CW-LCC score is the most sensitive of the 4
correlation-based scores tested and that it can unambiguously fit most
chains objectively at the correct location. In addition, we quantified the
success rate of fitting subunits based on their size represented by their
number of residues. As expected, larger subunits require a lower level of
detail to be unambiguously fitted into the density. This phenomenon can
be leveraged by building an image pyramid, i.e. representing the data at
different resolutions, and subsequently fitting a subunit in the smaller,
lower-resolution density dataset. The resulting speed increase can be up
to 30-fold for CPUs and 40-fold for GPUs with virtually no loss in the
success rate of fitting. We have implemented the use of image-pyramids in
PowerFit for fast objective fitting of high-resolution structures in lower-
resolution density maps.
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Chapter 4

Integrative modeling of biomolecular
complexes: HADDOCKing with cryo-EM
data

4.1 Introduction
Protein interactions underlie most of the complexities encountered

in the cell. They play a determining role in processes ranging from pro-
tein translation to muscle contraction. Numerous diseases are the result
of mutations at the interface of protein complexes [100, 101]. For a
thorough and fundamental understanding of these processes and rational
drug design, knowledge of these interactions and interfaces at an atomic
level is of paramount importance [4, 102]. Unfortunately, the number of
available high-resolution structures of protein complexes determined by
either X-ray crystallography or NMR spectroscopy remains rather sparse
compared to the size of the interactome [103, 104].

Cryo-electron microscopy (cryo-EM) is a technique capable of imag-
ing large biomolecular complexes in their native hydrated state [105].
The resolution is, however, usually limited to such extent that a direct
atomic view of the interface is out of the question. In order to rem-
edy this, cryo-EM data are often combined with high-resolution atomic
structures [70]. The simplest and most common way of building macro-
molecular assemblies into cryo-EM maps is by manual fitting of atomic
structures using dedicated graphics software [106, 107]. A more objec-
tive but less used method is full exhaustive search rigid body fitting, for
which a plethora of software has been developed as reviewed in Esquivel-
Rodríguez and Kihara [70]. Still, as the resolution decreases, placement
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of subunits becomes ambiguous, and more models need to be sampled
and/or additional data incorporated into the modeling to generate sen-
sible models.

Protein-protein docking is in principle well suited for this task [9, 108],
since it naturally samples a large number of conformations and can take
into account additional sources of information for scoring and/or for dri-
ving the docking process [13, 14]. Several docking programs have in-
corporated cryo-EM data into their work flow. MultiFit automatically
segments the cryo-EM density using a Gaussian mixture model to deduce
anchors, subsequently docking the components of the complex onto the
anchors [54]. EMLZerD uses the cryo-EM data to score the models using
3D Zernike descriptors [109]. A recent approach has been implemented in
ATTRACT-EM [110], which represents the cryo-EM data by a Gaussian
mixture model and fits the subunits into the map in a procedure reminis-
cent of Kawabata’s approach [111]; the resulting models are then refined.
Most of these methods, however, separate the use of the cryo-EM data
from the use of other sources of information: They first fit the struc-
tures in the density and only afterwards might take into account the
physico-chemical properties (energetics) of the interface. Furthermore,
they usually do not actively use additional orthogonal information that
may be available, such as for example mutagenesis or mass-spectrometry
cross-link data.

Only few approaches have been published that can incorporate a
variety of data [112], one of which is the Integrative Modeling Platform
(IMP) developed in the Sali group, which has the capability of inte-
grating among others cryo-EM data [113–115]. Another approach is our
in-house data-driven docking software HADDOCK [42, 116], which is al-
ready capable of actively using information from various sources, such
as mutagenesis, NMR H/D exchange and cross-links data to name only
a few. In addition, it is able to deal with multiple subunits [62], can
handle proteins, peptides [65], DNA [59] and RNA complexes and any
combination thereof. HADDOCK leveraged its unique ability to combine
multiple structural data into the modeling process to implement power-
ful strategies to deal with large domain conformational changes [117].
Here we describe how we have incorporated cryo-EM data into HAD-
DOCK, such that the density is actively used as an additional energy
term during docking, scoring and flexible refinement. These cryo-EM
restraints can be combined with all other already available sources of
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information and restraints supported in HADDOCK. We first report on
the optimization and benchmarking of our method on 17 complexes from
the protein-protein docking benchmark 4.0 [118] using simulated data of
10, 15 and 20Å, and a multi-component symmetrical complex. Then we
demonstrate its applicability on five cases using available experimental
data for two ribosome complexes, based on 9.8Å [87] and 13.5Å [88] data;
two virus-antibody complexes using 8.5Å [119] and 21Å [120] resolution
data; and a symmetric pentamer using 16Å negative stain data [121]. In
several cases additional interface information is included based on muta-
genesis data and the biology of the system. The resulting models have
high quality interfaces without the clashes usually found in manually
fitted models, revealing new details of the interactions.

4.2 Results and discussion

4.2.1 Implementation of cryo-EM data into HADDOCK

We first describe the implementation of cryo-EM restraints into the
rigid body docking stage of HADDOCK (HADDOCK-EM, Figure 4.1).
The approximate position of the center of mass (COM) of each chain
in the density map is represented by a centroid. The positions of these
centroids can be determined in multiple ways: subunits can first be placed
manually in the density to the correct position after which the COM can
be calculated; a full-exhaustive cross correlation search of the chains in
the density using rigid body fitting software can be used (e.g. Hoang et al.
[78]) to extract positions corresponding to high cross correlation values;
several automatic methods have been devised for simultaneous centroid
placement [54, 122–124]; a more elaborate approach combines cross-link
data with the cryo-EM map to infer the positions of the subunits [125].

Once the centroids have been determined the docking can start.
First the chains are separated in space at an approximate minimal dis-
tance of 25Å from each other and given a random orientation. Distance
restraints are defined between the COM of each protein to either a spe-
cific centroid if one is able to distinguish the two chains in the density, or
ambiguously to all centroids if the chains cannot be distinguished in the
density. The former can be interpreted as unambiguous and the latter
as ambiguous distance restraints. We thus transform the density data
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Figure 4.1 Representation of the rigid-body docking protocol in HADDOCK-
EM. (A) Simulated 15Å cryo-EM data of the 7CEI complex. (B) The density
with centroids (grey spheres) representing the approximate center of mass (COM)
of each subunit. (C) Initial docking setup in HADDOCK. Distance restraints
are defined between the COM of chain A (light-grey) and B (dark-grey) of 7CEI
and their corresponding centroids. (D) An initial complex is formed after a
rigid body energy minimization (EM). (E) The position of the subunits is ap-
proximately correct, but their orientation in the cryo-EM map should still be
determined. (F) A fine rotational search is performed around the axis that is
formed by the line joining the two centroids. The orientation with the highest
cross correlation value is chosen. (G) A final rigid body EM is performed now di-
rectly against the cryo-EM data using a cross correlation-based potential without
the centroid-based distance restraints.

into distance restraints for several reasons. First and foremost, this in-
creases the radius of convergence of pulling the chains into the density
towards specified positions compared to using a cross correlation poten-
tial, making the approach more robust. Indeed, when using solely the
cross correlation, we found that the chains often get stuck in local min-
ima before they can even interact with each other. Secondly, the distance
restraints approach falls within the original philosophy of HADDOCK,
making it easier to combine cryo-EM data with other relevant informa-
tion sources. Having defined the cryo-EM derived distance restraints,
we then dock the initial complex by means of rigid body energy mini-
mization, which effectively positions it into the cryo-EM map to fit the
centroids. In the case of binary complexes, the optimal orientation of the
complex with respect to the density still needs to be determined since
the centroid-based docking allows for rotational ambiguity. Therefore, we
perform a fine rotational search of the complex around the axis formed by
the line joining the centroids and score each orientation using the cross
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correlation value between the model and the map. The orientation cor-
responding to the highest cross correlation value is further refined using
a rigid body energy minimization where the energy consists of the non-
bonded interaction terms of classical force fields (intermolecular van der
Waals and electrostatic energies) and an added cross correlation poten-
tial. Typically 10000 solutions are generated at the rigid-body docking
stage. All calculations are performed with CNS (Crystallography and
NMR System) [67] (see Experimental Procedure section for details).

After the rigid body stage, the generated solutions are scored with
the HADDOCK-EM-it0 score, which correspond to the original HAD-
DOCK score (see Eq. 4.1) complemented with a local cross correlation-
based energy (see Experimental Procedures, Eq. 4.6 – 4.7). The 400
best scoring models are then refined using the standard HADDOCK re-
finement protocol with an additional correlation-based potential to fur-
ther fit the chains into the density, while reckoning with the energetics
of the system.

4.2.2 Impact of cryo-EM data in the rigid body docking stage

Since the HADDOCK protocol consists of several stages (rigid body
docking and scoring (it0), and flexible refinement stages in vacuum (it1)
and explicit solvent (itw)), we will separately discuss the impact of in-
corporation of cryo-EM data on each stage. We investigated the use of
10, 15 and 20Å simulated cryo-EM data on a benchmark consisting of 17
complexes taken from the protein-protein docking benchmark 4.0 [118].
These complexes consist of 10 easy, 4 medium and 3 hard cases (based
on the degree of conformational changes taking place upon complex for-
mation) and are listed in Table 4.1. Even though the complexes in the
benchmark are significantly smaller than what can be imaged by cryo-
EM, their use is still justified to optimize our protocol and investigate
the limits of using density data during the docking.

As a reference to assess the performance of using cryo-EM data in the
it0-stage, we used the ab initio mode of HADDOCK (HADDOCK-CM),
which uses center of mass distance restraints between molecules to drive
the docking [64]. We investigated two different performance indices at
this stage, namely the interfacial quality of the best-generated solution,
or interface RMSD (i-RMSD) as defined by the CAPRI standards [126],
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Figure 4.2 Quality and number of generated acceptable models after
rigid-body docking (it0). (A) Interface RMSD (i-RMSD) of the best model
generated after the it0-stage for the 17 complexes of the benchmark. White bar:
HADDOCK-CM (ab initio docking mode with center-of-mass restraints); Light-
grey, grey and dark-grey bar: HADDOCK-EM using 20, 15 and 10Å simulated
cryo-EM data, respectively; Black bar: minimal i-RMSD of unbound compared
to bound complex. The complexes are ordered according to their difficulty level.
The dashed line represents the cutoff for an accetable solution (i-RMSD 4Å).
(B) Number of acceptable solutions in the 10000 generated models after the
it0-stage (bar height) and number of acceptable solutions in the 400 best scor-
ing models (inner solid bar). Only complexes for which acceptable solutions were
generated are displayed. Light-grey: HADDOCK-CM; Grey, dark-grey and black
bar: HADDOCK-EM using 20, 15 and 10Å simulated cryo-EM data.

and, secondly, the number of acceptable solutions at the rigid-body dock-
ing stage among the 10000 models generated. We define an acceptable
solution as having an i-RMSD 4.0Å from the native complex.

As can be seen in Figure 4.2A, HADDOCK-CM generates at the
rigid body stage at least one acceptable solution out of 10000 in 11 of the
17 cases, of which 9 come from easy and 2 from medium difficulty targets.
The HADDOCK-EM protocol generates at least one acceptable solution
in 13 out of 17 cases, independent of the resolution of the simulated den-
sity maps used for the docking, of which all 10 easy targets, 2 medium
and 1 hard target. The quality of the best-generated model improves
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Table 4.1 Description of the complexes in the benchmark. The 17
protein-protein complexes used during the optimization and benchmarking of
HADDOCK-EM. The complexes were taken from the protein-protein docking
benchmark 4.0 [118].

PDB Code Categorya Difficultyb i-RMSDc Residues A Residues B

1AVX E Easy 0.47 233 176

2OUL E Easy 0.53 241 110

1AY7 E Easy 0.54 96 89

4CPA E Easy 0.62 307 39

1AHW A Easy 0.69 428 206

7CEI E Easy 0.70 130 87

2OOB O Easy 0.85 41 71

2FD6 A Easy 1.07 428 279

1AK4 O Easy 1.33 164 137

1B6C O Easy 1.96 329 107

1BGX A Medium 1.48 822 423

1R6Q O Medium 1.67 141 89

1M10 E Medium 2.10 266 207

1ACB E Medium 2.26 245 70

1JK9 O Hard 2.51 220 153

1BKD O Hard 2.86 479 166

1JMO O Hard 3.21 385 280
a The category of the complex: E = Enzyme/Inhibitor or Enzyme/Substrate; A =
Antibody/Antigen; O = Others.

b The difficulty of the complex according to CAPRI standard
c i-RMSD: RMSD of Cu� atoms of interface residues calculated after finding the best
superposition of bound and unbound interfaces

for all complexes compared to HADDOCK-CM, except for the smallest
2OOB complex when using 15 and 20Å resolution data. The average i-
RMSD improvement is 1.2, 1.5 and 1.6Å when using 20, 15 and 10Å data,
respectively. Even for complexes for which no acceptable solutions were
generated, there is a considerable increase of quality, e.g. the i-RMSD
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of the hard 1JMO complex decreases from 6.13 for HADDOCK-CM to
4.66, 4.35 and 4.51Å when using 20, 15 and 10Å data, respectively.

Moreover, not only the quality of the interface of the best model ben-
efits from the use of cryo-EM data, but the number of generated accept-
able solutions also increases significantly (Figure 4.2B). For HADDOCK-
CM the median number of generated acceptable solutions is 1, while for
HADDOCK-EM it raises to 8, 17 and 46 when using 20, 15 and 10Å data,
respectively. The only complex where HADDOCK-CM actually gener-
ates more acceptable solutions compared to HADDOCK-EM is again the
small globular 2OOB complex.

As our protocol is dependent on the input of centroid coordinates,
we also investigated its sensitivity to incorrect centroid placement. To
this end, we repeated the docking for 5 cases where both centroids were
separately displaced by 3, 5 and 7Å in a random direction. The total
error in placement was thus 14Å total in the latter case. The difference in
the number of acceptable solutions generated in the top 400 differed per
case (see Table S4.2). Only at 7Å displacement of both centroids does
the number of acceptable solutions in the top 400 decrease consistently,
but is still significantly larger compared to HADDOCK-CM. Thus, our
approach is robust against centroid placement errors up to at least 7Å.

4.2.3 Impact of cryo-EM data on the scoring of rigid body
docking solutions

To incorporate the cryo-EM data into the scoring function, we sup-
plemented the original HADDOCK score with a local cross correlation
(LCC) energy term (HADDOCK-EM score). The efficiency of this com-
bined score is shown in Figure 4.2B. The HADDOCK-CM models were
scored with the original HADDOCK score, which resulted in at least one
acceptable solution in the top 400 models for 7 out of the 11 success-
ful cases, where at least one acceptable solution was generated. The
HADDOCK-EM models were scored with the HADDOCK-EM score,
which resulted in at least one acceptable for all 13 successful cases, ir-
respective of resolution, with the exception of the 2OOB complex using
20Å resolution data.

To investigate the effect of the LCC term in the HADDOCK score,
the total number of acceptable solutions in the top 400 was calculated for
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Figure 4.3 Effect of the flexible refinement stage with cryo-EM restraints
on i-RMSD. The i-RMSD improvement (i-RMSD it0 – i-RMSD itw) for all
refined complexes after itw when using 10 (A), 15 (B), and 20Å (C) data plotted
as a histogram. Positive values indicate a decrease in i-RMSD toward the native
structure. The dashed vertical line in the figures represents the average i-RMSD
improvement.

the HADDOCK-EM models using the regular HADDOCK and HADDOCK-
EM score. The influence of the LCC term in the HADDOCK score is
significant, as the median number of acceptable solutions in the top 400
increases from 3 to 5, 4 to 13 and 13 to 38 when using 20, 15 and 10Å
data respectively. The HADDOCK-EM score is able to rank 52%, 69%
and 78% of the generated acceptable solutions in the top 400 compared
to 38%, 39% and 41% when using the regular HADDOCK score at 20,
15 and 10Å resolution data, respectively.

The discriminative ability of the LCC-term increases with the res-
olution, as expected. When plotting the LCC versus the i-RMSD (see
Figure S4.1), we observe a funnel shape for most complexes, with high
LCC values found for complexes with low i-RMSD values. This becomes
even more pronounced as the resolution of the data increases. For higher
i-RMSD the correlation is lost and the LCC is no longer indicative of the
quality of the solutions as was observed before [127]. It should further
be noted that the absolute value of the LCC-term is not indicative of
the quality of the model. For example, when using 20Å data correlation
values of > 0.9 are routinely found for non-native models. As such, the
correlation value only has meaning in a comparative setting, urging the
need to sample and score multiple conformations.

4.2.4 Effect of cryo-EM data on the flexible refinement stage

Next we investigated the impact of incorporating cryo-EM restraints
on the flexible refinement stage of HADDOCK. We calculated the i-
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Figure 4.4 Cryo-EM driven HADDOCKing docking of the ribosomal pro-
teins S7 and S19 onto the 30S E. coli ribosome. (A) Docking setup used in
HADDOCK showing the S7 (cyan) and S19 (magenta) protein, the centroids and
the density (yellow). (B) The HADDOCK-EM score of the 400 refined models
plotted versus their i-RMSD from the 2YKR-structure. Next to it the solution
with the best HADDOCK score and an i-RMSD of 1.56Å is shown in the cryo-EM
density.

RMSD improvement of the 400 best scoring it0-models after each re-
finement stage for all complexes. A histogram of i-RMSD improvements
after the it0 and itw stage is shown in Figure 4.3. The average i-RMSD
improvement after refinement when using 20Å data is 0.20Å with a max-
imum of 2.49Å. This increases to an average of 0.33 and 0.45Å and a
maximum of 3.34 and 4.37Å when using 15 and 10Å data, respectively.
The average i-RMSD improvements between it1 and itw are modest:
0.04, 0.05 and 0.10Å when using 20, 15 and 10Å data with maximums of
0.25, 0.34 and 0.43Å, see Figure S4.2. So the bulk of the improvement is
gained during the it1-stage, which was also previously noted (see Figure 2



4

49

in [43]). The maximal improvement observed with cryo-EM restraints is
about two times larger than what was previously observed in an analysis
of our CAPRI predictions. This substantial improvement is also reflected
in the increased number of acceptable solutions after the refinement for
each complex (Table S4.1). The number of cases with at least one ac-
ceptable increases from 13 for 20Å resolution data to 15 for the 15 and
10Å resolution data (Table 4.2). The resulting models are ultimately
re-scored using the itw-HADDOCK-EM score (Eq. 4.7). The enrich-
ment of models in the top 400, 10 and 1 compared to HADDOCK-CM
are given in Table S4.3.

4.2.5 Docking two ribosomal proteins using experimental 9.8Å
cryo-EM data

As a test case using experimental cryo-EM data, we docked the S7
and S19 proteins of the 30S E. coli ribosome using a 9.8Å cryo-EM map
(EMD-1884). The map has a corresponding atomic structure (2YKR),
which has been modeled by manual fitting a crystal structure of the full
ribosome in the map as a rigid body.

We docked the two proteins using only the fraction of the cryo-
EM density that can be attributed to the two proteins (Figure 4.4A).
The centroids were determined by calculating the position of the COM
of each protein as they were currently placed in the density. Applying
HADDOCK-EM resulted in 15 clusters, with the best scoring cluster
containing 105 of the 400 generated solutions of which the best scor-
ing complex has an i-RMSD of 1.56Å compared to the crystal structure
(Figure 4.4B).

4.2.6 Integrative modeling of KsgA with rRNA using 13.5Å
cryo-EM data

As a more realistic example, we applied HADDOCK-EM to model
the binding of KsgA, a methyltransferase, to the 30S maturing E. coli
ribosome. Crystal structures are available for the 30S ribosome and KsgA
together with a 13.5Å cryo-EM map of the complex (EMD-2017). The
rRNA can be unambiguously fitted in the density because of the higher
density of the phosphates in the backbone. The cryo-EM data clearly
show the density of KsgA, revealing that helices 24, 27 and 45 of the
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Table 4.2 i-RMSD values of the best generated complex after the rigid-
body docking (it0) and final water refinement (itw) stages. The quality in
terms of i-RMSD values of the best solution generated after it0 and itw stages is
given for each complex at the three cryo-EM density resolutions. The i-RMSD is
calculated by fitting the solution on the backbone atoms of the residues involved
in intermolecular contacts in the native complex within a cutoff of 10Å.

PDB
20Å data 15Å data 10Å data

It0 Itw It0 Itw It0 Itw

1AVX 1.32 1.20 1.04 0.84 0.96 0.67

2OUL 0.68 0.89 0.66 0.70 0.66 0.63

1AY7 1.45 1.05 0.75 0.73 0.72 0.66

4CPA 1.55 1.53 1.48 1.24 1.44 0.94

1AHW 1.70 1.05 1.09 1.03 1.04 0.91

7CEI 1.51 1.50 1.14 0.91 1.01 0.78

2OOB 2.85 4.04 2.73 2.31 1.06 0.97

2FD6 1.71 1.36 1.71 1.17 1.62 1.13

1AK4 2.58 2.58 1.93 1.54 1.93 1.22

1B6C 2.89 2.33 2.78 2.09 2.71 1.88

1BGX 6.95 5.42 5.65 4.07 6.29 4.85

1R6Q 2.41 2.74 1.91 1.68 1.83 1.26

1M10 4.55 3.81 4.48 3.20 4.47 2.82

1ACB 3.00 2.73 2.80 2.45 2.86 2.43

1JK9 3.04 2.83 2.84 2.37 2.83 2.32

1BKD 4.56 4.21 4.43 3.82 4.37 3.62

1JMO 4.66 4.55 4.35 4.20 4.51 4.23

rRNA are involved in the interaction (Figure 4.5A), which has been
corroborated by hydroxyl radical foot-printing data [128]. Mutagenesis
data show that the positively charged residues R221, R222 and K223 of
KsgA are important in the interaction (Figure 4.5B) [88].
The 13.5Å cryo-EM map has a corresponding current PDB model (4ADV).
This model, however, contains a large number of clashes at the interface
(>100). Furthermore, it reveals no favorable interactions and fails to
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Figure 4.5 Cryo-EM and mutagenesis data of the 30S maturing E. coli
ribosome and its current model. (A) The 13.5Å cryo-EM map of the maturing
30S E. coli ribosome with its current PDB model fitted inside. The density of
KsgA is shown in blue, and the helices of the rRNA are shown in orange (h24),
green (h27) and pink (h45). The binding site of KsgA is shown below enlarged.
(B) Crystal structure of KsgA of E. coli with the three key residues shown in red.
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Figure 4.6 Cryo-EM driven HADDOCKing of KsgA ontop the 16S rRNA
of E. coli. (A) The HADDOCK-EM score of the 400 refined models plotted
versus the i-RMSD compared to the 4adv-model. (B) Binding mode of the
best scoring HADDOCK-EM model, together with the 13.5Å cryo-EM map. (C)
Close up of the binding of KsgA with the rRNA. The right bottom figure shows
the favorable hydrogen bonds formed by the three key residues R221, R222 and
K223. At the left and upper right side the additional evolutionary conserved
residues R147 and R248 are shown forming favorable hydrogen bonds with the
backbone of the rRNA.
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give a clear explanation for the importance of the arginine residues iden-
tified by mutagenesis (Figure S4.3). This is a typical side effect from
manual rigid body fitting. Running HADDOCK-EM using the radical
foot-printing, mutagenesis and cryo-EM data results in a single cluster
(Figure 4.6A) of which the best solution has an i-RMSD of 2.8Å com-
pared to the 4ADV-model. The placement and orientations of the chains
in the density are similar to the rigid body fitted model as defined by
the cryo-EM data. The HADDOCK-EM model is, however, of much
better quality: it contains no clashes and reveals favorable hydrogen
bonds made by R221, R222 and K223 with the backbone of the rRNA.
Moreover, new potentially key residues can be identified, such as R147
and R248 (Figure 4.6B). Coincidentally, these newly identified residues
are also highly conserved, corroborating our docking results (see Figure
S4.4).

4.2.7 Modeling virus-antibody complexes using 8.5Å and 21Å
cryo-EM data

To show the diverse range of systems that can be handled with HAD-
DOCK, we applied our protocol on the adeno-associated virus 2 and
immature Dengue virus complexed with antibodies for which 8.5Å and
21Å cryo-EM data and deposited models (3J1S and 3J42) are available,
respectively.

For both cases we performed a HADDOCK run, combining the cryo-
EM data with interface information. Since the binding regions on the an-
tibody are known as well as the virus capsid proteins, residues that were
within 5Å of the other chain in the deposited atomic models were used as
active residues. The solutions of the adeno-associated virus 2 converge
into 1 cluster with an i-RMSD less than 1.5Å from the deposited model
(Figure 4.7A). However, when zooming in on the interface of the best
scoring HADDOCK model, the interactions show an extensive hydrogen
bond network between the envelope protein and the antibody in contrast
to the deposited model (Figure 4.7B).
The HADDOCK solutions of the Dengue virus cluster into two groups,
with an approximate i-RMSD of 2.0Å and 4.5Å with respect to the de-
posited model (Figure 4.7C). Inspecting the interface of the best scoring
HADDOCK model again shows favorable interactions between the prM
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Figure 4.7 Virus-antibody HADDOCKing using 8.5Å and 21Å cryo-EM
data. (A) The HADDOCK-EM score of the 400 generated models of the
adeno-associated virus 2-antibody complex versus their i-RMSD using 3J1S as
a reference. (B) Best scoring HADDOCK model shown in the cryo-EM density.
The envelope protein (blue) forms favorable interactions with the antibody A20
chains (orange and pink). The 3J1S interface is shown under the interface close
up. (C) The HADDOCK-EM score of the 400 generated models of the Dengue
virus-antibody complex versus their i-RMSD using 3J42 as a reference results
in two clusters. (D) Best scoring HADDOCK model shown in the density. The
Dengue envelope protein (green) with the prM protein (blue) forms favorable
interactions with the 2H2 Fab-fragment (orange and pink).
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Figure 4.8 HADDOCK-EM with symmetry protocol applied on the trypsin
inhibitor and large terminase pentamer. (A) Protocol of HADDOCK-EM with
symmetry during the rigid body stage. After determining the centroids in the
density, each subunit is placed on a circle concentric with the centroids’ midpoint.
C5-symmetry is imposed on the system from the beginning and ambiguous dis-
tance restraints are generated between the center of mass of each subunit and
each centroid. An initial complex is formed by rigid body energy minimization
(EM). To orient the complex properly in the density, we calculate the cross cor-
relation of two orientations of the complex with the cryo-EM data. A second
round of rigid body EM is performed on the orientation with the highest cross
correlation directly against the cryo-EM data. (B) The HADDOCK-EM score
versus the interface-RMSD compared to the native complex (1B0C) are plotted
for the 400 refinement complexes using 20, 15 and 10Å simulated data.
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Figure 4.9 HADDOCK-EM results on the large terminase complex. (A)
The HADDOCK-EM score of the 400 generated large terminase models versus
the interface-RMSD. The 16Å negative stain data with centroids are shown in the
left corner. (B) Best scoring HADDOCK model shown in the density. Close-ups
of the interface are displayed to the right.

protein of the Dengue virus with the antibody, while the 3J42-model
lacks side-chains and shows a backbone clash (Figure 4.7D).

4.2.8 Symmetrical multibody docking with cryo-EM data

HADDOCK is capable of using symmetry restraints to drive the
docking of symmetrical assemblies. In order to combine symmetry and
cryo-EM restraints the rigid body docking protocol was slightly modified
compared to non-symmetric complexes, with as main difference the ini-
tial placement of the subunits (Figure 4.8A, Experimental Procedures).
We tested HADDOCK-EM with symmetry on the cyclic pentamer of the
trypsin inhibitor (1B0C). The ab initio mode of HADDOCK with C5
symmetry restraints results in two acceptable solutions after the refine-
ment stage, with the best solution having an i-RMSD of 3.2Å compared
to the 1B0C-structure. Adding cryo-EM data results in an increased
number of acceptable solutions of 54, 400 and 400 when using 20, 15 and
10Å resolution data, respectively, with the best models having i-RMSDs
of 1.6, 1.0 and 0.7Å (Figure 4.8B). Using higher resolution data also
results in more compact clusters, i.e. the distribution of i-RMSD values
is reduced. When using 10Å data only a single near-native cluster is
observed. At 20Å resolution, multiple clusters appear and require the
HADDOCK-EM score to discriminate the near-native cluster, which in-
deed has the best (lowest) HADDOCK-EM score.
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We applied the symmetrical HADDOCK-EM protocol to model the
pentameric large terminase complex of bacteriophage T7 using 16Å neg-
ative stain EM data (EMD-2355, [121]). As in the previous cases, the
corresponding deposited model (4BIJ) shows clashes at the interfaces
(Figure S4.9). The 400 generated HADDOCK models resulted in 33
clusters, with the best scoring cluster having an i-RMSD of 2.9Å com-
pared to the 4BIJ-model (Figure 4.9). Again, the interface of the best
scoring HADDOCK model alleviates the clashes and shows favorable
interactions, while agreeing with the general binding mode of the 4BIJ-
model.

4.3 Conclusion

We have fully integrated cryo-EM data into HADDOCK, allowing
the direct combination of cryo-EM data with all other available sources of
information that HADDOCK supports, including symmetry and ambigu-
ous interaction restraints. The performance of this integrative docking
protocol was demonstrated using simulated cryo-EM data for a bench-
mark of 17 non-redundant protein-protein complexes: Including the cryo-
EM data into the docking significantly increases both the quality and
quantity of acceptable solutions, with higher resolution data having a
larger impact. Its applicability was demonstrated on two ribosome, two
virus-antibody and a symmetrical case using experimental data ranging
from 8.5 to 21Å. The integration of cryo-EM data with a proper physics-
based force field and all other available information sources provides a
powerful and user-friendly tool to generate high quality, high resolution
models of macromolecular assemblies.

4.4 Experimental procedures

4.4.1 HADDOCK protocol

HADDOCK has been described in details in previous work [42, 116].
Its docking protocol consists of three stages: an initial rigid body docking
stage (it0), a semi-flexible refinement stage using simulated annealing in
torsion-angle space (it1) and a final flexible refinement stage in explicit
water (itw). In it0, the subunits are treated as rigid entities. They are
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separated in space by an approximate minimum distance of 25Å, each
subunit being given a random orientation and random translation within
a 10Å box. In the ab initio mode of HADDOCK (HADDOCK-CM),
center of mass restraints are defined between the subunits to drive the
docking, as described in Karaca and Bonvin [64]. The initial complexes
are generated by rigid body energy minimization where the energy is a
linear combination of the intermolecular van der Waals and electrostatic
energies and the empirical distance (and other, e.g. symmetry) restraint
term. Typically 10000 models are written to disk at this stage. The
top 400 best scoring models are refined in it1, using multiple cycles of
simulated annealing in torsion angle space. In the final itw stage, the
400 structures are refined further using molecular dynamics in Cartesian
space with the complex solvated in an 8Å shell of explicit TIP3P water.
Finally, the 400 structures are scored with the itw-HADDOCK score.

After each stage the models are scored with the following pseudo-
energy functions:

𝐸it0 = 0.1⋅𝐸vdW+1.0⋅𝐸elec+0.01⋅𝐸AIR+1.0⋅𝐸desolv−0.01⋅BSA (4.1)

𝐸it1 = 1.0⋅𝐸vdW+0.2⋅𝐸elec+0.1⋅𝐸AIR+1.0⋅𝐸desolv−0.01⋅BSA (4.2)

𝐸itw = 1.0 ⋅ 𝐸vdW + 0.2 ⋅ 𝐸elec + 0.1 ⋅ 𝐸AIR + 1.0 ⋅ 𝐸desolv (4.3)

where 𝐸it0, 𝐸it1 and 𝐸itw are the scoring functions after the it0, it1 and
itw stage, respectively, 𝐸vdW the intermolecular van der Waals energy,
𝐸elec the intermolecular electrostatic energy, 𝐸AIR the ambiguous inter-
action restraints energy, 𝐸desolv an empirical desolvation energy [129] and
BSA is the buried surface area in Å2. The energies are calculated with
an 8.5Å cutoff based on OPLS parameters [130].

4.4.2 HADDOCK-EM protocol

As HADDOCK uses CNS (Crystallography and NMR System) [67]
as computational engine, all crystallographic tools and energy function
available in CNS are available to HADDOCK. So the cryo-EM data, rep-
resented by a 3D real scalar field, can be directly read into the CNS
framework and specific energy functions, typically in reciprocal space, be
used and applied. The HADDOCK-EM protocol uses in particular the
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xref energy term in CNS. It is very similar to the original HADDOCK
method with some adjustments mainly in it0. A graphical representa-
tion of the adjusted it0-protocol is given in Figure 1. An integral part
of our protocol is the use of centroids, where each centroid represents
the approximate position of the COM of a subunit in the density map.
When the resolution of the cryo-EM data decreases, the orientation of
the subunits can be ambiguous but the approximate placement can still
be determined. This is obvious in cases where several density maps are
obtained with some subunits being alternately present and absent in
the set, such as in the case of the ribosome [128]. The position of the
centroids can be determined in multiple ways. An objective way is to
perform a full-exhaustive cross correlation search to deduce regions of
high cross correlation values; the centroid can then be placed on the
position with the highest value. They can be placed manually using
graphics software: for example UCSF Chimera has an option to place
centroids in high-density regions in the map. Another option is to place
an atomic structure in the density at an approximately correct position,
calculate its COM and use this as the position of the centroid. Methods
for automatic simultaneous detection of centroids have also been reported
[54, 122–124]. A more elaborate approach uses experimental data in con-
junction with the cryo-EM map to infer the positions of the subunits, as
was shown on the RNA polymerase II [125]. The centroids are entered
into HADDOCK-EM as Cartesian coordinates in the start parameters.
Together with the cryo-EM map and its resolution, they represent all the
input required to run HADDOCK-EM.

During the docking, each subunit is given a random orientation and
initially placed on a sphere centered on the midpoint of the centroids. In
the case of two chains, the subunits are placed opposite each other on
the sphere with a minimal distance of 25Å between them. Afterwards,
for each docking trial, they are given a random rotation and transla-
tion within a 10Å box to enhance the sampling. Distance restraints are
defined between the COM of each subunit and either all determined cen-
troids as ambiguous restraints in cases where the placement of the subunit
in the density is ambiguous, or a specific centroid if the placement is un-
ambiguous. The distance restraint is described by a soft square potential
between two pseudo atoms, one of which corresponding to the centroid
and the other to the COM of the subunit. An initial complex is formed
by rigid body energy minimization, where the energy is a combination of
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the force field, the centroid-based distance restraints and other possible
experimentally based distance and orientation restraints.

After the initial energy minimization, for binary systems we properly
orient the complex in the density by performing a fine full-exhaustive
search around the axis that is formed by the line joining the centroids in
4° increments. Each orientation is scored by the vector residual energy
term in CNS, given by

𝐸vector =
∑u� (𝐹u�u� − 𝐹u�)2

∑u� 𝐹 2
u�u�

(4.4)

where the summation is over all the Miller indices 𝐻 up to the specified
resolution of the cryo-EM map, and 𝐹u�u� and 𝐹u� are the complex-valued
Fourier coefficients of the cryo-EM map and the calculated density, re-
spectively. It should be noted that minimizing the vector residual in
reciprocal space is mathematically the same as maximizing the cross cor-
relation in real space [131] and thus we refer to this potential simply as
the cross correlation. The complex is reoriented in the density conform-
ing to the optimal cross correlation value found during the search. A
final rigid body energy minimization is performed directly against the
map using the cross correlation (vector potential energy term in CNS),
van der Waals and electrostatic energy terms. For each complex typically
10000 models are generated this way.

The models are then scored by adding a local cross correlation (LCC)
term to the regular HADDOCK score (Eq. 4.1 – 4.3), where the LCC
is given by

LCC =
∑i (𝜌em − 𝜌em) ⋅ (𝜌c − 𝜌c)

𝜎em𝜎c
(4.5)

where the summation is over the voxels 𝑖 which are maximally 3Å away
from an atom of the model; 𝜌u�u� is the density value at voxel 𝑖 of the
cryo-EM map; 𝜌u�u� is the average density value of all the voxels 𝑖; 𝜌u� is
the density value at voxel 𝑖 of the calculated density, 𝜌u� is the average
density value of all the voxels 𝑖 of the calculated density, and 𝜎u�u� and 𝜎u�
are the standard deviations of the cryo-EM and calculated density over
the voxels 𝑖, respectively. The HADDOCK-EM scores are thus given by

𝐸it0,EM = 𝐸it0 − 𝑤it0 ⋅ LCC (4.6)
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𝐸itw,EM = 𝐸it1 − 𝑤itw ⋅ LCC (4.7)

where 𝑤it0 and 𝑤itw are weight terms for the LCC pseudo energy that
need to be determined (see below). The top 400 best scoring structures
are selected for further flexible refinement in it1 and itw. The refinement
protocols are similar to the standard HADDOCK protocol, however the
energy now also contains the additional cross correlation based energy
term in addition to the other force field and restraint energy terms.

It should be noted that the maximum number of subunits that can be
docked simultaneously currently is restricted to 6 (this limitation will be
lifted in a future version). Furthermore, in order to use the HADDOCK-
EM protocol, approximate knowledge of the position of each subunit in
the form of centroids is a requisite for a successful docking run. Other
minor requirements are that the number of voxels in each dimension of
the cryo-EM data is a multiple of 2, 3 and 5 to calculate FFTs used
in the cross-correlation potential, and that the density should be con-
verted to CNS/XPLOR format. For the latter two tasks, Python scripts
are included in the HADDOCK distribution. Finally, the time required
for a HADDOCK-EM run decreases with decreasing map size, since this
speeds up the calculations of the FFTs.

4.4.3 Generation of simulated cryo-EM maps

For the generation of the simulated cryo-EM maps we wrote a Python
script based on the molmap function in UCSF Chimera. The resulting
density is described by:

𝜌 ( ⃗𝑟) =
u�

∑
u�

𝐴u� ⋅ exp (−| ⃗𝑟 − ⃗𝑟u�|
2

2𝜎2 ) (4.8)

where 𝜌 is the density value at position ⃗𝑟; the summation is over all the
atoms 𝑁 ; 𝐴u� is the atom number of atom 𝑖; ⃗𝑟u� is the position of atom
𝑖; and 𝜎 is the standard deviation given by 1

u�
√

2 ⋅ 𝑅 , where 𝑅 is the
resolution. This definition of the standard deviation ensures that the
magnitudes of the Fourier coefficients are at 1/𝑒 of its maximum value
at the specified resolution. The extent of the Gaussian kernel was four
times the standard deviation and the voxel spacing one-fourth of the
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resolution. An example of a resulting 10, 15 and 20Å map is given in
Figure S4.5.

4.4.4 Optimizing and benchmarking HADDOCK-EM

The HADDOCK-EM protocol relies on the optimization of two pa-
rameters for the docking, namely the force constant for the centroid based
distance restraints and the weight for the cross correlation energy term.
In addition, the weight factors of the LCC term in the it0 and itw-
HADDOCK score need to be determined. For this, we used a bench-
mark consisting of 17 complexes taken from the protein-protein docking
benchmark 4.0 [118] (see Table 4.1). Centroids were determined by cal-
culating the COM of each unbound chain that is optimally superimposed
onto the native complex.

We first determined the centroid based force constant by running
the benchmark at different values for the force constant, creating 10000
models for each complex in it0. Since the force constant is only used in
it0, the structures were not scored nor refined. The value for the force
constant that gave the most acceptable solutions, where an acceptable
solution is defined as having an i-RMSD <= 4.0Å compared to the native
complex, was chosen (results not shown). The i-RMSDs were calculated
using ProFitV3.1 [132]. For the determination of the weight factor for
the cross correlation term we followed the same protocol but with the
optimized force constant for the centroid based distance restraints using
simulated data at 10, 15 and 20Å which were generated as described
above. This gave a value of 50 for the force constant and a weight factor
of 15000 for the cross correlation based energy term, independent of the
resolution (results not shown).

The weight factor for the LCC in the it0-HADDOCK-EM score was
determined by running the benchmark using the optimized parameters
and varying the LCC weight in order to maximize the number of accept-
able solutions in the top 400 at the three resolutions of 10, 15 and 20Å.
This gave a value of -400. The LCC weight factor in the itw score was
determined by maximizing the number of acceptable solutions in the top
20, which gave a weight factor of -10000.

To investigate the sensitivity of the protocol to incorrectly placed
centroids, we ran 5 cases of the benchmark with displaced centroids. Each
centroid was moved in a random direction by taking a random point on
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the unit sphere with a displacement of 3, 5 and 7Å. The solutions were
analyzed as explained above.

4.4.5 HADDOCK-EM with symmetry

To leverage Cn-symmetry in cyclical symmetric complexes a few
adjustments were made to the non-symmetric HADDOCK-EM protocol
(Figure 4.8A). The main difference is in the initial placement of the
subunits in the it0-stage. Instead of placing the subunits on a sphere,
we place them on a circle with its center placed on the middle-point of
the centroids and parallel to the plane of the centroids. The radius of
the circle is chosen such that the minimal distance between two subunits
is at least 25Å. The requested Cn- symmetry is imposed on the system
from the start.

After the initial placement, ambiguous centroid based distance re-
straints are generated, i.e. we create a distance restraint between the
COM of each subunit to each centroid. We form an initial complex
again by performing a rigid body energy minimization, where the energy
includes the force field, the centroid-based distance restraints and the
already in HADDOCK available symmetry restraints. Once the initial
complex is formed, it needs to be properly oriented in the density. Only
two orientations need to be sampled for this, namely the current ori-
entation and the upside-down complex. The orientation corresponding
to the highest cross correlation with the cryo-EM data is chosen. A fi-
nal rigid body energy minimization is performed against the map, using
the cross correlation potential in combination with the force field and
symmetry restraints. Typically 10000 models are generated. They are
scored with the it0-HADDOCK-EM and 400 models are refined in the it1
and itw stage. The refinement protocol is similar to the non-symmetric
HADDOCK-EM protocol, but with added symmetry restraints.

4.4.6 Modeling protein S7 and S19 of the 30S E. coli ribosome

For the 30S E. coli ribosome the cryo-EM data were downloaded
from the EMDB (EMD-1884) with its corresponding fitted PDB file
(2YKR). The density belonging to the interacting ribosomal proteins
S7 and S19, was masked out as follows. First we subtracted the density
of the 16S rRNA modeled at the specified resolution of 9.8Å from the
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map. The density belonging to the S7 and S19 proteins was masked out
by creating a binary mask around the two proteins with a shell of 7Å.
The centroids were determined by calculating the COM of each chain
as they were fitted in the density in the 2YKR-model. We followed the
standard HADDOCK-EM protocol as described above using ambiguous
centroid distance restraints. During the docking 10000 models were gen-
erated in it0 and the top 400 best scoring solutions were refined in it1
and itw. The solutions were clustered using a cutoff of 7.5Å and the
i-RMSDs were calculated against the 2YKR-model, using ProFit.

4.4.7 Modeling the interaction of KsgA with the 16S rRNA of the
30S E. coli ribosome

In order to model the interaction of KsgA with the 16S rRNA of
the 30S E. coli ribosome, we downloaded the 13.5Å cryo-EM map from
the EMDB (EMD-2017) with its corresponding fitted PDB file (4ADV).
Since the 16S rRNA chain can be unambiguously placed in the cryo-EM
map, we used the 16S rRNA as it was fitted and kept the chain fixed
during the it0 stage. The centroid for KsgA was determined by perform-
ing a full-exhaustive local cross correlation search using a local version of
software similar as described by Hoang et al. [78], with an angular sam-
pling interval of 5∘. The resulting local cross correlation map is shown
in Figure S4.6. The centroid was placed at the position in the cryo-
EM map with the highest local cross correlation. We created an initial
setup for the rigid body docking by manually placing KsgA at an ap-
proximate distance of 25Å away from the interaction surface of the 16S
rRNA. During the generation of each solution in it0, KsgA was given a
random orientation and a random translation in a 10Å box. The initial
docking setup with the determined centroid is shown in Figure S4.7.

Mutagenesis data shows that the residues R221, R222 and K223 of
KsgA are vital in the binding of KsgA to the 16S rRNA, and hydroxyl
radical footprinting and the cryo-EM map show that the helices 24, 27
and 45 of the 16S rRNA are involved in the binding. As such, the residues
221 to 223 of KsgA and residues 768 – 773, 781, 782, 801 – 803, 899 – 902,
1512 – 1516 and 1523 of the 16S rRNA were considered active residues
in HADDOCK (Figure S4.7C).

We generated 10000 models in the rigid body docking stage. The top
400 scoring models were only refined in it1. The water refinement stage
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was skipped since full molecular dynamics simulations for 400 models
with the ribosome are computationally too expensive, and the impact
of the itw stage is only marginal. During the refinement, additional
unambiguous distance restraints were used to keep helix-45 in its place,
since it was disconnected from the main chain but does take part in the
interaction. The i-RMSDs of the refined models were calculated against
the current 4ADV-model.

4.4.8 Modeling the adeno-associated virus-2 complexed with
antibody

For the adeno-associated virus-2 in complex with antibody A20 the
8.5Å resolution cryo-EM data were obtained from the EMDB (EMD-5424)
together with the fitted PDB (3J1S). As the resolution allows an unam-
biguous rigid body fit of both the capsid protein and the anti-body, the
centroids were determined by calculating the COM of each chain in the
3J1S-model. Residues within 5Å distance of the other interacting chain
were used as active residues in HADDOCK. To speed-up the calculation,
the density within a 50Å shell was masked out. I-RMSDs were calculated
using 3J1S as a reference.

4.4.9 Modeling the interaction between Dengue virus and 2H2
antibody

Cryo-EM data of 21Å resolution were downloaded from the EMDB
(EMD-5674) and its current model (3J42). For docking, the antibody was
taken from the current model, while for the envelope-prM complex the
original model was used (3C5X), since the envelope protein-prM complex
in 3J42 did not have any side-chains. Centroids were determined using a
full-cross correlation search with Laplace pre-filter for both subunits (see
Figure S4.8), similar to the KsgA-ribosome case. Residues within 5Å
of the other chain in the 3J42 model were used as active residues during
the docking. The i-RMSDs were calculated using the 3J42 model as a
reference.
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4.4.10 Modeling the large terminase complex

The 16Å resolution negative stain data were obtained from the
EMDB (EMD-2355) together with its deposited model (4BIJ). Centroids
were determined by calculating the COM of each subunit in the 4BIJ-
model. The HADDOCK-EM with symmetry protocol was used, specifi-
cally using C5-symmetry restraints. 10000/400/400 models were gener-
ated in the it0/it1/itw stage. The 4BIJ-model was used as a reference
for calculating the i-RMSDs.

Notes

This Chapter is based on: G.C.P. van Zundert, A.S.J. Melquiond
and A.M.J.J. Bonvin. Integrative modeling of biomolecular complexes:
HADDOCKing with cryo-electron microscopy data. Structure 23, 949–960
(2015).



4

67

Supplementary information

Figure S4.1 Local cross correlation scores for all 17 complexes using sim-
ulated cryo-EM data. The local cross correlation score is plotted against the
i-RMSD compared to the native complex for all 17 complexes using simulated
20 (left), 15 (middle) and 10Å (right) resolution cryo-EM data.
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Figure S4.2 Effect of the itw-flexible refinement stage with cryo-EM re-
straints on i-RMSD. The i-RMSD improvement (i-RMSD it1 – i-RMSD itw)
for all refined complexes after itw when using 10 (A), 15 (B) and 20Å (C) resolu-
tion data. The dashed vertical line in each figure represents the average i-RMSD
improvement.

Figure S4.3 The deposited model of EMD-2017. A ribbon representation
of the 4ADV-model is shown in the middle. The left and right figures are close
ups of the interface. Atoms displayed as yellow balls are clashes.
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Figure S4.4 Worm representation of KsgA showing the conservation
score of each residue. The conservation score is higher for thicker and pur-
ple residues and lower for thinner and blue residues. Conservation scores were
determined using the ConSurf web server [133].

Figure S4.5 Example of simulated cryo-EM data generated for bench-
marking HADDOCK-EM. A surface representation of the 7CEI complex is
shown on top. Under it, three iso-surfaces are shown for simulated cryo-EM data
at 10, 15 and 20Å resolution.
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Figure S4.6 Determination of centroid position of KsgA in the cryo-EM
density of 30S E.Coli ribosome. Iso-contour of the 30S ribosome in gray and
the iso-contour of local cross correlation values at 0.5 (A, green) and 0.6 (B,
red) as a result of the full-exhaustive search. The centroid was positioned on the
maximum correlation value within the iso-contour shown in B.

Figure S4.7 Initial placement of the 16S rRNA and KsgA during it0, and
active residues of the 16S rRNA. A front- (A) and side-view (B) of the 16S
rRNA and KsgA initial setup as was used during the rigid body docking stage.
(C) A ribbon representation of the 16S rRNA with the active residues 768 – 773,
781, 782, 801 – 803, 899 – 902, 1512 – 1516 and 1523 shown in red.
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Figure S4.8 Determination of centroid positions for the Dengue-virus
envelope protein and antibody. Iso-contour of a subunit part of the 21Å reso-
lution cryo-EM data of Dengue virus (grey), showing regions of high local cross
correlation values (0.35) for the envelope protein (red) and antibody (green).

Figure S4.9 Current deposited model of the large terminase complex. A
ribbon representation of the current deposited terminase complex (4BIJ). Multi-
ple clashes (yellow ball-and-sticks) are observed when zooming in on the inter-
faces of the subunits.
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Table S4.1 Number of acceptable solutions in the top 400 after each
docking stage, using simulated cryo-EM data at 10, 15 and 20Å resolution.

PDB
10Å 15Å 20Å

It0 It1 Itw It0 It1 Itw It0 It1 Itw

1ACB 13 19 19 7 8 7 4 4 4

1AHW 26 42 42 13 17 17 5 8 8

1AK4 78 81 81 37 40 40 3 8 8

1AVX 38 51 53 13 17 18 5 6 6

1AY7 23 28 28 10 16 16 9 9 9

1B6C 40 47 47 21 28 28 7 12 12

1BGX 0 0 0 0 0 0 0 0 0

1BKD 0 5 5 0 1 1 0 0 0

1JMO 0 0 0 0 0 0 0 0 0

1M10 0 2 2 0 1 1 0 1 1

1R6Q 54 57 57 12 30 30 3 4 4

1JK9 118 223 224 64 84 95 21 23 23

2FD6 140 147 148 82 97 97 37 42 42

2OOB 15 15 15 3 3 4 0 0 0

2OUL 49 62 64 28 32 32 9 10 10

4CPA 90 105 108 85 88 91 65 70 72

7CEI 75 90 92 27 48 49 13 19 20

Table S4.2 Number of acceptable solutions generated with displaced
centroids after itw using simulated cryo-EM data at 10, 15 and 20Å res-
olution.

PDB
10Å 15Å 20Å

0Å 3Å 5Å 7Å 0Å 3Å 5Å 7Å 0Å 3Å 5Å 7Å

1ACB 19 12 26 11 7 6 22 4 4 8 1 3

1AHW 42 44 30 32 17 21 20 22 8 10 10 9

1AVX 53 48 57 36 18 23 28 19 6 11 15 16

1JK9 224 198 189 191 95 78 77 28 23 26 10 33

1M10 2 0 3 0 1 1 0 1 1 1 0 0
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Chapter 5

The HADDOCK2.2 web server: User-
friendly integrative modeling of biomol-
ecular complexes

5.1 Introduction

Cellular metabolism is a highly regulated and adaptive system where
proteins, the main participants, form a vast network of interactions col-
lectively known as the interactome. Knowledge of the three dimensional
(3D) atomic structure of protein-protein interactions is therefore critical
for a fundamental understanding of cellular and molecular biology, as
well as for rational drug-design. Unfortunately, solving such structures
using classical high-resolution methods (X-ray crystallography and NMR
spectroscopy) is not trivial, as each has its own limitations (e.g. protein
flexibility, size, strength of the interaction). Considering the magnitude
of the interactome, complementary high-throughput methods such as
computational docking are necessary if we aim to close the structure gap
[104]. The goal of protein-protein docking is to predict the structure of
a complex starting from the individual structures of its components [14],
which can either be experimentally determined or predicted [134].

Despite continuous advances in the field, the accuracy of ab initio
docking – without using any experimental restraints – remains generally
low [12]. Data-driven approaches such as HADDOCK [42, 43], which
integrate information derived from biochemical, biophysical or bioinfor-
matics methods to enhance sampling, scoring, or both [14], perform re-
markably better. The information that can be integrated is quite diverse:
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interface restraints from NMR, mutagenesis experiments, or bioinformat-
ics predictions [24, 135]; shape data from small-angle X-ray scattering
[64] and cryo-electron microscopy experiments (Chapter 4); and orien-
tations of the individual structures in the complex from NMR residual
dipolar couplings [57], relaxation anisotropy [58] and pseudocontact shifts
experiments [63]. The potential of data-driven docking is reflected in the
success of the HADDOCK server and software in recent CAPRI experi-
ments (Critical Assessment of Protein Interaction) [136, 137], as well as
in the number of structures deposited (>120) in the Protein Data Bank
(PDB), which were calculated using our software.

Five years ago, we introduced the HADDOCK web server to pro-
vide a user-friendly interface to the software and streamline its usage by
non-expert users in the structural biology field [66]. Shortly after, it was
updated to handle multi-body docking [62]. The development of new and
improved protocols and the inclusion of additional sources of restraints
culminated in the recently released version 2.2 of the software, followed
by an update of the web server interfaces. Throughout the next section,
we will provide an overview of the newly updated HADDOCK web server
and discuss the most relevant additions. The server is freely accessible at
http://haddock.science.uu.nl/services/HADDOCK2.2 to non-profit
users upon registration. We conclude by presenting usage statistics of
the server to demonstrate the usefulness and power of providing easy
and free access to scientific software.

5.2 Overview and advances

The HADDOCK web server was created to facilitate the use of our
docking software, by removing the burden of its installation and setup, as
well as by providing validation routines for input data and options. In ad-
dition, since HADDOCK runs are computationally demanding, the web
server offers the users access to sufficient resources - our local cluster(s)
- to complete their runs within a few hours. A grid-enabled version of
the server can be accessed via the WeNMR web site (http://www.wenmr
.eu) [138], which uses resources provided by the European Grid Initiative
(EGI) and the associated National Grid Initiatives (NGIs). This setup,
which currently handles most submissions, provides more than 110.000
CPU cores distributed over 41 sites worldwide (see http://gstat.egi
.eu/gstat/geo/openlayers#/VO/enmr.eu).

http://haddock.science.uu.nl/services/HADDOCK2.2
http://www.wenmr.eu
http://www.wenmr.eu
http://gstat.egi.eu/gstat/geo/openlayers\#/VO/enmr.eu
http://gstat.egi.eu/gstat/geo/openlayers\#/VO/enmr.eu
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The HADDOCK web server aggregates seven different interfaces,
each associated with a different level of control over the docking protocol
reflected by the number of parameters that can be changed. New users
are granted access to the Easy and the associated Prediction Interface
only, but can request access to the Expert and Guru levels, and their
associated interfaces, if necessary.

The Easy interface provides the most basic level of control. It al-
lows the user to either upload two structures in PDB format or download
them directly from the RCSB PDB, and define sets of active and passive
residues that represent the (putative) interface. Unlike previous versions,
HADDOCK 2.2 supports single (protein, small molecule, RNA, or DNA)
and mixed (protein-DNA, protein-RNA) molecule types. This was im-
plemented to handle the docking of proteins onto a nucleosome complex
– a recent CAPRI target.

The Expert interface builds on the Easy interface and allows the user
to manually specify the protonation state of each histidine residue in the
proteins, which is otherwise determined automatically with MolProbity
[139]. Also, it offers control over which regions of the molecules are
semi-flexible and fully flexible segments, which has an impact during the
refinement stage of the docking. Lastly, the user is given the option to
define the charge state of the N- and C-terminus of the protein. The
Expert interface also provides a Distance Restraints section, where the
user has the option to upload user-defined ambiguous and unambiguous
restraints files and/or use center-of-mass restraints, useful for blind or ab
initio docking when no other information is available, but also to ensure
compactness of the generated models. The center-of-mass restraints are
automatically generated by calculating the dimensions of each molecule
along the x, y and z-axis (𝑑u�, 𝑑u�, 𝑑u�) and summing the average of the
two smallest components per molecule. The resulting distance is used
to define a restraint between the center of mass of each subunit with an
additional upper bound corrections of 1Å [64]. In addition, the Expert
interface gives control over the Sampling Parameters, including namely
the number of structures to generate at each stage and whether or not to
perform solvated docking [60, 140, 141]. Finally, it exposes the Clustering
Parameters that define the clustering algorithm and cutoff. In version
2.2, in addition to RMSD-based clustering, there is the option of using the
Fraction of Common Contacts (FCC) clustering algorithm [142], which
is significantly faster and especially useful for symmetric complexes.
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The Guru interface gives full access and control to ~500 parameters,
nearly all that are available in HADDOCK. The Distance Restraints sec-
tion now offers a new radius of gyration restraint, information that can
be extracted, for example, from SAXS experiments. Non-crystallographic
Symmetry Restraints and Symmetry Restraints are also available at this
level and have been extended to handle C4- and D2-symmetries in addi-
tion to the already available C2-, C3- and C5-symmetries. There are
additional sections for other types of NMR-based restraints, such as
Residual Dipolar Couplings [57], Relaxation Anisotropy [58], and the
recently added Pseudo Contact Shifts [63]. These latter require a tensor
distance restraints file and the definition of the rhombic and axial com-
ponents of the anisotropic tensor. Besides the restraints, all the energy
evaluations, scoring functions and analysis parameters can be tweaked;
advanced parameters for the sampling protocols are also available at this
level, offering a greater degree of control, for example, on the extent of
each refinement stage. There are also dedicated options to the solvated
docking protocol, which now uses by default propensities based on the
Kyte-Doolittle hydrophobicity scale, as these have been shown to im-
prove the protocol [140]. The original statistical-based propensities [60],
recently expanded to include nucleotides [141], can still be selected via a
dropdown menu.

The remaining four interfaces consist of: the Prediction Interface,
which is similar to the Easy interface, but with settings geared towards
using bioinformatics interface predictors such as CPORT [135]; the Re-
finement Interface (expert-level access), which runs only the water re-
finement stage on the uploaded structures and can be used for scoring
purposes; the Multi-body Interface, based on the Guru interface, sup-
porting upload of up to six molecules that will be docked simultaneously
[62] and also featuring the Molecule Interaction Matrix section. This new
addition displays a table with scaling factors to adjust the interaction
forces between different subunits, allowing molecules to become invisible
to each other during the docking, which is useful in cases where multi-
ple binding modes are required to satisfy the experiment data (see for
example [143]). The use of ambiguous interaction restraints within this
interface requires the user to upload a restraints table file in the Distance
Restraints section This requirement of uploading distance restraint files
instead of supplying residue lists as in the other interfaces was meant to
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Figure 5.1 Excerpts from an example result page of a HADDOCK2.2
docking run.

make users think carefully about their system since in multi-body dock-
ing multiple interfaces will be defined that might not all be supposed to
interact. To facilitate the creation of custom ambiguous interaction re-
straint files between any number of molecules, an interface called Gentbl
was created. Finally, the web server also offers a File Upload Interface
to allow the user to upload a run parameter file, created upon successful
validation and submission to the queue, and thus easily redo a docking
run or re-run it with slight changes in the parameters.

At submission time, once the input data have been properly vali-
dated, the server offers the option to download a parameter file, and pro-
vides a link to the results page, which is also emailed to the user. Users
are encouraged to save the parameter file since it contains all required
input data and settings to reproduce the docking, as recommended in the
“Outcome of the First wwPDB Hybrid/Integrative Methods Task Force
Workshop” (Recommendation 1) [144]. The results page allows monitor-
ing of the progress of the docking run. After a successful docking run,
the user will receive another e-mail redirecting him/her to the updated
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results page (see Figure 5.1 for an excerpt of presented results). The
page indicates how many structures of the water-refined models could be
clustered, and lists the clusters in the order of their HADDOCK score.
For each cluster, detailed statistics are displayed, representing the av-
erage values calculated over the top four best scoring structures within
each cluster. Besides the HADDOCK score and other standard energies
(van der Waals, etc.), a z-score has been added. The z-score represents
how many standard deviations the HADDOCK score of a given cluster
is separated from the mean of all clusters, i.e. the lower the z-score,
the better. To visualize the results, plots are displayed at the bottom
of the results-page, showing for example the HADDOCK score of all so-
lutions against the interface-ligand-RMSD (i-l-RMSD) compared to the
best scoring structure, together with cluster averages and their spreads.

5.3 Usage statistics

Since its opening in June 2008, the HADDOCK web server has seen
a sustained increase in the number of registrations to reach over 6000
registered users to date distributed all over the world (Figure 5.2).
More than 108,000 runs have been processed, 28% of which have run
on EGI grid resources. This percentage has increased to 75% for the
HADDOCK2.2 server submission. An overview of the number of runs
processed per month with their distribution over local and grid resources
is shown in Figure 5.2. Since the launch of the HADDOCK2.2 web
server in March 2015, an increased fraction of runs are handled by the
new 2.2 portal. Statistics over the last year (since January 2014) indicate
that the portal is processing on average 75 docking runs per day. The
execution wall time averaged over both local cluster and grid resources
is around 16 hours per HADDOCK run, as approximately 75 runs are
handled per day with up to 50 jobs running in parallel (and a maximum
of 5 concurrent jobs per user). The exact run time depends on the size
of the system being docked and the parameter settings and can vary
between half an hour and several days. The server home page reports
both the number of running and pending jobs, allowing users to get an
estimate of the waiting time. A majority of the docking runs are dealing
with protein-protein and protein-peptide docking (~61%), ~19% corre-
spond to protein-nucleic acids systems and quite a significant fraction
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(~20%) is dealing with protein-small molecule docking (both small lig-
and and oligosaccharides). These numbers demonstrate the popularity
and widespread usage (both in terms of geographic distribution and type
of systems being studied) of our HADDOCK web server.

Since its opening in June 2008, the HADDOCK web server has seen
a sustained increase in the number of registrations to reach over 5500
registered users to date distributed all over the world (Figure 5.2).
More than 103,000 runs have been processed, 28% of which have run
on EGI grid resources. This percentage has increased to 75% for the
HADDOCK2.2 server submission. An overview of the number of runs
processed per month with their distribution over local and grid resources
is shown in Figure 5.2. Since the launch of the HADDOCK2.2 web
server in March 2015, an increased fraction of runs are handled by the
new 2.2 portal. Statistics over the last year (since January 2014) indicate
that the portal is processing on average 75 docking runs per day. A ma-
jority of these runs are dealing with protein-protein and protein-peptide
docking (~61%), ~19% correspond to protein-nucleic acids systems and
quite a significant fraction (~20%) is dealing with protein-small molecule
docking (both small ligand and oligosaccharides). These numbers demon-
strate the popularity and widespread usage (both in terms of geographic
distribution and type of systems being studied) of our HADDOCK web
server.

Notes

This Chapter is based on: G.C.P. van Zundert, J.P.G.L.M. Ro-
drigues, M. Trellet, C. Schmitz, P.L. Kastritis, E. Karaca, A.S.J. Melquiond,
M. van Dijk, S.J. de Vries and A.M.J.J. Bonvin. The HADDOCK2.2 web
server: User-friendly integrative modeling of biomolecular complexes. J
Mol Biol, Advanced Online Publication (2015).
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Chapter 6

DisVis: quantifying and visualizing ac-
cessible interaction space of distance-
restrained biomolecular complexes

6.1 Introduction

Structural characterization of protein complexes is of paramount
importance for a fundamental understanding of cellular processes, and
with major applications in rational drug-design. As the quantity of ex-
perimentally determined complexes is only a fraction of their total pre-
dicted number, complementary computational techniques have been de-
veloped for predicting the structure of complexes from their components
[14, 104]. Additional low-resolution information in the form of distance
restraints can significantly benefit the modeling, with a variety of experi-
mental methods providing such information, such as chemical cross-links
detected by mass spectrometry [145], and distance measurements from
electron paramagnetic resonance (EPR) and FRET [146].

When two biomolecules are known to interact and no high-resolution
model is available, the structure of the complex can naively be any one
state where the molecules are in contact. We define the accessible inter-
action space of the complex as the set of all these states. If a distance
restraint is imposed on the complex, the accessible interaction space re-
duces, depending on the information content of the restraint. The in-
teraction space is further reduced if multiple restraints are included. So
far, however, no computational method has been reported that quantifies
this reduction or allows to visualize this accessible interaction space.
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To aid in this task, we have developed DisVis, a GPU-accelerated
Python software package and command line tool (disvis) for quantify-
ing and visualizing the accessible interaction space of distance-restrained
binary complexes. Disvis takes as input two atomic structures and a
file with distance restraints, and outputs the sum of complexes comply-
ing with a given number of restraints together with a density showing
the maximum number of consistent restraints at every position in space.
This indicates whether all data are consistent and can be combined with-
out violations, and allows identification of false positives, quantification
of the information content of the restraints and visualization of inter-
esting regions in the interaction space. The method is generic and can
easily be incorporated into existing Fast Fourier Transform (FFT)-ac-
celerated docking programs as a distance-dependent energy function, al-
lowing the ‘marriage made in heaven’ of direct sampling and scoring of
FFT-generated docking poses [147] at a small computational cost.

6.2 Methods

6.2.1 Overview

We discretely sample the accessible interaction space by treating the
two biomolecules as rigid bodies and performing a 6 dimensional search
over the three translational and three rotational degrees of freedom. We
use FFT-techniques to accelerate the translational search using a 1Å grid
spacing (default). These have long been used in the docking field [148].
One chain is fixed in space and considered the receptor molecule, while
translational scans are performed for each rotation of the ligand molecule.
Two atoms 𝑖 and 𝑗 are considered to be interacting if the distance, 𝑑,
between them is 𝑟vdW < 𝑑 ≤ 𝑟vdW+ 3Å (by default), where 𝑟vdW is
the combined van der Waals radius of the two atoms 𝑟u�

vdW + 𝑟u�
vdW, and

clashing if 𝑑 ≤ 𝑟vdW. A conformation is deemed a complex if the volume
of interaction is above- and the volume of clashes below threshold values
(300 and 200Å3 by default, respectively).

After every translational scan, all conformations that comply with
each restraint are determined. Next, disvis counts the number of accessi-
ble complexes consistent with each number of restraints, as well as which
restraints are violated. This is repeated until the rotational sampling
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density reaches a pre-set value (default 9.72∘, 7416 orientations). During
the rotational search, disvis stores the maximum number of consistent
restraints found at every scanned position of the ligand’s center of mass,
which ultimately results in a discrete ‘density’ map. The output thus
consists of the sum of accessible interaction statescomplexes complying
with each number of restraints, a percentage of how often each restraint
is violated, and a discrete-valued density map.

6.2.2 Calculating the accessible interaction space of two
interaction macromolecules

As a first approximation to calculate the accessible interaction space
of two interacting macromolecules and to make the computation more
tractable, we treat the molecules as rigid entities. This results in a 6 di-
mensional (3 translational and 3 rotational degrees of freedom) space of
possible conformations that need to be considered. To determine within
this 6D space whether the two chains are interacting and forming a com-
plex, we use FFT-techniques as used originally in Katchalski-Katzir et al.
[148]. We keep one chain fixed during the search while we perform FFT-
accelerated translational scans with the other chain. The fixed chain
is separated into a core and interaction region. The core region is the
space that is occupied by combining spheres with each center at the atom
coordinate and as radius the elements’ van der Waals radius; the interac-
tion region is determined similarly, but the radius is extended by 3Å (by
default). The 3D shapes are subsequently projected onto a grid with a
voxel spacing of 1Å (by default). The scanning chain is only represented
by its core object. The resulting shape is again projected onto a grid
with equal voxel spacing as the fixed chain to allow for FFT-accelerated
translational scans during the search.

After the creation of the search objects, we identify clashes and
interactions as a function of rotation 𝑅 as follows

𝐂 (𝑅) = ℱ−1 [ℱ (𝐒 (𝑅))∗ × ℱ (𝐅core)] (6.1)

𝐈 (𝑅) = ℱ−1 [ℱ (𝐒 (𝑅))∗ × ℱ (𝐅inter)] (6.2)

where the cross-correlation theorem has been used to calculate 𝐂 and 𝐈,
the spaces that represent the volume of clashes and interactions at every
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grid position in Å3, respectively; ℱ and ℱ−1 represent the FFT operator
and its inverse, respectively; * is the complex conjugate operator, and ×
the elementwise multiplication operator; 𝐒 is the shape of the scanning
chain, and 𝐅core and 𝐅inter are the core and interaction shapes of the
fixed chain, respectively.

To determine whether a conformation is a plausible complex its
clashing volume should not be too large, while the interaction volume
should be of reasonable size. The accessible interaction space per trans-
lational space is then given by

𝐀u� ( ⃗𝑟) =
⎧{
⎨{⎩

1 if 𝐂u� ( ⃗𝑟) ≤ 𝐂max and 𝐈u� ( ⃗𝑟) ≥ 𝐈min

0 else

where 𝐂max and 𝐈min are parameters representing the allowed maximum
volume of clashes (200Å3 by default) and the minimum volume of in-
teractions (300Å3 by default), respectively. Raising 𝐂max and lowering
𝐈min results in a more lenient counting of accessible states, while lower-
ing 𝐂max and raising 𝐈min makes the counting for accessible states more
stringent. The total number of accessible states is determined by per-
forming an exhaustive search over rotation space and counting at every
rotation all states where 𝐀u� equals 1. Care should be taken here that
rotation space is as evenly and optimally sampled as possible to mini-
mize redundancy and biasing certain orientations in the counting. To
take this into account, we used the optimal rotation sets developed by
Karney [80], which include a weight factor for every rotation to average
out redundancy. The total number of accessible states 𝑁u� is thus given
by

𝑁u� = ∑
u�

𝑤u� ∑
u�,u�,u�

𝐀u� (𝑥, 𝑦, 𝑧) (6.3)

where 𝑤u� is the weight factor for the specific orientation/rotation, the
first summation is over all rotations 𝐏, and the second summation over
all grid coordinates.

6.2.3 Incorporating distance restraints into the search

If some distances or distance ranges are known between the subunits
of the complex, this can significantly reduce the accessible interaction
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space as it puts extra restraints on the requirement for a conformation
to be considered a complex. To combine this information with FFT-
accelerated translational scans, the whole space of conformations that
comply with the distance restraint should be demarcated for every ro-
tation at once. As the distance of the restraint depends only on the
coordinates of two atoms (or points, more generally), the space consis-
tent with the restraint must be represented by a sphere with a radius
corresponding to the distance restraint. The remaining parameter that
needs to be determined is the position of the center of this sphere ⃗𝑟u� ,
which is given by

⃗𝑟u� (𝑅) = ⃗𝑟F − [ ⃗𝑟S (𝑅) − ⃗𝑟comS (𝑅)] (6.4)

where ⃗𝑟F and ⃗𝑟S are the coordinates of the restrained atoms of the fixed
and scanning chain, respectively, and ⃗𝑟comS is the center of mass of the
scanning chain. The equation can be simplified by initially placing the
center of mass of the scanning chain on the origin, and rotating the
scanning chain around its center of mass. Furthermore, realizing that ⃗𝑟F
is fixed and ⃗𝑟S now only depends on the rotation of the scanning chain,
Eq. 6.4 reduces to

⃗𝑟u� (𝑅) = ⃗𝑟F − 𝑅 ⃗𝑟S (6.5)

The space of states complying with the distance restraint per transla-
tional scan 𝐋u� is defined then as

𝐋u� ( ⃗𝑟) =
⎧{
⎨{⎩

1 if 𝑑min ≤ | ⃗𝑟 − ⃗𝑟u�| ≤ 𝑑max

0 else

where 𝑑min and 𝑑max are the minimum and maximum allowed distance,
respectively. Note that the function describing 𝐋u� can be freely chosen,
under the restriction that it should be spherical symmetric, which opens
up the use of more complex distance restraints in FFT-docking software.
The reduced accessible interaction space 𝐀u�,red. is then simply given by

𝐀u�,red. = 𝐀u� × 𝐋u� (6.6)

In the case of multiple available distance restraints, this generalizes to
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𝐀u�,red. = 𝐀u� ×
u�u�

∑
u�

𝐋u�,u� (6.7)

where the summation is over all distance restraints 𝑁u� and 𝐋u�,u� is the
space conforming to distant restraint 𝑛. The value found at a specific
coordinate in 𝐀u�,red. represents the number of conforming distance re-
straints at that location in space.

6.2.4 Quantifying and visualizing the accessible interaction space

To quantify the accessible interaction space consistent with a certain
number of distance restraints, the number of occurrences that 𝐀u�,red. is
equal to the number of compliant restraints is counted. The accessible
interaction space is visualized by outputting the maximum value found
during the rotational search at every grid position, thus given by

𝐕 (𝑥, 𝑦, 𝑧) = max {𝐀u�,red. (𝑥, 𝑦, 𝑧) : 𝑅 ∈ 𝐏} (6.8)

The resulting ‘density’ is written to file in MRC format and represents
the position of the center of mass of the scanning chain relative to the
fixed chain. These files can straightforwardly opened with molecular
visualization programs, such as PyMol and UCSF Chimera. With this
information, interesting regions of high- density can then be sampled
more thoroughly. Also, false-positive restraints can be identified if the
exhaustive search does not result in a region where all restraints of the
cross-links are obeyed. In addition, for each complex that is consistent
with at least one restraint, all restraints that are violated are calculated
and stored during the search. This ultimately results in a violation matrix
where every row represents the number of consistent restraints and every
column indicates how often a specific restraint is violated for complexes
consistent with at least 𝑁 restraints (e.g. Table 6.3). Lastly, to give the
user an indication which restraints are most likely to be false-positives,
the z-score is calculated for each restraint based on the violation matrix
given by

𝑍 = 𝑣u� − 𝑣
𝜎 (6.9)
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where 𝑣u� is the column average of the violation matrix of restraint 𝑖, and
𝑣 and 𝜎 are the average and standard deviation of the violation matrix.
Disvis reports restraints with a z-score higher than 1.0 explicitly.

6.2.5 Implementation details

We implemented DisVis in Python2.7 using the NumPy [149] and
Cython packages [150]. The OpenCL framework [151] was used to offload
the computations to the GPU. Python bindings were available through
the pyopencl package [152]. We used the high-performance clFFT library
(https://github.com/clMathLibraries/clFFT) together with
gpyfft for Python bindings (https://github.com/geggo/gpyfft)
to calculate the FFTs. Computations were performed on AMD Opteron
6344 CPU processors and on an AMD Radeon HD 7730M and NVIDIA
GeForce GTX 680 GPU. DisVis code can be downloaded freely from
https://github.com/haddocking/disvis together with documentation
and examples.

6.2.6 RNA polymerase II example

The crystal structure of the RNA polymerase II was downloaded
from the Protein Databank (PDB ID: 1WCM). The largest subunit
(chain A) and the 27kDa polypeptide (chain E) were extracted from the
PDB-file. Six BS3 cross-links were available and taken from XLdb [47].
To investigate the detection of false-positive restraints, two virtual cross-
links were added with a distance of 35.7 and 42.2Å using the Xwalk web
server [153]. The maximum allowed distance of the BS3 cross-links was
set to 30Å, based on molecular dynamics trajectory analysis [154]. The
restraints used are shown in Table S6.1. The input files are included in
the DisVis source code.

Two disvis runs were performed using a rotational sampling den-
sity of 5.27∘ (53256 orientations) and 9.72∘ (7416 orientations) with a
grid spacing of 1 and 2Å, respectively. All parameters were left to their
default values (interaction radius 3Å, minimum required volume of in-
teraction 300Å3 and maximum allowed volume of clashes 200Å3). The
number of accessible complexes consistent with each number of cross-
links is shown in Table S6.2 and S6.4, and the relative occurrence of

https://github.com/clMathLibraries/clFFT
https://github.com/geggo/gpyfft
https://github.com/haddocking/disvis
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Figure 6.1 Accessible interaction space of two chains of the RNA poly-
merase II complex. (A) The large subunit (purple) and the 27kDa polypeptide
(yellow) . (B) The large subunit and the reduced accessible interaction space of
the 27kDa polypeptide consistent with at least 6 cross-links in grey. The smooth
yellow sphere represents the center of mass of the polypeptide.

restraint violations in Table S6.3 and S6.5 for the fine and coarse run,
respectively.

6.2.7 26S proteasome PRE5-PUP2 example

Homology models were downloaded from the SWIS-MODEL Repos-
itory [155] via the Protein Model Portal (http://proteinmodelportal
.org) using their Uniprot identifiers (O14250 and Q9UT97). Cross-links
were taken from Leitner et al. [156] Dataset S1 (Table S6.6), which
consist of 4 ADH and 3 zero-length ZL cross-links. The maximum ADH-
and ZL-linker length were set to 23 and 26Å, respectively, since 95% of all
found distances in a benchmark were smaller. All input files are included
in the DisVis source code.

Again, two disvis runs were performed using a rotational sampling
density of 5.27∘ (53256 orientations) and 9.72∘ (7416 orientations) with a
grid spacing of 1 and 2Å, respectively, with default parameter values. The
sum of accessible complexes consistent with each number of restraints is
shown in Table S6.7 and S6.9, and their normalized restraint violation
occurrence in Table S6.8 and S6.10.

http://proteinmodelportal.org
http://proteinmodelportal.org
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Figure 6.2 Accessible interaction space of the PRE5-PUP2 complex. (A)
The PRE5 (red) complexed with PUP2 (green), based on a homology model. (B)
PRE5 and the accessible interaction space of PUP2 consistent with all 7 distance
restraints (grey). The smooth red sphere represents the center of mass of PUP2.

6.3 Examples

To illustrate the capabilities of disvis, we applied it on two sys-
tems, using MS cross-links data. A fine rotational search (5.27∘, 53256
orientations) was performed using default values. First we investigated
the accessible interaction space of two chains of the RNA polymerase II
complex of S. cerevisiae (1WCM, chain A and E) for which 6 BS3 cross-
links were available (Table S6.1) [47, 157]. The allowed distance was
set between 0 and 30Å (Cu�– Cu�) for every restraint. Two false-positive
restraints were added with a distance in the crystal structure of 35.7
(FP1) and 42.2Å (FP2) to test whether these violating restraintsthey
could be identified. Applying disvis shows that none of the 18.9 × 109

complexes sampled are consistent with all 8 restraints, though a small
number are conforming to 7 cross-links (9716 complexes) (Table S6.2).
For the latter, only restraint FP2 is violated. The accessible interac-
tion space consistent with at least 6 restraints is less than 0.03% of the
full interaction space (Figure 6.1). The density clearly indicates the
position of the E-chain. Interestingly, both false-positive restraints are
violated in 100% of the complexes consistent with at least 6 restraints; in
contrast, the highest violation percentage of a correct cross-link is only
0.1% (Table S6.3). Thus, a high-violation percentage is an indication
of a false-positive restraint.
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Secondly, we applied disvis on two proteins of the 26S proteasome
of S. pombe, PRE5 and PUP2, with 7 cross-links available (Table S6.6)
[156]. The acceptable distances for the ADH and ZL cross-links were
set to 23 and 26Å (Cu�– Cu�), respectively, as 95% of distances found in
a benchmark were shorter [156]. The PRE5-PUP2 complex is signifi-
cantly smaller than the previous example with the full interaction space
consisting of 6.9 × 109 complexes. Still, the accessible interaction space
consistent with all 7 restraints is heavily reduced to less than 0.04% of
the full interaction space. The accessible interaction space of the PUP2
chain with respect to PRE5 is overlapping with its center of mass deduced
from a homology model (Figure 6.2).

The computation for those two examples took 74m and 27m on 16
AMD Opteron 6344 processors and 76m and 19m on an NVIDIA GeForce
GTX 680 GPU, respectively. However, by increasing the voxel spacing to
2Å and using a coarser rotational search (9.72∘, 7416 orientations) rather
similar results can be obtained in only 19m and 8m, respectively, on a
single processor (cf. Table S6.2 and S6.4 for example). It should further
be noted that the bulk of the time is spent on computing the FFTs and
a negligible part on computing the consistent distance restraint space
(Table S6.11).

6.4 Conclusions

We have introduced DisVis, a Python package and command line
tool to quantify and visualize the information content of distance re-
straints, and a powerful aid in detecting the presence of false-positive re-
straints. Our novel approach can be easily incorporated in FFT-accelerated
docking programs, allowing the use of any form of distance-dependent
energy function.

Notes

This Chapter is based on: G.C.P. van Zundert and A.M.J.J. Bon-
vin. DisVis: quantifying and visualizing accessible interaction space of
distance-restrained biomolecular complexes. Bioinformatics, Advanced
Online Publication (2015).
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Supplementary information

Table S6.1 Cross-links used to assess accessible interaction space of the
large subunit and the 27kDa polypeptide of the RNA polymerase II com-
plex.

Residue chain A Residue chain E Cross-linkera
Distance in

complex (Å)b

1003 166 BS3 12.5

129 161 BS3 19.8

129 171 BS3 12.9

15 171 BS3 19.6

934 201 BS3 21.8

938 201 BS3 15.1

180 122 Virtual 35.7

1092 152 Virtual 42.2
a Cross-link chemistry. BS3: Bissulfosuccinimidyl suberate; Virtual: Manually added
false-positive cross-link.

b Cu� – Cu� distance in crystal structure (1WCM)
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Table S6.2 Total number of accessible complex conformations per num-
ber of complying restraints of the large subunit and the 27kDa polypeptide
of the RNA polymerase II complex using a fine rotational search (5.27∘,
53256 orientations) and grid (1Å).

Number of
consistent

restraints (N)

Number of
accessible
complexes
consistent

with exactly
N restraints

Fraction of
accessible
complexes
consistent

with exactly
N restraints

Number of
accessible
complexes
consistent

with at least
N restraints

Fraction of
accessible
complexes
consistent

with at least
N restraints

0 16570457037 0.8749 18940752204 1.0000

1 1392884181 0.0735 2370295166 0.1251

2 678488947 0.0358 977410985 0.0516

3 206270378 0.0109 298922038 0.0158

4 74963882 0.0040 92651659 0.0049

5 12515339 0.0007 17687776 0.0009

6 5162720 0.0003 5172437 0.0003

7 9716 0.0000 9716 0.0000

8 0 0.0000 0 0.0000
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Table S6.4 Total number of accessible complex conformations per num-
ber of complying restraints of the large subunit and the 27kDa polypeptide
of the RNA polymerase II complex using a coarse rotational search (9.72∘,
7416 orientations) and grid (2Å).

Number of
consistent

restraints (N)

Number of
accessible
complexes
consistent

with exactly
N restraints

Fraction of
accessible
complexes
consistent

with exactly
N restraints

Number of
accessible
complexes
consistent

with at least
N restraints

Fraction of
accessible
complexes
consistent

with at least
N restraints

0 287850752 0.8757 328691520 1.0000

1 24045812 0.0732 40840780 0.1243

2 11681382 0.0355 16794968 0.0511

3 3538009 0.0108 5113586 0.0156

4 1281164 0.0039 1575577 0.0048

5 208446 0.0006 294412 0.0009

6 85798 0.0003 85966 0.0003

7 167 0.0000 167 0.0000

8 0 0.0000 0 0.0000
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Table S6.6 Cross-links used to assess the accessible interaction space of
PUP2 relative to PRE5. Data were taken from Leitner et al. [156] Dataset
S1.

Residue PRE5 Residue PUP2 Cross-linkera
Distance in

complex (Å)b

27 18 ADH 5.9

122 125 ADH 12.1

122 127 ADH 5.7

122 128 ADH 7.8

54 179 ZL 9.1

55 169 ZL 10.8

55 179 ZL 10.9
a Cross-link chemistry. ADH: adipic acid dihydrazide; ZL: zero-length
b C𝛼 – C𝛼 distance in homology model
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Table S6.7 Total number of accessible complex conformations per num-
ber of complying restraints of the PRE5-PUP2 complex using a fine ro-
tational search (5.27∘, 53256 orientations) and grid (1Å).

Number of
consistent

restraints (N)

Number of
accessible
complexes
consistent

with exactly
N restraints

Fraction of
accessible
complexes
consistent

with exactly
N restraints

Number of
accessible
complexes
consistent

with at least
N restraints

Fraction of
accessible
complexes
consistent

with at least
N restraints

0 5431316957 0.7837 6930088505 1.0000

1 565217635 0.0816 1498771547 0.2163

2 226110049 0.0326 933553912 0.1347

3 622583287 0.0898 707443862 0.1021

4 73552113 0.0106 84860574 0.0122

5 4747627 0.0007 11308461 0.0016

6 4069363 0.0006 6560833 0.0009

7 2491469 0.0004 2491469 0.0004
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Table S6.9 Total number of accessible complex conformations per num-
ber of complying restraints of the PRE5-PUP2 complex using a coarse
rotational search (9.72∘, 7416 orientations) and grid (2Å).

Number of
consistent

restraints (N)

Number of
accessible
complexes
consistent

with exactly
N restraints

Fraction of
accessible
complexes
consistent

with exactly
N restraints

Number of
accessible
complexes
consistent

with at least
N restraints

Fraction of
accessible
complexes
consistent

with at least
N restraints

0 96048647 0.7871 122031044 1.0000

1 9884350 0.0810 25982397 0.2129

2 3940305 0.0323 16098046 0.1319

3 10681417 0.0875 12157741 0.0996

4 1281763 0.0105 1476323 0.0121

5 81860 0.0007 194559 0.0016

6 70057 0.0006 112699 0.0009

7 42641 0.0003 42641 0.0003
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Table S6.11 Profiling disvis for a 20.83∘ rotational search (648 orienta-
tions) using a 1Å grid spacing of RNA polymerase II large subunit and
27kDa polypeptide.

Function Time (s)
Percentage
of total (%)

Determining consistent distance restraint space 7 1

Flattening arrays (method ’flatten’
of ’numpy.ndarray’ objects)

8 1

Filling arrays (method ’fill’ of ’numpy.ndarray’ objects) 9 1

Counting violations 11 2

Reduce (method ’reduce’ of ’numpy.ufunc’ objects) 12 2

Complex conjugate (method
’conj’ of ’numpy.ndarray’ objects)

19 3

Rotating the scanning chain 24 3

Copying of arrays (method ’copy’
of ’numpy.ndarray’ objects)

36 5

Binning the number of accessible complexes 37 5

Main loop (multiplications, summations, etc.) 104 15

FFT calculations 445 62

Total time 717 100
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Chapter 7

Inferring interface residues from the ac-
cessible interaction space defined by dis-
tance restraints to improve HADDOCK-
ing models

7.1 Introduction

Uncovering the precise atomic structures of protein complexes is
a highly sought-after enterprise. Experimental techniques that provide
atomic resolution, mainly X-ray crystallography and NMR spectroscopy,
have, unfortunately, so far only revealed a fraction of the whole inter-
actome, the set of all interacting proteins [3]. Protein-protein docking
aims to predict the structure of a complex from its individual proteins to
close this knowledge gap [9]. However, its success rate using solely first-
principles – the so-called ab initio docking - is generally low [12]. Inte-
grating additional information (if reliable) during the docking process can
increase the confidence in the resulting models, especially when knowl-
edge about the location of the interface is available [14].

Cross-links coupled with mass spectrometry (CXMS) is an upcoming
and promising biochemical method that provides inter-residue distance
restraints [35, 145]. Multiple chemistries are being developed, making the
approach more robust and increasing the information content [156]. Sev-
eral software packages have already been developed for visualizing cross-
links, and calculating their path length [153, 158, 159]. In the previous
chapter we introduced DisVis to quantify and visualize the information
content of distance restraints. However, interpreting multiple long-range
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distance restraints between components from a structural perspective
and deducing the interaction surface remains tedious. A simpler inter-
pretation is gained if interface residues can be deduced from the data, as
these map directly onto the individual chains and offer a straightforward
prediction of the active site. In addition, in the development of protein-
protein inhibitors, mainly the protein interfaces are of importance, and
less so the precise complex’ structure [7]. Such interface information
might be useful in complementing the CXMS based distance restraints,
since the allowed distance ranges for the latter can be relatively wide (up
to 30Å [154]).

Inclusion of CXMS based distance restraints has already been shown
to improve the modeling of both proteins and protein complexes with the
Rosetta software [47], and to heavily decrease the number of accessible
conformations of a complex (see Chapter 6). Our data-driven dock-
ing software HADDOCK is capable of directly incorporating distance
restraints during the docking [42, 43]. Currently, Mass Spec Studio pro-
vides an advanced software platform for integrative modeling from MS
data, such as hydrogen/deuterium exchange and cross-links, with HAD-
DOCK [160]. However, no thorough benchmark study has been per-
formed to measure the impact and effectiveness of incorporating cross-
link based distance restraints in HADDOCK.

Here we introduce a method to infer interface residues when distance
restraints are available in addition to models or structures of the com-
ponents. The method is benchmarked on 90 complexes taken from the
Protein-Protein Docking Benchmark 4.0 (PPDB4.0) [118] for 3, 5 and 7
cross-links, respectively, with an upper distance restraint of 30Å, compa-
rable to the information content that is provided by disuccinimidyl suber-
ate (DSS) and bis-sulfosuccinimidyl-suberate (BS3) cross-links [154]. Fi-
nally, we show how this can be combined with HADDOCK to comple-
ment unambiguous distance restraints by derived interface information,
benchmarking it on 24 cases of the PPDB4.0.

7.2 Methods

7.2.1 Inferring interface residues from distance restraints

In the previous Chapter, we have introduced the concept of the
accessible interaction space, the set of all possible complexes that are
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consistent with a given number of distance restraints. Indeed, the pres-
ence of distance restraints between two interacting macromolecular bio-
molecules can significantly reduce their accessible interaction space. To
infer residues that are likely to be at the interface, we assume that these
residues are often found to be interacting in the interaction space con-
sistent with the restraints. Important residues may be determined by
performing a full-exhaustive 6 dimensional search of the three transla-
tional and three rotational degrees of freedom and counting the number
of interactions that each solvent accessible residue forms in complexes
consistent with a given number of restraints. We define two residues to
be interacting when their C𝛼 – C𝛼 distance is smaller than 10Å. We
only consider the C𝛼-atoms of solvent accessible residues of both chains
to make the computations more tractable as the number of possible in-
teractions scales with 𝐴2 with 𝐴 the number of atoms involved. The
average number of interactions per complex (AIC) that a residue 𝑖 forms
is given by

𝑁 u� =
∑u�

u� 𝑤u� ∑u�u�
u� 𝐼u�

∑u�
u� 𝑤u�𝐂u�

(7.1)

where the first summation is over all rotations 𝐏 indexed by 𝑅; 𝑤u� is a
weight factor to correctly average over rotation space; the second sum-
mation is over all complexes 𝐂u� that are formed within a translational
scan indexed by 𝐶 ; and 𝐼u� is the number of interactions that are formed
by residue 𝑖 in each sampled complex 𝐶 .

This approach has been implemented in DisVis (see Chapter 6,
https://github.com/haddocking/disvis), which requires for the
interaction analysis an extra input file containing the solvent accessible
residue numbers for the fixed and scanning chain. As a result, DisVis
outputs a file containing the number of interactions that are formed by
each residue for complexes consistent with at least 𝑁 restraints.

7.2.2 Benchmarking interface residue extraction

We benchmarked our approach on 90 complexes taken from the
PPDB4.0, of which 58 were classified as Easy, 14 as Medium, and 18
as Difficult. Virtual cross-links were calculated using a local version of
the XWalk software [153] on the bound complex. The virtual cross-links

https://github.com/haddocking/disvis
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were chosen such that the solvent accessible surface (SAS) distance was
shorter or equal than 34Å [47], and the Euclidean distance smaller or
equal than 30Å [154] and the cross-linked residues should be present in
both the bound and unbound proteins. The cross-links were randomly
picked from the list of all virtual cross-links using the SAS-distance de-
pendent probability distribution as was used by Kahraman et al. [47] to
mimic experimental cross-link data: 0 – 10Å 9%; 10 – 15Å 18%; 15 –
20Å 34%; 20 – 25Å 22%; and 25 – 34Å 16%.

The solvent accessible residues were determined by running naccess
[161] on the two unbound proteins. Residues that had a relative solvent
accessibility of the main or side chain of 50% or higher were used as
surface residues. DisVis runs were performed for each complex using 3,
5, and 7 random restraints, respectively, with a 5.27° rotational sampling,
and default values for the voxel spacing (1Å), maximum clashing volume
(200Å3) and minimum interaction volume (300Å3). The AIC was only
calculated from the complexes consistent with all restraints.

Correct interface residues were taken from the experimental struc-
ture of the complex using the above definition of interaction, under the
restriction that the residue was also present in the unbound proteins.
To analyze the predictive capabilities the precision P and recall R were
calculated as

P = TP
TP + FP (7.2)

R = TP
TP + FN (7.3)

where TP, FP and FN stand for True Positive, False Positive, and False
Negative, respectively.

7.2.3 HADDOCKing with virtual cross-links

To determine whether the inclusion of DisVis-determined interface
residues aids the docking process of HADDOCK, we benchmarked HAD-
DOCK using 24 complexes of the PPDB4.0, of which 16 were the same
as those used by Kahraman et al. [47]. The remaining 8 were randomly
picked Easy complexes, as the previous 16 already consisted of 7 Medium
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and 9 Difficult cases. HADDOCK was benchmarked with 4 different pro-
tocols:

• using the restraints directly as unambiguous distance restraints (un-
ambig) with a minimal and maximal Euclidean length of 0 and 30Å,
respectively;

• using the unambiguous restraints in combination with center-of-mass
restraints [64];

• using solely DisVis-based ambiguous interaction restraints (AIRs);

• and using a combination of the unambig restraints and DisVis-based
AIRs.

Each protocol was performed with 3, 5 and 7 generated virtual cross-
link restraints, respectively, as described in the previous section. The
DisVis-based AIRs were determined as follows: a DisVis run was per-
formed as described above using the unbound structures of the complex
together with the virtual cross-links; active residues were chosen such
that their AIC consistent with all restraints had to be larger than 1; pas-
sive residues will be chosen with a to be determined AIC cutoff based on
the analysis that was described in the previous section . Per HADDOCK
run 1000 it0-structures were written to file, using 5 trials per file com-
bined with 180° rotated solutions, resulting in 10,000 sampled solutions
(1000 × 5 × 2), of which the 200 best scoring solutions were subjected to
the semi-flexible refinement (it1 and itw) (default settings of the server).
The solutions were analyzed by calculating the ligand-RMSD (l-RMSD)
against the native complex, by first optimally fitting the receptor chain
and afterwards calculating the RMSD of backbone atoms of the ligand
chain using ProFitV3.1 [132]. Models with an l-RMSD lower than 10Å
were considered acceptable.

7.3 Results and discussion

7.3.1 Inferring interface residues from distance restraints

The analysis of the DisVis benchmark is shown in Figure 7.1 for all
complexes and for each difficulty category, by plotting the precision and
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recall against the AIC cutoff of a residue. This shows for example that
for all complexes, when using 7 cross-links, for residues that have an AIC
≥ 1.0 the precision is approximately 60%, i.e. 60% of all residues with
a AIC ≥ 1.0 are true interface residues; the recall at 1.0 AIC is around
40%, meaning that 40% of all true interface residues are still retained in
the set of residues satisfying the AIC cutoff condition.
As expected, the precision increases with increasing AIC, while the recall
rate drops steadily. Also, both precision and recall rise with the number
of available cross-links, reflecting the higher information content of the
distance restraints. On average for all complexes, the precision starts
at 30% regardless of the number of available restraints, and rises with
increasing cutoff to 50, 70 and 80% for 3, 5, and 7 restraints, respec-
tively. For Easy complexes this increases even to 60, 85 and 90%, while
for Medium and Difficult complexes the precision is significantly lower,
dropping down to 70% for Difficult complexes in the presence of 7 re-
straints. We attribute the noisy behavior of the precision, especially for
Medium complexes, to the smaller number of complexes sampled com-
pared to the number of Easy complexes (14 versus 58).

The recall percentage averaged over all complexes starts around
90%, a consequence of how surface residues were chosen: because of
small conformational changes between the bound and unbound chains,
residues that are regarded as solvent accessible in the bound form might
not be accessible in the unbound form. This also explains the lower
starting recall rate of Medium and Difficult complexes, with the latter
being lower than 80%, as these more challenging complexes typically ex-
hibit greater conformational change between their bound and unbound
form by definition. Not surprisingly, the recall rate decreases steadily
with increasing cutoff, as fewer residues will be satisfying the AIC cutoff
condition. In contrast to the precision, the recall rate does increase sig-
nificantly with the inclusion of more restraints for the more challenging
categories (Medium + Difficult).

7.3.2 HADDOCKing with virtual cross-links

The HADDOCK benchmark results for the 8 Easy complexes, and
the 16 Medium and Difficult complexes are displayed in Figure 7.2 and
7.3, respectively, in terms of the structure with the lowest l-RMSD after
the water-refinement stage, irrespective of its rank. For the DisVis-based
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Figure 7.1 Precision and recall rates. The precision and recall rates are plot-
ted against the average-interactions-per-complex (AIC) cutoff. The results are
shown averaged over all 90 benchmarked complexes, and each difficulty category
(58 Easy, 14 Medium, and 18 Difficult).
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AIRs the cutoff AIC for active residues was set to 1, corresponding to a
precision of 40 to 60% and a recall of 20 to 40% for 3 and 7 cross-links;
the AIC cutoff for passive residues was set to 0.1, as the precision increase
is steeper approximately until that point, while still keeping a reasonable
recall rate of approximately 80%. For the Easy complexes the unambigu-
ous restraints approach was successful in 50, 37.5 and 75% of the cases
when using 3, 5 and 7 cross-links. Adding the center-of-mass restraint this
changed to 62.5, 50, and 62.5%. Using the DisVis-based AIRs resulted in
a success rate of 25, 62.5, and 75%, and combined with the unambiguous
restraints this increased to 50, 75 and 75% success rate. Interestingly,
increasing the number of cross-links does not necessarily result in better
structures when using only the unambiguous restraints: the success rate
with 5 cross-links is markedly lower than using 3. Also, strangely, the un-
ambiguous approach with center-of-mass restraint is the only method for
which no acceptable solutions are generated for the 1QA9 complex, even
with 7 restraints included. The results of the DisVis-based approaches,
however, are improving with increasing numbers of cross-links.

In the 16 Medium and Difficult complexes the unambiguous ap-
proach is successful in 18.75, 62.5 and 50% of the cases for 3, 5 and
7 cross-links, respectively; with inclusion of the center-of-mass restraint
this becomes 37.5, 56.25, and 75%. The DisVis-based AIRs result in
12.5, 50 and 50% successful cases; including the unambiguous restraints
this increases to 12.5, 56.25 and 62.5%. As with the Easy complexes, the
success rate of the unambiguous restraints shows no steady improvement
with an increased number of cross-links. Furthermore, the combination
of DisVis-based AIRs and unambiguous restraints is superior in general
to using only DisVis-based AIRs.

The HADDOCK results using 7 cross-links are compared against
Rosetta in Figure 7.3C. Rosetta was successful in 68.75% of the cases,
a slightly higher percentage than HADDOCK using DisVis-based AIRs
with unambiguous restraints, but lower than when using unambiguous
with center-of-mass restraints. However, in general the results are com-
parable.

Taking all 24 complexes together we conclude that using only the
unambiguous restraints results in a success rate (again defined as gener-
ating at least one native-like model in the set of 200 refined models) of
29, 54 and 58% for 3, 5 and 7 cross-links, respectively; using ambiguous
restraints with center-of-mass restraints this increases to 46, 54 and 71%.
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Figure 7.2 Benchmark results on Easy complexes. For each complex the
best structure is plotted in terms, of the l-RMSD, for the four procedures tested
using (A) 3, (B) 5, and (C) 7 cross-links. The dotted line is the ligand-RMSD
cutoff for an acceptable model. Unambig: unambiguous distance restraints; un-
ambig + com: unambiguous restraints combined with center-of-mass restraints;
disvis: DisVis-based ambiguous interaction restraints (AIRs); disvis + unambig:
unambiguous restraints combined with DisVis-based AIRs.

Using solely DisVis-based AIRs the success rates are respectively 17, 54
and 58%; and DisVis-based AIRs combined with unambiguous restraints
25, 63 and 67%. Based on these results we conclude that if only 3 cross-
links are available, the best protocol to use is to combine unambiguous
restraints with center-of-mass restraints. If 5 or more cross-links are
available it is best to either again combine the unambiguous restraints
with the center-of-mass restraints, or combine them with DisVis-based
AIRs.
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Figure 7.3 Benchmark results on Medium and Difficult complexes. For
each complex the best structure is plotted in terms, of the l-RMSD, for the four
procedures tested using (A) 3, (B) 5, and (C) 7 cross-links. The dotted line
is the ligand-RMSD cutoff for an acceptable model. Unambig: unambiguous
distance restraints; unambig + com: unambiguous restraints combined with
center-of-mass restraints; disvis: DisVis-based ambiguous interaction restraints
(AIRs); disvis + unambig: unambiguous restraints combined with DisVis-based
AIRs. In (C) also the best structures of the Rosetta benchmark are shown [47].

7.4 Conclusions

In this Chapter we have introduced a method to infer interface
residues by enumerating all interactions a residue forms in the inter-
action space consistent with all restraints and normalizing it against the
number of accessible complexes. It was shown that residues with a higher
AIC are more likely to be interface residues with precision reaching al-
most 90% for rigid complexes. This information can be used to guide
future mutagenesis studies and map out the interface, irrespective of the
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quality of the generated models of the complex. In addition, we bench-
marked several protocols within HADDOCK that incorporated cross-link
based distance restraints. Based on the analysis, using the cross-links
directly as unambiguous restraints is sub-optimal, and instead should
be complemented with either center-of-mass restraints or DisVis-based
AIRs. Furthermore, we have shown that HADDOCK and Rosetta are
very comparable in their docking performance when including the dis-
tance restraints. However, it should be noted that we only investigated
the quality of the best model. Further analysis should also address the
ranking of generated models, as using various types of restraints might
significantly affect the scoring functions’ ability to identify near-native
models.
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Chapter 8

Summary and perspectives

8.1 Summary
The previous Chapters in this thesis have introduced and showcased

novel approaches for explorative and integrative modeling in the pres-
ence of cryo-EM data and distance restraints. In Chapter 2 I presented
the PowerFit software, a Python package for fast cross correlation based
rigid body fitting of high-resolution structures in low-resolution densi-
ties. PowerFit comes with a new more sensitive scoring function, the
core-weighted local cross correlation, in addition to an optimized protocol
for fast fitting. In Chapter 3 I reported results of an extensive bench-
mark of the PowerFit software using 379 subunits of 5 ribosome density
maps. The success rate of unambiguously fitting subunits larger than
100 residues reached approximately 90% up to 12Å resolution, showing
that objective fitting methods have matured to usable aids in structural
modeling. The limits of rigid body fitting can be leveraged through the
use of image pyramids to gain a speedup of a factor of 30 on CPUs and
40 on GPUs, and it allows the identification of possible over-interpreted
regions of the density on an objective basis.

Chapter 4 describes the incorporation and benchmarking of cryo-
EM data into the data-driven docking program HADDOCK. The ap-
proach is flexible and can be fully combined with other available sources
of data in HADDOCK, making it a fully integrative modeling approach.
It was demonstrated on two ribosome systems, two virus-antibody sys-
tems, and a symmetric pentamer. An update of the HADDOCK web
server was presented in Chapter 5, together with extensive usage sta-
tistics of the software all over the world.
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Chapter 6 dealt with explorative modeling using distance restraints
in general, and cross-link data specifically. I introduced the concept of
the accessible interaction space and presented a method to quantify and
visualize it. This directly indicates the information content of distance
restraints and shows whether all data are self-consistent and, if not, it
gives an indication of which restraint is a false-positive. This was im-
plemented in another Python package, DisVis. The approach is general
and can easily be incorporated into FFT-based docking programs allow-
ing the use of distance restraints by combining the ’marriage made in
heaven’ of sampling and scoring [147].

I extended this approach further in Chapter 7, presenting a method
to infer interface residues from distance restraints using the concept of
the average-interactions-per-complex (AIC) statistic. The AIC provides
an objective probability for a residue to be at the interface based on the
available data. Furthermore, I benchmarked the use of cross-link based
distance restraints in HADDOCK using four different approaches. My
results show that using solely unambiguous distance restraints is subop-
timal; instead they should either be complemented with center-of-mass
restraints or DisVis-based ambiguous interactions restraints.

8.2 Challenges of integrative modeling

The field of integrative modeling is still relatively young, with sev-
eral challenges ahead that the structural biology community will have
to face, since integrative approaches are increasingly applied to solve
the structure of large macromolecular assemblies. Recently a task force
was assigned by the Worldwide PDB (wwPDB) to make recommenda-
tions for the field to follow in order to consistently progress and allow
a proper assessment of the quality of such integrative models. The re-
sults of the First wwPDB Hybrid/Integrative Methods Task Force Work-
shop were recently published [144], with 5 main recommendations about
data-representation, model validation and data-archives. These were
that: 1) the experimental and computational protocols in addition to
the structural models should be deposited; 2) multiple model represen-
tations should be allowed for multi-scale and multi-temporal models; 3)
new procedures should be developed to ascertain model uncertainty and
accuracy; 4) a federated system of data archives should be created; and
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5) publications standards need to be developed for integrative models as
is already the case for X-ray and NMR structures.

Thus point 1, 4 and 5 are mainly about the reproducibility of integra-
tive structural models, point 2 is about what data-structures and format
standards to use, so far all more practical matters reflecting the cur-
rent immature status of the field than real inherent scientific challenges.
Point 3 highlights a current challenge in this field with respect to the
precision and accuracy together with the validation of integrative mod-
els. Even though for several experimental techniques, cross-validation
(SAXS [162]) and confidence interval (cryo-EM [89]) measures have been
developed, they have been infrequently used, except in X-ray crystallog-
raphy where this has been a standard since years (the concept of the
free R-factor [163]), and thus far not been combined. For other methods
such as cross-links coupled with mass-spectrometry (CXMS) the statis-
tical propensities of derived distance restraints have only been sparsely
studied for small benchmark and sample sizes [47, 156].

Gaining deeper insight into the uncertainty of integrative models
and current validation approaches, requires new high-quality and elabo-
rate benchmarks on systems for which high-resolution structures of both
the bound and unbound states are available, of which the protein-protein
docking benchmark is a prime example [164] (although not really repre-
sentative of the complexity of systems typically studies by integrative
modeling approaches), together with additional experimental data. Es-
pecially for upcoming promising techniques as SAXS and CXMS, ex-
perimental data on multiple well-investigated systems are missing even
for binary protein interactions. Although there are databases for CXMS
[47, 165], they are relatively limited in size, e.g. the XLdb reports 62
intra-chain cross-links of which 34 are coming from a single RNA poly-
merase II system [47, 145]. The small sample size and questionable re-
producibility of the results are major limitations in the development of
robust validation and uncertainty assessment tools. Thus, for the in-
tegrative structural biology field to properly move forward a quid pro
quo mentality needs to be established between experimental and compu-
tational scientists: additional experiments should be performed for the
purpose of further understanding the scope and limitations that the data
are providing, so that, in turn, improved computational models can be
delivered to answer important biological questions.
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8.3 Future guidelines and additional fields of research

8.3.1 Explorative modeling

To adequately model the uncertainty of integrative models more em-
phasis should be put on the data themselves by investigating the amount
of information the data carry by searching and quantifying the whole in-
teraction space. I presented in this thesis a methodology in Chapter 6
to assess the information content of distance restraints, information that
can be obtained from a variety of techniques. Note, however, that the ap-
proach presented is limited to binary complexes and fully characterizing
the interaction space of multi-component systems remains an open chal-
lenge. The approach for appreciating the information content of distance
restraints can be further extended by using a statistical distance prefer-
ence function, i.e. a knowledge based potential, inferred from experimen-
tal data, to better investigate the probability distribution of the acces-
sible interaction space. Similar approaches can be developed for SAXS
(though computationally more expensive as the scattering curve needs
to be calculated millions to billions of times, a more CPU-demanding
process than a simple distance calculation), and other biochemical and
biophysical based potentials, such as surface overlap/van der Waals in-
teractions. Thus, instead of heuristically optimizing the number of ac-
ceptable models within the top X best scoring structures using a linear
combination of (pseudo-)energies, as is common in the docking field [166],
the energy distributions can be analyzed to give further indication of the
reliability of each measure and from there to define confidence intervals
in models. Established probability distributions can afterwards be used
as Bayesian priors in an effort to move to Bayesian statistical models.

Furthermore, current integrative modeling is often used to generate
only a handful or even, preferably, a single representative model of the
data, even though the original outset of the approach is to generate all
data-consistent models. This is unfortunate, since it hides many nuances
and complexities of the biological systems. For the integrative approach
to live up to its potential, requires a different mindset of the structural
biologist in general: a structural model should not be simply regarded as
a single entity, but rather as a whole set of conformations, as is already
the case in NMR structure ensembles. This insight is now also gain-
ing ground in X-ray crystallography, where methods are being developed
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that represent the electron density as a set of conformers [167, 168] and
ensembles [169]. These representations are only the tip of the iceberg
within this mindset, as the ensemble space will be significantly bigger
in the presence of sparse data, such as CXMS data. Model representa-
tions should thus become more diffuse with larger accessible interaction
spaces, to accurately present the ensembles consistent with the data.
Again, explorative modeling techniques can help here by quantifying the
information content to provide insight into the magnitude of the ensem-
ble space, while concurrently easing the transition from a single-structure
mindset to an elaborate multi-ensemble paradigm.

8.3.2 Formal structural biology

Further investigating the accuracy of individual experimental meth-
ods require scientists that are trained in both computational and ex-
perimental techniques, the hybrid scientist. This allows the scientist to
perform experiments to further guide and validate the computational
modeling, ultimately resulting in a formal structural biology, where in-
stead of only advancing biological insight, the emphasis is also put on
investigating the accuracy and precision of both models and experimen-
tal methods an sich and the interpretation of the generated results. In
the semi-long run, this approach will become a fertile and stable foun-
dation to build upon for in-depth structural research in challenging and
interesting biological systems and networks. This will ultimately result
in a more formal approach to structure determination from multiple data
sources.

8.4 Conclusion

The (integrative) structural biology field is a fast moving and ex-
citing field of research, with many experimental and computational ad-
vances. The most recent dramatic example is of course the spectacular
improvement of the cryo-EM field due to direct electron detectors. Even
though atomic resolution can now be achieved for stable complexes, the
bulk of the resulting densities need additional data from diverse sources
for a structural interpretation, requiring high-end integrative methods.
However, there are still significant challenges to overcome for integrative
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modeling to become a standard tool in the toolbox of structural biolo-
gists. These are mainly dealing with the reproducibility of the results
and the uncertainty of the models. By showcasing integrative modeling
approaches and introducing new methods for quantifying the information
content of experimental data this thesis has laid out some new building
blocks for the field to build upon and move forward.
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Summary

The remarkable diversity and complexity of life in all its facets is
a source of constant wonder and amazement all through the history of
humankind. Even though every unique individual has his own experi-
ence and interpretation on how to approach life, the scientific inquiry of
modern man has resulted in a paradigm that life is organized on the mole-
cular level, where the typical dimension is that of the ångstrom (10-10m).
This insight has lead to an intense interest in the molecules of life. With
the discovery of the double-helix structure of DNA, the biomolecule that
holds the genetic code, as a prime example, it is postulated that function
follows structure, i.e. knowledge of the precise three-dimensional struc-
ture of large biomolecules gives an indication of their function. Maybe
more important, having precise knowledge of the biomolecular structure
holds the promise of rational drug design by developing biologically ac-
tive molecules that specifically interact with particular patches at the
interface of a complex or in the active site of an enzyme.

X-ray crystallography and NMR spectroscopy are the classical ex-
perimental methods that are capable of elucidating the atomic arrange-
ment of large biomolecules, such as proteins. The importance of proteins
in the cell cannot be understated: they are the main actors in almost all
cellular processes, ranging from muscle contraction to the building of new
proteins through the ribosome. Currently, more than 100,000 structures
have been solved and deposited in the Protein DataBank (https://www
.pdbe.org). However, the vast majority of the structures are single pro-
teins, while proteins typically perform their function through interacting
with other biomolecules, resulting in large biomolecular complexes. Since
the difficulty of solving a structure depends on several parameters, such
as the complex’ size, binding strength and environment, and the number
of biomolecular complexes is estimated to be two orders of magnitude
bigger than the number of individual proteins, complementary computa-
tional methods are required to close the structure knowledge gap.

Integrative modeling is a particular approach to computationally
predict or model the structure of a biomolecular complex by combining
all experimental knowledge that is available for the system. It is assumed
that this ultimately results in a more accurate and precise model, than

https://www.pdbe.org
https://www.pdbe.org
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using a single kind of data. The challenges within this approach are, pre-
dictably, sampling and scoring: many different possible models need to be
generated (sampling) and evaluated to identify the correct ones (scoring).
In this thesis, I mainly focus on incorporating cryo-electron microscopy
data (cryo-EM) and chemical cross-links coupled with mass spectrometry
(CXMS) in the modeling process. Cryo-EM is a fast developing method
that typically provides low-resolution density information of large macro-
molecular complexes, though, with current advances, near-atomic reso-
lution can be achieved; in contrast, CXMS provides long-range distance
restraints between amino acids, each thus providing orthogonal informa-
tion.

In Chapter 1 I layout a more technical introduction to integrative
modeling and the experimental data used. I introduce major software
used today that offer a wide array of integrative methods for macromole-
cular modeling, such as our in-house data-driven docking software HAD-
DOCK. In addition, I propose a new concept, that of explorative model-
ing, where the emphasis is put on quantifying and preferably visualizing
the information content of the data available, rather than outputting
specific data-consistent models as is the case in integrative modeling.

Chapter 2 describes PowerFit, a high-performance software pack-
age and program for automatic rigid-body fitting of high-resolution bio-
molecular structures into low-resolution cryo-EM density maps. Power-
Fit performs a systematic 6 dimensional search of the 3 translational and
3 rotational degrees of freedom to find local cross-correlation optima to
objectively place structures in cryo-EM densities. In addition, I introduce
a new and sensitive core-weighted local cross-correlation that further ex-
tends the applicable resolution range for successful fitting. PowerFit is
a first step in this thesis into combining high-resolution structural data
with lower-resolution cryo-EM data.

Next, in Chapter 3 I quantify the resolution requirements for suc-
cessfully rigid-body fitting a biomolecular structure into a cryo-EM map
as a function of the biomolecule’s size. I furthermore unambiguously
show that the core-weighted Laplacian-enhanced local cross-correlation
function is the best performing score overall. Finally, since the resolution
limits for successfully fitting a subunit are often remarkably lower than
the resolution of current cryo-EM data, these limits can leveraged by us-
ing the concept of multi-scale image pyramids, to significantly accelerate
the fitting performance and reduce computational time and resources.
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Chapter 4 discusses the incorporation of cryo-EM data in HAD-
DOCK, resulting in a truly integrative modeling approach, allowing their
combination with all other data sources already supported in HAD-
DOCK. A central concept in the approach is the use of centroids, points
that represent the approximate center of mass of each subunit that is
docked. HADDOCK also allows the use here of ambiguous restraints if
the location of each chain cannot be differentiated in the density. The use
of low-resolution cryo-EM data notably increases both the number and
quality of acceptable solutions generated through our approach. The use
of this powerful integrative method is demonstrated on two ribosome and
two virus systems, where additional details of the interface are revealed,
providing new insights to guide future experiments.

The HADDOCK2.2 web server is described in Chapter 5. The web
server offers structural biologists a user-friendly interface to the upgraded
HADDOCK2.2 software. Notable features are the introduction of mixed
molecule types, e.g. protein-DNA complexes, and additional NMR-based
restraints, such as residual dipolar couplings and pseudocontact shifts,
opening up new venues for macromolecular docking. The web server can
be used free-of-charge for academic purposes at http://haddock.science
.uu.nl/services/HADDOCK2.2 after simple registration.

Starting from Chapter 6, I shift to the use of distance restraints
in general and CXMS data in particular. I introduce another software
package and program, named DisVis for Distance Visualization. DisVis
quantifies and visualizes the information content of distance restraints
through the concept of the accessible interaction space, the countable set
of all data-consistent solutions. It furthermore allows the identification
of possible false-positive restraints, and shows whether all restraints are
consistent. DisVis represents a first effort into the newly introduced
concept of explorative modeling.

The approach is further extended in Chapter 7, where explorative
modeling is used to infer interface residues in a model-free approach. It
is shown that interface residues can be predicted up to 90% accurate for
rigid binders in the presence of 3 to 7 long-range distance restraints. The
resulting possible interface patches can subsequently be used in HAD-
DOCK as active and passive residues, to enhance the robustness of the
CXMS data by combining it with the standard unambiguous distance
restraints, which often are not very accurate in terms of distance ranges
in the case of CXMS data.

http://haddock.science.uu.nl/services/HADDOCK2.2
http://haddock.science.uu.nl/services/HADDOCK2.2
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In the final Chapter 8 I summarize my findings, present a personal
perspective on the field of integrative modeling and propose additional
fields for future research. I plea for the education of the hybrid scientist,
an expert at the interface of experimental and computational sciences,
to push forward integrative computational modeling. I also argue for
a reinterpretation of structural models, as they should not be regarded
as single well-defined structures, but instead as ensembles, as has been
proposed for NMR. Especially in integrative modeling where models are
typically generated using sparse data, the ensemble space is significantly
more diffuse. Explorative modeling and the concept of the countable
accessible interaction space can help in easing the transition to this en-
semble interpretation, while at the same time quantifying the information
content of the data.

Overall, this thesis provides new approaches and computational tools
to help structural biologists in interpreting data coming from increasingly
diverse sources, and introduces a new vantage point to approach model-
ing through explorative modeling.
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Samenvatting

De opmerkelijke diversiteit en complexiteit van het leven in al zijn
vormen is een bron van constante verwondering en verbazing gedurende
de gehele menselijke geschiedenis. Ook al heeft ieder uniek individu zijn
eigen ervaringen en kijk op hoe het leven te benaderen, wetenschappelijk
onderzoek van de moderne mens heeft geresulteerd in een paradigma dat
leven is georganiseerd op het moleculare niveau, daar waar de typische
afstand de ångstrom (10-10m) is. Dit inzicht heeft geleid naar een in-
tense interesse in de moleculen van het leven. Met de ontdekking van de
dubbele-helixstructuur van DNA, het biomolecuul dat de genetische code
vasthoudt, als een voornaam voorbeeld, wordt er gepostuleerd dat vanuit
structuur de functie volgt, dat wil zeggen dat kennis van de precieze drie
dimensionale structuur van grote biomoleculen een indicatie geeft van
hun functie. Wat misschien nog belangrijker is, de precieze kennis van
de biomoleculaire structuur draagt de belofte voor het rationeel ontwer-
pen van medicijnen door biologisch actieve moleculen te ontwikkelen die
specifieke interacties aangaan met bepaalde delen van het oppervlak van
een biomolecuul of in de actieve locatie van een enzym.

Röntgendiffractie en kernspinresonantie (NMR) spectroscopie zijn
de klassieke experimentele methodes die de atomaire rangschikking kun-
nen onthullen van grote biomoleculen, zoals eiwitten. De invloed van
eiwitten in de cel kan niet overgewaardeerd worden: zij zijn de voor-
naamste spelers in bijna ieder cellulair proces, variërend van spiercon-
tractie tot het bouwen van andere eiwitten middels het ribosome. Op
dit moment zijn meer dan 100,000 structuren opgelost en geplaatst in de
EiwitDataBank (https://www.pdbe.org). Echter, de grote meerderheid
van deze structuren zijn individuele eiwitten, terwijl eiwitten meestal
hun functie uitvoeren door het aangaan van interacties met andere bio-
moleculen, wat resulteert in grote biomoleculaire complexen. Omdat de
ingewikkeldheid van het oplossen van een structuur afhangt van meer-
dere variabelen, zoals de grote van het complex, de bindingssterkte en
mogelijke membraanomgeving, en het aantal biomoleculare complexen
wordt geschat op ongeveer 100 keer het aantal van individuele eiwitten,
zijn complementaire computationele methoden vereist om het gat in de
structuurkennis te verkleinen.

https://www.pdbe.org
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Integratief modelleren is een benadering om de structuur van een bi-
omoleculair complex te verspellen/modelleren door het combineren van
alle experimentele kennis die beschikbaar is voor het systeem. Er wordt
hierbij vanuit gegaan dat dit uiteindelijk leidt tot een accurater and pre-
ciezer model, dan wanneer iedere data op zich wordt gebruikt. De uit-
dagingen van deze benadering zijn, voorspelbaar, bemonsteren en sco-
ren: vele verschillende mogelijke modellen moeten gegenereerd (bemon-
stering) worden en geëvalueerd worden om de correcte oplossingen er-
uit te vissen (scoren). In dit proefschrift, focus ik voornamelijk op het
incorporeren van cryo-electronenmicroscopie (cryo-EM) data en chemi-
sche kruisverbindingen gekoppeld met massaspectrometrie (CXMS) in
het modelleringsproces. Cryo-EM is een snel ontwikkelende methode dat
meestal lage-resolutie dichtheidsinformatie van grote macromoleculaire
complexen oplevert, hoewel, met de huidige vooruitgang bijna-atomaire
resolutie kan worden behaald voor specifieke systemen; CXMS daarente-
gen verschaft afstanden tussen residuen binnen het complex. Beide me-
thodes leveren dus elkaar-aanvullende informatie op.

In Hoofdstuk 1 geef ik een meer technische introductie tot inte-
gratief modelleren en de verschillende experimentele data die gebruikt
worden. Ik introduceer de belangrijkste hedendaagse software paketten
die een uitgebreid pallet aan integratieve methodes bieden voor macro-
moleculair modelleren, zoals het door data-aangedreven dockingsoftware
HADDOCK, dat ontwikkeld is in het lab waar ik werk. Naast dit stel
ik ook een nieuw concept voor, namelijk explorerend modelleren, waar
de nadruk ligt op het kwantificeren en, indien mogelijk, visualizeren van
de informatiehoeveelheid van de beschikbare data. De nadruk hier con-
strasteert met die van integratief modelleren, dat voornamelijk specifieke
data-consistente structuren verschaft.

Hoofdstuk 2 beschrijft PowerFit, een hoge-prestatie software pak-
ket en programma voor het automatisch plaatsen van hoge-resolutie star-
re biomoleculaire structuren in lage-resolutie cryo-EM dichtheidsmappen.
PowerFit verricht een systematische zes-dimensionale zoektocht van de
drie translationele en rotationele vrijheidsgraden om locale kruiscorrelatie-
optima te bepalen voor het objectief plaatsen van structuren in cryo-EM
dichtheden. Daarnaast introduceer ik een nieuwe en gevoeligere correla-
tiescore, de zogeheten kernverzwaarde locale kruiscorrelatie die de bruik-
bare resolutierijkwijdte verder uitbreidt voor het succesvol plaatsen. Po-



141

werFit is een eerste stap in dit proefschrift om hoge-resolutie structuur-
data te combineren met lage-resolutie cryo-EM data.

Vervolgens in Hoofdstuk 3 kwantificeer ik de resolutievereiste voor
het succesvol plaatsen van starre biomoleculaire structuren in een cryo-
EM map als functie van de grootte van het biomolecuul. Ook laat ik
unambigu zien dat de kernverzwaarde Laplace locale kruiscorrelatie de
best presterende score is. Als laatste, omdat de resolutievoorwaarde voor
het succesvol plaatsen van een subeenheid vaak aanzienlijk lager is dan
de resolutie van huidige cryo-EM data, kan dit uitgebuit worden door het
multischaal afbeelding-pyramide concept, om de zes-dimensionale zoek-
tocht significant te versnellen.

Hoofdstuk 4 bespreekt de implementatie van cryo-EM data in
HADDOCK, wat resulteert in een waarlijke integratieve modelleringsbe-
nadering, hetgeen de combinatie van alle andere HADDOCK-ondersteun-
de data toestaat. Het centrale concept hier is het gebruik van zwaar-
tepunten, punten die het zwaartepunt van alle gedockte subeenheden
voorstellen. HADDOCK laat het de gebruiker vrij om ambigue afstands-
beteugelingen te gebruiken, indien de locatie van verschillende eenheden
niet kan worden onderscheiden. Het gebruik van de lage-resolutie cryo-
EM data verhoogt aanzienlijk zowel het aantal alswel de kwaliteit van
acceptable oplossingen in onze methode. Verder wordt het gebruik van
deze krachtige integratieve methode gedemonstreerd op twee ribosoom
en twee virus-antilichaam systemen, wat verdere inzichten van het tus-
senvlak oplevert en toekomstige experimenten kan leiden voor verder
onderzoek.

De HADDOCK2.2 webserver wordt besproken in Hoofdstuk 5. De
webserver biedt structuurbiologen een gebruiksvriendelijke interface tot
het gebruik van onze geupgrade HADDOCK2.2 software. Noemenswaar-
dige functies zijn de introductie van samengestelde molecuultypes, zoals
eiwit-DNA complexen, en verdere op NMR-gebaseerde beteugelingen, zo-
als residuele dipolaire-koppelingen and vals-contactverschuivingen, wat
nieuwe wegen opent voor macromoleculair docken. De webserver kan gra-
tis gebruikt worden voor academische doeleinden via http://haddock
.science.uu.nl/services/HADDOCK2.2 na een simpele registratie.

Vanaf Hoofdstuk 6 richt ik me op het gebruik van afstandsbeteuge-
lingen in het algemeen en het gebruik van CXMS data specifiek. Ik intro-
duceer nog een software pakket en programma, genaamd DisVis. DisVis

http://haddock.science.uu.nl/services/HADDOCK2.2
http://haddock.science.uu.nl/services/HADDOCK2.2
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kwantificeert en visualizeert de informatiehoeveelheid van afstandsbeteu-
gelingen via het concept van de toegankelijke interactieruimte, de telbare
set van alle data-consistente oplossingen. Bovendien kan deze methode
vals-positieve afstandsbeteugelingen identificeren, en het toont de zelf-
consistentie van de data. DisVis is een eerste stap in het nieuwe concept
van explorerend modelleren.

De methode wordt verder uitgebreid in Hoofdstuk 7, waar explo-
rerend modelleren is gebruikt om tussenvlakresiduen te infereren. Ik toon
aan dat tussenvlakresiduen kunnen worden voorspeld tot 90% accuraat-
heid voor starre bindingscomplexen als er 3 tot 7 langeafstandsbeteugelin-
gen bekend zijn. De resulterende tussenvlakresiduen kunnen vervolgens
gebruikt worden in HADDOCK als actieve en passive residuen om de
robuustheid van de CXMS data te vergroten door dit te combineren met
de standaard non-ambigue afstandsbeteugelingen.

In het laatste Hoofdstuk 8 som ik mijn bevindingen op, en ik
geef een persoonlijke kijk op het veld van integratief modelleren en stel
verdere toekomstige onderzoeksvelden voor. Ik pleit voor het opleiden
van de hybride wetenschapper, een expert op het tussenvlak van experi-
mentele en computationele wetenschappen om het integratief modelleren
verder te brengen. Verder bepleit ik een reïnterpretatie van structuurmo-
dellen, aangezien zij niet beschouwd moeten worden as een enkele goed-
gedefinieerde structuur, maar eerder als een ensemble van modellen, zoals
al eerder is voorgesteld in NMR spectroscopie. Vooral in integratief mo-
delleren, waar de modellen meestal zijn gegenereerd met schaarse data,
is de ensembleruimte groot en diffuus. Explorerend modelleren en het
concept van de telbare toegankelijke interactieruimte kan helpen in de
transitie naar de ensemble-interpretatie, en tegelijkertijd de informatie-
hoeveelheid van de data kwantificeren.

In het algemeen beschrijft dit proefschrift nieuwe benaderingen en
computationele hulpmiddelen voor structuurbiologen om de experimen-
tele data te interpreteren, dat van toenemende mate komt van diverse
bronnen, en introduceert het een frisse kijk op modelleren via het concept
van explorerend modelleren.
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