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ABSTRACT
Predicting the structure of protein assemblies is fundamental
to our ability to understand the molecular basis of biological
function. The basic protein-protein docking problem involv-
ing two protein units docking onto each-other remains chal-
lenging. One direction of research is exploring probabilis-
tic search algorithms with high exploration capability, but
these algorithms are limited by errors in current energy func-
tions. A complementary direction is choosing to understand
what constitutes true interaction interfaces. In this paper
we present a method that combines the two directions and
advances research into computationally-efficient yet high-
accuracy docking. We present an informatics-driven prob-
abilistic search algorithm for rigid protein-protein docking.
The algorithm builds upon the powerful basin hopping frame-
work, which we have shown in many settings in molecular
modeling to have high exploration capability. Rather than
operate de novo, the algorithm employs information on what
constitutes a native interaction interface. A predictive ma-
chine learning model is built and trained a priori on known
dimeric structures to learn features correlated with a true
interface. The model is fast, accurate, and replaces ex-
pensive physics-based energy functions in scoring sampled
configurations. A sophisticated energy function is used to
refine only high-scoring configurations. The result is an en-
semble of high-quality decoy configurations that we show
here to approach the known native dimeric structure better
than other state-of-the-art docking methods. We believe the
proposed method advances computationally-efficient high-
accuracy docking.
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General Terms
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1. INTRODUCTION
It is said that structure is a carrier of function. This

is particularly true of proteins, the ubiquitous workhorses
found in almost every chemical pathway in the living cell.
Proteins use their structures to dock onto one another and
form supramolecular assemblies. Characterizing the three-
dimensional structure of a supramolecular assembly is cen-
tral to understanding the molecular basis of biological func-
tion in the healthy and diseased cell [50].

Computationally, the problem involves computing the struc-
tures of the protein units after docking and their spatial ar-
rangement relative to one another in the assembly [30, 39].
This problem is particularly challenging due to a rather large
search space of many dimensions. In the general setting, the
configuration search space has as many as N×M+6 dimen-
sions. Here, 6 parameters are reserved to specify the spatial
arrangement (translation and rotation in 3D) of a selected
moving unit onto the other base unit after docking, and N
parameters are reserved to specify the internal structure of
each of the M units. It is therefore not surprising that the
problem is intractable [40].

Two key simplifications are made that are additionally
found to describe most protein assemblies. The number of
units is limited to two, capturing a large percentage of as-
semblies [14]. The resulting problem is referred to as protein-
protein docking. Additionally, the structures of the par-
ticipating units are considered to either not change during
docking (thus, rigid) or undergo local fluctuations that can
be modeled by a post-processing step [50]. The resulting
problem is known as rigid protein-protein docking and is
the subject of our investigation here.

Even rigid protein-protein docking remains a challenging
problem. Though the search space is now only 6-dimensional,
it is continuous. The different spatial arrangements that su-
perimpose a region of the molecular surface of one protein
unit onto that of another are beyond enumeration. Though
the space can be discretized, accuracy and detail are sacri-
ficed by discretization [17]. Probabilistic search algorithms
are in principle capable of dealing with vast search spaces [56].



However, to be effective, these algorithms need to be guided
towards relevant configurations. Predominantly, this is car-
ried out by integrating an energy function that scores the
contact interface of a (dimeric) configuration on essentially
how close it is to the true interaction interface [17,59]. The
group of methods that implement this approach can be re-
ferred to as energy-driven, and advances by these meth-
ods are attributed to design of more sophisticated energy
functions, design of more powerful probabilistic search algo-
rithms with high exploration capability, or both.

Many methods are now available for protein-protein dock-
ing, such as Haddock [10], Zdock [6], ClusPro [8], PatchDock
and SymmDock [11], SKE-DOCK [57], Combdock [24, 25],
RosettaDock [38], GRAMM-X [58], and more [53]. Many
of them are energy-based. Others delay consideration of a
computationally demanding energy function, choosing in-
stead to sample rigid-body transformations (representing
spatial arrangements) that superimpose geometrically-com-
plementary regions on the units’ molecular surfaces. These
methods are commonly referred to as geometry-based, but
their accuracy is typically lower than that of energy-based
methods if no energetic refinement is carried out afterwards.

Currently, no single method is sufficient to successfully
predict native assemblies in every test case [40]. Often, only
30-58% of the correct interface is predicted in any given
target [32]. In particular, the use of sophisticated energy
functions while desirable, presents two challenges. First,
such functions are computationally demanding and domi-
nate CPU cycles. Second, all known functions contain er-
rors and predominantly lead search algorithms towards non-
native configurations [17, 31]. This is a common issue with
molecular docking, observed in other settings, including de
novo tertiary structure prediction [55, 56]. Though a use-
ful energy function can correct and improve a structure, it
alone cannot guide the search to find the low-energy near-
native configurations. Some studies do show the impor-
tance of electrostatics, van der Waals, and desolvation po-
tentials [7,13,28,29] for scoring docked configurations. Oth-
ers, such as Haddock, employ additional information about
the actual native configuration obtained from NMR [10].

Given the current impasse, a complementary direction of
research in structural characterization of protein assemblies
is focusing on understanding what constitutes true or native
interaction interfaces [9, 27]. Many methods currently exist
that analyze known native structures of protein assemblies
for summarizing interaction interfaces with few features [41].
For instance, native interfaces are generally found to contain
residues of high evolutionary conservation [12, 35]. Docking
methods have exploited knowledge of interaction interfaces
in guiding the search towards native-like configurations [18,
26,33,34,36,62]. Recent work by us has extended geometry-
based methods to directly sample rigid-body transforma-
tions that match geometrically-complementary and evolu-
tionary-conserved surface regions [19,20,22]. However, evo-
lutionary conservation is probably one of many features char-
acterizing interaction interfaces. Research in finding such
features is active [5, 27,37].

In this paper we propose a method idDock, �informatics-
�driven �Docking, that integrates a machine learning model
with a probabilistic search algorithm, effectively combin-
ing the two research directions summarized above. The
search algorithm in idDock explores the bound configuration
space using a fast supervised learning model rather than a

computationally-demanding physics-based energy function
to expediently score sampled configurations. The model is
an entropy-based decision tree that is a priori trained on 138
known protein-protein interactions. Essentially, the model
employs specified features about a contact surface to deter-
mine whether the surface is native-like or not. We extract
information from the model to associate an integer score
with a novel, unlabeled contact interface in a bound config-
uration sampled by the probabilistic search algorithm.

The search algorithm builds upon the basin hopping frame-
work, which we have shown in diverse protein modeling set-
tings to have high exploration capability [22,43–46,48]. The
algorithm generates bound configurations consecutively, ef-
fectively conducting a biased random walk in the bound con-
figuration space. Given a sampled configuration, the contact
interface is perturbed to obtain a novel configuration. The
configuration is discarded if the learned predictive model
associates a high score with it (in keeping with how energy
functions are used to score configurations, a low score is
interpreted to indicate a more promising interface). Other-
wise, a short energetic refinement is conducted to improve
the quality of the configuration. A sophisticated physics-
based energy function, FoldX [54], is employed for the refine-
ment. A Metropolis criterion is then applied to determine
whether the resulting configuration should be added to the
growing trajectory.

The result of this process is an ensemble of consecutively-
obtained high-quality decoy configurations that we show in
this paper to approach the known native structure better
than other state-of-the-art docking methods. Our compar-
ison includes methods representative of various energy- or
geometry-driven approaches, and methods that combine the
two with evolutionary conservation information. We believe
the proposed method and the integration of a predictive
machine learning model in a probabilistic search algorithm
opens the way towards computationally-efficient yet high-
accuracy docking.

2. METHODS
The idDock method, detailed now in this section, wraps

a predictive machine learning model within a probabilistic
search algorithm. At a high-level, the search algorithm ex-
plores the bound configuration space by effectively sampling
rigid-body transformations that superimpose geometrically-
complementary regions on the molecular surfaces of the two
units in a dimer. The algorithm itself is based on the basin
hopping framework, hopping between consecutive minima
of a sophisticated energy function. However, the energy
function is not employed until a sampled configuration is
deemed relevant by the predictive machine learning model.
This presents an appealing approach to navigate a detailed
energy surface while making good use of computational re-
sources. Details now follow.

2.1 Probabilistic Search of Bound Configura-
tion Space

The proposed search algorithm samples from the space of
rigid-body transformations. One of the two units is consid-
ered the base (reference) unit. The other one is subjected to
rigid-body transformations and docked onto the base unit.
The algorithm starts with a transformation sampled at ran-
dom, then conducts a biased random walk generating config-
urations consecutively, effectively modifying a current con-



figuration to obtain a new one. The algorithm addresses two
important issues on 1) how to sample rigid-body transfor-
mations, and 2) how to modify a current configuration to
obtain a new one using such transformations.

2.1.1 Rigid-body Transformations: Matching Geo-
metrically-complementary Surface Regions

The molecular surfaces of both units are analyzed and
represented through a collection of critical points. These
points bear additional information on curvature and allow
defining triangles (sets of three points) categorized as con-
vex, concave, or saddle. Details can be found in related
work on geometric hashing and geometry-driven docking [42,
61]. Two geometrically-complementary triangles are sam-
pled, one from each unit, allowing to define a rigid-body
transformation superimposing the triangle of the moving
unit onto that of the base unit. This process can be re-
peated to sample rigid-body transformations superimposing
geometrically-complementary regions/triangles on the units’
molecular surfaces.

2.1.2 Generating Consecutive Bound Configurations
The above process is used to obtain an initial bound con-

figuration C0 for the search algorithm, which then proceeds
to generate a series of configurations {C1, C2, . . .}. A given,
current configuration Ci in the trajectory is perturbed to
obtain a new intermediate configuration Ci,perturb, which is
then subjected to a short energetic minimization or refine-
ment to obtain a candidate configuration for Ci+1.

This iterative application of perturbation followed by min-
imization is known as the basin hopping (BH) framework
shown by us in various settings in protein modeling to have
high exploration capability as long as the perturbation pre-
serves adjacency between Ci and Ci,perturb, and the mini-
mization does not consume computational resources [22,43–
46]. Both criteria are observed here, building upon a pre-
vious BH-based algorithm by us for protein-protein docking
matching geometrically-complementary and regions that are
evolutionary-conserved while making use of a simple physics-
based energy function to rank a contact interface [22] (we
note that our adaptation of BH here excludes evolutionary
conservation).

A neighborhood of radius of dÅ is searched around each
of the triangles superimposed to obtain Ci in order to find
a new pair of geometrically-complementary triangles for su-
perimposition. This effectively perturbs the contact inter-
face in Ci to obtain Ci,perturb. The magnitude of d deter-
mines how different Ci and Ci,perturb are. Our analysis in

prior BH-based work in [22] indicates that d = 5Å is effec-
tive at preserving some adjacency, which has been shown to
save BH from degenerating into a random restart algorithm
and give it higher exploration capability [22,43].

The traditional next step in BH is to project Ci,perturb to a
nearby minimum through an energetic minimization. In our
prior investigation on BH for docking, we elected to make
use of a simple physics-based energy function to save CPU
cycles for the global search of the algorithm rather than the
local refinement of each configuration. While the general
approach was shown to be comparable with other docking
methods, results were mixed [22]. Our investigation pointed
to the need for a more sophisticated energy function. How-
ever, the computational demands of such a function present
a practical issue. For this purpose, in this paper we elect

to apply a sophisticated energy function only on perturbed
configurations that are deemed promising to contain the na-
tive interface. This is accomplished by wrapping a predictive
machine learning model in the algorithm.

The construction of the model is detailed below, but the
search algorithm effectively uses it to label and then rank a
perturbed configuration. The key idea is that once Ci,perturb
is obtained, it is not immediately subjected to minimization.
Instead, the predictive model is used to make a prediction
on whether the contact interface in the configuration is na-
tive or not. If the contact interface is predicted to have a
label of 0 (thus, non-native) by the model, Ci,perturb is dis-
carded, and a new perturbed configuration is generated as
above from Ci. If the prediction by the model is a label
of 1 (thus, native), an actual score 1−5 is associated with
its contact interface (as detailed below). The configuration
is discarded if the score is above some threshold (in keep-
ing with how energy functions are typically used to score
configurations, a low score indicates a more promising in-
terface than a high score). Only a retained configuration is
subjected to minimization.

We employ a short minimization protocol to lower interac-
tion energy as measured through the FoldX force field [54].
The minimization proceeds for a fixed number of steps, at
each step slightly modifying the rigid-body transformation
in Ci,perturb to lower its interaction energy as measured by
FoldX (details on it are available in our prior investigation on
BH in [22]). The energy terms in FoldX are weighted using
experimental data obtained from protein engineering exper-
iments. The terms include solvation energy, van der Waals,
hydrogen bond potential, electrostatic energy, entropic and
clash penalty. Details are available in [54].

FoldX is a sophisticated force field [15], but its computa-
tional demands are too high to be applied for refinement on
each sampled configuration. Force fields like FoldX are most
appropriate for employment when the search is in the vicin-
ity of a native-like configuration. This is the reason idDock
employs FoldX only to refine configurations deemed native-
like by the predictive model. The result is that idDock is
still able to hop between minima of a detailed physics-based
energy function but in a computationally-efficient manner,
as guided by the informatics model.

The result of this entire process is that given a configura-
tion Ci representative of an energy minimum in the FoldX
energy surface, a new configuration representative of an-
other nearby minimum is obtained. This configuration is
not automatically accepted to become Ci+1 and advance the
trajectory. Instead, a Metropolis criterion is used to guide
the trajectory towards lower-energy minima. Essentially, a
probability of acceptance e−δE∗β , is associated with the en-
ergetic change δE = E(Ci+1)−E(Ci), where the scaling pa-
rameter β, set to 0.3, allows an energy increase of 2kcal/mol
with probability 0.5. If the Metropolis criterion is met, the
new minimum is added to the trajectory, thus advancing the
search in the bound configuration space.

2.2 Machine Learning Model to Rank a Con-
tact Interface

The predictive model wrapped inside the search algorithm
is an entropy-based decision tree (DT), whose construction
and training is detailed below. In summary, the model con-
verts a contact interface into a feature vector which is then
associated a binary 0/1 label. A label of 1 means the contact



Figure 1: ROC comparison of DT to SVM.

interface is likely to be native. If not, the configuration is
discarded, as described above. A 1-labeled configuration is
further associated a 1−5 score to restrict the minimization
to more promising configurations. The score is constructed
so that a low score means the interface is more likely to be
native. The score is the depth of the decision tree at which a
label of 1 is assigned to the interface. A lower score reflects
the fact that the contact interface is found to be native-like
quickly, with a fewer number of interface properties.

The model employed here is a J48 DT built through the
WEKA package [16]. Our analysis compares this model
to other standard classifiers (including support vector ma-
chines – SVMs) in a 10-fold validation classification setting
on training data. The comparison includes various perfor-
mance metrics, such as precision, recall, F-measure, and
Receiver Operating Characteristic (ROC) curves. We sum-
marize this comparison in Figure1 in terms of ROC curves,
which plot the fraction of true positives versus the fraction of
false positives as one continuously varies the decision thresh-
old at which an instance is assigned a positive or negative
label. An area under the ROC curve (AUC) of 1 represents
perfect prediction; an area of 0.5 represents a random coin-
tossing result. As shown in Figure 1, the AUC for DT is
0.8, whereas that for SVM is 0.7. Given the comparable
performance and the additional property that DT is compu-
tationally faster at labeling an unlabeled contact interface
and more intuitive at designing a score to rank a novel in-
terface, we choose DT as the model by which to score per-
turbed configurations sampled by our probabilistic search
algorithm in idDock. We now provide details on the actual
DT construction.

From Contact Interface to a Feature Vector.
A contact interface is converted into a 7-dimensional vec-

tor. The first entry measures interface area calculated as
in [62]: InterfaceAreau1+u2 = 0.5 · (SASAu1 + SASAu2 −
SASAu1+u2), where SASA is the solvent accessible surface
area measured through NACCESS [23], with ui referring to
unit i prior to docking and u1 + u2 referring to bound con-
figuration. This formula is based on work in [62]. The sec-

ond entry, also based on work in [62], is
InterfaceAreau1+u2

min(SASAu1,SASAu2)
.

Entries 3 − 6 measure compositions of amino-acid types in
contact interface of a configuration. Four types are consid-

ered, such as hydrophobic, hydrophilic, acidic, and basic.
The 7th entry measures evolutionary conservation score of
the contact interface by summing conservation scores ob-
tained through iJET [12] over amino acids in the contact
interface (iJET score of each amino acid ranges from 0.0 –
least conserved to 1.0 – most conserved).

Given a set of bound configurations, their contact inter-
faces are determined as follows. A residue is said to be on
the interface if its SASA decreases by > 1Å2 upon com-
plex formation (this definition is as in [62]). So-defined
contact interfaces are converted to a set of 7-dimensional
real-valued vectors as described above. Then, any super-
vised learning model can be trained in a classification set-
ting on labeled vectors (those deemed positive/native or
negative/non-native). As described above, our analysis sug-
gests a DT model has high classification accuracy. The DT
model is trained on the following dataset.

Training Dataset Construction.
The positive dataset consists of 62 true/native interaction

interfaces found on experimentally-obtained assemblies ex-
tracted from a refined PDBbind dataset [60]. The negative
datasets of 76 instances combines three sets non-native inter-
faces. The first is constructed by randomizing the positive
dataset. Units selected at random from different complexes
are docked with a random rigid-body transformation. This
is repeated until 25 dimers are obtained. The second set con-
sists of 47 crystal packing structures provided in [62]. The

third consists of 4 dimeric structures just 5−12Å away in
RMSD from native structures, generated from pyDOCK [7].

3. RESULTS
idDock was run on a 2.66GHz of Opteron Processor with

4GB of memory. Eleven dimers with known native struc-
tures have been selected in this preliminary investigation,
chosen to vary in size, functional classification, and used as
test cases by other docking methods. These systems are de-
tailed in Table 1 (size indicates total number of atoms). It
is worth noting that these systems are not included in our
training data. Hence, they constitute a true testing dataset.
On each system, idDock is run until 10, 000 dimeric configu-
rations are obtained. We present three sets of results below.
First, we quantify the extent to which the tree-based score
captures nativeness of an interface. Second, we measure the
quality of the idDock-obtained ensemble in terms of lowest
RMSD from the known native structure and compare that
to values reported by other docking methods. Third, we an-
alyze in greater detail three selected systems on which we
expose the energy surface probed by the method.

3.1 Analysis of Model Score And Nativeness
This analysis is highlighted on three selected dimers from

our testing dataset on which idDock generates 10, 000 con-
figurations. On each system, configurations within 5Å in
RMSD from the native dimeric structure (RMSD is mea-
sured after alignment) are analyzed in terms of the distribu-
tion of tree-based scores. Restricting the focus to this subset
of configurations allows us to essentially analyze native-like
configurations. These three dimers are selected, because
they are representatives of the general trends observed on
the distribution of scores for other systems in our testing
dataset. One would expect that th configurations that are



Table 1: Systems in our testing dataset.
ID 1C1Y 1WWW 1FLT 1IKN 1IKN 1VCB 1VCB 1OHZ 1QAV 1G4Y 1cse

Chains A,B W,Y V,Y A,C C,D A,B B,C A,B A,B B,R E,I
Size 2034 1644 528 3178 2505 1447 1846 1443 1503 1838 2442

Figure 2: Distribution of scores on configurations
within 5Å from known native dimeric structure ob-
tained through idDock on three selected dimers.
Distributions are shown in different colors (1 in blue,
2 in orange, 3 in green, and rest in black).

within 5Å in RMSD from the native dimeric structure would
tend to have a lower rather than a higher score (we recall
that lower is better in this setting). A bar graph in Fig-
ure 2 shows the percentage of these configurations with score
i ∈ {1, . . . , 5} over the 5 possible score values. As expected,
a higher percentage of native-like configurations have a lower
score (more are in the bin corresponding to score 1), which
makes the case that the tree-based score captures well the
nativeness of a contact interface. This result suggests that
the informatics-driven method proposed in this paper will
mostly focus on the correct interaction interface then on
other regions of the units’ molecular surfaces.

3.2 Comparative Analysis
We now compare idDock to other docking methods in

terms of lowest RMSD from the known native dimeric struc-
ture. The methods we have chosen for comparison represent
different geometry- and energy-driven approaches for dock-
ing and our recent investigation of BH for docking [21, 22].
We recall that the work in [22] employed a simple physics-
based energy function and focused on rigid-body transfor-
mations that superimposed geometrically- and evolutionary-
conserved regions. It is worth pointing out that the compari-
son with our previous BH work in [22] allows directly testing
the contribution of integrating the predictive learned model
in enhancing the sampling capability of idDock and thus the
quality of obtained dimeric configurations. BUDDA [49] is
chosen as a representative of geometry-driven methods based
on geometric hashing. pyDock [7] and ClusPro [8] represent
highly-optimized energy-based protocols. In this context,
our previous BH work in [22] represents a hybrid method.

The comparative analysis is shown in Table 2. The low-
est RMSD reported by BUDDA [49] is shown in column 2,

Table 2: Comparison of idDock to other methods.

Lowest RMSD to Native (Å)
PDB ID BUDDA [49]pyDock [7] ClusPro [8]BH [22] idDock
1C1Y 1.2 10.4 7.2 1.8 2.7
1WWW 11.4 18.2 17.2 2.6 0.9
1FLT 1.5 2.8 4.7 2.7 0.6
1IKN 1.2 20.1 19.7 2.1 1.5
1IKN 2.0 16.7 20.9 4.1 2.5
1VCB 0.7 1.4 1.9 3.4 0.9
1VCB 1.3 22.7 1.9 2.7 1.4
1OHZ 1.8 7.5 3.3 2.7 0.7
1QAV 1.4 9.6 1.7 2.6 1.7
1G4Y 0.8 26.2 1.9 4.1 2.3
1CSE 0.7 13.2 1.1 2.4 1.2

that by pyDOCK [7] in column 3, that by ClusPro [8] in
column 4, our earlier BH work [22] is reported in column
5, and the lowest RMSD obtained by idDock is reported in
column 6. The lowest RMSD obtained by idDock is colored
in red and highlighted in bold if it is no higher than 2Å of
the lowest value among all methods, and the entire row is
colored in gray if it is indeed the lowest. This allows seeing
that idDock is not only comparable to these state-of-the-art
methods in all systems, but it outperforms these methods on
25−30% of the systems. This is a promising result that mo-
tivates us to further investigate idDock and seek large-scale
benchmarking.

3.3 Analysis of Dimeric Energy Surfaces Probed
by idDock

We now take a closer look at the FoldX energy surface
probed by idDock. In an ideal force field, there is strong
positive correlation between energy values and RMSDs from
the native structure; that is, lowering energy brings the
search closer to the native structure. This allows offering
the lowest-energy configuration as the native dimeric struc-
ture in a blind prediction setting. We show that, while the
above comparative analysis makes the case that idDock ap-
proaches the native structure within a few angstroms, the
energy surfaces are not always funnel-like. This is expected,
as no energy function is ideal and error-free. We illustrate
this on three systems, which have been selected to show neg-
ative correlation, no correlation, and positive correlation.

Figure 3 plots FoldX energy against the RMSD from the
native structure of each decoy configuration generated by
idDock. The dimer with native PDB id 1WWW has been
selected to demonstrate negative correlation between RMSD
from the native structure and FoldX energy (as energy goes
down, RMSD increases). The native structure has energy of
−6.67kcal/mol, and many other idDock-generated configu-
rations have lower energy. In such a case, distortions in the
energy function drive the search away from the native struc-
ture, if energy is to be used to make a prediction. The dimer
with PDB id 1QAV has been selected to show no correlation
and demonstrate that idDock cannot approach the energy



level of the native structure (the lowest reached is −10 as
opposed to the −26.6kcal/mol of the native).

The dimer with native PDB id 1FLT represents the ideal
case of positive correlation (the energy surface displays fun-
neling), and the energy level of the native structure has been
reached at −13.3kcal/mol. This analysis is useful, as it al-
lows determining the exploration capability of the method,
the extent to which the energy function guides to the correct
interface, and the extent to which further refinement may be
useful at driving towards the native structure.

4. CONCLUSION
We have presented idDock, a novel method for high-accuracy

and computationally-efficient rigid protein-protein docking.
The method integrates a machine learning model with a
probabilistic search algorithm to effectively implement an
informatics-driven approach. The model is based on super-
vised learning, identifying features found to correlate with
true, native interaction interfaces in known dimeric struc-
tures. The learned model is used in a predictive setting
by the proposed probabilistic search algorithm to score a
sampled dimeric configuration. High-scoring configurations
are further subjected to energetic refinement through a so-
phisticated energy function. The probabilistic search algo-
rithm builds upon the basin hopping framework shown to
have high exploration capability in high-dimensional search
spaces with rugged energy surfaces.

The integration of a predictive learned model to score
a sampled configuration is important, as the model is fast
yet accurate, thus replacing physics-based energy functions
known to be computationally demanding while prone to er-
rors. Such functions are most appropriate for employment
when the search is in the vicinity of a native-like configura-
tion. This is the reason idDock employs FoldX, a sophisti-
cated physics-based energy function, only to refine configu-
rations deemed native-like by the predictive model.

Our results show that proposed method performs as well
as or better than other state-of-the-art methods represen-
tative of different approaches to rigid protein-protein dock-
ing. Our ongoing work is focusing on obtaining more in-
formation about the predictive capability of the method in
a larger setting of dimeric assemblies covering diverse func-
tional classes. Future work will additionally consider en-
hancing the sampling capability of the search algorithm with
evolutionary search techniques investigated and tested by us
in the related problem of tertiary structure prediction in pro-
teins [47,48,51,52]. The model score may also be combined
with terms of a physics-based energy function to conduct
the search on a combined potentially less rugged surface.

While the presented work is on rigid protein-protein dock-
ing, structural flexibility can be modeled on decoy configura-
tions with various existing tools [1–4]. The decoy ensembles
can also be valuable to computational chemists in the design
of more accurate physics-based or hybrid energy functions
combining physics- and knowledge-based terms.
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