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INTRODUCTION

Over the last years, molecular docking methods have gained in

importance to provide atomic insight into the structure of biomo-

lecular complexes, especially when experimental structural informa-

tion is supporting the modeling. They can basically be divided into

three different classes1,2: global methods based on geometric hash-

ing or fast Fourier transforms (FFTs),1 Monte Carlo techniques,3

and data-driven docking such as our High Ambiguity Driven bio-

molecular DOCKing approach, HADDOCK.4,5

The performance of data-driven docking relies most on the

amount and quality of the available experimental information.

HADDOCK can deal with a versatile range of data ranging from

molecular (stoichiometry, symmetry, orientation), through residue-

level (identification of residues at the interface) to atomic resolution

information (binding mechanism, specific contacts, distance

restraints from NMR).6,7 The use of restraints provides a valuable

benefit for all docking cases but above all for the difficult ones, such

as docking performed from homology models and/or structures

involving (large) conformational changes. By using a variety of

restraints, HADDOCK decreases the complexity of the interaction

space search, limiting it ideally to the interfacial regions, which

allows a thorough refinement of the models. On the other hand,

misleading information can introduce a strong bias that HADDOCK

might not be able to overcome. Although nearly all docking meth-

ods can optionally use information to restrict the docking solutions,

restraints play a central role in data-driven docking. Therefore, using
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ABSTRACT

The recent CAPRI rounds have introduced new

docking challenges in the form of protein-RNA

complexes, multiple alternative interfaces, and an

unprecedented number of targets for which

homology modeling was required. We present here

the performance of HADDOCK and its web server

in the CAPRI experiment and discuss the strengths

and weaknesses of data-driven docking. HAD-

DOCK was successful for 6 out of 9 complexes (6

out of 11 targets) and accurately predicted

the individual interfaces for two more complexes.

The HADDOCK server, which is the first allowing

the simultaneous docking of generic multi-body

complexes, was successful in 4 out of 7 complexes

for which it participated. In the scoring experi-

ment, we predicted the highest number of targets

of any group. The main weakness of data-driven

docking revealed from these last CAPRI results is

its vulnerability for incorrect experimental data

related to the interface or the stoichiometry of the

complex. At the same time, the use of experimental

and/or predicted information is also the strength

of our approach as evidenced for those targets for

which accurate experimental information was

available (e.g., the 10 three-stars predictions for

T40!). Even when the models show a wrong orien-

tation, the individual interfaces are generally well

predicted with an average coverage of 60% 6 26%

over all targets. This makes data-driven docking

particularly valuable in a biological context to

guide experimental studies like, for example, tar-

geted mutagenesis.
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reliable information is of the highest importance in our

approach since high quality information can lead to high

quality models, whereas wrong information can prevent

the generation of acceptable solutions.

The last CAPRI rounds have introduced new chal-

lenges with a special category for servers, the inclusion of

protein-RNA complexes, symmetrical targets, multi-com-

ponent targets, and finally the discrimination of a

designed interface from decoys (not included in this eval-

uation). Over the last years, HADDOCK has shown a

rather strong and constant performance in CAPRI,

belonging to the most performing methods, with a note-

worthy success rate when restricted to difficult cases.5,8

We present here our results in CAPRI rounds 13–19, both

from manual submissions and from the HADDOCK

server.9 We discuss in particular the strengths and weak-

nesses of data-driven docking, highlighting the uniqueness

of our approach and providing a guideline for structural

biologists to avoid possible pitfalls in molecular docking.

MATERIALS AND METHODS

Docking approach

All docking runs were performed with a local version

of HADDOCK2.15 or its web server implementation

(http://haddock.chem.uu.nl/services/HADDOCK/haddock.

php).9 HADDOCK supports the docking of different

types of molecules: proteins, peptides, nucleic acids, and

even small ligands. The multi-body docking interface of

HADDOCK10 allows the user to supply up to six mole-

cules. Several types of restraints can be used within HAD-

DOCK, the most commonly used ones being Ambiguous

Interaction Restraints (AIRs). Via AIRs, the interface in-

formation can be incorporated into the docking proce-

dure. AIRs are composed of active and passive residues;

active residues are defined as the interface residues that

should be at the interface and passive residues correspond

to their solvent accessible neighbours. Typically, 50% of

the restraints are discarded at random for each docking

trial. The standard docking procedure of HADDOCK is

composed of three consecutive steps: rigid body energy

minimization (it0), semi-flexible refinement in torsion

angle space (it1), and a final explicit solvent refinement

(water). After each step, the structures are ranked accord-

ing to the HADDOCK score.5 Residues identified as

being part of the interface within a given model are auto-

matically treated as flexible during the it1 and water

steps. The final solutions are clustered using a 7.5Å cut-

off based on their pairwise interface ligand-RMSD values

(see de Vries et al.5; the interface ligand-RMSD is similar

to the ligand-RMSD, but only those backbone atoms of

the receptor and ligand are taken into account that are in

the interface of at least one docking model) and ranked

based on the average score of the four best-score cluster

members. Compared to default settings, the number of

models generated was usually increased to 10,000 (rigid-

body) of which the top 400 were subjected to the semi-

flexible refinement.

For the server submission, we selected the four models

of the top-ranking cluster as given by the server and then

distributed, according to cluster ranking, the remaining

six models over all other clusters.

Homology modeling

For targets 33/34, 37, and 42, we used Modeller 9v3.11

We built typically 50 standard models with the automo-

del script, followed by loop refinement using the loop-

model class.12 The resulting models (typically 500) were

ranked by their objective function and the 10 lowest

energy models were used for docking predictions. For

target 37, we took advantage of the multiple templates

functionality of MODELLER to generate an ensemble of

16 structures (see text for details). Finally, we used the I-

TASSER server13 for target 38.

Information used to drive the docking

Detailed information about the restraints used for the

various CAPRI targets is provided in the Supporting In-

formation.

Scoring experiment

The scoring of the models uploaded by the CAPRI

participants was performed using HADDOCK scripts.

Missing atoms were added automatically and the side-

chains were subjected to 50 steps of energy minimization.

The resulting models were clustered and scored using the

standard final HADDOCK score, excluding the AIR

energy term:

HADDOCK� score ¼ 1:0�EvdW þ 0:2�Eelec þ 1:0�Edesolv

where Eelec and EvdW correspond to the Coulomb and

Lennard-Jones energy terms calculated with a 7.5Å cutoff

using the OPLS non-bonded parameters14 and Edesolv is

an empirical desolvation energy term.15 Our submission

consisted typically of several models of the top ranking

cluster and additional models from the remaining clus-

ters, filtered based on the available experimental or pre-

dicted information.

RESULTS

The results of our manual submission and of the

HADDOCK server are summarized in Table I. Our man-

ual submissions from HADDOCK were successful for 6

out of 9 complexes (T29, T34, T37, T40, T41, and T42),

as T33 and T34 (respectively T38 and T39) correspond

to the same complex. The HADDOCK server, which par-

ticipated for 7 complexes, was successful for 4 of them
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(T34, T40, T41, and T42). In the scoring experiment, we

successfully identified correct predictions for 6 targets

(T29, T34, T37, T40, T41, and T42), which corresponds

to the largest number of successfully scored targets of all

scorer groups. Next to measuring success in term of ac-

ceptable, medium, and high quality predictions, we also

analyzed how well our models predicted the individual

interfaces (Table II). In the following, we discuss briefly

the various complexes.

Target 29: (unbound–bound) was a yeast Trm8/Trm82

tRNA guanine-N(7)-methyltransferase complex16 with

Trm82 given in the bound form. Both Trm82 (bound)

and Trm8 (free) structures were supplied by the organiz-

ers. As there was no other information available, we

defined our active residues based on WHISCY interface

predictions17 (http://nmr.chem.uu.nl/Software/whiscy/

index.html). For this target, we submitted six models

from the highest-ranking cluster, a two-star and five one-

star models. However, among the 100 structures we

uploaded for the scoring experiment, two were three-star

models, the only three-stars submitted by any group.

These originated from a separate docking run, driven by

contact restraints based on the highest-ranking cluster.

For this run, 98.5% of the models were of two-star qual-

ity or better, 28.5% were of three-star quality, and the

best-scoring structure was also a three-star. However, the

structures from this run had a less favorable HADDOCK

score and were not selected for the final submission. In

the scoring experiment, we were again unable to select

them, despite the fact that they belong to the top ranking

cluster. One of them was however selected by the groups

of Fernandez-Recio and Yaoqi Zou.

Target 30: (unbound–unbound) was given as ‘‘Rnd1-

GTP bound to the RBD dimmer.’’18 Because of this, we

assumed that both RBD monomers were involved in the

interaction. Both structures were supplied in their free

forms by the organizers. As there was no other informa-

tion available, we defined our active residues based on

WHISCY interface predictions.17 The Rnd1-GTP

restraints were defined ambiguously to both monomers,

driving both monomers to make contact. As the RBD

dimer interface is very small, we anticipated conforma-

tional changes upon complex formation, and therefore

performed a three-body docking (Rnd1 and both RBD

subunits separately), defining additional restraints between

the dimer interface residues of the two RBD subunits.

Table I
Performance of Our Group in the Recent CAPRI Rounds

Target
class

Exp.
dataa Prediction performance

Prediction
experiment

Uploaded
structures Scoring

HADDOCK
SERVER

T29 ub/b No 6/1** 89/46**, 2*** 9/5** Did not participate
T30 ub/ub No 0 0 0 Did not participate
T32 ub/ub No 0 0 0 0
T33 h/h Yes 0 0 0 0
T34 h/b 6/3** 92/13** 7/1** 7/7*
T37 ub/h No 2/2** 12/5**, 2*** 2/1** 0
T38 ub/h Yesa 0 0 0 0
T39 ub/b 0 0 0 0
T40 ub/b Yes 5/5*** 50/10**, 39*** 6/4** 1/1***

5/5*** 40/40*** 4/2**, 2*** 0
T41 ub/ub Yes 10/2** 17/2** 10/10* 4/1**
T42 h/h Yesa 1/1* Not assessed 1/1*b

Dark, medium, and light gray boxes correspond to high, medium, and acceptable models, respectively, and the white boxes indicate incorrect models, according to the

CAPRI criteria. The target class describe the origin of the starting structures used for the docking prediction (ub: unbound; b: bound; h: homology model). Models are

assessed with respect to the CAPRI star definition (*: acceptable, **: medium, ***: high quality prediction). Columns 4 and 5 correspond to the manual submission per-

formance whereas columns 6–8 correspond to correct uploaded structures for the scoring experiment, performance in the scoring experiment, and performance of our

server, respectively.
aThe biochemical information for T38/T39 turned out to be incorrect for the crystal structure. The information for T42 was only partially correct.
bThe HADDOCK multi-body server was able to predict one acceptable model for this target. Interestingly, this complex spans the second interface in the crystal struc-

ture whereas the acceptable model from the manual submission predicted the first interface.

Table II
Average Fraction of Correct Interface Coverage f(IR) and Over-

Predicted Interface f(OP) for the Submitted HADDOCK Solutionsa

Target

p(IR) p(OP)

Ligand Receptor Ligand Receptor

T29 0.77 � 0.11 0.82 � 0.12 0.34 � 0.05 0.38 � 0.08
T30 0.73 � 0.15 0.62 � 0.14 0.52 � 0.07 0.57 � 0.10
T32 0.78 � 0.05 0.62 � 0.09 0.42 � 0.06 0.49 � 0.05
T33 0.42 � 0.02 0.36 � 0.02 0.36 � 0.03 0.49 � 0.03
T34 0.47 � 0.13 0.75 � 0.15 0.26 � 0.20 0.09 � 0.06
T37 0.26 � 0.38 0.75 � 0.09 0.79 � 0.31 0.42 � 0.07
T38 0.58 � 0.11 0.00 � 0.00 0.66 � 0.05 1.00 � 0.00
T39 0.47 � 0.25 0.00 � 0.00 0.71 � 0.16 1.00 � 0.00
T40 0.89 � 0.07 0.90 � 0.04 0.12 � 0.08 0.07 � 0.03
T41 0.82 � 0.12 0.81 � 0.10 0.11 � 0.06 0.15 � 0.08
T42 0.68 � 0.11 0.68 � 0.11 0.28 � 0.05 0.28 � 0.05

aThe correct interface coverage f(IR) is calculated as the number of residue cor-

rectly in the interface in the model divided by the total number of interface resi-

dues in the reference complex. The over-predicted interface f(OP) is defined as

the number of incorrectly predicted interface residues divided by the total number

of predicted interface residues. Interface residues are defined based on loss of sol-

vent accessibility. The values were taken from the CAPRI evaluation reports of the

various models.
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Unfortunately, all of our models showed the wrong

orientation with respect to the crystal structure. This tar-

get was very difficult, which is most likely caused by a

loop rearrangement (1809–1814) in RBD, and the lack of

biochemical data. Note that only two groups predicted a

single one-star model for this target. Still, HADDOCK

was successful in obtaining very good estimates of the

interface. The interface predictions that drove the dock-

ing covered 76% of the interface for both proteins, but

the predicted surface area was more than twice as large

as the true interface area. In contrast, the resulting HAD-

DOCK models have interfaces similar in size to the

crystal structure that cover 73–84% of the true interface

(Table II).

Also, for the complex between savinase and the BASI in-

hibitor19 in target 32 (unbound–unbound), our docking

solutions correctly identified the interface: 87% for the in-

hibitor and 75% for the enzyme (Table II). This was due to

the fact that the interface predictions for this complex were

very good. For the first time, we used our recently developed

consensus interface prediction algorithm, CPORT20 that

combines the results of six interface predictors (WHISCY,17

PIER,21 PROMATE,22 cons-PPISP,23 SPPIDER,24

PINUP25). Predictions were made for savinase, all of which

were centered on the active site. The same was done for the

inhibitor, but we manually restricted the predictions to the

inhibitory loop (residues 85–91). The complex was an

unbound–unbound structure, with the structure of BASI

coming from a complex with a different enzyme, Barley

alpha-amylase26 (PDB entry 1AVA_C).

However, the crystal structure reveals two inhibitor mol-

ecules in contact with the enzyme, each occupying a part

of the active site. This crystal structure is in full agreement

with our interface predictions, but our lack of knowledge

on the correct stoichiometry prevented us from predicting

the correct model since the entire interface was included in

the AIRs definition. Therefore, our submitted docking

models were unable to improve upon the interface predic-

tions. In contrast, after the crystal structure was released,

we performed a three-body docking, with exactly the same

docking parameters, but with a second inhibitor molecule

defined as fully passive. This resulted in a two-star docking

solution [Fig. 1(a)], stressing the importance of proper in-

formation for data-driven docking.

Targets 33 and 34: (homology–homology/homology–

bound) were a complex between a RNA methyl transfer-

ase and a 74 nucleotides RNA transcript containing three

ribosomal RNA hairpins. Currently, this complex has not

yet been published, and therefore, by necessity, our

description of the docking procedure below lacks certain

details and references to the literature.

The methyl transferase was built by homology from

using MODELLER,11 keeping the co-substrate and the

zinc ions. For target 33, the RNA transcript was built man-

ually by mutating the bases, using as a template a ribo-

somal Escherichia coli segment (71% sequence identity). In

addition, one of the hairpins was modeled based on an

NMR structure (100% sequence identity). The resulting

models were subjected to a refinement in water using

HADDOCK. The bound form of the rRNA was given for

target 34. For both targets, the docking was driven by cen-

ter of mass restraints, an unambiguous restraint between

the co-substrate involved in the methyl group transfer and

the atom N1 of a specific hairpin guanine of the RNA

(found in the literature), ambiguous restraints derived

from published NMR titration data for the RNA, and from

a consensus interface prediction using RISP,27 RNA-

BindR,28 and Pprint29 for the protein. In addition, Wat-

son-Crick and backbone dihedral restraints were intro-

duced to maintain the RNA structure.

Figure 1
Overlay of our predictions (blue) onto the reference complex (pink) for two selected targets. In both cases, the receptor is shown in surface

representation and the ligand in cartoon representation. (a) Best CAPRI redocking solution for target 32 (three-body docking with a second

inhibitor molecule defined as fully passive). The area defined by the active residues is shown in light blue on the receptor and the active residues

indicated by spheres on the Ca atoms for the ligand. The second inhibitor in the crystal structure is shown with a transparency effect. (b) Our 10

three-star CAPRI submissions for target 40.This figure was generated with PyMol.51
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Unfortunately, while the biochemical data from the liter-

ature was accurate, inaccuracies in the homology model of

the RNA prevented us from obtaining correct models for

target 33. In contrast, several two-star solutions were gen-

erated for target 34 for which the bound form of the RNA

was provided. The HADDOCK server, which participated

for the first time to CAPRI in this round, generated seven

one-star models out of 10 submitted models.

Targets 35 and 36: (homology–homology/homology–

bound) consisted of two domains of xylanase Xyn10B

from C. thermocellum, the polysaccharide binding module

CBM22 and the catalytic module GH10, both of which

had to be generated by homology modeling for T35. For

T36, the bound form of CBM22 was provided. These

domains are adjacent and covalently linked by an 8-residue

linker (information given by the organizers). However,

analysis of the crystal structure [PDB entry 2W5F (Naj-

mudin et al., unpublished data)] reveals a distance of more

than 30 Å between the C-terminus of the first domain and

the N-terminus of the other, which is simply incompatible

with a covalent linkage (which we wrongly imposed as

restraint in our docking!) Considering that the provided

information was misleading, we will exclude this target

from our analysis and overall performance assessment.

Target 37: (unbound–homology) was one of the most

challenging targets. It was a complex between Arf6 and a

71-residue leucine zipper from JIP4.30 For Arf6, the

unbound form of the protein was known. There was no

further experimental information on the interface.

We modeled the leucine zipper using MODELLER

based on two templates: 2ZTA31 (31 residues, 19%

sequence identity) and 1GK632 (59 residues length, 20%

sequence identity with the target), generating 16 models

that were subsequently used as starting ensemble for

docking. The periodicity of the leucine residues in the

leucine zipper sequences (every n 1 7 steps) allowed us

to produce a multiple alignment by using multiple copies

of the template sequence shifted by a running window of

seven residues. Using this approach, we could model the

71 residues coiled coil homodimer from shorter, overlap-

ping templates (eight times 2ZTA and four times 1GK6).

A particular challenge for this target was that the leucine

zipper has helical repeats and we did not know which

stretch would bind to the protein. We set up therefore a se-

ries of docking runs, with, for Arf6, active residues defined

from CPORT predictions and, for the zipper, passive resi-

dues spanning various shifted 15-residue segments. We also

found a homolog of Arf6 bound to a leucine zipper (PDB

entry 2D7C33), and defined another series of docking runs

based on the contacts observed in this complex, shifting

again the alignment of the zippers for each docking run.

All resulting runs were pooled and clustered and the top

structures of the most favored clusters were submitted.

Strikingly, despite the challenging nature of this target,

two of our submitted structures were of two-star quality.

In fact, among the 100 structures we uploaded for the

scoring experiment, two were of three-star quality! These

were successfully picked up by the groups of Zhiping

Weng and Yaoqi Zou. Our success in this target was largely

due to the very accurate homology models that we were

able to generate: the best model was only 0.95Å backbone

RMSD from the crystal structure, and 10 out of 16 models

were at less than 2Å from the crystal structure. We shared

our models with the community and other groups could

generate good quality predictions using them.

Some of our submitted solutions were derived from

the docking based on the 2D7C structure, but it turned

out that its binding mode was perpendicular to the Tar-

get 37 crystal structure. For the HADDOCK server, the

time frame and server rules prevented the extensive dock-

ing approach described above, making this target beyond

the abilities of our server.

For target 38/39 (unbound-homology/unbound-

bound), we were misled by biochemical information34

that Tyr232 was involved in the interaction that turned

out to be inconsistent with the reference crystal structure,

so that none of our submissions were correct. These tar-

gets were the unbound–homology and unbound–bound

docking, respectively, of the same complex between cen-

taurin and an FHA domain. For target 38, the FHA do-

main had to be modeled, we used I-TASSER13 in this

case, while for target 39 it was given in the bound form.

The docking was performed using interface prediction

from CPORT,20 center of mass restraints, and forcing a

contact between Tyr232 of the centaurin and the His45

of FHA, which turned out to be incorrect.

We note that also the CPORT interface predictions

were unable to identify the correct interface for one of

the proteins. This clearly shows the limitation of data-

driven docking in the absence of reliable data.

For target 40 (unbound-bound), the trypsin-inhibitor

complex, we correctly assumed from the literature that

each inhibitor molecule would bind two trypsin mole-

cules in a canonical binding mode.35,36 This target was

an enzyme-inhibitor complex between the unbound

structure of the trypsin (PDB entry 1BTY37) and the

bound form of API-A inhibitor.38 For this target, five of

our submissions were generated without any active or

passive residues definition. Instead we imposed ambigu-

ous distances between the OG and N of Ser195, the O of

Ser214 and the N and O of Gly216 for the serine prote-

ase and the inhibitory loops 83–88 and 143–148 on the

API-A side.35,36 The five other submissions were driven

using ambiguous interaction restraints for the trypsin

(derived from the interfaces of known serine protease-in-

hibitor complexes) and the inhibitory loop 143–148.

Using this information in combination with CPORT

interface predictions, we obtained highly specific results

and submitted, for each binding mode, five models from

the top ranking cluster, thus a unique solution for each

binding mode. All 10 submitted models were of three-star

quality, a first in CAPRI history [Fig. 1(b)]! The server

S.J. de Vries et al.
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prediction, with restraints only from CPORT, also con-

tained a three-star model for one of the two interfaces.

Target 41 (unbound–unbound) was a non-cognate

complex between Colicin E9 DNase and immunity pro-

tein Im2 (PDB entry 2WPT).39 We used the free form

of colicin E9 and a NMR ensemble of Im2 [PDB entry

2NO8 (Boetzel et al., unpublished data)]. The list of

active and passive residues was derived after superim-

position of Im2 and E9 onto the known colicin-Im

protein complexes E9-Im9 (PDB entry 2K5X40) and

E7-Im7 (PDB entry 7CEI41). This information was

complemented by the definition of the binding pocket

of Im2 derived from alanine scanning mutagenesis.42

In addition, we imposed the stacking of the rings of

Phe86 of E9 and Tyr54 of Im2 as described in the liter-

ature.43

The cognate binding mode for colicin-immunity pro-

tein complexes is well known, and we correctly assumed

that it would be the same for T41. For both the manual

prediction and the server, we submitted two-star and

one-star models with near-complete interface coverage

(Table II). However, many other groups were able to gen-

erate three-star models by direct homology modeling

from the cognate E9-Im9 complex. Clearly, for cases like

target 41, homology modeling is superior to unbound

docking in obtaining high-accuracy predictions.

Target 42 (homology–homology) was an oligomeric as-

sembly of a designed tetratricopeptide protein (PDB

entry 2WQH),44 originally specified by the organizers as

a trimer. We developed especially for this target a multi-

body version of the HADDOCK server, constructed

within the 24 h time frame given by the organizers.

However, the target was later re-specified as a dimer,

with two possible interfaces. The model was generated

with MODELLER using an idealized TPR motif (PDB

entry 1NA045) that differs only by one residue per TPR

repeat (D39Y, D73Y, D107Y) from the target sequence.

Nine of our manual submissions were obtained using

non-crystallographic symmetry and C2 symmetry10 with

only three residues defined as active residues (Tyr39,

Tyr73, Tyr107). The last submission was coming from a

two-body docking of a super-helical trimer; this structure

was generated with the multi-body server using the infor-

mation available on TPR super helices.45,46

From literature information, we assumed that the tar-

get would be a superhelix, which turned out to be false.

Nevertheless, our interface definitions were good and we

were able to generate one-star predictions for both the

manual and the server submission, with highly accurate

interface coverage (Table II).

DISCUSSION

Our results in CAPRI rounds 13–19 show that for

data-driven docking with HADDOCK, the use of experi-

mental information is both a strength and a weakness.

Indeed, T40, and to a lesser extent T34 and T41, illus-

trate the strength of HADDOCK when accurate experi-

mental restraints are available. Likewise, T32 and T38/

T39 indicate that this can also be a weakness in the case

of misleading information, for example, about the stoi-

chiometry (T32) or the interface (T38/T39).

In the absence of restraints, we have relied on bioinfor-

matic interface predictions. These were an essential factor

to our success for targets 29 and 37: HADDOCK proved

remarkably successful in dealing with such fuzzy data

and selecting the correct residues out of a large over-pre-

dicted interface. Strikingly, this is also the case for two of

our ‘‘failed’’ cases (T30 and T32), where HADDOCK

models, although in the wrong orientation, showed an

accurate characterization of the individual interfaces. In

particular, for the case of T30, the interface coverage by

HADDOCK reveals a considerable improvement over the

underlying interface predictions that drove the docking.

This means that, even if the HADDOCK models do not

have the correct orientation, they show a high fraction of

correct interface residues and can thus still be used as a

reliable guide for mutagenesis experiments. It is worth

pointing out that the interface coverage of the HAD-

DOCK models has a great degree of consistency: indeed,

similar interface coverage is shown by all of our 10 sub-

mitted models, regardless of their quality (stars) (except,

obviously, for the case of target 37, with its many possi-

ble zipper segments). In contrast, solutions obtained by

ab initio methods often show much more spread over the

surface and, as such, are less informative in the context

of predicting the interface and directing mutagenesis

experiments.

When it comes to scoring, HADDOCK is well capable

of discriminating correct from incorrect models, as

shown by our performance in both the prediction experi-

ment (we belong to the group with the largest number of

correctly predicted targets) as in the scoring experiment

(we achieved the highest number of correctly predicted

complexes). It is worth noting that, in our high resolu-

tion scoring, models from ab initio FFT-based methods

often have very poor scores due to intermolecular clashes

that a simple energy minimization cannot alleviate. Such

models might cluster with correct solutions, but are

never selected. When it comes to finding highly accurate

(three-star) complexes, there is still room for improve-

ment since we were unable to pick up in some instances

our own three-star predictions. Here, others have per-

formed better than we have. This is apparent in both the

prediction experiment (the Vajda and Zacharias groups)

and the scoring experiment (the Yaoqi Zou group), and

particularly for targets 29 and 37. Part of our problem

can be due to the usually large number of acceptable sol-

utions obtained and the flexible refinement stage leading

to an optimization of any interface (even wrong ones),

challenging our current scoring scheme.
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CONCLUSION

In conclusion, HADDOCK is a highly successful dock-

ing method in cases where experimental information is

available or bioinformatics predictions can be obtained.

Even for ‘‘failed’’ cases showing a wrong orientation of the

components, HADDOCK models are usually highly reli-

able in identifying interface residues, which is a valuable

property to guide experimental work. The main weakness

of our approach, as illustrated here, is its vulnerability for

wrong experimental data related to the interface or the

stoichiometry of the complex. Further, compared to other

docking methods, we still have difficulty in discriminating

highly accurate (three-star) from accurate (two-star) mod-

els. Finally, as all docking methods currently in use, com-

plexes undergoing large conformational changes remain a

challenge. Our ability to perform, differently than other

existing approaches,47–50 simultaneous multi-body dock-

ing that allows the user to model arbitrary large macromo-

lecular assemblies,10 however, provides a possible solution

to dealing with domain motions by cutting a protein into

interconnected sub-domains (unpublished results). For

such systems, however, the quality of the available infor-

mation will be even more crucial in order to guide the

conformational changes towards the bound structure.
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