
Chapter 2
Background

2.1 Protein Structure

Proteins are an important class of biological macromolecules present in all biological
organisms. Proteins consist of a sequence of 20 different amino acids, also referred to
as residues. To be able to perform their biological function, proteins often fold into
one, or more, specific spatial conformations, driven by a number of non-covalent
interactions, such as hydrogen bonding, ionic interactions, Van der Waals’ forces,
and hydrophobic packing. In order to understand the functions of proteins at a
molecular level, it is often necessary to determine their 3D structure. This is the topic
of the scientific field of structural biology that employs techniques, such as X-ray
crystallography, nuclear magnetic resonance (NMR) spectroscopy, and electron
microscopy, to determine the structure of proteins.

The number of known protein structures deposited in the Protein Data Bank
(PDB) has grown exponentially over the last 30 years. This trend can be expected
to continue as structural genomics projects gain momentum and techniques
allowing higher throughput structure determination are developed. Currently there
are more than 40,000 crystallographic or NMR structures of proteins or nuclear
acids available in PDB.

2.1.1 Classification of Protein Structure

Several methods of structural classification of proteins have been developed to
introduce some order to the large amount of data present in the PDB. Such methods
facilitate structural comparisons and provide a greater understanding of structure
and function (Hadley and Jones 1999). The most widely used and comprehensive
classification databases are structural classification of proteins (SCOP) (Murzin
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et al. 1995), class architecture topology homologous (CATH) (Orengo et al. 1997).
These classifications make use of different methods of defining and categorizing
protein folds that lead to different views of the protein-fold space.

SCOP was among the earliest efforts to classify protein structures into folds.
Protein domains with no obvious sequence homology to other domains are defined
and classified manually. In many ways, this database has been considered the
standard for protein structure classification.

CATH superfamily makes use of a combination of manual and automated
procedures in defining and classifying protein domains. CATH relies on the consensus
of three automated classification methods to break protein chains into domains.

2.1.2 Protein Surface

The protein surface is the outer or the topmost boundary of a protein. The topology
of the surface of a protein is intimately related to its function; parts of the surface
are directly involved in interactions with other molecules; the solvent-protein
interface is almost certainly related to the structure of the native molecule; and the
chemical reactivity of the various functional groups will depend on their relation to
this interface (Lee and Richards 1971).

There are three types of protein surfaces: van der Waals surface, solvent excluded
surface (Connolly surface), and solvent accessible surface. van der Waals surface
corresponds to the envelope containing the atomic spheres of van der Waals radius.
The shape of the van der Waals surface of a molecule may be misleading, especially
for macromolecules, since it frequently contains small gaps, pockets, and clefts which
are sometimes too small to be penetrated even by a solvent molecule like water. For all
practical purposes, the van der Waals surface of these oddments cannot enter into
contact with a solvent or a drug molecule and therefore is not truly an accessible
surface. To smooth the roughness of the van der Waals surface, Lee and Richards
(1971) introduced the concept of a contact surface and a solvent accessible surface.
These surfaces are obtained by rolling a spherical probe of a diameter corresponding
to the size of a solvent molecule (usually water) on the original van der Walls surface.
As a result, the area where the probe touches the van der Waals surface is called the
contact surface, the center of the spherical probe traces a surface called the solvent
accessible surface and the patches over narrow gaps and clefts traced by the surface of
the probe are called re-entrant surfaces. The Connolly surface is composed of contact
surface and re-entrant surface.

2.2 Protein–Protein Interaction

Proteins do not live alone; they have to interact with other molecules like DNA
and RNA as well as other proteins to perform their biological function. Protein
interactions play a critical role in all stages of cellular development, metabolism,
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and biological pathways. For example, signals from the exterior of a cell are
mediated to the inside of that cell by protein–protein interactions of the signaling
molecules. This process, called signal transduction, plays a fundamental role in
many biological processes and in many diseases (e.g. cancer). Proteins might
interact for a long time to form part of a protein complex, a protein may be
carrying another protein (for example, from cytoplasm to nucleus or vice versa in
the case of the nuclear pore importins), or a protein may interact briefly with
another protein just to modify it (for example, a protein kinase will add a phos-
phate to a target protein). This modification of proteins can itself change protein–
protein interactions. The specific interactions between proteins are critical in most
cellular processes. The normal function of a cell can be seriously damaged by the
disruption of interactions or by the non-specific aggregation with other proteins.

In a word, protein–protein interactions are of great importance for virtually
every process in a living cell. Information about these interactions improves our
understanding of diseases and can provide the basis for new therapeutic approa-
ches. There are many methods developed either from biological experimental or
computational perspective, as will be discussed.

There are several biological experimental techniques developed in the last two
decades to detect the interactions between proteins. One of the most important
techniques is the yeast two-hybrid system. Two-hybrid screening is a molecular
biology technique used to discover protein–protein interactions (Criekinge and
Beyaert 1999; Young 1998) and protein-DNA interactions by testing for physical
interactions (such as binding) between two proteins or a single protein and a DNA
molecule, respectively. Phizicky and Fields (1995) and Shoemaker and Panchenko
(2007) have given a good review of experimental methods to investigate protein–
protein interactions.

Although high-throughput experimental methods produce a large amount of data
about protein interactions, interactomes of many organisms are far from complete.
The low interaction coverage along the experimental biases toward certain protein
types and cellular localizations reported by most experimental techniques call for
the development of computational methods to predict whether two proteins will
interact (Shoemaker and Panchenko 2007). The problem of predicting protein–
protein interactions computationally has been tackled by a number of groups in
different fields of structural and functional genomics. From a structural perspective,
protein–protein interface studies have perhaps been the most successful computa-
tional approaches. Structural analysis of the interfaces of known protein–protein
interactions allows common structural interaction motifs to be identified. These
motifs can be used to predict whether it is possible for two proteins of known
structure to physically interact (Kim et al. 2004). Some computational methods are
based on the colocalization of potentially interacting genes in the same gene clusters
or protein chains (gene cluster (Overbeek et al.1999), gene neighborhood (Galperin
and Koonin 2000; Huynen et al. 2000; Rogozin et al. 2002), and Rosetta stone
methods (Marcotte and Marcotte 2002; Marcotte et al. 1999; Yanai et al. 2001), on
co-evolution patterns in interacting proteins (sequence co-evolution methods
(Bowers et al. 2004; Goh et al. 2000; Jothi et al. 2006; Kim et al. 2004), and on the
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co-expression of genes. Some methods find patterns of co-occurrences in interacting
proteins, protein domains, and phenotypes phylogenetic profiles (Pellegrini et al.
1999; Snitkin et al. 2006), while others use the presence of sequence/structural
motifs characteristic only for interacting proteins.

2.3 Protein Binding Site Prediction

As discussed above, proteins have to interact with other molecules like DNA,
small molecules (ligand), or other proteins to perform their biological function.
Knowledge about where the protein binds to other molecules gives us a better
understanding of its biological function. Before discussing protein–protein inter-
action site prediction, we will discuss the computational approaches to predict
protein–ligand binding site.

2.3.1 Identification of Protein–Ligand Binding Site

Proteins not only interact with other proteins but also interact with some small
molecules (called ligands here) like NAD (Nicotinamide adenine dinucleotide),
AMP (Adenosine 50-monophosphate), etc. Unlike the interaction between proteins,
ligands tend to bind to the pockets (cavities) on protein surface. Identification and
evaluation of these ligand binding sites are the initial steps for protein structural-
based drug design. Characterizing these ligand binding pockets plays an important
role in automated ligand docking.

In the last decade, a variety of computational methods has been developed for
the location of possible ligand-binding sites of proteins. Most of these pocket
detection methods use pure geometric criteria to find clefts on protein surface and
do not require any knowledge of the ligands, such as POCKET (Levitt and
Banaszak 1992), LIGSITE (Hendlich et al. 1997), SURFNET (Laskowski 1995),
CAST (Liang et al. 1998), and PASS (Brady and Stouten 2000). Statistical and
empirical studies have shown that the actual ligand binding sites correspond to the
largest pocket on a protein surface (Laskowski 1995; Laskowski et al. 1996).

One of the first methods, POCKET (Levitt and Banaszak 1992), introduced the
idea of protein-solvent-protein events as key concept for the identification. The
protein is mapped onto a 3D grid. A grid point is part of the protein if it is within
3 A of an atom coordinate; otherwise it is solvent. Next, the x, y, and z-axes are
scanned for pockets, which are characterized as a sequence of grid points, which
start and end with the label protein and a period of solvent grid points in between.
These sequences are called protein-solvent-protein events. Only grid points that
exceed a threshold of protein-solvent-protein events are retained for the final
pocket prediction. Since the definition of a pocket in POCKET is dependent on the
angle of rotation of the protein relative to the axes, LIGSITE extends POCKET
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by scanning along the four cubic diagonals in addition to the x, y, and z direc-
tions.

In SURFNET (Laskowski 1995), the key idea is that a sphere, which separates
two atoms and which does not contain any atoms, defines a pocket. First, a sphere
is placed so that the two given atoms are on opposite sides on the sphere’s surface.
If the sphere contains any other atoms, it is reduced in size until no more atoms are
contained. Only spheres, which are between a radius of 1–4 A are kept. The result
of this procedure is a number of separate groups of interpenetrating spheres, called
gap regions, both inside the protein and on its surface, which correspond to the
protein’s cavities and clefts (Laskowski et al. 1996).

CAST (Binkowski et al. 2003; Liang et al. 1998) computes a triangulation of
the protein’s surface atoms using alpha shapes. In the next step, triangles are
grouped by letting small triangle flow toward neighboring larger triangles, which
act as sinks. The pocket is then defined as collection of empty triangles. CAST was
tested on 51 of 67 enzyme-ligand complexes used for SURFNET (Laskowski et al.
1996) and achieved a success rate of 74 %.

PASS (Brady and Stouten 2000) uses probe spheres to fill cavities layer-by-layer.
First, an initial coating of the protein with probe spheres is calculated. Each probe
has a burial count, which counts the number of atoms within 8 A distance. Only
probes with count above a threshold are retained. This procedure is iterated until a
layer produces no new buried probe spheres. Then each probe is assigned a probe
weight, which is proportional to the number of probe spheres in the vicinity and the
extent to which they are buried. Finally, a small number of active site points (ASP)
are selected by identifying the central probes in regions that contain many spheres
with high burial count. The final ASP are determined by cycling through the probes
in descending order of probe weight, keeping only those above a threshold and
farther than 8.0 A apart from each other. Finally, the retained ASP are ranked by
probe weight.

The largest pocket identified by these geometric methods on the protein surface is
usually the binding site of a ligand. Besides these purely geometric methods above,
there are methods, which take additional information into account to re-rank
predictions. Glaser et al. (2006) refined SURFNET’s predictions by considering the
degree of residue conservation in the pocket. Q-SITEFINDER (Laurie and Jackson
2005) used the interaction energy between the protein and a simple van der Waals
probe to locate energetically favorable binding sites. Eyrisch and Helms (2007)
proposed a novel pocket detection protocol and applied it on three selected proteins
BCL-XL, IL-2, and MDM2, to identify transient pockets which could be inhibitor
binding sites. The unbound structures were used as starting points for 10 ns long
molecular dynamics simulations. Then trajectory snapshots were scanned for
cavities on the protein surface using the program PASS (Brady and Stouten 2000).
The inhibitors were placed into the transient cavities they detected using AutoDock
(Morris et al. 1998) and the complexes were compared to known inhibitor bound
complexes with less than 2 �A RMSD. The results showed that this protocol could
be a viable tool to identify transient ligand binding pockets on protein surfaces
(Eyrisch and Helms 2007).
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As discussed above, there are many pocket identification methods developed to
predict protein–ligand binding site. However, they cannot be compared directly
since different methods use different test datasets, different representations of
pocket sites, and different assessment methods.

2.3.2 Protein–Protein Binding Site Prediction

Protein–protein interactions play a critical role in protein function. Completion of
many genomes is being followed rapidly by major efforts to identify experimen-
tally interacting protein pairs in order to decipher the networks of interacting,
coordinated-in-action proteins. Identification of protein–protein interaction sites
and detection of specific residues that contribute to the specificity and strength of
protein interactions is an important problem (Chothia and Janin 1975; Yan et al.
2004) with broad applications ranging from rational drug design to the analysis of
metabolic and signal transduction networks. Computational efforts to identify
protein–protein interaction sites, in particular, identify surface residues that are
associated with protein–protein interaction, play an increasingly important role
because the experimental determination of protein structures, protein–protein
complexes lag behind the number of protein sequences. During the last decade,
many efforts have been made to analyze the properties of protein–protein inter-
action in order to predict interaction sites (Bradford and Westhead 2005; Jones and
Thornton 1997; Neuvirth et al. 2004; Yan et al. 2004; Zhou and Shan 2001).

2.3.2.1 Surface Patch-Based Prediction Methods

To analyze the surface properties, the surface is usually divided into several
patches and these patches have different characteristics which can be a measure to
distinguish the binding sites from the rest of the surface. In 1997, Jones and
Thornton analyzed the surface patches using six parameters: solvation potential,
residue interface propensity, hydrophobicity, planarity, protrusion, and solvation
accessible surface area (ASA). The six parameters were then combined into a
global score that gave the probability of a surface patch forming protein–protein
interaction.

Fernandez-Recio et al. (2004) applied protein docking simulations and analysis
of the interaction energy landscapes to identify protein–protein interaction sites.
The ensembles of the solutions generated by the simulations were subsequently
used to project the docking energy landscapes onto the protein surface. They found
that highly populated low-energy regions consistently corresponded to actual
binding sites. In their results, as much as 81 % of the predicted high propensity
patch residues were located correctly in the native interface. An obvious short-
coming of this approach is its slow speed since it is very time-consuming to do
docking simulations to a large data set. Moreover, the same authors proposed
optimal docking area (ODA), a method of analyzing a protein surface in search of
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areas with favorable energy change when buried upon protein–protein association
(Recio et al. 2005). This method identified continuous surface patches with opti-
mal docking solvation energy based on atomic solvation parameters. This energy
was calculated using an atomic ASA-based model according to the following
equation:

E desov ¼ �Rr i ASAi

where r i is the atomic solvation parameter (ASP) for atom type i (i.e. the
contribution to the solvation energy per unit of ASA).

Liang et al. (2004) developed a new energy scoring function and applied it to
the analysis of the surface patches. They found that the patch with the highest
energy score overlapped with the observed interface and the residue with the
highest energy score of a small promoter was very likely the key interaction
residue. Neuvirth et al. (2004) developed a method called ProMate to distinguish
interface regions based on 13 properties. They got a success rate of 65 % on a test
data set of 57 proteins. Liang et al. (2006) present an empirical scoring function
PPINUP, which is a linear combination of energy score, interface propensity, and
residue conservation score for the prediction of protein–protein binding sites.

2.3.2.2 Machine Learning Prediction Approaches

The support vector machine (SVM) is a supervised learning algorithm, useful for
recognizing subtle patterns in complex datasets. The algorithm performs
discriminative classification, learning by example to predict the classifications of
previously unseen data. The algorithm has been applied in domains as diverse as text
categorization, image recognition, and hand-written digit recognition. Recently
SVM has been used for the prediction of protein interaction interfaces (Bradford and
Westhead 2005; Koike and Takagi 2004; Yan et al. 2004). Yan et al. (2004)
generated a SVM classifier to determine whether or not a surface residue is located
on the interface using information about the sequence neighbors of a target residue.
In their leave-one-out experiment, the SVM classifier was trained using a set of
surface residues from a combined set of 115 protein complexes, labeled as interface
or non-interface. Their prediction results showed that SVM yields relatively high
sensitivity (0.51) and specificity (0.41).

As mentioned above, no single parameter absolutely differentiates interface
from other surface patches. In the method of PPI PRED, a SVM was trained to
distinguish between interacting and non-interacting surface patches using six of
the surface properties: surface shape, hydrophobicity, conservation, electrostatic
potential, residue interface propensity and solvent ASA (Bradford and Westhead
2005). Then this SVM was used to predict interface surface patches of proteins not
included in the training set. Using this method, PPI PRED was able to successfully
predict the location of the binding sites on 76 % of the 180 protein data set using a
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leave-one-out validation procedure. PPI PRED was applicable to both obligate and
transient binding sites.

Chen and Zhou (2005) developed a method called PPISP to predict protein–
protein interaction sites from a neural network with sequence profiles of neigh-
boring residues and solvent exposure as input. The network was trained on 615
pairs of non-homologous complex-forming proteins. Tested on a different set of
129 pairs of non-homologous complex-forming proteins, 70 % of the 11,004
predicted interface residues are actually located in the interfaces. These 7,732
correctly predicted residues account for 65 % of the 11,805 residues making up the
129 interfaces. The main strength of the network predictor lied in the fact that
neighbor lists and solvent exposure are relatively insensitive to structural changes
accompanying complex formation. Fariselli et al. did a similar job, but their neural
networks were trained with a reduced representation of the interacting patches and
the success rate slightly increased to 73 %. SPPIDER is a neural network pre-
diction method that includes predicted relative solvent accessibility as input
(Porollo and Meller 2007). Sen et al. (2004) developed a consensus methodology
which combines four different methods: data mining using Support Vector
Machines, threading through protein structures, prediction of conserved residues
on the protein surface by analysis of phylogenetic trees, and the Conservatism of
Conservatism method of Mirny and Shakhnovich (1999). Their prediction results
on a dataset of 7 hydrolase-inhibitor complexes demonstrated that the combination
of all four methods improved predictions over the individual methods. Recently,
proposed to use conditional random fields (CRFs) to predict protein interaction
sites by solving sequential labeling problem with features including the protein
sequence profile and the residue accessible surface area. The authors compared
this CRFs-based method with the other methods such as support vector machines
and neural networks. The comparative experiments on 1,276 non-redundant chains
of hetero complexes showed that CRFs-based method achieved the best perfor-
mance on a complete data set.

2.4 Protein–Protein Docking

Practically every process in the living cell requires molecular recognition and
formation of complexes, which may be stable or transient assemblies of two or
more molecules with one molecule acting on the other, or promoting intra- and
intercellular communication, or permanent oligomeric ensembles (Eisenstein and
Katchalski-Katzir 2004). The rapid accumulation of data on protein–protein
interactions, sequences, structures calls for the development of computational
methods to help our understanding of live cells. One of the methods is involved in
the prediction of the complex structure from its components. Typically docking
methods are investigated which attempt to predict the complex structures given the
structures of components. Over the past 30 years many docking approaches have
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been proposed, ranging from thermodynamic approaches to correlation approa-
ches, from rigid body docking to flexible docking.

Docking algorithms operate on the atomic coordinates of two individual pro-
teins usually considered as rigid bodies and generate a large number of candidate
association models between them. These candidates are then ranked by using
various scoring functions, used independently or in combination. The scoring
functions generally include geometric and chemical complementarities measures,
electrostatics, hydrogen-bonding interaction and van der Waals interaction, and
some empirical potential functions. A number of algorithms and many different
scoring functions have been developed in the last ten years, as recently reviewed
by Eisenstein and Katchalski-Katzir (2004), Halperin et al. (2002), Vajda and
Camacho (2004), and the field has become extremely active.

2.4.1 Rigid-Body Docking

In the rigid-body docking approaches, the proteins are considered as rigid and no
flexibility is taken into account. Here, an overview is given of the different steps
involved in rigid-body protein–protein docking:

1. Start with the experimented 3D structures of the two unbound component
proteins. Assuming that the formed complex has limited conformational
changes, the two component proteins are regarded as rigid-bodies.

2. A 6D rotational and translational degree search is performed over all possible
associations since in most cases of unbound–unbound complexes there is no
biological information about which parts of the proteins will interact. This
search will sample the space of all possible associations and consequently there
will be a lower limit on the difference in conformations between two docked
predicted complexes that determines the solution of the search procedure.

3. A large number of different complexes are generated after the global search
procedure. Then a function is developed to score the quality of these docked
(predicted) complexes. At this stage, geometric or electrostatic complemen-
tarity is often used since it is very fast to compute. Ideally, the docking algo-
rithms thereby identify several complexes which are close to the native
complex based on these complexes having best score.

4. Ideally, the docking algorithms thereby identify several complexes which are
close to the native complex based on these complexes having best score.

5. If the experimental complex structure is known, then the predicted complex
structure is superimposed and the root mean square deviation (RMSD) between
all C a atoms of the predicted and native structure is calculated to evaluate the
quality of the docking method. The predicted one can be regarded as near-
native complex structure if the RMSD is below 3 Angstrom.

6. Then a re-ranking of the resultant complexes can be undertaken possibly using
computational more intensive calculations.
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7. Finally, conformational flexibility can be introduced into the algorithm to refine
the few predicted complexes structure when there are only a limited number of
complexes to consider.

Starting from two unbound structures, a lot of docked complex structures are
generated by a structure generator. Then these structures are filtered using a scoring
function and only a few favorable structures are left for evaluation in more details.

2.4.2 Fast Fourier Transform

In the first step of many docking methods, an attempt is made to represent the
protein structures in an efficient way. In 1992, Katchalski-Katzir et al. first pro-
posed fast Fourier transform method (FFT) which were further developed by
several authors (Ben-Zeev and Eisenstein 2003; Chen and Weng 2003; Eisenstein
and Katchalski-Katzir 2004, Gabb et al. 1997; Sternberg et al. 1998; Tov-
chigrechko et al. 2002). A good review about this method can be found in Ei-
senstein and Katchalski-Katzir (2004).

Thus, for molecule a surface grid points are given the value 1, those in the
interior are given the value p (usually-15), and grid points outside the molecule are
given a value of 0. For molecule b, grid points on the surface and in the interior of
the molecule are given the value q (usually 1).

These two grids can then be superimposed and the mobile grid (protein B) is
translated by shifts a, b, c. The value of a l,m,n 9 b l - a,m - b,n - c gives the
extent of shape complementarity for grid point (l, m, n) of the grid of protein A.
A value of 1 for the product grid indicates that the cell of protein B is superimposed
on the surface of A which indicates favorable shape complementarity. A value of
-15 indicates a steric clash with the cell from B superimposed on the core of A. The
value of -15 is chosen to penalize but not totally prevent steric clashes. A value of
zero means that there is no overlap between the two proteins. Thus, the totally
shaped complementarity for the two superimposed grid c a,b,c is calculated from

ca;b;c ¼
XN

l¼1

XN

m¼1

XN

n¼1

al;m;n Xbl�a;m�b;n�c

The value of c is a convolution and its calculation requires O (N 6) complexity.
To reduce the calculation time, we use the discrete FFT to speed up the process of
calculation. A discrete FFT is

DFT Al;m;n

� �
¼
XN

l¼1

XN

m¼1

XN

n¼1

exp½�2pi plþ qmþ rnð Þ=N�Xal:m:n
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First, calculate the discrete FFT for grid A and grid B. Then, calculate the
complex conjugate of DF T (A) which is denoted as DF T - 1 (A). Then by
Fourier theory, the discrete Fourier transform of c, DF T (C) is given by

DF T Cð Þ ¼ DF T� 1 Að ÞDF T Bð Þ

Therefore, c = IF T [DF T (C)] where IF T is the inverse Fourier transform.
In summary, this discrete Fourier transform can reduce the complexity of O(N 6)

to O(N 3 logN 3) (N is the size of the grid) (Katchalski-Katzir et al. 1992). Moreover,
the imaginary part in a complex can be used to store additional complementarity
information. For example, electrostatics complementarity and hydrophobic
complementarity (Berchmanski et al. 2002) are added to filter the predicted complex
structures together with geometric shape complementarity.

2.4.3 Benchmark for Testing the Docking Algorithms

The docking problem can be divided into two classes depending on the input of
component structures. If we separate the complex structure into two components
and then try to dock them together, it is called bound–bound docking. This is quite
successful with rigid body docking methods. For the unbound–unbound docking,
the separately crystallized component structures are used as input for docking
which is more challenging than the former. Since the component structures are
slightly different from the subunits in the complex structures (RMSD 0.5–1.0̊A).

In order to test the performance of the new docking approaches, researchers
apply their docking methods to a set of complex structures in which both of bound
and unbound structures are known. Chen and Weng (2003) developed a bench-
mark of 59 non-redundant protein complexes including 22 enzyme-inhibitor
complexes, 19 antibody-antigen complexes, 11 other complexes, and 7 difficult
test cases. This benchmark is widely used by other groups (Comeau et al. 2004;
Duan et al. 2005; Gray 2003) to test their docking methods. Some other groups
(Fernandez-Recio et al. 2002; Gabb et al. 1997; Palma et al. 2000) use their own
protein complex structure data set of which some are also included in this
benchmark.

A new update benchmark (Mintseris et al. 2005) was published by the same
group. The new benchmark consists of 72 unbound–unbound cases, with 52 rigid-
body cases, 13 medium-difficulty cases, and 7 high-difficulty cases with substantial
conformational change. In addition, 12 antibody-antigen test cases are included
with the antibody structure in the bound form. Yet until now, few docking groups
test their docking algorithm on this new benchmark dataset.

For the evaluation a new docking algorithm, researchers usually choose
complex protein data set of their own opinion or from the benchmark used by other
groups, for example, the one from Chen and Weng (2003). To judge a docking
algorithm is good or not, the docked complex structures are compared to the native
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complex structures. If the near-native structures are found in the top 100–1,000
solutions as many as possible and the RMSD value of the best hit is below 3 A,
we can say this is a good docking approach. The number of hits in the top
100–1,000 docked solutions, the ranking of the best hit and the RMSD value of the
best hit are the three mainly used parameters for evaluation of docking algorithms.

Moreover, investigation on the interfaces of known protein–protein complexes
have revealed that enzyme-inhibitor, antibody-antigen, other complexes present
important differences in the amino acid composition, hydrophobicity, and elec-
trostatics (Decanniere et al. 2001; Glaser et al. 2001). Jackson (1999) compared
protein–protein interactions in different types of complexes and concluded that
enzyme-inhibitors are more static and hence more easily predictable than anti-
body-antigen interfaces. This suggests that different filtering criteria should be
applied to different type of complexes. Li et al. applied type-dependent filtering
technique to docking algorithm and retained much more native-like structures and
increased the successful probability of predicting complex structures.

In the review paper of Vajda and Camacho (2004), a classification of protein
complexes based on docking difficulty was introduced. They claimed that enzyme-
inhibitor complexes can be determined by current docking methods with reasonable
accuracy-possibly within a few alternative structures. Results for antigen–antibody
pairs were less predictable, and data for small signaling complexes were generally
poor. Transient complexes with large interface areas underwent substantial
conformational change and were beyond the reach of current docking methods.
Moreover, based on measurements of conformational change, interface area, and
hydrophobicity, they defined five types of protein–protein complexes to characterize
the expected level of docking difficulty.

2.4.4 Critical Assessment of Predicted Interactions

CAPRI is a community wide experiment to assess the capacity of protein-docking
methods to predict protein–protein interactions (Janin et al. 2003; Mendez et al.
2003). Nineteen groups participated in rounds 1 and 2 of CAPRI and submitted blind
structure predictions for seven protein–protein complexes based on the known
structure of the component proteins. The predictions were compared to the
unpublished X-ray structures of the complexes. CAPRI has already been a powerful
drive for the community of computational biologists who developed docking
algorithms. Each participating group is allowed to submit 10 models per target and
these models are compared to newly obtained X-ray structures of the complexes,
which crystallographers had made available for the evaluation.

The CAPRI experiments are hosted by Hendrick Kim group at the European
Bioinformatics Institute (EBI). The website is http://capri.ebi.ac.uk/. In each round,
one or more targets are realized and the participants have to submit their predictions
before the deadline. After the submission deadline, the results will be published on
the website and are classified into: ‘‘Removed predictions’’, ‘‘Incorrect
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predictions’’, ‘‘Acceptable predictions’’, ‘‘Medium predictions’’, and ‘‘High quality
predictions’’, based on several criteria such as fraction of native residue contact, the
RMSD values of the ligands after superimposing the receptors of the prediction and
the native complex structures. Until now (December 2007), there have been 30
targets being evaluated at CAPRI experiments. These targets can be used as a
benchmark data set, complementary to the Weng’s docking benchmark data set.

2.4.5 Protein Interface Prediction and Protein Docking

As discussed above, although there are already many docking approaches which
can predict the complex structures correctly and rank the near-native structures at
the top 100 even 10, it is still very attractive to improve the current docking
approaches. Improving the protein docking involves two tasks: an efficient search
procedure and a good scoring function. The two critical elements in a search
procedure are speed and effectiveness in covering the relevant conformational
space. On the other hand, the scoring function should be fast enough to allow its
application to a large number of potential solutions and, in principle, effectively
discriminate between near native and non-native docked complex structures.
Predicting the interface correctly first is very useful since it can help us to improve
our discrimination. Therefore, the third open question in this context is ‘Can we
improve protein–protein docking using interface prediction?’ However, although
many binding sites prediction methods have been developed, only a few groups
integrated it into docking. For example, predicted protein–protein binding sites
first using their own prediction program: ProMate (Neuvirth et al. 2004), of which
the success rate was about 70 %, and then they used these predicted binding sites
to calculate the tightness of fit of the two docked proteins. A linear relation
between this score and the RMSD relative to the true structure is found in most of
the cases they evaluated. Gunther et al. presented ISEARCH approach which uses
known domain–domain interfaces (DDI) stored in an interface library to screen
unbound proteins for structurally similar interaction sites. First, a known DDI
library is derived from the PDB and SCOP. Then the ligand’s and the receptor’s
backbone structures are examined for sites similar to a representative DDI in the
DDI library, using the superposition algorithm Needle Haystack (Hoppe and
Frömmel 2003). When the algorithm detects local structural similarity between the
receptor and one part of the DDI patch, as well as between the ligand and the
corresponding patch of the DDI, a hit is obtained. Ligand and receptor are then
transformed according to their superposition onto the corresponding DDI patches
to build the final model of the complex. This approach was evaluated on 59
complexes from the Chen benchmark dataset (Chen and Weng 2003) and achieved
acceptable docking results. These studies encourage us that using predicted
interaction sites can improve protein docking. However, we will try different
interface prediction methods and develop different scoring functions based on

2.4 Protein–Protein Docking 17



these predictions. All scoring functions will be integrated together to improve
docking.

Furthermore, an important ingredient for achieving successful docking remains
the use of prior knowledge of the protein regions those are likely to interact (Mendez
et al. 2005). The available biochemical data (mutagenesis experiments, sequence
conservation, NMR studies, etc.) relevant to the protein–protein complex may be
incorporated into docking algorithms to improve efficiency. For instance, Barahona
and Krippahl (2008); Krippahl and Barahona (2005) applied Constraint Program-
ming techniques to rigid body docking algorithm BIGGER (Palma et al. 2000).
Their approach imposed a broad range of constraints or combinations of constraints
on distances between points of the two structures to dock, which allows the use of
experimental data to increase the effectiveness and speed of modeling protein
interactions and which cannot be done as efficiently in Fourier transform methods.
Recently, Motiejunas et al. (2008) presented an efficient Brownian Dynamics (BD)
algorithm that mimics the physical process of diffusional association and relevant
biochemical data is directly incorporated as distance constraints in BD simulation.

2.5 Flexible Docking

In the previous discussion, proteins are assumed to be rigid-body. However, in
native proteins, they are not rigid. The ‘native state’ is not a single conformation,
but a whole ensemble of conformations which are populated under physiological
conditions. In many cases, this flexibility is essential for the biological function.
For example, it allows enzymes to fit themselves around their ligands, and
molecular motors to convert chemical energy into mechanical work. Therefore,
characterizing the flexibility of a native protein is of great importance in protein
docking. The development of computational approaches able to accurately handle
the flexibility of the protein within the context of protein–protein docking
problems is still not satisfied. Modeling the flexibility of protein is still a hard
problem due to high degrees of freedom and is very challenging in the next few
years (Palma et al. 2000).

Conformation changes that occur during the formation of a protein complex are
among the most difficult challenges to rigid body docking methods. Treating this
molecule flexibility in an explicit way is an impracticable computational task since
there are many degrees of freedom. Recently, many of the groups which developed
docking programs have already devised a way of considering side chain confor-
mational rearrangement during docking, whether implicitly or explicitly (Camacho
2005; Camacho and Vajda 2001; Fernendez-Recio et al. 2003; Jackson et al. 1998;
Munoz et al. 2003; Palma et al. 2000; Zacharias 2003); Methods for considering
higher levels of flexibility, involving the rearrangement of segments of the protein
backbone, i.e. loops, domains, or the whole protein, are currently being explored
by an increasing number of groups (Dominguez et al. 2003; Fitzjohn and Bates
2003; Smith et al. 2005). The limitation of current approaches in representing
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macromolecular flexibility for protein–protein docking have been described in a
survey (Bonvin 2006) which emphasized the need for combining existing
approaches.

Protein docking algorithms dealing with flexibility can be grouped into two
classes: side chain flexibility only as well as backbone and side chain flexibility
both considered. Molecular dynamics simulation or Monte Carlo simulation is
often used in the latter approach, in conjunction with some form of rigid-body
docking, either before or after the MD simulations.

2.5.1 Side-Chain Flexibility

One approach to address the problem of side-chain flexibility explicitly is to use a
reduced protein model in the context of rigid-body docking, to allow some
tolerance of atomic clashes across protein interfaces (Gray 2003; Zacharias 2003).
Gray (2003) used a reduced representation model for side-chains in Monte Carlo
search. In their low-resolution representation, each residue is represented by the
four backbone atoms (N, C a, C, and O) and one pseudo-atom, the ‘‘centroid’’, to
represent the side-chain. The location of the centroid is the average location of the
side-chain atoms in the residues of identity, derived from the known structures
from the PDB. After the low-resolution MC search, explicit side-chains are added
to the protein backbones using a backbone-dependent rotamer packing algorithm
and are optimized using a simulated-annealing Monte Carlo search. (Zacharias
2003) took a similar approach but he used at most three pseudo-atoms to represent
one residue. This reduced protein representation allowed an efficient energy
minimization search in rotational and translational degrees of freedom. A multi
copy approach was used to select the most favorable side-chain conformation
during the docking process.

Kimura et al. (2001) and Rajamani et al. (2004) have shown that the side-chains
important for molecular recognition acquired conformations similar to those in
which they found buried in bound complexes, using molecular dynamics. The
side-chains on the interface in the unbound structures often differ a lot from those
in the bound complexes (Camacho 2005). Analysis of side-chain rotamer
conformations acquired in solution plays an important role in modeling the whole
protein complexes. The challenging thing here is how to identify the right rotamer
conformation, i.e. the rotamer conformation in the bound complex, of interface
residues (if they are known to be on interface) in the unbound structure. A simple
method is to use the most recurrent rotamer conformations in MD simulation
snapshots (Camacho 2005). This method works quite well for Cohesin-Dockerin
complex in CAPRI-II, in which the anchor residues (the most important residues in
molecular recognition) do not change conformation upon binding in backbones.

Alternatively, Lorber et al. (2002) pre-calculated multiple conformations of
multiple residues for the ligand. These conformations were docked into both the
bound and unbound structures of the cognate receptors, and their energies were
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evaluated using an atomistic potential function. Their docking results from 7 test
systems suggested that the pre-calculated ensembles did include side-chain
conformations similar to those adopted in the experimental complexes. When
docked against the bound conformations of the receptors, the near-native
complexes of the unbound ligand were always distinguishable from the non-native
complexes. When docked against the unbound conformations of the receptors, the
near-native docking solutions can usually, but not always, be distinguished from
the non-native complexes. In every case, docking the unbound ligands with
flexible side chains led to better energies and a better distinction between near-
native and non-native fits (Lorber et al. 2002).

2.5.2 Backbone Flexibility

Protein interfaces exhibit considerable plasticity, and various types of backbone
conformational changes have been observed upon complexation. Several
promising approaches have been developed to treat backbone flexibility explicitly
in protein docking. In the CAPRI rounds (3–5), Smith et al. (2005) showed that
using the ensembles generated by Molecular Dynamics simulations, as inputs for a
rigid-body docking algorithm, increased the success rate, especially for the targets
exhibiting substantial amounts of induced fit. In their recent work on CAPRI
rounds, this cross-docking was followed by a short MD-based local refinement for
the subset of solutions with the lowest interaction energies after minimization
(Król et al. 2007). Their results revealed that cross-docking approach produces
more near-native solutions but only for targets with large conformational changes
upon binding. Refinement MD simulations substantially increased the fraction of
native contacts for near-native solutions, but generally worsen interface and ligand
RMSD. They found that although MD simulations are able to improve side-chain
packing across the interface, which resulted in an increased fraction of native
contacts, they are not capable of improving interface and ligand backbone RMSD
for near-native structures beyond 1.5 and 3.5 Ǻ, respectively.

Bastard et al. (2003) explored a similar approach and they took into account the
induced conformational adjustment of flexible loops situated at a protein/macro-
molecule interface. Their method was based on a multiple copy representation of the
loops, coupled with a Monte Carlo conformational search of the relative position of
the proteins and their side chain conformations. The selection of optimal loop
conformations took place during Monte Carlo cycling by the iterative adjustment of
the weight of each copy. Using this approach they were able to pick up the correct
loop structure of a protein/DNA complex between the prd paired domain protein and
it cognate DNA. HADDOCK performs rigid-body docking followed by a molecular
dynamics simulated annealing refinement on backbone and side-chain degrees of
freedom, and the added flexibility improves the docking results (Dominguez et al.
2003). A multi-body docking approach has been implemented in FlexDock to deal
with hinge motions associated with complex formation given the knowledge of
hinge regions prior to the docking and the method was able to correctly model large
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conformational changes occurring in the binding of calmodulin and a target peptide
(Schneidman et al. 2005). Recently Wang et al. (2007) presented a reformulation of
the Rosetta docking method (Gray 2003) that incorporates explicit backbone
flexibility in protein–protein docking. This method was based on a ‘‘fold-tree’’
representation of the molecular system (Bradley and Baker 2006), which seamlessly
integrates internal torsional degrees of freedom and rigid-body degrees of freedom.
Problems with internal flexible regions ranging from one or more loops or hinge
regions to all of one or both partners can be readily treated using appropriately
constructed fold trees. The explicit treatment of backbone flexibility improves both
sampling in the vicinity of the native docked conformation and the energetic
discrimination between near-native and incorrect models (Wang et al. 2007).

Ehrlich et al. (2005) have studied the impact of protein flexibility on protein–
protein association by means of rigid body and torsion angle dynamics simulation.
In their study, the binding of barnase and barstar was chosen as a model system
because the complexation of these two proteins is well-characterized experimen-
tally and the conformational changes accompanying binding are modest. On the
side chain level, they showed that the orientation of particular residues at the
interface have a crucial influence on the way contacts are established during
docking from short protein separations of approximately 5 Ǻ. However, side-chain
torsion angle dynamics simulations did not result in satisfactory docking of the
proteins when using the unbound protein structures. On the backbone level, even
small (2 Ǻ) local loop deformations affect the dynamics of contact formation upon
docking. This result indicated that both side-chain and backbone levels of
flexibility influence short-range protein–protein association and should be treated
simultaneously for atomic-detail computational docking of proteins.

2.5.3 Soft Docking

The center idea of the soft representation of protein surface proposed by Munoz
et al. (2003) is that the assumption that a protein molecule is constituted by a hard
core part that determined the overall shape of the protein surrounded by a layer of
high plasticity that allows penetration of side-chains but without constraining them
by type of amino acid.

Palma et al. (2000) observed that most of the conformational change upon
complex formation is due to flexible amino acid side-chains positioned at the
molecule surface and not every amino acid showed the same degree of freedom to
move. Among the protein complexes observed, ARG, LYS, ASP, GLU, and MET
presented the highest frequency and amplitude of movements between the structures
of unbound and bound proteins. In their docking approach BIGGER, every atom
(except C b atom) belonging to the side-chain of these five amino acids was
considered flexible and was allowed to unrealistically penetrate the other molecule
during the docking search.
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