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ABSTRACT
We have shown previously that
given high-resolution structures of the unbound
molecules, structure determination of protein complexes is possible by including biochemical and/or
biophysical data as highly ambiguous distance restraints in a docking approach. We applied this
method, implemented in the HADDOCK (High Ambiguity Driven DOCKing) package (Dominguez et al.,
J Am Chem Soc 2003;125:1731–1737), to the targets in
the fourth and ﬁfth rounds of CAPRI. Here we
describe our results and analyze them in detail.
Special attention is given to the role of ﬂexibility in
our docking method and the way in which this
improves the docking results. We describe extensions to our approach that were developed as a
direct result of our participation in CAPRI. In addition to experimental information, we also included
interface residue predictions from PPISP (Protein–
Protein Interaction Site Predictor; Zhou and Shan,
Proteins 2001;44:336 –343), a neural network method.
Using HADDOCK we were able to generate acceptable structures for 6 of the 8 targets, and to submit
at least 1 acceptable structure for 5 of them. Of these
5 submissions, 3 were of medium quality (Targets 10,
11, and 15) and 2 of high quality (Targets 13 and 14).
In all cases, predictions were obtained containing at
least 40% of the correct epitope at the interface for
both ligand and receptor simultaneously. Proteins
2005;60:232–238. © 2005 Wiley-Liss, Inc.
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INTRODUCTION
Biochemical and biophysical experiments such as mutagenesis, NMR, and mass spectrometry are widely used
to gain insight into biomolecular interactions. The information generated in this way can in principle be used to
model the structure of the corresponding complex when
conventional NMR and crystallographic approaches fail.
Taking the step from experimental data to modeling is,
however, not common practice. This can be done using
docking approaches that model the structure of a complex
based on the structure of the constituents. Although clear
progress has been achieved in the ﬁeld of “ab-initio docking,” as illustrated by the previous rounds of CAPRI,1 most
current approaches have difﬁculties in generating consistently reliable predictions. However, as highlighted in a
©
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recent review,2 in many cases of biological interest, some
kind of experimental information is available that can be
used to ﬁlter docking solutions or even to drive the
docking. We developed for this purpose the data-driven
docking method HADDOCK that can incorporate any kind
of information about interface residues.3 Using HADDOCK, we participated in Rounds 4 and 5 of CAPRI. Our
method and its performance within CAPRI are presented
here.
MATERIALS AND METHODS
HADDOCK Data
Experimental and/or prediction information is incorporated in HADDOCK by deﬁning active residues (which,
based on the data, are supposed to be part of the interface)
and passive residues (surface neighbors of active residues). The docking is driven by ambiguous interaction
restraints (AIRs) deﬁned between any atom of the active
residues and all atoms of all active and passive residues on
the partner protein.3 In cases where the data were very
fuzzy or judged unreliable, we randomly removed 25% of
the data for each docking trial. In the absence of experimental data, we experimented with the use of all accessible
residues as active and/or passive residues in the combinations: A-active–B-passive, A-passive–B-active, and both Aand B-active.
HADDOCK Flexible Docking Protocol
Flexibility is introduced at several levels in the algorithm:
1. By docking from ensembles of structures and taking all
possible pairwise combinations.
2. By introduction of ﬂexibility in the side chain at the
interface.
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3. By allowing both side-chain and backbone ﬂexibility in
the ﬁnal reﬁnement stage.
This is then followed by a ﬁnal reﬁnement in explicit
solvent.
In the rigid-body docking stage we typically save to disk
1000 to 2000 solutions. The best 200 are then subjected to
a reﬁnement step consisting of 3 consecutive simulated
annealings, ﬁrst treating the molecules as rigid bodies and
then with introduction of ﬂexibility (steps 1 and 3 above).
For details, see Dominguez et al.3
For each target we typically performed a number of
docking runs with various deﬁnitions of the AIRs. The
initial scoring was based on the sum of intermolecular van
der Waals, electrostatic, and AIRs energies. The nonbonded energies are calculated with a 8.5 Å cutoff using
the OPLS parameters.4 For CAPRI Round 5, we set epsilon
to 10 during the vacuum part of the docking (rigid-body
docking and semiﬂexible reﬁnement). The electrostatic
energy contribution was scaled down by a factor 0.1 in the
ﬁnal scoring after water reﬁnement. The scoring was
performed on a cluster basis considering only the best 5 to
10 structures of each cluster to remove cluster size effects.
The clustering is based on pairwise root-mean-square
deviations (RMSDs). The lowest energy structure of the
lowest energy cluster is considered the highest ranking
solution. Due to the inclusion of experimental information,
only a limited number of solutions is typically obtained
(⬍25). For CAPRI, the selection from the clusters from
different docking runs was performed manually based on
energy considerations and visual inspection.
Interface Predictions
In PPISP, sequence proﬁles produced by PSI-BLAST
and solvent accessibility of spatially neighboring surface
residues calculated by Dictionary of Protein Secondary
Structures5 (DSSP) were used as input to a neural network.6 The network was trained on interface residues
collected from the protein–protein complexes in the Protein Data Bank (PDB). A residue is considered as a surface
residue if at least 10% of its surface area is solvent
accessible. A surface residue is considered as an interface
residue if at least 1 of its heavy atoms is within 5 Å of a
heavy atom of the partner protein. Since the original
publication of PPISP, extensive improvements have been
made (Chen and Zhou, to appear in Proteins). The training
set now consists of 1156 protein chains with less than 30%
identity. These chains each have at least 20 interface
residues. The training set contains a total of 225,238
surface residues, of which 52,624 (or 23%) are interface
residues. Test on a different set of 100 nonhomologous
protein chains shows that the overall prediction accuracy
is ⬃80%. One problem was that interface residues were
overpredicted for some proteins but underpredicted for
others. To tackle this problem, we developed a consensus
method that combines predictions from a series of neural
networks with different levels of accuracy and coverage of
native interface residues (FIR). Usually a neural network
with higher FIR predicts more interface residues but with
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lower accuracy, and vice versa. Each predicted interface
residue was ranked by consensus score (the number of
neural networks predicting it as interface) and the topranked ones were mapped onto the protein surface. The
residues clustered together were collected. This process
was stopped early if there were enough interface residues
collected (to prevent overprediction), or extended to less
conﬁdently predicted residues if there were only a few
predictions made (to avoid underprediction).
RESULTS AND DISCUSSION
HADDOCK Data
Information to drive the docking process was derived
from literature searches, in combination with interface
residue predictions by PPISP6 (see below). This information is highly ambiguous in the sense that it gives information about the interface but not about contacts made across
it. In order to use such information to drive the docking, we
distinguish between “active” and “passive” residues: Active residues correspond to solvent accessible, experimentally identiﬁed or predicted interface residues, while passive residues correspond to their surface neighbors. These
are used to deﬁne AIRs between each active residue of one
chain and all active and passive residues of the other chain
(for further discussion, see Dominguez et al.3).
Performance of the PPISP Interface Residues
Predictions
PPISP is a neural network based method that is trained
on known structures of protein complexes. The input of the
neural network consists of sequence proﬁles and solvent
accessibility of spatially neighboring residues. Sequence
proﬁles, obtained from multiple sequence alignment by
PSI-BLAST, capture characteristics of interface residues
such as conservation and hydrophobicity. The PPISP
interface predictions for CAPRI Targets 4 and 5 are
summarized in Table I. For a total of 11 proteins in the
targets (no prediction was necessary for the 2 antibodies),
4 [tick-borne encephalitis virus (TBEV) monomer of T10,
cohesin of T11/T12, myosin phosphatase–targeting subunit (MYPT1) of T14, and colicin D of T15] had higher than
50% prediction accuracy, and 2 others (dockerin of T11/
T12 and the xylanase of T18) had very good values for FIR
(1 and 0.75, respectively) but moderate accuracy. Interface
predictions were poor for the 2 antigens (in T13 and T19)
and 2 large proteins [protein phosphatase-1 (PP1) of T14
and Triticum aestivum xylanase inhibitor (TAXI) of T18].
These predictions were used to deﬁned AIRs (see above) to
drive the docking.
HADDOCK Results for CAPRI Targets 4 and 5
For 5 of the 8 targets (including the canceled Target 15),
we had at least 1 acceptable solution in our submissions; of
these, 3 were of medium quality and 2 of high quality. The
corresponding models superimposed on their respective
targets are shown in Figure 1 (the still unpublished Target
13 is shown as a cartoon). The ranking we report for the
various targets is based on the fraction of correct native
contacts. In all 5 cases, we ended within the top 10 of all
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TABLE I. Results of Interface Residue Prediction on CAPRI Targets

Target

Chain

Seq.
length

10
11/12

TBE monomer
Cohesin
Dockerin
Antigen
PP1
MYPT1
Colicin D
Immunity protein
TAXI
Aspergillus niger xylanase
Ovine prion

381
140
56
245
309
291
107
87
370
182
102

13
14
15
18
19

HADDOCK best
model

PPISP predictions

#Native int.
res.

#Pred.

FIRa

Accuracyb

FIRa

Accuracyb

95
25
13
25
49
60
22
19
23
24
21

19
13
32
5
10
36
20
14
25
51
15

0.11
0.48
1
0
0
0.32
0.59
0.11
0.04
0.75
0.14

0.53
0.92
0.41
0.0
0.0
0.53
0.65
0.14
0.04
0.35
0.20

0.44
0.89
0.74
0.88
0.81
0.67
0.85
0.85
0.42
0.62
0.44

0.90
0.91
0.67
0.79
0.85
0.85
0.85
0.79
0.38
0.71
0.42

a

FIR, fraction of correctly predicted (by PPISP) or observed (HADDOCK best) interface residues among all native interface residues. Native
interface residues were deﬁned as those forming native contacts (⬍5 Å).
b
Accuracy, fraction of correct interface residues among all predicted (by PPISP) or observed (HADDOCK best model) interface residues.

submissions. In 3 cases, our best prediction was correctly
ranked number 1 within our 10 submissions. In the
following, we discuss our results for the individual targets.
Target 10
For Target 10,7 we modiﬁed the docking protocol in
order to be able to deal with 3 molecules and impose C3
symmetry. This was done by using symmetry restraints as
introduced for NMR structure calculation of symmetrical
dimers.11 To impose C3 symmetry, we deﬁned triplets of
distance pairs (AB/BC, BC/AC, and CA/AB), requiring that
the distances must be equal within a pair. We used in
addition noncrystallographic symmetry restraints in the
Crystallography & NMR System12 (CNS), which ensure
that the molecules are similar without deﬁning any symmetry operation between them.
The AIRs used to drive the docking were derived from
various sources13–16 and included epitope mapping, mutagenesis, and sequence conservation data, in combination
with interface predictions.
The results of the docking could be partitioned into 2
classes: one with rather “ﬂat” triangular arrangements of
the 3 monomers, and the other consisting of “spikes.” We
based our selection on electron microscopy data17 that
suggested a triangular ﬂat shape of the timer. Accordingly,
we mainly selected such structures and only put one
“spike” conformation in our submission, which we ranked
tenth. The latter turned out to be a very close prediction,
with a ligand RMSD (l-RMSD) of 2.9 Å, an interface RMSD
(i-RMSD) of 1.9 Å and a fraction of native contacts of 0.3. It
is worth noting that this “spike” solution had the best
intermolecular energy but that misjudgment of literature
data led us to rank it last.
Target 11/12
For Target 11,8 a homology model of dockerin was built
using SWISSMODEL18 and WHATIF.19 The model was
subjected to a 200 ps molecular dynamics (MD) simulation
in explicit solvent using Gromacs3.1.4.20 The starting
structure plus 10 structures taken every 20 ps were

selected as input for the docking. The backbone RMSD of
our starting homology model from the bound form was 4.3
Å, whereas it ranged from 4.1 Å to 4.8 Å for the structures
taken from the MD trajectory. These values however
decrease to 2.3 Å for the model and 2.2–2.9 Å for the MD
structures if only the 2 Ser/Thr pairs that are known to be
important for the binding are considered. This means that
some of the MD structures had moved closer to the bound
form than the homology model itself. The unbound form of
cohesin was also subjected to 200 ps MD in explicit solvent.
Again, 11 structures were selected for the docking. These
were also used for Target 12.
To drive the docking, we used previously published
mutagenesis data,21–24 in particular, 2 amino acid pairs
Ser11/Thr12 and Ser45/Thr46, and other predicted interface residues. As discussed in the article describing the
experimental crystal structure of the complex,8 the dockerin sequence contains a tandem repeat, with residues
1–23 showing high homology to residues 35–57. These 2
stretches of sequences also adopt very similar 3-dimensional (3D) structures (main-chain atom RMSD of 0.36 Å).
Moreover, dockerin contains near perfect internal 2-fold
symmetry, such that residues 1–22 overlay onto residues
35–56, and vice versa (see Fig. 5 in Carvahlo et al.8). This
symmetry is also reﬂected in the mutagenesis data that we
used for docking. As stated,8 it would seem likely that both
symmetry-related halves of dockerin could interact with
cohesin in almost identical manners. The accuracy of our
docking results, especially for Target 12, were mainly
hampered by the fact that both sites were included in our
restraints, while only the second one is actually involved in
binding in the crystal structure. Since both sites were
deﬁned, we also obtained several docking solutions corresponding to a 180° rotated binding mode.
For Target 11, we nevertheless had 1 medium and 3
acceptable solutions in our submission (with the best one
having an l-RMSD of 6.0 Å, an i-RMSD of 2.0 Å, and a
fraction of native contacts (Fnat) of 0.4, ranking at the third
position overall). For Target 12, no acceptable solutions
were submitted, although acceptable ones within 2.3 Å
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Fig. 1. Best HADDOCK models and corresponding experimental structures. Closest models overlaid with
corresponding crystal structures for Target 10 (PDB code: 1urz7), Target 11 (PDB code: 1ohz8), Target 14
(PDB code: 1s709), and Target 15 (PDB code: 1v7410). Color coding: red and blue for crystal structures, purple
and light-blue for model; for Target 10 in addition: green for crystal structure, black for model. Note that Target
10 is a trimer; for clarity, for 2 of its (C3-symmetric) chains, we show only part of the chain. Segments 148 –159
and 204 –209 are missing in the crystal structure. The still unpublished Target 13 is shown as a cartoon. The
quality of our best model (stars) and its rank within our 10 submissions is indicated between brackets. The
CAPRI quality criteria are: “high” (***): Fnat ⬎ 0.5, l-RMSD or i-RMSD ⬍ 1.0 Å and “medium” (**): Fnat ⬎ 0.3,
l-RMSD ⬍ 5.0 Å or i-RMSD ⬍ 2.0 Å, where Fnat is the fraction of native contacts, l-RMSD is the ligand backbone
RMSD from the target, after superimposition on the receptor, and i-RMSD the interface residues backbone
RMSD from the target.
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interface RMSD were generated. However, if the symmetryrelated binding mode were considered, all our submissions
for Targets 11 and 12 would be within 10 Å l-RMSD.
Target 13
For Target 13, the bound form of the antibody and the
unbound form of the antigen were provided. The latter was
subjected to a 200 ps MD in explicit solvent, and 11
structures were selected as input for the docking as
described for Targets 11/12. In this case, the unbound form
was 0.5 Å away from the bound form, and it drifted away to
0.9 Å during the MD simulation.
For the antibody, we deﬁned the complementarity determining region (CDR) as active residues. For the antigen,
several epitopes were identiﬁed from literature data.25–27
This information was introduced differently in various
runs: either using all epitopes simultaneously or only a
subset of them to deﬁne AIRs. We also performed a
docking run in which all accessible residues of the antigen
were deﬁned as passive.
The clusters from all runs were pooled and ranked
mainly based on favorable values of van der Waals energy
and on packing arguments after visual inspection. Our
number 1 submission was of high-quality (l-RMSD ⫽ 3.8
Å; i-RMSD ⫽ 0.3 Å; Fnat ⫽ 0.8).
Target 14
The docking was performed from the bound form of
MYPT1, and a homology model of PP1 created using
SWISSMODEL18 and WHATIF.19 For this target,9 excellent information was available from literature,28 –30 including a crystal structure of the RRVSFA peptide bound to
PP1. In addition, interface predictions from PPISP involving the N-terminal helix of MYPT1 were used. Because of
the rather closed, “embracing” conformation of MYPT1,
which might prevent a proper rigid-body docking, we
turned off the intermolecular interactions of PP1 with the
C-terminal residues of MYPT1 starting from residue 52
and scaled down the intermolecular interactions by a
factor 0.01. Interaction with the C-terminal residues was
reintroduced in the second ﬂexible reﬁnement stage of the
docking. As the quality of the data in this case was really
high, it was not surprising that 1 of our predictions was of
high quality (l-RMSD ⫽ 2.3 Å; i-RMSD ⫽ 0.96 Å; Fnat ⫽
0.6), with 2 additional acceptable ones out of our 10
submitted structures.
Target 15
Target 1510 was a bound docking case, but with shaved
surface side-chains. The latter were generated with CNS,12
and the structures were submitted to a short reﬁnement in
explicit solvent,31 with position restraints on the backbone. For each protein, 10 structures were generated and
used as starting point for the docking. Only few data were
found in the literature.32 We used as always predicted
interface residues but also experimented (as for Target 13,
but now for both proteins), taking all accessible residues as
passive and/or active, in the combinations active–passive,
passive–active, and active–active. The results of these 3

docking runs were analyzed in terms of the frequency that
a given residue contacts the partner protein. The top 10%
most frequently found residues at the interface were then
selected for a new docking run.
Our number 1 submission, resulting from a run with the
latter restraints, was a close hit (l-RMSD ⫽ 5.4 Å;
i-RMSD ⫽ 1.8 Å; Fnat ⫽ 0.5) corresponding to a mediumquality prediction. Out of the 3 runs with a total of 600
structures from which we selected our submissions, only 5
structures had l-RMSD below 10 Å (resulting from the
runs with all accessible residues on the immunity protein
as passive). Our selection criterion (based on Evdw ⫹ 0.1
Eelec) thus correctly led to the best conformation in this
case.
Target 18
For Target 18,33 the predicted interface residues were
quite good for the xylanase, with 75% of the epitope
correctly predicted (see FIR, fraction of correctly predicted
native interface residues, in Table I). In addition, some
mutagenesis information was available.34 However, for
TAXI, the interface prediction was poor (FIR ⫽ 0.04), and
we did not ﬁnd any experimental data for deﬁning the
interface. Although we tried the same kind of active/
passive protocols as for Target 15, in this case, our docking
runs did not generate any acceptable solution. We did,
however, obtain solutions with more than 42% of the
native epitope of each partner simultaneously at the
interface, but these corresponded to rotated solutions.
Target 19
For Target 19,35 the ovine prion was modeled as described above from the NMR entry 1DWY.36 We found
various epitopes in the literature,37,38 which we used
again in various combinations of active and passive residues, together with the CDR residues of the antibody. A
docking run was also performed using all accessible residues of the antigen. However, no acceptable solution was
obtained. As for Target 18, our submissions, however,
contained rotated solutions containing as much as 44%
and 79% of the correct epitopes at the interface for the
antibody and the antigen, respectively.
The Effect of Flexibility on Our Docking Results
In our docking protocol, ﬂexibility is introduced stepwise, ﬁrst for interface side-chains and then for both
backbone and side-chains at the interface (see Materials
and Methods section). To analyze in detail if it is worth
paying the additional computational price, we compared
various quality parameters for structures after rigid-body
docking and after ﬁnal reﬁnement in explicit solvent
(Table II). Although there is some variability between
targets, it is clear that the number of good solutions as
monitored by l-RMSDs increases when comparing the
rigid-body docking results with the results after ﬂexibility
has been introduced. The quality of the prediction also
improves signiﬁcantly, as can clearly be seen from the
fraction of native contacts. Finally, ﬂexibility also considerably improved the ranking of structures.

237

DATA-DRIVEN DOCKING

TABLE II. Impact of Flexibility on Docking Results
Target

10

11

12

Number of solutions within the given 1-RMSD range: rigid body/reﬁneda
0–5 Å
9/8
36/63
33/36
Average fraction of native contactsa
Rigid body: 0–5 Å
0.14 ⫾ 0.05
0.27 ⫾ 0.11
0.11 ⫾ 0.03
Reﬁned: 0–5 Å
0.18 ⫾ 0.09
0.36 ⫾ 0.11
0.12 ⫾ 0.03
Ranking of best submitted structure: rigid body/reﬁnedb
6/3
181/51
—
a
b

13

14

15

26/26

11/12

2/3

0.57 ⫾ 0.07
0.74 ⫾ 0.07

0.54 ⫾ 0.15
0.50 ⫾ 0.10

0.45 ⫾ 0.07
0.35 ⫾ 0.13

36/1

23/2

8/2

For Target 11, the RMSD range is 5–7.5 Å; for Targets 12 and 15, it is 5–10 Å.
Ranking of best submitted structure according to our scoring scheme. Note that lower ranking indicates better result.

In addition to the explicit inclusion of ﬂexibility in the
reﬁnement stage, we also implicitly included it in the
rigid-body docking stage by starting from ensembles of
structures obtained from short MD simulations in explicit
solvent. Depending on the quality of the starting model,
the RMSD to the bound form increased or decreased
during the MD. Still, we often observed that some conformations preferentially lead to better docking solutions.
This effect must originate from better side-chain conformations, since large backbone conformational changes cannot
be expected within such short simulation times (200 ps).
For example, for Target 11, our best model originated from
MD structures taken at 40 ps for cohesin (backbone RMSD
to bound form was 0.5 Å) and 200 ps for dockerin (backbone RMSD to bound form was 4.6 Å). For Target 13, good
solutions were obtained mainly from the unbound form of
the antigen (backbone RMSD to bound form was 0.5 Å) and
from a MD snapshot taken at 140 ps (backbone RMSD to
bound form was 0.75 Å).
What Did We Learn From CAPRI?
CAPRI was a very good stimulus to develop new tools, as
well as a possibility to validate new features in an unbiased way. As explained above, the fact that we did often
not have very reliable experimental data (or no data at all)
inspired us to experiment with all accessible residues as
active–active, active–passive, or passive–active. For Targets 13 and 15, this was successful, while for Targets 18
and 19 this did not generate any acceptable solution. Our
solutions for the latter 2 cover, however, the correct
epitopes but correspond to rotated solutions. Although
there are several possible reasons for this difference, it
might be related to the fact that Targets 18 and 19
consisted of bigger proteins, which means that the conﬁguration space that needs to be covered is larger; it is
therefore possible that our sampling was insufﬁcient. In
cases where data were fuzzy or scarce, we used all accessible residues and also experimented with the random
removal of a fraction (typically 25%) of our data for each
solution that was generated. In this way, the fuzziness of
the interface deﬁnition is increased, and wrong or inconsistent data need not have a disastrous inﬂuence. We started
using this feature after the results for Round 4 were
known, when we realized the effect that the wrong deﬁnition of active residues for dockerin had on our docking of
Target 12. Note that random removal of as much as 50% of

the restraints leads to high-quality predictions for Target
12 (data not shown). Considering the interface predictions,
the blind test results on the CAPRI targets were consistent
with results on other test sets (Chen and Zhou, to appear
in Proteins). In general, predictions for small proteins are
much better than for large proteins. Complexes of small
proteins on which our training set is based are indeed well
represented in the PDB. In terms of classes of protein
complexes, the PPISP method generally makes good prediction for enzyme–inhibitor interfaces but is not suited for
antigen–antibody interactions. The former complexes have
presumably evolved over time to optimize the interface. In
contrast, antigen–antibody interactions are not subjected
to evolutionary optimization. A strength of PPISP is that it
is relatively insensitive to conformational changes accompanying complex formation. Results on CAPRI targets also
showed that PPISP performed equally well with homology
models (dockerin in Target 11).
We also analyzed in detail the inﬂuence of ﬂexibility on
our docking results. As described here and in related
studies,39,40 ﬂexibility is a very important factor for docking. Indeed, we found that in general the docking results
improve after the ﬂexible reﬁnement stages. The largest
improvement is found in the fraction of native contacts,
while the effect of ﬂexibility on the RMSDs from the target
is the most pronounced when the unbound form is further
away from the bound form. Finally, we also observed that
ﬂexibility improves the ranking of correct solutions. Taken
all together, this indicates that the inclusion of ﬂexibility
in docking is clearly beneﬁcial, even if it increases the
required computational time.
Our participation to CAPRI revealed both the strengths
and weaknesses of our data-driven docking approach
HADDOCK. Good results can be expected when the data
are of high quality. Using very fuzzy or ambiguous data,
HADDOCK sometimes still generated acceptable results
(as for Targets 13 and 15), but in other cases failed to do so
(Targets 18 and 19). The scoring of ﬂexible docking solutions, which have a signiﬁcantly larger number of degrees
of freedom, remains a difﬁcult process that can clearly be
improved in the future.
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