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SPECIAL TOPIC — Modeling and simulations for the structures and functions of proteins and nucleic acids

Protein–protein docking with interface residue restraints∗
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The prediction of protein–protein complex structures is crucial for fundamental understanding of celluar processes
and drug design. Despite significant progresses in the field, the accuracy of ab initio docking without using any experimen-
tal restraints remains relatively low. With the rapid advancement of structural biology, more and more information about
binding can be derived from experimental data such as NMR experiments or chemical cross-linking. In addition, informa-
tion about the residue contacts between proteins may also be derived from their sequences by using evolutionary analysis
or deep learning. Here, we propose an efficient approach to incorporate interface residue restraints into protein–protein
docking, which is named as HDOCKsite. Extensive evaluations on the protein–protein docking benchmark 4.0 showed
that HDOCKsite significantly improved the docking performance and obtained a much higher success rate in binding mode
predictions than original ab initio docking.
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1. Introduction

Proteins are involved in nearly all biological processes
in the cell such as DNA replication and repair, RNA tran-
scription, signaling pathways, immune system response, and
cell regulation.[1–7] In order to function, almost all of proteins
interact with other proteins to form complexes or protein–
protein interaction networks.[8,9] Therefore, determining the
complex structure of the proteins involved is a crucial step
in understanding their interaction mechanism and thus for the
development of therapeutic interventions targeting the interac-
tions. However, due to the high cost and technical difficulties,
solving the structures of protein complexes by experimental
methods is challenging. As such, computational methods such
as protein–protein docking become an alternative way to elu-
cidate the complex structure of interacting proteins.[10] Given
two individual proteins, protein–protein docking tries to pre-
dict the complex structure by sampling putative binding modes
of one protein relative to the other and ranking the sampled
binding modes according to their binding scores which are cal-
culated by an energy scoring function.[11–17]

In the early stage of the development of protein–protein
docking when the number of experimental complex structures
is small and information about binding sites is little known,
global protein–protein docking, which often refers to ab ini-
tio or free docking, is needed to sample possible binding
modes over all six degrees (three translational + three rota-
tional) of freedom.[18–35] Although global docking can search
entire orientational space for near-native binding modes, most

of the binding modes are far from the native structures.
Therefore, global docking may result in a higher number of
false positives. If information about residue–residue con-
tacts between proteins are available, false positives that give
high energy scores can be excluded according to the residue
constraints.[36–40]

In fact, such information about binding is common in ex-
periments. For example, the residue constraints can be trans-
lated from the NMR experiments.[41] If the experimental in-
formation about residue restraints is not available, it can also
be derived from the sequences, as the sequences of proteins
are directly related to their three-dimensional structures and
functions. With the database of sequences growing exponen-
tially, information about the residue contacts between proteins
may also be derived through an evolutionary analysis from
sequences[42] or deep learning.[43]

To make use of residue contacts obtained from experi-
mental information or mined from sequences, an efficient and
fast approach for incorporating interface residue restraints into
protein–protein docking has been proposed. The new docking
approach, which is named as HDOCKsite, significantly im-
proves the ability of our docking algorithm in distinguishing
near-native binding modes from false positives. With the de-
velopment of residue contact prediction, it becomes more and
more valuable to consider residue restraints in ab initio dock-
ing. Combining with a good inter-protein contact prediction
program, our hierarchical docking program HDOCKsite is ex-
pected to achieve accurate docking predictions.
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2. Materials and methods
2.1. FFT-based docking algorithm

A fast Fourier transform (FFT)-based hierarchical dock-
ing program developed by our group, referred to as HDOCK-
site, is used to globally sample putative binding modes, in
which an improved shape-based pairwise scoring function has
been adopted.[44–46] The advantage of our scoring function is
that it takes into account the influence not only from its nearest
neighboring receptor grids but also from other farther receptor
girds in the form of exp(−1/r2), in which r is the distance
between the ligand grid and the receptor grids. Shape comple-
mentarity is the primary component of a scoring function and
plays a crucial role in protein–protein docking. Despite the
significant progresses in current shape complementarity func-
tions, all of them just simply consider the effects of neigh-
boring atoms for a grid point. However, some shape-based
interactions such as van der Waals interactions involve not
only the nearest-neighboring atoms, but also many more other
farther interactions. To solve this problem, we have presented
a new pairwise scoring function for our FFT-based docking
algorithm to consider the long range effect of protein atoms
by an exponential form, which is named as LSC. More details
of our improved shape-based pairwise scoring function can be
found in our previous study.[44] During global sampling, we
use an angle interval of 15◦ to loop the entire rotational space,
and a spacing of 1.2 Å to search the whole translational space.
The search for the translational space is accelerated by an
FFT algorithm. For each rotation, the top 10 translations with
the best shape complementarities from the FFT-based transla-
tional search are optimized by our iterative knowledge-based
scoring function ITScorePP.[47–50] The best scored translation
is kept for each rotation. Given the angle interval of 15◦, there
are 4392 evenly distributed rotations in the rotational space.
Therefore, we get a total of 4392 binding modes for a protein–
protein docking. The ranked binding modes are clustered with

globally sampling putative binding modes 

with residue restraints

reranking the predicted modes by ITScorePP 

clustering with 5 A cutoff and filtering with 

residue restraints

the final binding modes

Fig. 1. Flowchart of our docking protocol.

a ligand RMSD cutoff of 5 Å, where the RMSD is calculated
only using the backbone atoms of the ligand. If two binding
modes have a ligand RMSD smaller than 5 Å, the one with
the worse score is excluded. The docking algorithm has been
slightly modified to incorporate residue restraints as described
below. A flowchart of our docking protocol is shown in Fig. 1.

2.2. Incorporating residue restraints

The residue restraints derived from the bound struc-
tures are incorporated into the FFT-based searching precess
and post-docking stage in our hierarchical docking algorithm.
During the search process, the residue restraints are mapped
onto grids to reduce the computational cost. Specifically, a
weight of 100 is assigned to those grid points occupied by
receptor or ligand interface residues, and a weight of 10 is
assigned to those grid points occupied by receptor-ligand con-
tact residues. The selection of 10 and 100 is based on our
scoring function LSC. In LSC, we assign 10 to the imagi-
nary part of the grid located in the protein core region. When
two grid points in the protein core region overlap, there is a
penalty of 100 for multiplying the imaginary part.[44] During
the post-docking stage, only a few thousand binding modes
are reserved, and the computational efficiency is no more an
issue. Thus, the residue restraints are directly incorporated by
examining the distance between the contact residues from the
receptor and ligand protein in this stage. The distance cutoff
for filtering is initially defined as 8 Å. If the number of bind-
ing modes that satisfy these restraints is less than the specified
number of the output binding modes, the distance cutoff will
be increased by 1 Å at a time until enough number of binding
modes are output. The maximum number of output binding
modes can be designated by the users on the command line,
though the default value is 100.

2.3. Definition of contact residues

In the field of inter-protein contact prediction,[42,43,51] two
residues in a protein–protein complex are considered contact
residues if (i) they belong to two different protein chains and
(ii) the minimum distance between their heavy atoms is less
than 6 Å. However, in the CAPRI evaluation protocol,[52–58] a
pair of residues at the interface are considered to be in contact
if any two of their atoms were within 5 Å.

Given the fact that two residues within 5.0 Å or 6.0 Å
are not necessarily in physical contact, we defined the con-
tact residues by calculating the solvent accessible surface area
(SASA) of each residue in the bound structures before and af-
ter forming the complexes. If the SASA of a residue decreases
after forming the complex, it will be considered to be an inter-
face residue. The interface residues on the receptor are defined
as the receptor contact residues, and the interface residues on
the ligand are considered as the ligand contact residues. If the
minimum distance between a receptor contact residue and a
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ligand contact residue is less than 5 Å, the residue pair is con-
sidered as a receptor-ligand residue contact.

With the definition of contact residues, the bound struc-
tures of protein–protein benchmark 4.0 were used to derive the
contact residues. With the bound structures aligned with the
unbound structures, the corresponding residue ID and chain ID
of the unbound structures were output. If there were no corre-
sponding residues in the unbound structures, the residues were
excluded. The internal residues whose SASA is smaller than
1 Å2 were also excluded. For each target, we calculated the
number of receptor contact residues, ligand contact residues,

and receptor-ligand contact residues. As a comparison, we
also calculated these contact residues using the above two def-
initions.

It can be seen from Table 1, the average number of re-
ceptor and ligand contact residues by our definition is between
the definition of distance cutoff of 5 Å and the definition of
distance cutoff of 6 Å. This means that the contact residues
from our SASA criterion correspond to those for the distance
cutoff between 5 Å and 6 Å. Our preliminary test also showed
that there is no significant difference for different definitions
of residue contact.

Table 1. The maximum, minimum, and average number of receptor contact residues, ligand contact residues, and receptor-ligand pairwise
contact residues under different definitions for all 176 targets.

Receptor contact Ligand contact Pairwise contact
min max avg min max avg min max avg

cutoff = 5 Å 8 74 25.5 9 70 22.4 22 197 61.5
cutoff = 6 Å 10 91 31.9 10 94 27.7 31 312 92.9

our definition 9 75 27.8 10 82 24.5 22 196 60.5

2.4. Benchmark data set

The protein–protein docking benchmark 4.0[59] was
adopted to evaluate the performance of our hierarchical dock-
ing program with different types of residue restraints. There
are a total of 176 diverse targets in the benchmark, which con-
tains 123 easy cases, 29 medium-difficulty cases, and 24 dif-
ficult cases. The difficulty level reflects their flexibility and is
categorized by the root mean square deviation (RMSD) of the
interface Cα atoms after superposing the bound and unbound
structures. If the interface RMSD between the unbound and
bound structures is less than 1 Å, the cases are considered as
easy ones. If the RMSD is between 1 Å and 2.5 Å, the cases
are regarded as medium difficulty ones. If the RMSD is greater
than 2.5 Å, the cases are deemed as difficult ones.

Each target consists of the co-crystalized bound structures
and their related unbound structures for both the receptor and
the ligand proteins. The benchmark has been comprehensively
used to evaluate the performances of various docking algo-
rithms and scoring functions.[10] In this study, the unbound
structures were used for docking, and the native bound com-
plexes were used as the reference during the evaluations.

2.5. Evaluation criteria

The widely used CAPRI evaluation criterion[52–58] was
adopted to assess the quality of the predicted binding poses.
The evaluation criterion includes three metrics: (i) fnat, the ra-
tio of the native contacts in a predicted binding mode, where
a pair of residues from different proteins are deemed to be in
contact if any two of their heavy atoms were within 5.0 Å, to
the total number of contacts in the native complex; (ii) Lrmsd,
the backbone RMSD of the ligand in the predicted versus tar-
get complexes after the receptor proteins are optimally super-

imposed; (iii) Irmsd, the interface RMSD after the optimal su-
perimposition of the bound and unbound complexes, where a
residue belongs to the interface if any of its atoms is within
10 Å from it interacting protein in the native complex.

Unless otherwise specified, the acceptable quality, in
which Lrmsd ≤ 10.0 Å or Irmsd ≤ 4.0 Å and 0.1 ≤ fnat ≤ 0.3
or fnat ≥ 0.3 and Lrmsd > 5.0 Å and Irmsd > 2.0 Å, was used as
a criterion to define a successful prediction. The success rate
was used to evaluated the performance of our docking algo-
rithm in binding mode predictions, which was defined as the
percentage of the test cases with at least one successful predic-
tion when a certain number of top predictions were considered.

3. Results and discussion
3.1. Overall performance

We have evaluated our hierarchical docking algorithm
HDOCKsite with different types of restrains and different
numbers of restraints on the unbound structures benchmark
4.0 of 176 targets. Table 2 lists the success rates of our dock-
ing algorithm with different types and numbers of restraints
in binding mode predictions on the benchmark 4.0 for un-
bound docking when top 1, 10, 100 predictions were consid-
ered. Figure 2 also lists the corresponding success rates when
the top 10 predictions were considered. For comparison, Ta-
ble 2 and Fig. 2 also give the corresponding results of ZDOCK
2.3.2. During the docking calculations with HDOCKsite, the
receptor restraints, ligand restraints, and receptor-ligand pair-
wise restraints were randomly selected from the derived re-
ceptor contact residues, ligand contact residues, and receptor-
ligand pairwise contact residues, respectively. To reduce the
impact of randomness, we randomly selected three sets of
residue restraints and repeated the docking calculations with
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these residue restraints. The average of the results is regarded
as the final result.

It can be seen from Table 2 that HDOCKsite with
restraints yielded significantly higher success rates than
HDOCKsite and ZDOCK2.3.2 without restraints, suggesting
the critical role of the residue restraints in docking. HDOCK-
site with pairwise restraints obtains a significantly better per-
formance than HDOCKsite with receptor restraints or ligand
restraints, and achieves a success rate of 76.7%, 88.4%, and
91.5% for one, two, and three restraints when the top 10 pre-
dictions were considered, in comparison to 37.7%, 48.9%,
and 53.2% for receptor restraints, and 30.8%, 40.7%, and

45.1% for ligand restraints (Table 2 and Fig. 2). This is be-

cause receptor restraints and ligand restraints only constraint

the movement of ligand/receptor on the surface of the recep-

tor/ligand. This makes the ligand/receptor lose some of its

translational degrees of freedom. Pairwise restraints constraint

the distance between the two residues from the receptor and

ligand, which makes ligand and receptor lose all of their trans-

lational degrees of freedom. Therefore, receptor-ligand pair-

wise restraints can exclude many more false positive structures

that do not satisfy the constraint than receptor restraints and

ligand restraints.

Table 2. The success rates (%) of unbound docking with different numbers of restraints predicted by HDOCKsite with receptor restraints,
ligand restraints, and receptor–ligand pairwise restraints and ZDOCK2.3.2 on the benchmark 4.0 when top 1, 10, and 100 predictions were
considered.

No. of Receptor restraints Ligand restraints Pairwise restraints
restraints top 1 10 100 top 1 10 100 top 1 10 100

ZDOCK2.3.2 4.0 14.8 38.1 4.0 14.8 38.1 4.0 14.8 38.1
HDOCKsite zero 7.4 25.0 55.7 7.4 25.0 55.7 7.4 25.0 55.7

one 13.0 37.7 69.1 12.3 30.8 65.5 38.1 76.7 91.1
two 16.5 48.9 77.8 14.4 40.7 74.4 66.6 88.4 93.8
three 19.4 53.2 83.2 18.0 45.1 79.5 78.6 91.5 94.2

From Table 2 and Fig. 2, one can also see that HDOCK-
site with receptor restraints achieved a slightly better perfor-
mance than ligand restraints. This is because the receptors
are often larger and thus have a larger surface than ligands.
Therefore, a residue restraint designated for the receptor can
reduce more search space than a residue restraint designated
for the ligand. Namely, the proportion of the designated re-
ceptor contact residues not on a ligand surface is greater than
the proportion of the designated ligand contact residues not
on a receptor surface. Those false positive structures whose
designated contact residues do not meet the restraints are ex-
cluded. As such, receptor restraints can exclude more false
positive structures than ligand restraints.
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Fig. 2. The success rates of unbound docking for top 10 predictions
by our HDOCKsite with different types and numbers of restraints and
ZDOCK2.3.2 on the protein–protein docking benchmark 4.0. The
dashed line stands for the success rate of ab initio docking without
using residue restraint. The solid line represents the success rate of
ZDOCK2.3.2 without residue restraints.

Table 2 also shows that HDOCKsite with pairwise re-
straints achieved an increase of 30.7% in the success rate from

zero restraint to one restraint and an increase of 28.5% in the
success rate from one restraint to two restraints for the top 1
prediction. However, it only obtained an increase of 12.0% in
the success rate from two restraints to three restraints, which
is significantly lower than 30.7% and 28.5%. This is because
one restraint constraints the relative translation between the re-
ceptor and ligand. False positive structures that do not satisfy
these translation constraints are excluded, which greatly im-
proves the success rate. Two restraints not only constraint the
relative translation but also limit the relative rotation, which
will significantly reduce the search space and thus improve
the success rate. Since two restraints have reduced most of the
search space for possible binding modes, it is expected that
three restraints will no longer be able to obviously improve
the docking performance.

In addition, one can also notice from Table 2 that the suc-
cess rates for different numbers of pairwise restraints are very
close when the top 100 predictions are considered, and give
91.1%, 93.8%, and 94.2% for one restraint, two restraints, and
three restraints, respectively. This is because HDOCKsite has
reached the limit of success rates with only one pairwise re-
straint when the top 100 predictions were considered. The
number of residue restraints is not a key factor affecting the
success rate any more. For those failed cases, most of them are
due to the conformational changes, which significantly change
the distance between the pairwise residues.

3.2. Performance by the difficulty types of test cases

In order to study the impact of conformational changes
on our docking results with different types and numbers of re-
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straints, we have analyzed the docking results by the difficulty
types of test cases. Table 3 lists the success rates for the cases
with different difficulty levels predicted by our HDOCKsite
with different types and numbers of restraints on the bench-

mark 4.0 when top 1, 10, and 100 predictions are considered
for unbound docking. As a comparison, Fig. 3 also shows the
corresponding success rates for difficulty types of test cases
when the top 10 predictions are considered.

Table 3. The success rates (%) of unbound docking for different difficulties of cases predicted by HDOCKsite with different numbers of
receptor restraints, ligand restraints, and pairwise restraints on benchmark 4.0 when top 1, 10, and 100 predictions were considered.

Type of No. of Easy Medium Difficult
restraints restraints top1 10 100 top1 10 100 top1 10 100

zero 9.8 34.1 68.3 3.4 6.9 31.0 0.0 0.0 20.8
Receptor one 17.9 48.2 78.8 2.4 20.7 58.6 1.3 4.2 32.1
restraints two 21.4 57.7 86.2 6.9 36.9 72.4 2.9 17.9 41.7

three 25.2 62.9 90.2 6.9 40.3 81.7 4.2 19.6 48.8

zero 9.8 34.1 68.3 3.4 6.9 31.0 0.0 0.0 20.8
Ligand one 16.6 39.0 77.5 4.5 14.8 49.3 0.0 8.3 23.8

restraints two 19.5 51.2 86.2 4.5 18.3 61.0 0.0 13.8 30.4
three 24.4 57.7 89.7 5.9 23.1 66.6 0.0 7.1 42.9

zero 9.8 34.1 68.3 3.4 6.9 31.0 0.0 0.0 20.8
Pairwise one 47.2 87.5 98.7 21.7 66.6 86.2 11.3 33.3 58.3
restraints two 78.3 97.3 99.7 48.3 80.3 92.1 29.2 52.9 65.4

three 88.6 99.5 100.0 66.6 85.2 93.1 41.7 58.3 65.4
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Fig. 3. The success rates of unbound docking for top 10 predictions by our HDOCKsite with different types and numbers of restraints on easy
(a), medium-difficult (b), and difficult (c) targets of protein–protein docking benchmark 4.0. The dashed line stands for the success rate of ab
initio docking without using residue restraint.

When comparing the success rates with different diffi-
culty levels one can find that the conformational changes have
a huge impact on the success rate (Table 3 and Fig. 3). The
success rates of HDOCKsite for easy cases are significantly
higher than those for more difficult cases. For example, easy
cases give a success rate of 48.2%, 39.0%, and 87.5% for
one receptor, ligand, and pair restraint when the 10 predic-
tions are considered, respectively, compared to 20.7%, 14.8%,
and 66.6% for medium-difficulty cases and 4.2%, 8.3%, and
33.3% for difficult cases (Fig. 3).

Table 3 also shows that for the top 100 predictions with
pairwise restraints, HDOCKsite showed different trends in the
success rate. For easy cases, HDOCKsite performed similarly
for one or more restraints and gave a success rate of 98.7%,
99.7%, and 100% for one, two, and three restraints, respec-
tively. For medium-difficulty cases, HDOCKsite gave a suc-
cess rate of 92.1% and 93.1% for two and three restraints, re-
spectively, which is significantly higher than 86.2% for one
restraint. For difficult cases, HDOCKsite gave the same suc-
cess rates of 65.4% for two and three restraints, which is sig-

nificantly higher than 58.3% for one restraint. These results
indicate that for docking with distance restraints, one restraint
is enough for easy cases, while two restraints are needed when
the top 100 predictions were considered. This may be un-
derstood because ab initio docking has generated many high-
quality binding modes for easy cases and therefore one dis-
tance restraint is enough to rank correct binding modes within
the top 100 predictions. However, for medium-difficult and
difficult cases, more distance restraints are required to give
correct binding modes in the top 100 predictions due to rela-
tively large conformational changes in the unbound structures.

One notable feature in Fig. 3 is that for difficult cases,
the success rate of HDOCKsite with three receptor restraints
(7.1%) is lower than that with two receptor restraints (13.8%)
for top 10 predictions. This is because there are only 24 tar-
gets for difficult cases, and therefore the impact of fluctua-
tions is relatively large. In addition, receptor contact residues
for difficult cases are expected to experience large confor-
mational changes during the formation of complexes, which
would make these receptor restraints no longer valid. Once
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these invalid restraints are used for docking, the binding modes
may be driven to wrong places that meet those invalid distance
restraints. This may explain why HDOCKsite with more re-
straints performed worse than fewer restraints.

3.3. Performance by the quality of predicted binding
modes

To study the impact of different evaluation criteria on our
docking results with different types and numbers of restraints,
Table 4 shows the success rates for different evaluation criteria
predicted by our HDOCKsite with different types and differ-
ent numbers of restraints on the benchmark 4.0 when top 1,
10, and 100 predictions were considered for unbound dock-

ing. The corresponding results for the top 10 predictions are
shown in Fig. 4.

It can be seen from Table 4 and Fig. 4 that the types and
numbers of restraints have little effect on the success rate by
the high quality evaluation criterion. This is because the high
quality, in which Lrmsd ≤ 1.0 Å or Irmsd ≤ 1.0 Å and fnat ≥ 0.5,
has exceeded the accuracy limit of the residue restraints. One
can also find that the improvements in the success rate by the
medium-quality criterion are larger than those by the accept-
able and high quality criteria. This may be understood because
the distance cutoff of 5–6 Å for defining residue restraints in
this study is consistent with the ligand RMSD cutoff of 5 Å
for the medium-quality criterion (Fig. 4).

Table 4. The success rates (%) of unbound docking using different evaluation criteria by HDOCKsite with different numbers of receptor
restraints, ligand restraints, and pairwise restraints on benchmark 4.0 when top 1, 10, and 100 predictions were considered.

Type of No. of Acceptable quality Medium quality High quality
restraints restraints top1 10 100 top1 10 100 top1 10 100

zero 1.1 8.0 20.5 4.5 12.5 27.3 1.7 4.5 8.0
Receptor one 1.9 13.6 27.1 7.8 18.6 33.7 3.4 5.5 8.4
restraints two 4.5 19.7 28.6 8.7 23.9 41.3 3.2 5.3 8.0

three 5.5 19.3 26.1 10.1 27.3 46.8 3.8 6.6 10.2

zero 1.1 8.0 20.5 4.5 12.5 27.3 1.7 4.5 8.0
Ligand one 2.8 10.4 27.1 6.4 15.9 31.1 3.0 4.5 7.4

restraints two 3.0 12.3 29.7 8.1 22.2 36.2 3.2 6.3 8.5
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zero 1.1 8.0 20.5 4.5 12.5 27.3 1.7 4.5 8.0
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restraints two 26.0 27.4 22.3 32.2 47.9 56.4 8.5 13.1 14.9

three 27.8 21.8 19.7 42.4 56.3 60.2 8.4 13.5 14.2
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Fig. 4. The success rates of unbound docking for top 10 predictions within the acceptable (a), medium (b), and high (c) accuracies by our
HDOCKsite with different types and numbers of restraints on the protein–protein docking benchmark 4.0. The dashed line stands for the
success rate of ab initio docking without using residue restraint.

Figure 4 also shows that compared with the cases using
acceptable and medium-quality criteria, HDOCKsite with re-
ceptor or ligand restraints did not significantly improve the
docking performances over the original ab initio docking pro-
gram using the high-quality criterion when the top 10 predic-
tions were considered. For example, HDOCKsite with one
receptor and ligand restraint gave a success rate of 5.5% and
4.5% for top 10 predictions using the high-quality criterion,
compared with 4.5% for the original ab initio docking. This
may be understood because high-quality binding modes often
involve little conformational change and are easy to be identi-

fied by ab initio docking.

3.4. Examples of the docking models

Figure 5 shows the top binding modes predicted by our
HDOCKsite with different types of restraints for unbound
docking on three example targets. As a comparison, the top
binding modes by the original ab initio docking are also shown
in the figure. For target 2SIC (Fig. 5(a)), the original ab ini-
tio docking gave a wrong binding mode with a large ligand
RMSD of 53.503 Å, while HDOCKsite achieved a medium-
quality binding mode of Lrmsd = 5.731 Å, Irmsd = 1.204 Å,
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and fnat = 71.831% with the guide of one residue restraint
on the receptor (residue 154:B). For target 1MAH (Fig. 5(b)),
the original docking program failed to predict a correct bind-
ing mode and the top binding mode has a ligand RMSD of
49.096 Å, while HDOCKsite gave a high-accuracy binding
mode of Lrmsd = 1.937 Å, Irmsd = 0.905 Å, and fnat = 80.556%
with the guide of one residue restraint on the ligand (residue
8:B). For target 1GCQ (Fig. 5(c)), the original docking pre-

dicted a wrong binding mode with a large ligand RMSD of

18.737 Å, while HDOCKsite gave a medium-quality binding

mode of Lrmsd = 1.960 Å, Irmsd = 1.090 Å, and fnat = 75.556%

with one pair of residue restraint from the receptor (residue

210:B) and ligand (residue 595:B). These results suggest the

advantage of incorporating residue restraints and the accuracy

of our HDOCKsite.

2SIC
1MAH 1GCQ

(a) (b) (c)

Fig. 5. Comparison between the top predicted binding modes before (green) and after (purple) incorporating residue restraints for three example
targets, where the native binding mode is represented by the unbound receptor (gold) and ligand (cyan) structures superimposed onto the crystal
structure. (a) 2SIC with one receptor residue restraint (154:B, red). (b) 1MAH with one ligand residue restraint (8:B, blue). (c) 1GCQ with
one pair of residue restraint (210:B for receptor and 595:B for ligand, red and blue).

4. Conclusion
We have developed an efficient approach to incorpo-

rate interface residue restraints into our FFT-based hierarchi-
cal protein–protein docking algorithm, which is named as
HDOCKsite. We made full use of the restraints by incorpo-
rating residue restraints into both searching process and post-
docking stage. Our HDOCKsite program was extensively
tested on the protein–protein docking benchmark 4.0. It was
shown that HDOCKsite significantly improved the docking
performances for all types of residue restraints. With only one
receptor, ligand, and pairwise restraints, HDOCKsite was able
to achieve a success rate of 37.7%, 30.8%, and 76.7% when
the top 10 predictions were considered, respectively, compared
with 25% for the original ab initio docking. With more and
more experimental interface information available, HDOCK-
site is expected to be valuable for the development of integra-
tive protein–protein docking. HDOCKsite has been integrated
into our web server HDOCK at http://hdock.phys.hust.edu.cn/.
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