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In this paper we address the problem of extracting features

relevant for predicting protein–protein interaction sites from

the three-dimensional structures of protein complexes. Our

approach is based on information about evolutionary con-

servation and surface disposition. We implement a neural

network based system, which uses a cross validation proce-

dure and allows the correct detection of 73% of the residues

involved in protein interactions in a selected database

comprising 226 heterodimers. Our analysis confirms that the

chemico-physical properties of interacting surfaces are

difficult to distinguish from those of the whole protein sur-

face. However neural networks trained with a reduced

representation of the interacting patch and sequence profile

are sufficient to generalize over the different features of the

contact patches and to predict whether a residue in the

protein surface is or is not in contact.Byusingablind test,we

report the prediction of the surface interacting sites of three

structural components of the Dnak molecular chaperone

system, and find close agreement with previously published

experimental results. We propose that the predictor can

significantly complement results from structural and func-

tional proteomics.

Keywords: protein–protein interaction; protein surface;

neural network; evolutionary information.

In the Ôpost-genomeÕ era, a shift of emphasis is taking place
towards making genomics functional [1,2]. In this respect,
the systematic study of protein–protein interaction through
the isolation of protein complexes is under way, and cell-
map proteomics adds a route to efficiently study the genome
at the protein level [3–6]. The availability of the complete
DNA sequences for many prokaryotic and eukaryotic
genomes, however, makes it feasible to tackle the problem
from a computational perspective [7–9] and characterize
putative protein networks involved in functional pathways
[10,11].

A different but complementary approach for understand-
ing which proteins functionally interact is to develop tools
that starting from the complexes known at atomic resolu-
tion can extract features common to all the proteins that
share a common surface. This allows the prediction of
putative contact regions in proteins that may interact with
other proteins.

The analysis of protein contact surfaces has a relatively
long history; from the pivotal work of Chotia & Janin [12],
in which a small number of protein complexes were
analysed, to the more recent work of Thornton et al.
[13–16], which focuses on the properties of patches of
interacting residues in protein, particularly homodimers.

Current biophysical theories about the protein interacting
regions highlight the role of the shape, chemical comple-
mentarity and flexibility of the molecules involved [17].

An important finding has been the presence of a significant
population of charged and polar residues on protein–
protein interfaces [18]. Hydrophobicity is an average
characteristic property of interacting surfaces only in
homodimers, most of which exist in an oligomeric state
[19]. Other complexes, however, have interfaces with mean
hydrophobicities that are essentially indistinguishable from
that of a typical protein surface [17,18]. Similarly, no residue
preference for the interacting surfaces has been reported,
although a recent study carried out on 621 protein–protein
interfaces taken from the PDB database indicates that
hydrophobic residues are abundant in large interfaces while
polar residues are more abundant in small interacting
patches [20].

The geometric and electrostatic complementarity obser-
ved within interfaces forms the basis of docking methods
(rigid and soft docking) that can be used to detect protein–
protein interactions when crystal structures are available
[21].

An alternative possibility that does not depend on the
knowledge of the protein structure is the detection of
regions of interaction by the presence of specific family
signatures in the multiple sequence alignment able to
discriminate different types of contacts. This approach has
been addressed with different methods. Casari et al. [22]
introduced a multicomponent analysis for detecting, in
sequence space, those residues that are conserved within a
subfamily of proteins, but which differ between subfamilies
(tree-determinant positions). These positions were inter-
preted as part of the interacting surface between proteins
and substrates, or between different proteins [23]. Other
authors [24,25] studied positions exhibiting conservation
patterns in one or more subfamily and interpreted the
results in terms of prediction of binding sites and functional
interfaces.
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More recently, methods were devised for predicting
residues involved in protein interaction sites in the absence
of any structural reports. By analysing hydrophobicity
distribution, linear stretches of sequences were predicted as
receptor-binding domains [26] and a Support Vector
Machine learning system was trained to recognize and
predict interactions based solely on primary structure and
associated physico-chemical properties [27].

In spite of the wealth of approaches presently available,
the problem of predicting an interacting surface in an
unbound protein still deserves some attention, because most
of the above mentioned methods are suited to solve only
particular aspects of protein–protein interaction.

Our present study focuses on the generation of a tool
for detecting interacting surfaces in proteins starting from
their three-dimensional structure. This is particularly
important in determining protein function, especially that
of proteins of known structure but unknown function,
and is a necessary prerequisite in functional proteomics
studies. We trained a neural network system to learn the
association rules relating to exposed residues at the
protein surface with the property of being or not being
in a contact patch. The system, using a cross validation
procedure on the 226 protein heterodimers of the selected
data set, performs with a 73% per residue accuracy.
To further test our method we also predict the protein–
protein interaction sites of the three-structural component
of the Dnak molecular chaperonin system, recently solved
as unbound molecules [28–30] and for which many
experimental results have been published, pointing to
specific interaction regions in the complex (for review see
[31]). Remarkably our predicted interaction sites fit with
the experimental data, confirming that the predictor can
be used to locate putative interaction surfaces in unbound
proteins.

E X P E R IM EN T A L P RO C E D U R E S

Selection of the database

The data set for training/testing was selected from the SPIN
database (http://trantor.bioc.columbia.edu/cgi-bin/SPIN/),
which contains all the protein complexes contained in the
PDB Protein Data Bank. Using the SPIN search engine, it is
possible to search the set of protein complexes for specific
characteristics. In our search we excluded homodimers and
protease–inhibitor complexes. It is well documented that
hydrophobicity is an average characteristic property of the
interacting surfaces of homodimers [19]. Furthermore the
interacting surface of proteases is characterized by distin-
guishing marks, mainly serine and histidine active site
signatures, and are therefore easily detectable from the
protein sequence (http://www.expasy.ch/prosite). The exclu-
sion of homodimers and protease complexes was carried out
in order to eliminate strong peculiar signals, as our goal is to
test (train) the predictor on protein interfaces with general
characteristics. We also excluded chains involved in more
than one interaction, in order to concentrate only on
heterodimers. The set was then filtered, thus eliminating the
chains labelled as Ômembrane peptidesÕ, small proteins’ and
Ôcoiled coilsÕ in the SCOP classification [32]. This was carried
out in order to discharge small fragments annotated as
different protein chains. After this filtering, we ended up

with 226 interacting protein chains (the list is available at
http://www.biocomp.unibo.it/piero/pplist.txt).

Surface and contact definitions

We adopt the simplest description of the protein surface and
contacts. Each protein is represented using its Ca trace
(connecting the Ca atoms in the protein backbone), and the
contacts between the protein dimers are computed using the
CA atom distances between the two chains. According to
this procedure, the protein surface is then the collection of
the CA coordinates belonging to the exposed residues.
Solvent exposure is separately computed for each chain,
using the DSSP program [33]. Each complex is split in
different files containing only the coordinates of a single
chain. After a thorough inspection, for defining a residue
exposed or buried, we selected as a threshold cut-off 16% of
the relative solvent accessibility [34].

The patches relative to the protein–protein interaction
sites are defined for each protein chain using a CA distance
cut-off of 1.2 nm. This threshold value is selected after
comparison with the patches obtained using an all-atom
representation. By this, the number of residues involved in
protein–protein interaction sites is about 40% of the whole
set of exposed residues (31910 residues) in the selected
database.

The Predictor

Our method is a feed-forward neural network trained with
the standard back-propagation algorithm [35]. The network
system is trained/tested to predict whether each surface
residue (represented by a CA atom) is in contact or not with
another protein. The network architecture contains an
output layer, which consists of a single neuron representing
contact (target value ¼ 1) or noncontact (target
value ¼ 0). We tested our predictor using different num-
bers of hidden neurons (from 2 to 10), and the best
performance was obtained with a hidden layer containing
four nodes. The neural network is fed using an 11 residue-
long window. This window is centred on the surface residue
to be predicted that is sided by the 10 nearest neighbours in
the patch. The residues included in the input window are
close in space, not necessarily contiguous in the sequence
and represent a rough approximation of the local surface.
Each residue in the input window is coded as a vector of 20
elements, whose values are taken from the corresponding
frequencies in the multiple sequence alignment of the
protein as extracted from the HSSP file [36].

R E S U L T S AND D I S C U S S I O N

The predictor at work

We trained the predictor using a threefold cross validation
procedure. This was carried out by splitting the data set into
three subsets, almost equal in size (the sequence identity
within the protein chains of each set was £ 30%). The
network during the training phase extracts general rules of
associations between the residues on the protein surface and
the feature of being in the contact surface or not, depending
on the local context of nearest neighbours. Moreover, the
code of each residue is determined by its position in the
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sequence profile. This is the same as including the residue
conservation in the contact surface in the protein family.

The scoring efficiency of the best performing neural
network in the testing phase is shown in Table 1. The two-
state per-residue accuracy (Q2), computed as the total
number of correctly predicted contacts and noncontacts
normalized over the whole data set, reaches 0.73 with a
correlation coefficient (C) of 0.43. This is a relevant
achievement if we compare this efficiency with that obtained
with a random predictor (in this case the Q2 and C-values
are equal to 0.60 and 0, respectively).

Another scoring index for the contact (c) class is the
probability of correct predictions [P(x) in Table 1]. P(x)
gives the accuracy of the prediction of the x class with
respect to the overall amount of total predictions made for
that class. The prediction efficiency has a P(x) value of 0.72
and this is by far higher than that obtained with the random
predictor (0.40). Moreover, the P(x) value is fairly well
balanced for the two classes (see Table 1). This indicates
that on average the probability of correct assignment is
independent of the class type. In contrast, the Q index (the
number of the true positives over the number of all positives
in the class) is higher for the noncontact class (Table 1). This
disproportion is due to the fact that the predictor gives more
assignments to the most abundant class (40% of the
residues are contacts, 60% are noncontacts).

While this work was in progress, a similar predictor based
also on neural networks became available [37]. However, in
this work all the complexes in the PDB June 2000 release
(615 protein complexes) are retained, independent of their
classification. Furthermore, a 40% sequence identity cut-off

for protein homology is used instead of the present 30%and
the definition of the interaction surface is different from our
predictor, considering an all-atom protein representation.
The network architecture is more complex and the input
code also includes solvent accessibility. Although, for these
reasons, the accuracy of the two predictors cannot be
directly compared, the declared probability of correct
predictions [P(c)] is somewhat lower (70%) than that
obtained in the present work (72%) when heterodimers
are predicted.

The accuracy distribution per protein achieved by our
predictor is shown in Fig. 1. The bar graph indicates that
86% of the proteins of the set is predicted to have a contact
surface with an accuracy higher than random. Noticeably,
66% of the proteins are predicted to have a contact surface
with an accuracy 20% higher than random.

The distribution of the residues on the protein surfaces
(white bars in Fig. 2) in our selected database is compared
to that of those observed in the contact patches (grey bars in
Fig. 2). As previously observed [17,18], in our selected set of
protein complexes the average composition of the interact-
ing surface patches is barely distinguishable from that of the
entire surface. Processing the input information to the
output by the network during the training phase is,
however, sufficient for the predictor to capture with good
efficiency the relative difference between an in-contact and
not-in-contact residue. This is clearly indicated by the

Table 1. Scoring the efficiency of the neural network-based predictor.

Q2, number of correct predictions/number of total predictions.

C, correlation coefficient. P(x), number of correct predictions in class

x/number total predictions in class. Q(x), number of correct predic-

tions in class x/number total observed in class x.

Contact Noncontact

Q2 C P(c) Q(c) P(nc) Q(nc)

0.73 0.43 0.72 0.560 0.73 0.85
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Fig. 1. Bar graph showing the distribution of Q2 scores for the 226

protein chains of the selected set.
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Fig. 2. Bar graph showing the distributions of

apolar, polar and charged residues on the

observed contact surface (grey colour), on

the predicted contact surface (black), and on

the whole protein surface (white).
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distribution of the residues predicted to be in the contact
surface (black bars in Fig. 2). The pattern is similar to that
of the residue distribution both in the contact and in the
whole surface.

The dependence of the accuracy values and of the frac-
tion of total residues with a given accuracy on the reliability
index [34] of the prediction are shown in Fig. 3. It appears
that 70% of the exposed residues are predicted with
reliability index ‡5 and an accuracy ‡80%.

The results shown in Fig. 3 indicate that also the P(c)
values are increasing at increasing reliability index (R).
The rate of false positives can be evaluated as [1-P(c,R)] and
is decreasing at increasing R values. When R ‡ 7, [1-P(c)]
decreases from 0.16 to 0.14. From these data, it can be
computed that � 6% of the exposed residues of our

database are falsely predicted to be in contact with a
reliability index ‡7. If we accept that the confidence of the
prediction is a reliable indication of the propensity of a
residue to be located in an interacting patch or not, the false
predictions may highlight a fundamental problem that
should be considered. In the training set, some of the
exposed residues are classified as false negative examples
because they are not part of a contact surface in the PDB.
However, they might be located in putative interacting
patches not documented in our database. According to
recent data of cell-map proteomics [1–6], a given protein
may participate in complex interaction networks and
therefore it can be involved with two or more interaction
surfaces that are not documented in the PDB.When the Q2
value is computed, residues which are falsely predicted in
contact (false positives) decrease the accuracy. It can be
speculated that in cases of false predictions with high values
of reliability index, by comparing with the presently
available data base of interacting complexes the accuracy
may be biased by the lack of knowledge of all the possible
protein interactions. If the false positives correspond to (or
include) false negatives of the training set, we are presently
computing a lower minimum value of the predictive
performance. Obviously, more structural data are necessary
to validate our speculation.

A blind test

To test the applicability of this method, we predicted the
surface interacting sites of three structural components of
the Dnak molecular chaperone system (Fig. 4). The DnaK
(eukaryotic Hsp70) system is involved in many protein
folding and traffic processes in the cell. The main compo-
nent of the system is DnaK, a two-domain protein with a
C-terminal domain responsible for the binding of unfolded
hydrophobic peptides and a N-terminal domain, which
binds ATP. This protein can bind and release peptides (in
the Ct domain) in a cycle driven by nucleotide hydrolysis
and exchange (in the Nt domain). The structures of both

0.7

0.75

0.8

0.85

0.9

0.95

1

0 1 2 3 4 5 6 7 8 9

Reliabilit

y 

Index

Q
2 

an
d 

P
(c

)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

D
at

a 
S

et
 F

ra
ct

io
n

Q2

P(c)

Fig. 3. Q2 and P(c) scores as a function of the reliability index (R) of the
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increasing R values. Q2 (j) is evaluated as the number of correct

predictions over the total number of exposed residues in the data base

(¼ 31 910 residues); P(c) (d) is the number of residues correctly

predicted to be in contact over the number of predicted ones in the

interacting patches at the differentR values. [1-P(c,R)] is an estimate of

the rate of false positives with a given R according to the predictive

method.

Fig. 4. Prediction of the interacting surface

for the three structural components of the

DnaK molecular chaperone system.

The structures of DnaK N-terminal and

C-terminal domains, that has been deter-

mined separately (PDB codes 1dkg and

1dkx, respectively), are shown at the bottom.

The structure of the DnaJ J-domain (PDB

code 1xbl) is shown at the top. CA carbons

of residues predicted at the putative interfa-

ces by the neural network are shown as

spheres depicted in blue. The peptide frag-

ment (enclosed in theDnaKCt-domain) and

the nucleotide exchange factor GrpE protein

(co-crystallised with the Dnak Nt-domain)

are shown in red colour with thick back-

bone. The DnaJ conserved HPD motif is

shown in yellow.
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domains were determined separately [28–30]. Their inter-
action in the whole protein is not known although some
biochemical data highlight possible contact regions. The
third component of the system is the DnaJ protein, which
promotes nucleotide hydrolysis in the DnaK Nt domain.
The DnaJ J-domain contains a highly conserved three-
residue motif (HPD; for review see [31]). For each of the
three structures, the network predicts putative interacting
residues on the protein complexes (Fig. 4). For the DnaK
N-terminal domain (cocrystallised with the GrpE protein)
the predicted residues concentrate on subdomain I (right).
They map two regions, one at the top (subdomain Ib),
including contacts with GrpE, and another at the bottom,
where contacts with GrpE are absent (subdomain Ia). For
the DnaK C-terminal thin domain, most of the predictions
cluster in the same face and concentrate in the connection
with the Nt-domain, the last ahelix and a central region
close to the peptide-binding site. For the DnaJ J-domain,
the predictions map close to the conserved HPD motif and
in the C-terminal ahelix.

Some known biochemical data partially support our
blind predictions. For the DnaK Nt domain, most of the
mutants that affect interaction with the Ct domain are
concentrated in sub domain I [38]. In particular, subdomain
Ia is the initial part of the Ct domain. This region undergoes
major structural changes during the nucleotide hydrolysis/
exchange cycle and some mutants raised to avoid the
interaction with DnaJ are affected in this specific part of the
protein [39]. The other region (subdomain Ib) at the top, is
close to the ATP binding site; it also endures major
structural changes during the cycle and corresponds to the
multimerization site in the structural homologue actin [40].
Mutants described in the literature [39,41] support the
predicted regions.

For theDnaKCt domain, amutant has been described in
one of the predicted regions close to the peptide-binding site
[38]. For DnaJ, the conserved HPD motif is implicated in
the interaction with DnaK [41], and one of the residues of
the motif is also predicted by neural networks. As a whole,
the predicted residues indicate the expected and probable
regions of interaction, in agreement with the contacts with
GrpE and the results obtained from experiments with
mutants. The contact regions predicted with our method
and the implicit model of interaction can be tested by
additional mutations, by solving the structure of some of the
complexes or by other experimental means.

CON C L U S I O N S

We have analysed the possibility of predicting the residues
forming part of protein–protein interacting surfaces in
proteins of known structure. We have used two very basic
sources of information: evolutionary information as accu-
mulated in sequence profiles derived from family alignments
and surface patches in protein structures identified as sets of
neighbour residues exposed to solvent.

Training the neural network with this information has
revealed to be enough for predicting a significant number of
known protein surfaces with average accuracy of 73%of the
interacting residues correctly predicted.

This result is surprising, as previous work [17,18,37]
revealed very weak propensities of the interaction surfaces
both in geometrical, electrostatic, hydrophobic and

sequence based properties. The analysis of the information
captured by the network confirms these weak tendencies.

The predictor is presently available from the authors
upon request.
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