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ABSTRACT

Protein docking procedures carry out the task of predicting the structure of a protein–protein complex starting from the known

structures of the individual protein components. More often than not, however, the structure of one or both components is not

known, but can be derived by homology modeling on the basis of known structures of related proteins deposited in the Protein

Data Bank (PDB). Thus, the problem is to develop methods that optimally integrate homology modeling and docking with the

goal of predicting the structure of a complex directly from the amino acid sequences of its component proteins. One possibility is

to use the best available homology modeling and docking methods. However, the models built for the individual subunits often dif-

fer to a significant degree from the bound conformation in the complex, often much more so than the differences observed

between free and bound structures of the same protein, and therefore additional conformational adjustments, both at the backbone

and side chain levels need to be modeled to achieve an accurate docking prediction. In particular, even homology models of overall

good accuracy frequently include localized errors that unfavorably impact docking results. The predicted reliability of the different

regions in the model can also serve as a useful input for the docking calculations. Here we present a benchmark dataset that should

help to explore and solve combined modeling and docking problems. This dataset comprises a subset of the experimentally solved

‘target’ complexes from the widely used Docking Benchmark from the Weng Lab (excluding antibody–antigen complexes). This

subset is extended to include the structures from the PDB related to those of the individual components of each complex, and

hence represent potential templates for investigating and benchmarking integrated homology modeling and docking approaches.

Template sets can be dynamically customized by specifying ranges in sequence similarity and in PDB release dates, or using other

filtering options, such as excluding sets of specific structures from the template list. Multiple sequence alignments, as well as struc-

tural alignments of the templates to their corresponding subunits in the target are also provided. The resource is accessible online

or can be downloaded at http://cluspro.org/benchmark, and is updated on a weekly basis in synchrony with new PDB releases.
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INRODUCTION

The performance of computational protein docking

methods1 has significantly improved in recent years, as

witnessed by the results of CAPRI (Critical Assessment of

Predicted Interactions), a community-wide experiment for

objectively assessing progress in these methods.2 Available

docking procedures are increasingly successful in accu-

rately predicting the structure of a protein complex starting

form the known structures of the free monomers

(unbound–unbound docking), when the latter undergo

limited conformational changes upon association.2

However, experimentally determined 3D structures are

currently available for <1 out of a thousand proteins

with known amino acid sequence information. On the

other hand, analyses of protein structures determined so

far revealed that these structures represent variations

around common themes, or proteins folds, that the rep-

ertoire of such folds is limited,3 and that this repertoire

has essentially been mapped out in recent years notably

by structural genomics efforts.4 This has brought to the

forefront the role of homology modeling techniques that

derive the 3D structure of a protein from its amino-acid

sequence using as template the known structure of a

related protein.5 Results of CASP (Critical Assessment of

Structure Prediction) have shown that these techniques

have become increasingly reliable,6,7 with protein struc-

tures predicted by these methods becoming sufficiently

accurate for many applications in biomedical research.8

Furthermore, it has been suggested that the landscape

of known protein structures can also be exploited to

computationally derive structural information on protein

complexes.9,10 This has opened up the attractive possibil-

ity of further populating the structural landscape of pro-

tein complexes, which has so far remained very poorly

characterized by experimental methods.

Bootstrapping of structural information from known

structures of individual proteins to complexes can be done

using two main approaches. The most common approach,

used increasingly often in CAPRI Rounds, is to predict the

structures of the individual protein subunits by homology

modeling techniques, and employ protein docking meth-

ods to derive the structure of the complex from the pre-

dicted subunit models.11 Another approach, the so-called

template-based modeling approach,10,12 models the

structure of the target complex directly on the basis of a

template representing the known 3D structure of a com-

plex whose components are related to the subunits of the

target protein. It was recently suggested that this latter

approach could be used for genome-scale predictions of

protein–protein interactions, provided the template com-

plexes available in the PDB are sufficiently similar to the

target complex.10 However, due to the paucity of known

structures of protein complexes, the identified templates

are often too distantly related to the target complex to

enable accurate modeling of its structure. This currently

hampers the large-scale applicability of template-based

approaches. While the template-based approaches may

ultimately represent a breakthrough that will play an

important role in the future, almost 50% of the targets in

CAPRI experiments are still best tackled by combining

homology modeling of the individual subunits with dock-

ing methods to derive the structure of the complex. But

even this approach remains challenging, as it yields results

that can vary widely in accuracy. An analysis of CAPRI tar-

gets has recently shown that the global sequence identity

between the template and target proteins is a good predic-

tor of the achievable quality of the docking models,13 in

turn suggesting that the ability to build accurate homology

models for the interacting components critically influences

docking predictions. Another study suggested that in

general, the structural differences between the target and

template proteins may affect docking performance much

more than moderate sequence diversity, even when a

template represents an independently solved structure of

the same protein.14 Thus, it is presently unclear how the

structural diversity of potential templates and its relation

to the intrinsic flexibility of the protein or to evolutionary

changes may be harnessed to improve docking predictions.

One possible solution to the above problem is simply

combining the best available homology modeling and

docking methods. However, the experience of CAPRI

shows that this is not always the best approach. In fact,

global measures of model quality such as the backbone

root mean square deviation (RMSD) and the global dis-

tance test (GDT) do not properly account for localized

errors that may unfavorably impact docking results. For

example, the conformations of some side chains can be

very important if they turn out to be in the interface, and

hence their prediction may require special attention. It is

also important to predict the accuracy of different regions

in the models, as transferring this information to docking

generally helps the selection of optimal interaction and tol-

erance parameters. While the specific requirements posed

by docking do not reduce the value of good homology

modeling tools, they show that further integration may

substantially improve the predicted structures of protein–

protein complexes.

A key requirement for methods developers who wish to

address these questions is to have access to a dataset of exper-

imentally determined target complexes, for which a large set

of sufficiently diverse templates has been identified in the

PDB for the components of each complex. The task at hand

for developers would then be to test different homology

modeling techniques in conjunction with various docking

and refinement approaches, in order to determine the factors

that critically influence the prediction performance. This is

the idea underlying the benchmark dataset that we present in

this study. Benchmark datasets play an important role in the

development of computation methods. The protein docking

benchmark,15–19 has established a community-wide stand-

ard for the development and validation of docking methods.
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This benchmark contains a list of protein complexes and cor-

responding individual (unbound) components whose struc-

tures have all been solved by X-ray crystallography. By using

the unbound structures as input, the performance of docking

protocols can be assessed by their ability to reproduce the

solved crystal structure of the complex. This benchmark

dataset has recently been extended to include association

constants and binding free energies curated from the litera-

ture, enabling developers to benchmark scoring schemes that

can be used to estimate these energies from structural infor-

mation.20,21 To further support method developments in

the docking field, the DOCKGROUND resource22,23 pro-

poses a reference dataset for benchmarking the performance

of docking methods that take as input subunit models built

by homology. For each of the 165 experimentally determined

target complexes in this dataset, six models are generated for

each of the component proteins using one state-of-art

homology modeling method.23 These models display

model-to-native Ca RMSD values ranging from 1 to 6 Å,

enabling methods developers to assess the impact of the

accuracy of subunit models on the docking results.

The dataset and resource described in this study offers the

possibility of probing more deeply into the challenges of

combining homology modeling with docking calculations.

The dataset is built starting from complexes in version 4.0 of

the Weng docking benchmark15–18 that are in the enzyme

inhibitor (E) and others (O) categories (considering the

homology modeling of antibodies and antibody–antigen

docking to represent a special challenge,24,25 antibody–

antigen complexes are not included). Entries in the present

dataset consist of complexes where two single chain, single

domain components contribute to the interface. This

restriction is motivated by the general modus operandi of the

CASP experiment that models single domain proteins.

Applying this restriction reduces the dataset to 14 enzyme

inhibitor (E), and 21 others (O) type complexes. For each

complex, a large set of curated template structures (ranging

between �102 and 103 structures) is provided for both the

receptor and the ligand protein, spanning a wide range in

sequence similarity, and as a result, also encompassing a

wide range in structural similarity. This dataset therefore

enables to investigate how docking results will change when

the user has the freedom of selecting not only the templates

for the two proteins, but importantly also the homology

modeling tools. The task at hand is hence more general than

simply testing how docking performs on a predetermined

set of homology built models, and enables to investigate a

number of additional questions, such as: What are the best

methods for building homology models for docking? Are

current homology modeling methods optimal if the ulti-

mate goal is docking? If multiple templates are available,

how to select the ones for the best docking results? How to

use the information on model variability obtained by super-

imposing multiple templates? What are the critical issues in

homology modeling that may reduce the accuracy of the

docking solutions? Are there any side chains or loops whose

conformations substantially impact the docked structures

and hence require specific attention? Should existing dock-

ing methods be modified to deal with homology models, or

is there a need to develop totally new, more closely inte-

grated approaches?

To facilitate such investigations, the benchmark dataset

is accessible through a web interface that provides a

range of useful features for constructing a set of homolog

templates according to requirements set by the user. Pro-

visions are made to frequently update the benchmark in

synchrony with the periodic updates of the PDB, such

that newly available templates are added to the database

and obsolete entries are removed without human inter-

vention. Snapshots of database versions of a given date

range are also made available to enable comparative

studies that rely on well-defined sets of structures. In

addition, template structures can be selected based on

any specified range of sequence similarity, thereby simu-

lating different levels of difficulty to assess the perform-

ance of a docking algorithm. Templates can also be

selected based on their date of release, enabling to simu-

late a realistic scenario of template availability. The possi-

bility of excluding templates from the list is likewise

provided to training and customizing algorithms, which

build homology models based on all available PDB struc-

tures.13 Our benchmark dataset, and the resource for its

update and customization should serve as a useful tool

for researchers developing methods that closely integrate

template-based modeling of individual proteins with pre-

dicting their association modes by docking calculations.

METHODS

Building the benchmark dataset

The starting point for building the dataset is the list of

complexes from the widely used docking benchmark ver-

sion 4.0.18 From this list we select only complexes of the

enzyme–inhibitor (E) or others (O) category, since

homology modeling of antibodies and antibody–antigen

docking is considered to represent a special challenge. To

ensure that homology modeling is restricted to the level

of protein domains, we further trim the dataset to con-

tain only complexes representing domain–domain associ-

ations. The domains are defined based on the CATH

classification.26

For each of the complexes in the resulting list, we col-

lect for both components of the complex all solved struc-

tures of related proteins deposited in the PDB. This is

performed by running BLASTP27 against the PDB

SEQRES database using a high e value of 10. This lenient

restriction guarantees a comprehensive coverage of the

templates, which can then be easily filtered further to cus-

tomize the benchmark for specific purposes. PDB entries

containing a hit template for both components of the
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complex (and hence representing a homologous complex)

are stored in a separate list.

While BLASTP is fast and convenient for the prelimi-

nary identification of related PDB entries, further steps

are necessary to verify that the alignment does indeed

cover the protein domain of interest, and that the solved

structure contains all residues in the PDB SEQRES

records (discrepancies between the recorded sequence in

SEQRES and that in the solved structure are not uncom-

mon). To this end we retrieve the amino acid sequence

from the atomic coordinates records of each BLASTP hit,

and perform a pairwise global alignment of this sequence

with that of the corresponding component of the target

complex. This alignment is performed using the Needle-

man–Wunsch algorithm28 as implemented in the Needle

program of the EMBOSS29 package with the BLO-

SUM62 scoring matrix. These alignments are then used

to calculate the percentage of sequence identity and simi-

larity by dividing the number of identical or positive

matches by the length of the target sequence covered by

the pairwise alignment. Two residues are defined to be a

positive match (i.e., similar) if they have a positive score

in the BLOSUM62 matrix.

The identified template structures are structurally

aligned to the solved structure. The Root Mean Square

Deviations (RMSDs) of the Ca atoms derived from these

alignments, as well as the aligned templates structures are

provided for each of the targets. These provide convenient

and standardized starting structures for benchmarking of

both homology modeling and docking algorithms.

Customized, dynamic generation
of template sets

The set of templates for each of the complexes in the

benchmark can be defined by the user, by specifying a

range of sequence similarity, or sequence identity values.

The retrieved set can be filtered further by experimental

method (X-ray, NMR, or All) or release date. In addition,

the user can generate a list of PDB chains to be excluded

from the template set, e.g., PDB chains with sequence

similarity higher than the higher cutoff in the specified

range (e.g., higher than 60% if a range of 30–60%

sequence similarity was specified). This is helpful for the

optimization of modeling approaches that use templates

with very low global sequence identity.13 The customized

benchmark can be viewed dynamically online, or down-

loaded in text format.

For each complex in the benchmark, template sets are

provided for both the receptor and the ligand, as well as

for the complex (i.e., structures of a complex formed by

a homolog of the receptor and a homolog of the ligand),

when available. The latter is helpful for the calibration of

modeling tools aimed at refinement starting from a

homologous interface. Thus, our benchmark allows for

comparing the performance of modeling tools that use

free or bound homolog structures, similar to earlier dock-

ing studies that used the bound or free monomer struc-

tures to assess the influence of binding on the structure

of the individual partners, and the resulting effects on

modeling accuracy.

Each template list contains a detailed description of

the individual template structures, including the PDB ID

(with link both to the PDB repository for download of

the original structure, as well as a link to the structurally

aligned template). In addition, information is provided

on the protein chain(s), the name of the protein, the

method used for structure determination, the resolution

(if solved by X-ray crystallography), % sequence identity

and similarity, the RMSD to the target structure, and the

raw output from the pairwise sequence alignment. The

table can be sorted by clicking on the header of any col-

umn. In addition to the pairwise sequence alignments

between all target–template pairs, the benchmark resource

also provides a link enabling dynamic calculation and dis-

play of multiple sequence alignments (MSA) of the shown

templates by running MUSCLE.30 Prior to generating

these alignments, the redundancy of the template sequen-

ces is reduced by removing identical sequences.

While any arbitrary template sets can be dynamically

generated using combinations of the above-mentioned

filters, we also provide a Light Version of the benchmark.

This version simply returns the best template structure

available for each target (the highest resolution X-ray

structure).

RESULTS AND DISCUSSION

The benchmark dataset

Characteristics of the full benchmark dataset of 35

single-domain complexes are listed in Table I. Templates

in this list are structures of domains with 30–60%

sequence similarity to individual components of each

complex (the default similarity range). The table lists the

number of retrieved templates, their sequence similarity,

and Ca RMSD values of the template versus target struc-

tures after structural superimpositions (mean and stand-

ard deviation values). The number of templates retrieved

for individual components tends to be rather large, rang-

ing from slightly below 100 to as many as 1000. Interest-

ingly, while the retrieved templates display on average

similar sequence similarity levels of 35–45%, they feature

a much larger range in structural similarity with the tar-

get complexes (from <2 Å to >11 Å RMSD). Analysis of

the relationship between the sequence similarity and the

RMSD values shows a weak anticorrelation between

sequence similarity and RMSD (Pearson correlation

coefficient 5 20.57, among �62,000 pairs of target/

template with 30–70% sequence similarity). So in gen-

eral, lower RMSDs do correspond to templates with high

sequence similarity to the targets, but the correlation

A Benchmark for Integrating Homology Modeling and Docking
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coefficient is not strong enough to justify selection based

on sequence identity only. The last column in Table I

lists the number of structures where homologs for both

the receptor and ligand coexist in the same PDB. All the

additional information about the retrieved templates, the

corresponding multiple sequence alignments and super-

imposed structures are available on the benchmark web-

site (http://cluspro.bu.edu/benchmark). Note that all but

two of the complexes in Table I have homologs that can

be used for testing template based docking methods. We

emphasize that such complexes are available because the

benchmark set includes heavily studied complexes. In

contrast, very few CAPRI targets had homologous com-

plexes suitable for accurate template based docking, and

in most cases it was necessary to build and dock models

of the component proteins. However, the standard dock-

ing methods frequently failed to provide accurate results,

which contributed to the motivation for developing the

benchmark described in this work.

An illustrative example: the complex of
caspase-9 and XIAP-BIR3 (1NW9, entry 13
in Table I)

For this target complex, we identified 569 related

structures for Caspase-9 (chain B), 555 corresponding

templates for XIAP-BIR3 (chain A), and 8 related com-

plexes containing both proteins (Fig. 1). A large number

of structures have been solved for proteins related to

caspase-9. Most of these are other caspases (caspase-3,

27, 28, and so forth) with high structural resemblance

to the target, but rather low similarity in sequence. While

the global high similarity may make it an easy case for

modeling the structure of caspase-9, the low conservation

Table I
Single-Domain Template Dataset Generated at 30–60% Sequence Similarity

Complex N. Prot1a

Sequence
similarity RMSDb (�)

N. Prot2a

Sequence
similarity RMSDb (�)

N. homolog
complexesMean SD Mean SD Mean SD Mean SD

2SIC E:I 398 42.3 9.7 4 5.5 369 35.4 2.6 9 4.6 7
1AY7 A:B 399 35.1 2.6 5.1 5.1 624 35.9 3.9 9.2 5.2 101
1R0R E:I 387 42.1 9.5 3 4.2 326 37.8 5.3 4 3.8 7
1UDI E:I 136 41.1 10.2 4.4 5.2 617 37 4.2 8.2 4.4 150
1YVB A:I 559 45.2 8.2 2.6 4.5 330 34.9 4 6.7 5.5 16
2ABZ B:E 147 34.5 5.3 10.4 7.3 237 34.5 3.4 6.6 3.7 2
2J0T A:D 288 33.8 4 6.2 5.1 171 33.7 3.6 8 5.4 21
1MAH A:F 160 46.2 4.7 1.6 2.6 275 36.9 6.1 5.2 3.2 95
2SNI E:I 404 42.2 9.8 3.7 5.2 453 39.1 5.6 6.6 4.4 27
7CEI A:B 1252 37.1 3.9 8.4 4.5 309 33.6 2.4 8.4 4.9 208
1DFJ E:I 415 37.2 6.2 7.5 5.8 94 33.5 2.6 5.9 2.9 37
1M10 A:B 339 36.2 4.4 7.6 6.3 508 35.9 3.6 4.3 3.8 19
1NW9 B:A 569 38.1 6.7 3.5 4 556 36.7 5.9 6.7 4.3 8
1PXV A:C 102 32.1 2 11.8 3.8 345 34.5 2.2 9.1 5.1 5
1FFW A:B 753 41.5 6.8 4.9 4.9 389 38 3.7 7.2 4.1 29
1GCQ B:C 696 44.4 7.6 3.1 3.5 575 34.6 3.2 8.5 5.1 228
1GPW A:B 357 34.3 3 7.5 5 197 33.1 3.3 8 6.6 55
1IBR A:B 1089 42.7 7.7 3.4 4 86 35.6 4.7 10.8 4.6 17
1HE1 C:A 850 42.8 7.6 4.5 5.5 301 35.1 2.2 11 4.7 1
1J2J A:B 964 38.2 5.4 4.1 4.1 178 46.8 6 5 2.7 29
1KAC A:B 370 37.8 8.6 4.6 4.8 1182 35.2 3.2 6.4 4.5 369
1KTZ A:B 434 35.8 5.6 7.7 5.8 213 33.5 2.8 8.8 4.9 41
1QA9 A:B 598 35.5 2.8 5.8 5 447 35.5 3.9 7.1 5.2 52
1S1Q A:B 167 34 2.8 10.3 4.5 934 39.6 6.1 6.1 4.3 2
1XD3 A:B 172 34 4.9 9.8 6 983 39.1 6.3 6.4 4.7 61
2A9K A:B 959 44.3 10.1 5.1 5.4 141 37.1 6 8.6 5.7 11
2HLE A:B 96 34.7 7.6 8.8 6.8 358 33.4 2.3 8.4 5.5 114
1AK4 A:D 187 36.8 8.7 5.7 5.3 296 33.7 2.3 10.9 5.7 69
1E96 A:B 816 42.7 7.2 4.2 5.4 154 34.2 2.6 9.4 6.5 0
1I2M A:B 1107 42 7.2 4.1 4 90 35.2 6.2 6.9 5.7 0
1LFD B:A 794 45.5 9.5 4.7 5.3 624 36.5 3.7 7.9 4.1 196
1R6Q A:C 241 35.8 3.6 8.7 6 456 36.4 4.1 8.6 3.3 25
1SYX A:B 386 35 2.5 6.6 5.1 472 36.2 3.7 5.4 4.3 4
1EFN B:A 180 33.2 2.3 6.5 4 723 45.5 7.7 4 4.3 26
1H9D A:B 440 32.9 2.3 11.1 5.1 227 33.1 1.8 9.4 5 61

aNumbers are based on PDB released by November 18, 2015 and may change when a different date cutoff is used.
bRMSD values larger than 20 are removed before the calculation of mean and SD.
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of the interface residues between the target and this selec-

tion of templates may represent a significant challenge in

predicting, and accurately modeling, the interface of this

complex.

CONCLUDING REMARKS

We built a resource aimed at facilitating the develop-

ment and evaluation of combined homology modeling

and protein–protein docking methods. The resource offers

easy means for generating large, customized ensembles of

potential template structures from the PDB, for the com-

ponents of target complexes representing hetero-

complexes of single domain proteins from the widely used

docking benchmark V4. Using these template ensembles

in conjunction with the corresponding targets, methods

developers can investigate the influence of various factors,

such as sequence and structural diversity, on the inte-

grated process of template-based modeling and protein

docking and its outcome. The resource tackles only the

task of generating a curated set of templates for each tar-

get complex of the docking benchmark, and can thus

serve as a starting point for the development and evalua-

tion of any combination of template-based modeling,

docking and refinement methods. Moreover, this curated

set is not static over time but is dynamically updated on a

weekly basis by automatically retrieving additional tem-

plates representing newly released PDB structures and

eliminating those corresponding to obsolete PDB entries.

In addition, new complexes added to the protein docking

benchmark by the Weng lab will be manually introduced

Figure 1
Complex 1NW9: interaction of Caspase-9 (chain B) with XIAP-BIR3 (chain A). A: Multiple sequence alignment of selected templates (around 30%
sequence identity) of 1NW9_B, Caspase-9. B: Local sequence alignment of the same templates at the interface region of Caspase-9 and XIAP-BIR3.

C: Target complex superimposed with each partner’s template structures. Cyan and transparent blue, Caspase-9 and its templates; green and
transparent green, XIAP-BIR3 and templates.
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to our resource on a regular basis, and complemented

with the corresponding templates from the PDB. The

benchmark dataset can be viewed online and downloaded

from the web site, http://cluspro.org/benchmark.
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