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ABSTRACT
A rapid increase in the number of
experimentally derived three-dimensional structures provides an opportunity to better understand
and subsequently predict protein–protein interactions. In this study, structurally conserved residues
were derived from multiple structure alignments of
the individual components of known complexes and
the assigned conservation score was weighted based
on the crystallographic B factor to account for the
structural ﬂexibility that will result in a poor alignment. Sequence proﬁle and accessible surface area
information was then combined with the conservation score to predict protein–protein binding sites
using a Support Vector Machine (SVM). The incorporation of the conservation score signiﬁcantly improved the performance of the SVM. About 52% of
the binding sites were precisely predicted (greater
than 70% of the residues in the site were identiﬁed);
77% of the binding sites were correctly predicted
(greater than 50% of the residues in the site were
identiﬁed), and 21% of the binding sites were partially covered by the predicted residues (some residues were identiﬁed). The results support the hypothesis that in many cases protein interfaces
require some residues to provide rigidity to minimize the entropic cost upon complex formation.
Proteins 2006;62:630 – 640. © 2005 Wiley-Liss, Inc.
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INTRODUCTION
Structural genomics projects promise to yield a large
increase in the number of experimentally determined
protein structures and hence a more comprehensive view
of protein fold space.1,2 Lacking a functionally driven
impetus, many of these newly determined structures are
functionally uncharacterized. Exploiting this raw structural information and at the same time identifying functional sites, such as protein–protein binding sites, has
become an important question.3 Moreover, because proteins function through their interactions with other molecules, identiﬁcation of these binding sites is important for
mutant and drug design, functional annotation, and understanding the mechanism of the molecular recognition
processes. How then can we further our understanding of
protein–protein interactions with the advent of additional
©

2005 WILEY-LISS, INC.

structure information, most often consisting of single
uncomplexed components?
A number of studies on the characteristics of protein
interfaces have provided clues for binding site prediction.
In terms of physical chemistry, protein interfaces are
generally observed to be more hydrophobic than the remainder of the protein surface.4 Moreover, the interfaces
of permanent complexes tend to be more hydrophobic
when compared to those of transient complexes.4,5 Different amino acid compositions have also been observed
among the interaction sites of homo-permanent complexes, homo-transient complexes, hetero-permanent complexes, and hetero-transient complexes.6 In addition,
through alanine-scanning mutagenesis, it has been found
that the binding free energy is not distributed equally
across these protein interfaces.7,8 A small subset of residues at the interfaces form energy hot spots, enriched in
tyrosine, tryptophan, and arginine.8,9 These hot spots are
surrounded by hydrophobic rings that potentially occlude
bulk solvent.10 From a geometric perspective, most protein
interfaces, especially for large protein–protein complexes,
are relatively ﬂat when compared with the remainder of
the surface, whereas most enzyme-binding sites form the
largest surface cavities.4,11,12 Hu et al.13 and Ma et al.14
have analyzed representative families of protein–protein
interfaces. They found that protein-binding sites are studded with structurally conserved residues, especially polar
residues and provide a signature for energy hot spots.
Further, Ma et al.14 showed that these structurally conserved residues distinguish between binding sites and
exposed protein surfaces. They suggested that this ﬁnding
might be used for predicting binding sites or hot spots.
A number of further in silico approaches for predicting
protein–protein binding sites have been proposed.15 Docking procedures identify the binding mode of two interacting proteins with known structures and build an atomic
model of the complex by using geometric and electrostatic
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complementary.16,17 Homology modeling18 and multimeric threading19 approaches, which apply the knowledge
learned from a known complex structure to the component
(apo) homologs and examine the predicted contact residues
using a speciﬁc potential function, are able to predict
interaction partners of a protein and model the complex
using sequence alignments. The success of these two
approaches usually require at least 30% amino acid identity between homologs.15,20
Several additional computational methods can also predict protein-binding sites without any knowledge of binding partners. Evolutionary trace and related methods21–25
(e.g., ConSurf25) map the conserved residues of a protein,
derived from sequence alignment and associated phylogenetic trees, onto its structure and then searched for 3D
clusters. Pazos et al.26 used correlated mutations from
sequence alignments to predict binding partners and also
simultaneously deﬁne binding sites. Other methods identify the binding sites on the basis of the residue hydrophobicity,27 the properties of surface patches,28,29 and the
charge distributions at protein interaction interfaces.30
Recently, neural networks and support vector machines
(SVMs) were trained to predict binding sites using sequence proﬁles and accessible surface areas.31–35
All these methods use the evolutionary information from
the sequence alignment, and/or residue properties, and/or
structural properties. It is difﬁcult to compare the predictive power of these various methods because of the difference in training data and deﬁnition of binding sites as well
as the lack of common test sets.15 To the best of our
knowledge, none of the above methods exploits the information of spatially conserved residues in similar structures to
predict the protein-binding sites without the prior knowledge of their binding partners, although recently structurally conserved residues were reported to correspond to hot
spots on protein interfaces and can be derived from
multiple structure alignments.14 Integrated structurebased approaches will likely become more important as
more protein structures are determined by structural
genomics.
The key to using structure-based information is to
determine structurally conserved residues beforehand. In
this study, we identiﬁed all structurally conserved residues in the nonredundant chains of hetero-complexes from
the Protein Data Bank (PDB),36 where each of these
chains was structurally aligned to at least three other
nonredundant members. These conserved residues were
determined using a structural conservation score derived
from the multiple structure alignments and weighted by
the normalized B factors to consider the impact of the
ﬂexibility on the quality of the alignment. To combine
evolutionary information derived from sequence alignments and physical chemistry information derived from
structures, a support vector machine (SVM) was trained to
identify binding site residues using structural conservation, accessible surface area, and sequence proﬁle of
structurally neighboring residues. We show that structural conservation can signiﬁcantly improve the predictive
power of the SVM.
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MATERIALS AND METHODS
Data Set
All non-NMR protein structures that have multiple
chains and a resolution better than 3.5 Å were collected
from the PDB (March, 2004).36 For each structure, the
reduction of solvent accessible surface area (ASA) upon
binding between any two chains was calculated using the
DSSP program.37 A pair of chains was selected if the
reduction of ASA was ⱖ 450 Å2. The pairs containing
chains belonging to SCOP class ⱖ 838,39 or less than 80
amino acids long were discarded to ﬁlter out small fragments and focus our attention on relatively large protein–
protein interfaces.
The nonredundant chains of hetero-complexes were
selected by the method of Zhou et al.35 with the following
modiﬁcations. All the chains of selected pairs were compared using BLAST.40 Two chains were assigned to the
same cluster if the residue identity was ⱖ 30% and ⬎ 90%
of the amino acids were aligned. All the interacting pairs
were clustered this way. For proteins that interact with
multiple partners, the one with the most binding partners
was chosen as a representative. Collectively, the representative pairs comprise the nonredundant set of heterocomplexes.
The structural homologs corresponding to these nonredundant chains were retrieved at the SCOP family level
from the Astral database41,42 at the 40% sequence purge
level. Each chain was then aligned with its homologs using
CE-MC,43,44 a multiple structure alignment algorithm. If a
structure was composed of more than one SCOP domain,
different parts of this structure were aligned separately. A
chain was selected if at least four members were aligned
over 60% of their lengths and with a Z score45 above 4.0.
The selected chains were further ﬁltered by discarding
chains with less than 20 interfacial contacts or with no
B-factors provided. The ﬁnal data set consisted of 274
nonredundant chains of hetero-complexes, containing 319
binding sites. Each of these chains was accompanied by a
structure alignment of at least four nonredundant members. The data are available upon request.
Deﬁnition of Surface Residues and Interface
Residues
A residue was deﬁned as a surface residue if its ASA was
at least 15% of its nominal maximum area.46 The ASA for
each chain was calculated separately using the DSSP
program.37 The coordinates of a single chain were obtained
from the corresponding complex structure.
A residue was considered to form an interfacial contact if
the distance between any of its heavy atoms and any heavy
atoms of its interacting proteins were ⬍ 5 Å. A surface
residue was deﬁned to be an interface residue if it formed
an interfacial contact. According to this deﬁnition, about
28% (10,615) of all surface residues in the data set
represented protein–protein binding sites.
Normalization of B-factor
B-factors determined by X-ray crystallographic experiments provide an indication of degree of mobility and
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disorder of an atom in a protein.47 Several studies have
used B-factors to estimate conformational ﬂexibilities.48,49
Because of the difference among structures in the data set,
the B-factors must be normalized before comparison. In
this study, the C␣ B-factors were normalized using the
method described by Smith et al.48,49 First, a medianbased method was used to detect B-factor outliers in a
chain; outliers correspond to residues located within segments of unusually high mobility. These outliers were
removed before normalization. A residue with Mi ⬎ 3.5
was said to be an outlier. A Mi value was calculated as
follows:

B-factor) should be given a lower conservation score than
the one in the rigid regions (lower B-factor). Thus:

M i ⫽ 0.6745 ⫻ 兩x i ⫺ x̃兩/MAD

SVMs51 are powerful supervised learning algorithms for
making binary decisions. The data samples are mapped to
a high-dimensional feature space using a kernel function.
An optimal separating hyper-plane is then constructed to
separate two classes, maximizing the margin between
them.51 In this study, the SVMs were trained to predict
whether or not a surface residue was located at the
interface. It was implemented using SVMlight 52 with the
radial basis function as a kernel. The value of ␥ and the
regularization parameter C were tuned to 0.01 and 10,
respectively (see References 51 and 52 for details of tuning
these parameters).
Four SVM predictors were trained with different inputs.
Each predictor was input a window containing a surface
residue and its 12 spatially nearest surface residues (not to
be confused with contiguous residues). An interface residue was deﬁned to belong to the positive class, and a
noninterface residue was deﬁned to belong to the negative
class. For predictor 1, the inputs were sequence proﬁle and
accessible surface area of residues in the window. The
sequence proﬁle was obtained from three iterations of a
PSI-BLAST search against the NCBI nonredundant database (NR) with e ⫽ 0.001 and h ⫽ 0.001.53 Accordingly,
each residue was encoded as a feature vector with 13 ⫻ 21
dimensions: (the surface residue to be predicted ⫹ 12
nearest neighbors) ⫻ (20 amino acids ⫹ accessible surface
area). For predictor 2, the sequence proﬁle, accessible
surface area, and structural conservation score (weighted
by the normalized B-factor) were used as inputs (13 ⫻ 22
dimensions). The inputs for predictor 3 and predictor 4
were the same as those for predictor 2 except the weighted
structural conservation score was replaced by the raw
conservation score (without weighting) and the normalized B-factor, respectively. All the input values were scaled
between ⫺1 and 1 before being fed into the SVM.
It is known that a SVM makes more correct decisions on
a large characterized data set. In this data set, only 28% of
the surface residues were interface residues. If all surface
residues were used in the training, the machine would be
biased to predict a residue as a noninterface residue. To
address this issue, a set of noninterface surface residues
was randomly selected to make the ratio of positive and
negative data 1:1. Threefold cross-validation was then
used to train the SVM. The whole data set was randomly
divided into three subgroups with an approximately equal
number of chains. Each SVM was run three times with
three different training and test sets. For each run, two of

where xi is the B-factor of the ith residue, x̃ is the median of
the B-factors, and MAD is the median of absolute displacements from the median. The B-factor was then normalized
as follows:
B norm,i ⫽ 共B i ⫺  noout 兲/ noout
where noout and noout are the mean and standard deviation of the C␣ B-factors for a chain calculated after removal
of outliers.
The Structural Conservation Score
The structural conservation score was derived from the
structure alignment generated by CE-MC algorithm. The
raw conservation score at each aligned position x was
deﬁned as follows:
C共x兲 ⫽

2
⫻
N共N ⫺ 1兲

冘冘
N

N

i

j⬎i

L共s i 共x兲,s j 共x兲兲

where N is the total number of aligned structures, si(x) is
the amino acid at position x in the ith structure in the
alignment. L is deﬁned as follows and weighted by the
residue similarity (M):
L共s i 共x兲,s j 共x兲兲 ⫽ exp共 ⫺ d共si共x兲,sj共x兲兲兲 ⫻ M共si共x兲,sj共x兲兲
where d is the distance between the C␣ atom of si(x) and
sj(x). If a gap is present in either structure, a value of 6 is
assigned. M is deﬁned by Valdar et al.50 as follows:
M共s i 共x兲,s j 共x兲兲
⫽

再

m共a,b兲 ⫺ min共m兲
max共m兲 ⫺ min共m兲
0

a ⫽ gap 艚 b ⫽ gap
else

where m is a modiﬁed PET substitution matrix.50
The raw structural conservation score was then weighted
by the normalized B-factor (Bnorm,i) from the query structure to account for the structural ﬂexibility that will lead
to a poor alignment. Flexible regions are usually poorly
aligned hence the conservation scores derived form the
structural alignments of those regions are less reliable
than the scores derived from other regions. Therefore, for
two residues with the same raw structural conservation
scores, the one located in the ﬂexible regions (higher

weighted

C共x兲 ⫽ C共x兲 r共x兲

where
r共x兲 ⫽ exp共Bnorm,i兲
Since C(x) is between 0 and 1, a residue with a smaller Bnorm,i
score (less ﬂexible) would have a higher weightedC(x).
The weightedC(x) is equivalent to C(x) when Bnorm,i is 0.
The Implementation of Support Vector Machines
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Fig. 1. Discrimination between interface and noninterface residues for
different structural conservation scores. The error bars present ⫾10%
deviation of the measurements.

Fig. 2. Proportion of the interface and noninterface surface residues
surrounded by at least a certain number of structurally conserved surface
residues in a window sided by 12 spatially nearest surface residues. A
residue scoring within the top 20% was said to be structurally conserved.
The error bars present ⫾10% deviation of the measurements.
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Fig. 3. Residues with the top 20% of structural conservation scores
(red) mapped to adrendoxin (Adx, PDB code 1E6E:B) and known to bind
adrenodoxin reductase (AR, blue). The secondary structures of Adx are
shown in Figure 6(d).

Fig. 4. Comparative performances of the predictors. Predictor 1:
sequence proﬁle ⫹ ASA. Predictor 2: sequence proﬁle ⫹ ASA ⫹
structural conservation score. Predictor 3: sequence proﬁle ⫹ ASA ⫹ raw
structural conservation score unweighted by the normalized B factor.
Predictor 4: sequence proﬁle ⫹ ASA ⫹ normalized B factor.

RESULTS AND DISCUSSION
Structurally Conserved Surface Residues
the subgroups were used in training with the remaining
subgroups used as the test set. The performance of the
SVM was measured by the precision (the proportion of the
correctly predicted interface residues with respect to the
total positively identiﬁed residues) and recall (the proportion of the correctly predicted interface residues with
respect to the total number of interface residues).
The Clustering of Predicted Residues
Clustering was used to remove the isolated interface
residues predicted by SVMs and include the noninterface
residues surrounded by several predicted interface residues. Any two predicted interface residues were clustered
together using the hierarchical clustering method if the
distance between their C␤ atoms was ⬍ 6.5 Å. Clusters
with only one or two residues were then removed. A
predicted noninterface residue was converted to an interface residue if its C␤ atom and at least three predicted
interface residues were located within 6 Å.

The structural conservation scores of all 60,834 surface
residues in the 274 nonredundant chains of the heterocomplexes were calculated. The proportion of residues
scoring above a given threshold score at the interface and
noninterface was compared (Fig. 1). It is clear that structurally conserved residues are predominant at the binding
interfaces compared to the rest of the protein surface. For
example, the proportion of interface residues with the top
40% of scores was more than twice that of the noninterface
residues. Figure 2 illustrates the comparison between
interface and noninterface residues surrounded by a speciﬁed number of structurally conserved surface residues for
a window sided by the 12 spatially nearest surface residues (x-axis). A residue scoring in the top 20% was deﬁned
as structurally conserved. Note that the residues within
the window were spatially close on the surfaces but not
necessarily contiguous in sequence. Compared to noninterface residues, interface residues have signiﬁcantly more
structurally conserved residues in their spatial neighborhoods. Figures 1 and 2 illustrate that structurally con-
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served residues were more clustered at interfaces and
distinguished the interfaces from the remainder of the
surface. Figure 3 illustrates these structurally conserved
residues mapped onto the protein surface. Most of the
structurally conserved residues on the surface of adrendoxin (Adx) were located at the interface that binds to
adrenodoxin reductase (AR).
Ma et al.14 derived structurally conserved residues and
showed that these residues distinguish binding sites from
the remainder of the surface. In their study, 10 representative interfaces and their homologous members were aligned
using MUSTA,54,55 a sequence-independent structure comparison algorithm. A residue was deﬁned as structurally
conserved if ⬎80% of the members in the alignment had an
identical residue aligned within 1.0 Å. This approach is
more precise because similar interfaces were directly
aligned. However, structurally conserved residues cannot
be derived when the structures of complexes or their
homologous members are not available. In the present
study, the individual components of the complex, rather
than the whole complex, were aligned to their nonredundant structural homologs belonging to the same SCOP
family retrieved from the ASTRAL database. According to
SCOP, the proteins are in the same SCOP family if their
residue identity is ⬎30%, or they have lower residue
identity but with very similar functions and structures.
The structurally conserved residues were then derived
from the alignment with B-factors as weighting factors
(discussed later). This method allows large-scale analyses
because there are more structure homologs of unbound
structures than complexes. Figures 1 and 2 show that the
structurally conserved residues derived from single structures by our approach successfully discriminate interface
and noninterface surface residues. It is anticipated that
the majority of structures provided by the structural
genomics projects are not complexes and without information on their binding partners. Our approach can exploit
these newly determined structures to identify structurally
conserved residues, which can be further used for binding
site predictions.
The Predictor Using the Structural Conservation
Score
SVM predictors were trained using threefold crossvalidation with different inputs. Because all the chains in
the data set have below 30% residue identity, the interaction mode cannot be directly inferred from sequence
homology alone.20 The performances of predictors 1 and 2
were compared in Figure 4. The sequence proﬁle and
accessible surface area of the surface residue to be predicted and its 12 spatially close surface residues were
input to both of the predictors. Predictor 2 included the
structural conservation score as an additional input feature. The curves in Figure 4 were made by raising the
discrimination value of the SVMs from 0 with a 0.25
increment each time until the average number of predicted
interface residues of a protein was around 5. The performance of predictor 2 was better than that of predictor 1,
especially at high precision. It should be noted that this

TABLE I. Prediction Performances
(a) The precision and recall before and after clustering
Before Clustering
Predictora
Predictor 1
Predictor 2

After Clustering

Precision
(%)

Recall
(%)

Precision
(%)

Recall
(%)

49.8
(27.7)c
51.0
(27.6)

56.8
(31.6)
63.7
(34.5)

50.0
(30.6)
50.0
(29.3)

59.7
(23.0)
67.3
(27.1)

(b) Percentage of predicted binding sites for the two predictors at
50% precision after clustering
% of All Binding Sites After Clusteringb
Predictor
Predictor 1
Predictor 2

Precise
Prediction

Correct
Prediction

Partial
Prediction

Wrong
Prediction

39.5
(0.9)
52.0
(0.6)

59.9
(6.6)
76.5
(9.4)

31.7
(81.5)
21.0
(82.1)

8.5
(11.9)
2.5
(8.5)

Predictor 1: sequence proﬁle ⫹ ASA. Predictor 2: sequence proﬁle ⫹
ASA ⫹ structural conservation score.
b
Precise prediction: at least 70% of the interface residues were
identiﬁed. Correct prediction: at least 50% of the interface residues
were identiﬁed. Partial prediction: some but less than 50% of the
interface residues were identiﬁed. Wrong prediction: no interface
residues were identiﬁed.
c
Random predictions were obtained by random shufﬂing of the predicted interface and noninterface residues.
a

improvement at high precision is especially useful for the
selection of target residues for site-speciﬁc mutagenesis.
The predicted interface residues of predictors 1 and 2 were
then clustered to locate the binding sites on the protein
surface. The discrimination value of each predictor was
adjusted to give 50% precision after clustering, where
predicted interfaces residues were roughly 35% of the total
surface residues in the data set. Compared to predictor 1,
improvements in correctly or precisely predicted binding
sites were achieved with predictor 2 (the deﬁnitions for
different levels of prediction are described in Table I). The
number of correctly predicted binding sites increased 17%,
and the number of precisely predicted binding sites increased 13% from predictor 1 to 2. Both predictors predicted signiﬁcantly better than the random predictions
(shown in parentheses in Table I). Finally, 52% of the
binding sites were precisely predicted, 77% of the binding
sites were correctly predicted, and 21% of the binding sites
were partially predicted. These results indicate that structural conservation score is able to be effectively exploited
in the identiﬁcation of protein-binding sites.
Sequence proﬁle and accessible surface area used in
predictor 1 have been used in previous studies using SVMs
or neural networks as predictors31,34,35 to deﬁne interface
residues. Although similar inputs were used in these
studies, the predictions differ slightly. This may be due to
differences in the data sets and in the deﬁnitions of
interface residues.31 Koike et al.31 also included hydrophobicity, sequence conservation score, patch ﬂatness, amino
acid ratio in the patch, and interaction site ratio to train
the SVMs on a data set composed of homo- and hetero-
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complexes. Only the predicted interaction site ratio slightly
improved the predictions when the actual interaction site
ratio was unknown. According to the ROC curves in their
article, the recall increased about 8% when the precision
was 60%, but no improvement was observed when the
precision dropped to 50%. In the present study, by incorporating the structural conservation score into the SVM, the
recall increased about 18% at precision 60% and increased
10% at 50% precision.
The B-factor and the Structural Conservation
Score
Flexible regions in a protein tend to be aligned poorly in
structure alignment compared to other regions and therefore have less reliable structural conservation scores. To
take this into consideration, the raw structural conservation score was weighted by the normalized B-factor, reducing the conservation scores of the residues in the ﬂexible
regions (higher B-factors) and magnifying those in the
rigid regions (lower B-factors). To test if the weighting was
advantageous, two additional predictors were tested. Predictor 3 took predictor 1 and included the raw conservation
score without the weighting. Predictor 4 included only the
normalized B-factor and not the structural conservation
score. The impact of the four predictors is given in Figure
4, with the best results achieved at the top left of the
graph. Clearly the SVM using the weighted structural
conservation score (predictor 2) out performed the other
predictors. Improvement was only achieved at higher
precisions when using the raw structural conservation
score (predictor 3). On the other hand, the little improvement of predictor 4 also implied that the enhanced performance achieved by the weighted structural conservation
score was not directly caused by the B-factor alone.
In order to validate our prediction, the data set used in
this study was composed of individual components of the
complexes. One may argue that the impact of the weighting came from the fact that generally the interface residues in a crystallized complex have lower B-factors than
the rest of the surface. However, as observed by Neuvirth
et al.,28 the interface residues already have lower B-factors
and have more bound water molecules in the unbound
state. In addition, they observed the same biophysical
properties for the interfaces in the bound and unbound
states. This implies our data are suitable in evaluating the
method for predicting the binding sites from a structure
without knowing its binding partners.
The Predictions
Incorporating information on structurally conserved residues enhanced predictions for 58% of the 319 binding sites.
As expected, many of these binding sites were located in or
very close to the surfaces of relatively rigid regions, such as
␤ strands. Examples of the binding sites identiﬁed by our
approach (predictor 2) are presented in Figures 5 to 8. The
predictions were also compared with those predicted by
predictor 1 and by the ConSurf server.25 As previously
mentioned, predictor 1 used only sequence proﬁle and
accessible surface area, which are common input features
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used by previous studies.31–35 ConSurf is a tool identifying
the functionally important regions on the surface of a
known 3D structure from the phylogenetic information
derived from multiple sequence alignments. We used the
default parameters provided by the sever but changed the
maximum number of the homologues to 100, number of
psi-blast interaction to 3, and chose maximum likelihood
as the method of calculating conserved scores.
Figure 5 illustrates the predicted binding site on domain
1 of human coxsackie and adenovirus receptor (CAR D1)
with the knob domain of the adenoviruses serotype 12
(Ad12) as the binding partner. CAR is an integral membrane protein expressed in a broad range of human and
murine cell types. Domain 1 of CAR (CAR D1) is one of two
extracellular domains mediating Ad and coxsackie virus B
infections.56 It adopts an immunoglobulin-like ␤-sandwich
fold [Fig. 5(d)] and belongs to the V set domains (antibody
variable domain-like) SCOP family. As shown in Figure
5(a), only about 10% of the interface residues on CAR D1
were identiﬁed by predictor 1. After incorporating the
structural conservation score into the SVM, the prediction
improved signiﬁcantly, covering about 71% of the actual
binding site [Fig. 5(b)]. The predicted residues located in
the red circle were not bound to the partner and seemed to
be false positives. However, Bewley et al.56 pointed out
that each CAR D1 domain actually binds at the interface
between two adjacent Ad12 knob domains in the trimer
consisting of the virus and virus receptor [Fig. 5(e)]. This is
consistent given that most neutralizing antibodies to knob
are directed against the trimer, rather than the monomer.56,57 When the predicted residues in red circle in
Figure 5(b) were mapped to the biologically active molecule of the complex, they were actually bound to another
Ad12 knob domain [Fig. 5(e)], indicating a correct prediction. In this case, ConSurf [Fig. 5(c)] did not identify
clustered conserved residues in any of the two binding
regions.
A second example is the adrendoxin (Adx)-adrenodoxin
reductase (AR) complex (Fig. 6). In the mitochondria of
cells of the adrenal cortex the steroid hydroxylating system requires the transfer of electrons from the membraneattached ﬂavoprotein AR via the soluble Adx to the
membrane-integrated cytochrome P450 of the CYP 11
family.58,59 The predictor 1 has already predicted 56% of
the total interface residues in the middle of the binding
site [Fig. 6(a)]. However, those predicted residues did not
cover the primary interaction region determined by the
electrostatic analysis59 (within the red circle). This region
was identiﬁed and the total coverage reached 72% after
incorporating the structurally conserved residues using
predictor 2 [Fig. 6(b)]. Consurf also correctly predicted the
binding residues on this protein but our predictions were
more clustered toward the binding partner and have fewer
false positives [Fig. 6(c)].
Apert syndrome (AS) is caused by substitution of one of
two adjacent residues, Ser252Trp or Pro253Arg, in the
ﬁbroblast growth factor receptor 2 (FGFR 2).60,61 These
two mutations augment the afﬁnity to the ﬁbroblast
growth factor 2 (FGF 2) by introducing additional interac-
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Fig. 5. Predicted interface residues (purple) for domain 1 of the human coxsackie and adenovirus receptor
(CAR D1; PDB code 1KAC:B) identiﬁed by (a) predictor 1 and (b) predictor 2. The binding partner is the knob
domain of the adenoviruses serotype 12 (Ad12; blue). (c) The conserved residues predicted by the ConSurf
server are colored as a gradient between red (conserved) and dark cyan (variable). (d) The secondary
structures of CAR D1 are colored red for helices and yellow for strands. (e) The interface residues identiﬁed by
predictor 2 are mapped to the Ad12 knob–CAR D1 complex. The residues within the red circles in (b) and (e)
are bound to other virus molecules in the complex.

Fig. 6. Predicted interface residues (purple) for adrendoxin (Adx, PDB code 1E6E:B) identiﬁed by (a)
predictor 1 and (b) predictor 2. The binding partner is adrenodoxin reductase (AR; blue). The interface residues
deﬁned by predictor 1 are in the middle of the binding site; however, they failed to cover the primary interaction
region determined by electrostatic analysis (red circle). This region is identiﬁed when incorporating structurally
conserved residues using predictor 2. (c) The conserved residues predicted by the ConSurf server are colored
as a gradient between red (conserved) and dark cyan (variable). (d) The secondary structures of Adx are
colored red for helices and yellow for strands.

tions but do not affect the relative positions of their two
domains.62 Figure 7 shows the Ser251Trp mutant of
FGFR2. Predictor 2 successfully identiﬁed 74% of the
binding residues, including the two positions that mutations occur [Fig. 7(b)]. ConSurf identiﬁed many potential
binding residues as well. However, it is hard to deﬁne
where the actual binding site is [Fig. 7(c)].
Improved predictions were also observed in proteins
with multiple binding partners. Nitrogenase molybdenum-

iron protein from Clostridium pasteurianum consists of
tetramers with two ␣ and two ␤ subunits [Fig. 8(d)].63 The
interfaces on the ␤ subunit chain B contacting the ␣
subunit chain A was correctly predicted by both predictors
(66% for predictor 1 and 70% for predictor 2). However, the
interface contacting the ␣ subunit chain D was only
partially predicted (29% ) by predictor 1 [Fig. 8(a)], whereas
predictor 2 correctly (54% ) identiﬁed this interface [Fig.
8(b)]. For this protein, ConSurf correctly identiﬁed the
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Fig. 7. Predicted interface residues (purple) for the Ser252Trp mutant of ﬁbroblast growth factor receptor 2
(FGFR 2; PDB code 1II4:E) identiﬁed by (a) predictor 1 and (b) predictor 2. The binding partner is ﬁbroblast
growth factor 2 (FGF 2; blue). Substitution of one of the two adjacent residues, Ser252Trp (green) or
Pro253Arg (cyan), in FGFR 2 causes Apert syndrome. (c) The conserved residues predicted by the ConSurf
server are colored as a gradient between red (conserved) and dark cyan (variable). (d) The secondary
structures of FGFR 2 are colored red for helices and yellow for strands.

Fig. 8. Predicted interface residues (purple) for the nitrogenase molybdenum-iron protein of Clostridium
pasteurianum ␤ subunit (PDB code 1MIO:B) identiﬁed by (a) predictor 1 and (b) predictor 2. The two ␣ subunits
and the other ␤ subunit are colored blue, cyan, and green, respectively. (c) The conserved residues predicted
by the ConSurf server are colored as a gradient between red (conserved) and dark cyan (variable). (d) The
secondary structures of the ␤ subunit are colored red for helices and yellow for strands.

sites contacting the ␣ subunit chain A but, like predictor 1,
only partially identiﬁed a few residues contacting the ␣
subunit chain D [Fig. 8(c)].
Twenty-ﬁve of the 319 binding sites were poorly predicted by predictor 2. For each of these sites, predictor 1
identiﬁed at least ﬁve more interface residues than predictor 2. Visual inspection revealed that many of these
binding sites involved ﬂexible loops. One example is the
coat protein VP 1 in p1/mahoney poliovirus (1AL2: 1). The
deteriorated prediction of the interfaces on VP 1 may be
caused by loops that are in contact with the two other coat
proteins, VP 2 and VP 3. In other case scenarios, poorly
predicted binding sites resided in regions of poor structure
alignment. For example, ⬎30% of the residues of the
methane monooxygenase hydroxylase ␣ subunit (1FYZ: A,
C) were in the gapped positions of its structure alignment.
This led to an artiﬁcially low value for the structural
conservation score. This begs the question, what is the
overall impact of structure misalignments? To answer this
question we undertook a simple empirical test. Three
representative proteins (all alpha, all beta, alpha and beta)
were chosen from the data set to test the effects of
structure alignment. The manually curated structure alignments retrieved from the Homstrad database64 were
mapped to these proteins. The structural conservation
score was derived from these alignments and sent to the
predictor with the rest of the input features of predictor 2.
It is hard to test the whole data set in this way because

many Homstrad families do not have enough structures.
Figures 9 to 11 compare the interface residues identiﬁed
by the predictor using the CE-MC alignment versus that
using the Homstrad curated alignment. Although the
structure entries in the two alignments were not identical,
the predicted results only showed slight variation. This
indicates that our approach is not over sensitive to the
details of the structure alignment and is able to produce
consistent results.
In the present study, the precision is adjusted to 50% to
locate binding sites. At this precision, the number of
predicted interface residues was approximately 35% of the
total surface residues in the data set. Increasing the cutoff
will increase the coverage of the prediction (recall) but
with a decreasing precision (more false positives) as a
trade-off. As described above, incorporating the structural
conservation score did improve the prediction of the binding sites (Table I and Fig. 4). Larger improvements are
expected at higher precision (Fig. 4). It is not possible to
distinguish false positives from sites that could be bound
to an unidentiﬁed binding partner. For example, some
false positives in the CAR D1 [Fig. 5(b)] were actually
bound to the other knob domain and should be counted as
true positives.
The structural conservation score, which measures the
residue conservation in 3D space, is a major factor in
improving the predictions. A better scoring function or
weighting function could be developed in the future.
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tion projects. Thus this approach already has the potential
to have signiﬁcant impact since of the 45% identiﬁed many
have no or incomplete experimental binding sites information available.
CONCLUSION

Fig. 9. Predicted interface residues (purple) for the hemoglobin ␤
chain (PDB code 1ABW:B) identiﬁed by predictor 2 with structure
alignments provided by (a) CE-MC, (b) Homstrad.

Fig. 10. Predicted interface residues (purple) for the murine T-cell
receptor variable domain (PDB code 1KB5:A) identiﬁed by predictor 2 with
structure alignments provided by (a) CE-MC, (b) Homstrad.

We have surveyed the structurally conserved residues in
274 nonredundant chains of hetero-complexes. These conserved residues were deﬁned using a structural conservation score derived from multiple structure alignments
followed by a weighting process using normalized B-factor.
We have found that, although derived from the alignments
of structures without knowing their binding partners in
advance, these structurally conserved residues did distinguish the protein interface from the rest of the surface. An
SVM was then trained to predict the interface residues by
incorporating the structural conservation score with the
accessible surface area and sequence proﬁle of neighboring
residues as inputs. At a precision of 50%, the number of
correctly predicted binding sites increased 17%, and the
number of precisely predicted binding sites increased 13%
when incorporating the information from the structural
conservation. In total, 52% of the binding sites were
precisely predicted, 77% of the binding sites were correctly
predicted, and 21% of the binding sites were partially
predicted. A manual investigation revealed that many of
these improvements occurred at the binding sites located
on or very close to the surfaces of relatively rigid regions,
somewhat surprising perhaps, because it could be argued
that ﬂexibility is required for recognition. It appears that,
on balance, rigidity is preferred and is assumed to minimize the entropic cost upon complex formation. Details of
the impact of rigidity require further study. This study
indicates the feasibility of using information derived from
multiple structure alignments on a large scale. Moreover,
the method proposed here could be used to guide sitespeciﬁc mutagenesis experiments or combined with docking procedures to limit the search space.15
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Fig. 11. Predicted interface residues (purple) for adrendoxin (Adx,
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