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ABSTRACT With the large amount of protein–
protein complex structural data available, to under-
stand the key features governing the specificity of
protein–protein recognition and to define a suitable
scoring function for protein–protein interaction pre-
dictions, we have analyzed the protein interfaces
from geometric and energetic points of view. Atom-
based potential of mean force (PMFScore), packing
density, contact size, and geometric complementar-
ity are calculated for crystal contacts in 74 ho-
modimers and 91 monomers, which include real
biological interactions in dimers and nonbiological
contacts in monomers and dimers. Simple cutoffs
were developed for single and combinatorial param-
eters to distinguish biological and nonbiological
contacts. The results show that PMFScore is a better
discriminator between biological and nonbiological
interfaces comparable in size. The combination of
PMFScore and contact size is the most powerful
pairwise discriminator. A combinatorial score (CFP-
Score) based on the four parameters was developed,
which gives the success rate of the homodimer
discrimination of 96.6% and error rate of the mono-
mer discrimination of 6.0% and 19.8% according to
Valdar’s and our definition, respectively. Compared
with other statistical learning models, the cutoffs
for the four parameters and their combinations are
directly based on physical models, simple, and can
be easily applied to protein–protein interface analy-
sis and docking studies. Proteins 2006;64:68–78.
© 2006 Wiley-Liss, Inc.
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INTRODUCTION

Protein–protein recognition occurs in all kinds of life,
which plays an important role in many biological processes
such as signal transduction, gene expression control, en-
zyme inhibition, and antibody-antigen recognition. Pro-
tein interactions are widely studied by X-ray crystallogra-
phy and computational and biochemical methods. In the
past few years, many experimental techniques1–4 and
computational methods5–7 have been used to study the
functional networks of proteins in cells on the sequence
level. Recently, the interactions between complexes were

used to construct a structure-based network of molecular
machines in the cell.8 But the high false-positive problem
for both experimental and computational methods became
a bottleneck of building reliable protein–protein interac-
tion networks.9,10

With the growing collections of protein three-dimen-
sional (3D) coordinates deposited in Protein Data Bank
(PDB),11 high-throughput protein–protein docking may be
used to build reliable protein–protein interaction net-
works and design novel functional receptors or inhibi-
tors.12 In fact, the computational protein–protein docking
problem13,14 is far from being solved, which is mainly due
to our limited knowledge about the protein–protein recog-
nition. Elucidating the principles governing protein–
protein interactions at the atomic level will enrich our
knowledge of protein interactions and improve the docking
method.

We need to understand the fundamental questions
about the physical chemistry of noncovalent protein–
protein interactions. The known protein–protein com-
plexes can be termed as biological complex, because they
are known to associate in solution. Most crystal contacts
are artifacts of crystallization that would not occur in
solution, which are termed as nonbiological contacts. It is
interesting to know what the main differences between
biological and nonbiological contacts are. Physical and
chemical properties of protein–protein interfaces have
been analyzed by a number of research groups using
protein complex structures from the PDB. The properties
such as hydrophobicity, amino acid composition, hydrogen
bonding, contact size, sequence conservation, shape, atomic
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packing density, and atomic contact vectors of the protein–
protein interfaces have been studied.15–22

The previous studies show that biological contacts tend
to be more specific and larger than nonbiological ones. By
using these parameters as a checking procedure, it was
observed that they could not differentiate between biologi-
cal and nonbiological contacts unambiguously. Bahadur et
al.22 combined the nonpolar interface area and the fraction
of buried interface atoms and assigned 88% of the biologi-
cal contacts of the homodimers and 77% of the nonbiologi-
cal contacts of the monomers in their data set correctly. At
the same time, they reported that unlike the specific
interface, the large crystal-packing interfaces are poorly
packed. A potential based on just two atom types (hydropho-
bic and hydrophilic) has been used to identify native-like
complexes by their favorable potential energies.23 The
hydrophobic potential was shown to perform better. Biologi-
cal interfaces contain many specific interactions, including
van der Waals attraction and repulsion, hydrogen-bond
interactions, electrostatic interactions, etc. The average
energy contribution of H-bond is 47%; and that of hydropho-
bic interaction is 50%.24

To further analyze the contribution of different interac-
tions to protein–protein complex and to formulate a com-
bined criteria to differentiate biological and nonbiological
protein contacts, we have used atomic based potential
mean force score,25 contact size, packing density,12 and
shape complementarity26 of the protein–protein interface
in the study. The combination of packing density and
potential of mean force has never been used to discrimi-
nate between nonbiological and biological interfaces. A
combinatorial score based on the four parameters was
developed and successfully applied to differentiate biologi-
cal and nonbiological protein–protein interfaces.

MATERIALS AND METHODS
Data Collection

The data set of Ponstingl et al.27 was used to provide a
starting point for further analysis; 76 homodimers and 92
monomers were downloaded from http://www.ebi.ac.uk/
thornton-srv/software/quasiprox/. 1kba and 1vlb were ex-
cluded because 1kba is a homododecameric complex, and
the biological interface of 1vlb is not clearly defined (entry
1vlb replaces 1hlr, 1alo. The asymmetric unit for 1vlb
contains one copy of the macromolecule. “REMARK 350”
gave an identity matrix for generating the biomolecule. So
the biological interface of 1vlb is not clear). The PITA
program written by Ponstingl et al.28 was used to generate
all crystal contacts for each structure. Because the largest
contact size of interface of cytochrome c3 from desulfovib-
rio desulfuricans Norway (PDB 2cy3) is 7, it was obviously
monomer and excluded from our monomer data set. Thus,
74 homodimers and 91 monomers are kept. If there are
several identical interfaces, only one is kept. Among the 74
homodimers, 1hjr (A:C, B:D), 4kbp (A:E, B:C), and 9wga
(A:C, B:D) have two biological interfaces. The crystal
contacts with contact size larger than 10 (about B � 567
Å2) are kept and used in our analysis. Ponstingl et al.27

only selected the crystal contacts with the largest contact

area and made an arbitrary choice when the maximum
contact size was not unique. Mintseris and Weng21 used
the same criteria as Ponstingl.

But for some dimers, the largest interfaces are not the
biological one. For example, the biological dimers of farne-
syl pyrophosphate synthetase (1uby) and carboxylesterase
from pseudomonas fluorescens (1auo) correspond to the
second largest interfaces. For the crystal contacts of mono-
mers, sometimes several contacts are comparable in size,
and it is more reasonable to include more monomer
interfaces of comparable size in the study. This is particu-
larly important if we want to derive general criteria to
discriminate real protein–protein interactions and for
docking studies.

The biological interfaces of the homodimers were further
confirmed by literature reading. In total, 296 interfaces
from 74 homodimers and 465 interfaces from 91 mono-
mers, which include 77 true biological interfaces, are used
in this study. In all the cases, the dimer interfaces are the
crystal contacts with the largest interface but 1uby and
1auo (see Supplemental Material).

The docking decoy set I consists of 16 decoy sets down-
loaded from the Sternberg group’s Web site (http://
www.bmm.icnet.uk/docking/). The docking decoy set II
consists of 42 decoy sets downloaded from Weng group’s
Web site (http://zlab.bu.edu/zdock/decoys.shtml).

Definition of Protein–Protein Interface

The interface is defined as the set of atoms on a protomer
that each lose at least 0.1 Å2 of accessible surface area
(ASA) on binding with a partner and with �15 Å2 of
solvent ASA.12 Atom and residue solvent ASA are calcu-
lated by using the program NACCESS29 with a 1.4 Å probe
radius. The interface area is measured by comparing the
solvent ASA of the complex to that of its components15:

B � AA � AB � AAB (1)

where AAB is the solvent ASA of the complex, and AA and
AB are solvent ASA of both protomers, respectively. B
represents the buried surface area of the two component
proteins in contact.

PMFScore

The PMFScore is a statistical potential developed by
Jiang et al.25 to estimate binding free energy for protein–
protein interactions. The following four atom types were
used in the PMFScore calculation: hydrogen bond donor,
hydrogen bond acceptor, both donor and acceptor, and
neutral atom (neither donor nor acceptor). The details of
the specific definitions have been described in Jiang et
al.25 The PMFScore is defined as:

PMFScore � �
ij

�Aij(r) � �ij (2)

where

Aij � �kT ln[fij(r) / Zij] (3)
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where k is the Boltzmann constant and T is the absolute
temperature; fij(r) is a frequency of ij contacts occurring at
distance r.

Aij � reference energy � �Aij(r)

� kT ln[1 � mij�] � kT ln�1 � mij�
gij(r)
f(r) �

where mij is the total number of contacts between types i
and j, � is set to 0.02, gij(r) is the distribution of these
contacts occurring at distance r, and f(r) is the distribution
of all contacts for all types at distance r. And

��ij � 0 for rij 	 rcut-off

�ij � pi � pj for rij � rcut-off
(4)

where rcutoff is the cutoff distance of atom-type pair
interactions and is set to 8.0 Å, and pi is a weighting
coefficient from the atomic occupancy. According to Jiang’s
result, the correlation coefficient between PMFScore and
experimental binding free energy �Gbinding is about 0.75.

SCScore

This method of measuring shape complementarity by
Fourier correlation has been widely used in protein–
protein docking. Jackson et al.26 released the docking
program FTDock in 1998, which is available free-of-charge
to academic and nonprofit researchers. FTDock was modi-
fied to output a SCScore for a given protein–protein
interface. We assign a protein–protein complex structure
as two parts: receptor A and ligand B. First, molecules A
and B are discretized in a 3D N � N � N grid with every
grid point (l,m,n � {1…N}) assigned a value:

fAl,m,n � � 1:surface of molecule

:core of molecule
0:open space

(5)

and

fBl,m,n � � 1:inside molecule
0:open space (6)

We kept 
 the same as that used in their docking study.
Let’s consider the protein complex AB, the translation
vector of molecule B relative to A is p, q, r. To calculate the
SCScore of AB, a correlation function of fA and fB is defined
as:

SCScorer,s,l � �
l � 1

N �
m � 1

N �
n � 1

N

fAl,m,n � fBl�r,m�s,n�t (7)

Thus, we can easily calculate SCScore from a protein
complex structure according to the above equations. A
high SCScore means that protein–protein interface of the
complex has good surface complementarity.

Packing Density

The program for calculating packing density was a part
of a protein functional grafting program, which was devel-
oped by Liang et al.12 Packing densities were calculated

according to Richards by using method B30 A 2.8 Å solvent
shell was added onto the protein surface. Packing density
for each of interface atoms was calculated individually and
averaged.

Definition of Accuracy and Error Rate

To assess the performance of the four parameters and
their combinations, we use the following definitions by
Valdar and Thornton19:

● p � number of correctly classified biological contacts
● n � number of correctly classified nonbiological contacts
● o � number of nonbiological contacts classified as

biological (overpredictions)
● u � number of biological contacts classified as nonbiologi-

cal (underpredictions)
● t � p � n � o � u
● accuracy � (p � n)/t � 100%
● monomer error rate � 100% � accuracy

To penalize many more nonbiological contacts in the
homodimer data set, a �-coefficient19 is taken into consid-
eration when measuring performance of predictors. The �
(Matthew’s correlation coefficient) measures the correla-
tion between observed and predicted results and ranges
from �1 to �1, and the �1 means perfect correlation and
an ideal prediction. The � is calculated as:

� �
pn � ou

��p � o
�p � u
�n � o
�n � u

(8)

Performance on the homodimers is assessed by using
accuracy and �. On the other hand, the error rate is used to
measure performance of predictor on the monomers. Be-
cause of the large number of nonbiological contacts, Val-
dar’s definition usually gave a smaller error rate. In fact,
once a contact of monomer is predicted to be biological, this
monomer will be misclassified as biological dimers. Thus,
we defined a more strict error rate for the monomers as:

● f � number of monomers classified as biological dimers
● g � total number of monomers
● error rate � f/g �100%.

RESULTS
Analysis of Interface by Four Independent
Parameters
PMFScore

We calculated PMFScore (potential mean force score) of
296 interfaces from 74 homodimers and 465 interfaces
from 91 monomers, which includes 77 true biological
interfaces, and 684 nonbiological interfaces. The PMF-
Score distribution of nonbiological interfaces of ho-
modimers is modeled with a Gaussian curve. And the
value of �66551 is the three standard deviations from the
mean. According to our calculation of PMFScore on the
interfaces from homodimers, a contact is predicted to be
biological if its PMFScore is lower than �66551, which is
determined by the PMFScore distribution of nonbiological
contacts from homodimers. The overall accuracy by this
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predictor on the homodimers is 94.3% with a relatively low
� value of 0.85. By using the same predictor, 35 contacts
(19 monomers) among the 465 nonbiological contacts from
91 monomers are classified as biological. The error rate is
20.9% for the monomers according to our definition.

Contact size

The contact size is defined as the number of residues on
the protein–protein interface including both sides of the
two-component proteins. The contact size scales linearly
with the interface area. Crystal interfaces from ho-
modimers comprise one residue per 78.5 Å2 (correlation
coefficient R2 � 0.98; intercept � �217.9 Å2). The contact
size 22 [about B � 1509 Å2 (i.e., is 755 Å2 per subunit)] is
selected as a predictor according to the distribution of the
dimer data set. A contact is predicted to be biological if its
contact size is bigger than 22. Biological contacts were
typically bigger than nonbiological contacts, but there is a
region of overlap between them. This predictor gave an
overall accuracy of 96.3% with a � value of 0.90 for the
homodimers. When the same predictor was applied to the
monomer data set, 52 nonbiological contacts (29 mono-
mers) among the 465 contacts are classified as biological.
The error rate is 31.9% for the monomers according to our
definition. To identify biological contacts with a smaller
contact size or select crystal-packing interfaces compa-
rable in size to biological interfaces, it is obvious that more
than one parameter is required. The combination of con-
tact size and some other parameters will be necessary.

SCScore

The SCScore (shape complementarity score) is used to
analyze protein–protein interface. The calculation protocol
of SCScore used in this study is similar to that used in
FTDock,26 which follows closely the shape recognition
algorithm based on the method of Katchalski-Katzir et
al.31 SCScore of the same homodimer and monomer data
sets were calculated. Biological contacts are often more
highly shaped complementary than nonbiological ones. By
using the dimer data set as a training set, the contact is
predicted to be biological if its SCScore is bigger than 108.
This predictor gave an overall accuracy of 94.3% and �
value of 0.85 for the homodimers. When the same predictor
was applied to the monomer data set, 46 nonbiological
contacts (28 monomers) among the 465 contacts are classi-
fied as biological. The error rate is 30.8% for the monomers
according to our definition.

Packing density

A local atomic density (LD) index and a global density
index (GD)22 have been shown that these indices are
larger at biological than at nonbiological interfaces. Our
packing densities are calculated according to Richards
using method B.30 The distributions of packing densities
show that biological contacts tend to be better packed than
nonbiological contacts. Packing density of the biological
contacts in the homodimer data set is between 0.659 and
0.783. On average, biological contacts have a packing
density of 0.72, whereas nonbiological contacts have an

average of 0.70 in the homodimer data set and 0.707 in the
monomer data set. So, according to the packing density
distribution, when the packing density of an interface is
�0.60 or 	0.84, it should be a nonbiological interface. This
rule is very useful in filtering docking decoys.

Analysis of Interface by Pairwise Combination of
the Four Parameters
Analysis of interface by PMFScore and contact size

The combination of cutoffs from PMFScore and contact
size of homodimer data set, which is called ① ③ in Table I,
gave an overall accuracy of 97.0% with a � value of 0.92 for
the homodimers. The predictor named ① ③ in Table I has
the form:

① ③ � Score13 �
Contact size

22.0 �
PMFScore
(�66551.0) � 2.0

and

�Score13 � 0.0:biological contact
Score13 � 0.0:non-biological contact (9)

Thirty nonbiological contacts (19 monomers) among the
465 contacts are classified as biological, when the same
predictor was applied to the monomer data set. The error
rate of monomer classification is 20.9% by our definition
and 6.4% by Valdar’s definition, respectively.

Analysis of Interface by Other Pairwise
Combination of the Four Parameters

PMFScore and contact size are the best pairwise combi-
nation (① ③ in Table I) for distinguishing biological and
nonbiological contacts. Besides ① ③, the results of other
pairwise combination of the four parameters were also
listed in Table I. The form of other pairwise combination is
similar to Eq. (9). The predictors related to PMFScore gave
a better prediction (error rate about 20%) on monomer
data set than others (error rate about 30%).

Analysis of Interface by a Combinatorial Score
From Three Parameters

The performances of pairwise combinations from the
four parameters (PMFScore, contact size, and packing
density) have been listed above. Their accuracies (Table I)
are about 94–97% for the homodimers, but the error rate is
still 20–34% for the monomers. We then made a simple
combination of the cutoffs of the four parameters: PMF-
Score (�66551.0), packing density (0.72), and contact size
(22.0) of protein–protein interface as a new discriminator,
which is expected to be better in distinguishing biological
from nonbiological crystal contacts in 74 homodimers and
91 monomers. The following definition of the combinato-
rial three-parameter (CTPScore) score is derived from
three cutoffs:

CTPScore �

Contact size
22.0 �

PMFScore
(�66551.0) �

Packing Density
0.72 � 3.0

and

PROTEINS: Structure, Function, and Bioinformatics DOI 10.1002/prot

SCORING FOR PROTEIN–PROTEIN INTERFACES 71



�CTPScore � 0.0:biological contact
CTPScore � 0.0:non-biological contact (10)

When the three cutoff parameters were combined as a new
discriminator, the accuracy of discriminating homodimers
reaches 97.0% with the Matthew’s correlation coefficient of
0.92, and error rate of the monomers is lowered to 20.9%.
The CTPScore here is the predictor: ① ② ③ in Table I,
which outlined the results of all other CTPScores. From
Table I, the predictor ① ② ③ has the best performance
among the three-parameter score (CTPScore) on the ho-
modimers and monomers if the accuracy � value and error
rates are all taken into consideration.

Analysis of Interface by Combinatorial Score From
Four Parameters

We have tried to use single, pairwise, and triplewise
parameters. The results have been summarized in Table I.
Then a simple combination of the cutoffs of the four
parameters [PMFScore (�66551.0), packing density (0.72),
SCScore (108.0), and contact size (22.0)] of protein–protein
interface is used as a new discriminator. The following
definition of the combinatorial four-parameter score (CFP-
Score) is derived from the four cutoffs:

CFPScore �
Contact size

22.0 �
PMFScore
(�66551.0)

�
SCScore

108.0 �
Packing Density

0.72 � 4.0

and

�CFPScore � 0.0:biological contact
CFPScore � 0.0:non-biological contact (11)

When the four cutoff parameters were combined as a new
discriminator, the accuracy of discriminating homodimers
reaches 96.6% with the Matthew’s correlation coefficient of
0.91, and error rate of the monomers is lowered to 19.8% of
our definition and 6.0% of Valdar’s definition, respectively.
The distributions of CFPScore for biological and nonbiologi-
cal interfaces are shown in Figure 1. It is easy to discrimi-
nate between biological and nonbiological interfaces for
homodimers using CFPScore as a single cutoff.

To vary the weights of the four individual scores,
support vector machine (SVM) method32 was used to
determine the five parameters P1, P2, P3, P4, and P5 in
the following equation.

SVM �
Contact size

22.0 � P1 �
PMFScore
(�66551.0) � P2

�
SCScore

108.0 � P3 �
Packing Density

0.72 � P4 � P5

�SVM � 0.0:biological contact
SVM � 0.0:non-biological contact (12)

The first SVM model (SVM0) was trained on 296 interfaces
from 74 homodimers. The accuracy of homodimer discrimi-
nation reaches 98.6% with the Matthew’s correlation
coefficient of 0.96, and error rate of the monomers is
lowered to 23.1% of our definition and 6.9% of Valdar’s
definition, respectively. The second (SVM1) model was
trained on 296 interfaces from 74 homodimers and 465
interfaces from 91 monomers, which includes 77 true
biological interfaces, and 684 nonbiological interfaces. The

TABLE I. Summary Statistics for All Predictors From Cutoffs

Predictorsa

Homodimers Monomers

p/n/o/u Accuracyb Valuec o/f Error rated Error ratee

① 63/216/3/14 94.3% 0.85 35/19 20.9% 7.5%
② 39/140/79/38 60.5% 0.13 155/60 65.9% 33.3%
③ 70/215/4/7 96.3% 0.90 52/29 31.9% 11.2%
④ 68/211/8/9 94.3% 0.85 46/28 30.8% 9.9%
①② 65/216/3/12 94.9% 0.87 33/18 19.8% 7.1%
①③ 69/218/1/8 97.0% 0.92 30/19 20.9% 6.4%
①④ 65/215/4/12 94.6% 0.86 32/19 20.9% 6.9%
②③ 71/215/4/6 96.6% 0.91 46/27 29.7% 9.9%
②④ 67/210/9/10 93.6% 0.83 43/27 29.7% 9.2%
③④ 70/214/5/7 96.0% 0.89 47/31 34.1% 10.1%
①②③ 69/218/1/8 97.0% 0.92 31/19 20.9% 6.7%
②③④ 72/214/5/5 96.6% 0.91 47/31 34.1% 10.1%
①③④ 69/215/4/8 96.0% 0.89 28/18 19.8% 6.0%
①②④ 67/215/4/10 95.3% 0.88 31/18 19.8% 6.7%
①②③④ 71/215/4/6 96.6% 0.91 28/18 19.8% 6.0%
SVM0 74/218/1/3 98.6% 0.96 32/21 23.1% 6.9%
SVM1 69/218/1/8 97.0% 0.92 12/7 7.7% 2.6%
a①, ②, ③, ④ are PMFScore, Packing density. Contact size, and SCScore.
bCorrectly classified contacts, see Materials and Methods.
cMeasures the correlation between observed and predicted results.
dError rate from our definition; see Materials and Methods.
eError rate from Valdar’s definition; see Materials and Methods.
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parameters are listed in Table II. It is apparent from Table
I that SVM models improve slightly more than CFPScore
to differentiate biological and nonbiological protein–
protein interfaces for crystal structures. Both SVM0 and
CFPScore have been trained on the interfaces from ho-

modimers and give better predictions for dimer than
monomers, whereas SVM1 is trained on the interfaces
from homodimers and monomers and gives significant
improvement for differentiating monomers. Because the
purpose here is to derive a consensus score that can be
applied to docking studies, we do not think it very useful to
try to fit the crystal contact data with complicated machine
learning methods. To choose a better score for protein–
protein docking studies, two docking decoy sets were
tested in the following section.

Fig. 2. PMFScore and contact size of biological and nonbiological interface of dimer. Contact size is plotted
as the number of residues.

TABLE II. Parameters Used for the Two SVM Models

P1 P2 P3 P4 P5 p/n/o/u

SVM0 4.56 2.17 0.22 15.61 22.38 74/218/1/3
SVM1 2.83 1.18 0.39 18.06 23.07 69/670/15/8

Fig. 1. Distribution of CFPScore for homodimers and monomers. The cutoff for CFPScore is zero. When the CFPScore of the interface is bigger than
zero, it is predicted to be biological. a: Distribution of parameters for monomers. b: Distribution of parameters for homodimers red: nonbiological
contacts; blue � biological contacts.
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Application in Docking Decoy Sets
Native structure selection from 16 docking
decoy sets

To test the ability of the combinatorial score (CFPScore,
SVM0, and SVM1) in docking study, we used the docking
decoy sets from the Sternberg group (http://www.bmm.
icnet.uk/docking/). For each target, the data set includes
100 decoys. When the packing density of an interface is
�0.60 or 	0.84, it should not be a biological interface. This
simple rule has been applied to the docking decoy set
before filtering by our scores. Table III compares the
results of the CFPScore, SVM0, and SVM1 with those of
the all-atom knowledge-based Lu-Lu-Skolnick (LLS) poten-
tial33 and DFIRE-SCM potential developed by Zhang et
al.34 The overall success rate based on the first-rank
solutions shows that CFPScore is significantly better than
SVM0, SVM1, and LLS, although DFIRE-SCM potential
performed best with this data set. A z-score definition
similar to Zhang et al.34 was used for the comparison.

Reranking 42 docking decoy sets

We also used CFPScore to rerank the docking decoy sets
used by RDOCK.35 CFPScore is compared with RDOCK in
Table IV. Rank1, Rank2, and root-mean-square deviation
(RMSD) in Table IV are supplied by Li et al.35 Rank1 is the
rank of the best ranked hit by RDOCK; Rank2 is the
original rank by RDOCK of the best ranked hit by CFP-
Score; Rank3 is the rank of the best ranked hit by
CFPScore. Rank3 is calculated by CFPScore. To make a
simple comparison, for the same test case, if the difference
of the first rank (Rank1 and Rank3 in Table IV) is smaller
than 10, they are considered to be no difference because
the structures in this data set are densely populated.

CFPScore improves the rank of the first hit for 7 test cases,
worsens the rank for the 12 test cases, and does not change
too much in the remaining 23 (54.8%) test cases. When the
SVM model is compared with RDOCK, it worsens the rank
slightly more than CFPScore (data not shown).

DISCUSSION
PMFScore Is More Significant Than Contact Size,
Packing Density, and SCScore for Distinguishing
Biological and Nonbiological Contacts

The PMFScore is more significant than contact size,
packing density and SCScore for distinguishing biological
and nonbiological contacts. For PMFScore, the best-
separating cutoff was �66551.0 for the homodimers. With
this cutoff, 19 of 91 monomers were misclassified as dimers
and a relatively low � value of 0.85 with an accuracy of
94.3% for the homodimers. For contact size, the best-
separating cutoff was 22.0 for the homodimers. With this
cutoff, 29 of 91 monomers were misclassified as dimers and
a relatively high � value of 0.90 with an accuracy of 96.3%
for the homodimers. Mintseris and Weng21 used atomic
contact vectors to distinguish homodimers and crystal
contacts on the same data set used by Ponstingl et al.27

Using quadratic Fisher discriminator and kernel discrimi-
nator analysis, they reached a success rate of 93.0% for the
leave-one-out cross-validation tests. Because our purpose
is to search for general purpose scoring function from the
homodimer and crystal contacts data set that can be
applied in other studies, the PMFScore used here was
derived from a data set of 191 heterodimer interfaces.25

Only a simple cutoff was used here and no training was
done. Our success rate was 94.3% for homodimers, which
is comparable with Mintseris and Weng’s result.

TABLE III. Ranking of the Native State and the Z-Score for the 16 Docking Decoy Sets

PDB ID LLSa DFIREb SVM0 SVM1 CFPScore

1avz 2 1/3.31c 5/1.45 14/0.45 5/1.61
1bgs 1 1/4.56 3/1.88 20/0.63 1/2.77
1brc 1 1/3.50 1/3.11 3/1.38 1/3.85
1fss 1 1/4.33 1/1.83 4/0.82 1/2.77
1ugh 1 1/4.85 2/1.87 12/0.69 1/3.10
1wql 1 1/5.29 19/0.20 33/�0.37 1/1.83
2pcc 1 1/2.86 2/1.50 5/0.73 7/1.12
2sic 1 1/4.29 1/2.66 1/1.80 1/3.58
1cgi 1 1/5.89 1/2.67 1/1.85 1/3.25
1dfj 4 1/4.11 3/0.41 14/�0.15 1/1.26
1ahw 3 1/3.80 1/2.92 1/2.25 1/4.14
1bvk 4 1/3.50 1/4.74 1/4.08 1/4.42
1dqj 4 1/4.85 2/1.07 19/�0.08 1/2.17
1mlc 3 1/4.04 12/0.58 50/�0.61 11/0.89
1wej 1 1/3.10 1/2.53 3/1.46 1/2.96
2kai 14 1/4.25 1/3.17 1/1.96 1/3.64
% Successd 9/16 (56%) 16/16 (100%) 8/16 (50%) 5/16 (30%) 13/16 (81%)
aThe residue-specific all-atom knowledge-based potential by Lu, Lu, and Skolnick33 derived from the
interfacial structures of a dimer database.
bThe DFIRE-based potential derived from a structure database of single-chain proteins.34

cThe number in each cell indicates the rank of the native structure and the Z-score, respectively. (The
Z-score was not reported in Lu, Lu, and Skolnick33).
dThe overall success rate based on the first rank.
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Most biological interfaces of the 74 dimers but 1rfb (A:B)
have a reasonable PMFScore compared with nonbiological
interface. Figure 2 plots the distribution of PMFScore for
the biological and nonbiological contacts in the homodimer

data set. In Figure 2, 1uby (A:B, symmetry: 1/2-X, Y, 3/4-Z,
49 residues in contact) has a positive PMFScore. Farnesyl
pyrophosphate synthetase (PDB 1uby) is active as a
homodimer,36 which was proposed to be related by a

TABLE IV. Performance of the CFPScore on Docking Decoy Set by Li et al35

RDock CFPScore

Complexa Decoysb Rank1c RMSDd Rank2c Rank3c RMSDd

1CGI 152 8 2.24 88 3 2.41
1CHO 137 1 1.28 12 7 0.91
1TGS 201 8 2.03 8 7 2.03
1BRC 115 3 2.41 3 5 2.41
1ACB 120 1 1.86 1 2 1.86
1MAH 106 1 0.91 1 10 0.91
1UGH 104 1 2.08 6 4 2.37
1DFJ 110 1 2.48 8 3 1.86
1FSS 105 42 1.52 108 48 1.70
1PPEe 359 1 0.69 11 1 0.76
1TABe 121 10 0.76 40 10 1.05
1STFe 142 1 1.04 3 1 0.96
2TECe 177 1 0.83 87 2 1.84
1WEJ 104 4 0.91 95 2 1.83
1AHW 128 1 1.61 36 5 1.35
1FBIe 101 53 2.15 53 43 2.15
1BOLe 115 1 1.18 1 10 1.18
1NCAe 150 8 0.83 9 1 2.46
1MELe 151 1 1.37 7 7 1.47
1QFUe 110 29 0.95 29 19 0.95
1WQI 125 16 1.91 36 25 2.31
1IGCe 106 21 1.18 103 22 1.32
1SPBe 168 1 0.70 2 1 0.59
2KAI 103 141 2.36 507 18 2.47
1BRS 132 13 1.23 95 1 2.48
1JTG 159 13 1.54 115 1 2.26
1DQJ 101 952 2.45 952 64 2.45
1BVK 102 1314 1.64 1419 72 1.89
2JELe 157 301 1.7 744 13 1.71
1JHLe 115 41 0.88 1026 21 2.02
2PTC 102 2 1.12 2 74 1.12
2SIC 123 1 1.17 9 23 1.97
1CSE 103 1 1.17 4 58 0.91
1AVW 124 2 2.00 2 19 2.00
1UDIe 115 3 1.06 23 18 1.10
4HTCe 101 1 1.46 2 28 1.27
1MLC 103 2 1.65 841 70 2.40
1NMBe 106 1 1.11 6 26 1.10
2VIRe 103 80 1.19 264 93 1.34
1ATNe 101 1 0.80 1 82 0.80
2BTFe 111 1 0.95 274 15 1.33
1A0Oe 102 11 2.46 11 80 2.46

Totalf 23/42 (54.8%)
Totalg 7/42 (16.7%)
Totalh 12/42 (28.6%)
a4-letter Protein Data Bank (PDB) code for the crystal complex of a test case.
bEach test case consists of the first 100 false positives (after RDOCK) and hits (Hits are defined as docked
structures with interface Ca RMSD � 2.5 Å from the crystal complex.)
cRank1: Rank of the best ranked hit by RDOCK. Rank2: The initial rank (by RDOCK) of the best ranked
hit by CFPScore. Rank3: Rank of the best ranked hit by CFPScore.
dInterface Ca RMSD for the best ranked hit.
eUnbound/bound test cases.
f�Rank1 � Rank3� � 10.
gRank1 � Rank3 	 10.
hRank3 � Rank1 	 10.
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crystallographic twofold axis.37 The biological state given
here for 1uby (A:B, symmetry: 1/2-X, Y, 3/4-Z, 49 residues
in contact) should be biological according to the biological
unit description in PDB by Tarshis et al.37 However, after
checking the annotations from PQS (the Protein Quater-
nary Structure ) server,38 1uby (A:C, symmetry: -X, Y, -Z,
51 residues in contact) was proposed to be the biological
interface. Valdar and Thornton19 reported that the biologi-
cal contact of 1uby was not the largest contact but the
second one. Alhough both of them are reasonable dimers
(Kim Henrick, personal communication with), our result
shows that 1uby (A:C, symmetry: -X, Y, -Z, 51 residues in
contact) might be the more favored biological interface.
The two possible biological dimer interfaces are shown in
Figure 3. The real biological interface of 1uby needs to be
validated by further experiments.

PMFScore and Contact Size Is the Best Pairwise
Combination for Distinguishing Biological
Interfaces and Nonbiological Contacts

PMFScore and contact size are the best pairwise combi-
nation for distinguishing biological interfaces and nonbio-
logical contacts. The results summarized in Table I show
that PMFScore and contact size provide a good combina-
tion for discriminating biological from nonbiological con-
tacts. As for predictor ① ③ listed in Table I, success rates
are 79.1% of the monomers and 97.0% of the homodimers.
In 2004, by analyzing a data set of 188 monomers and 122
homodimers, Bahadur et al.22 reported that success rates
were 77% of the monomers and 88% of the homodimers by
a simple combination of the nonpolar interface area and
the fraction of buried interface atoms. Although these
success rates increase to 93–95% when the author applied
a cutoff at RP � 1.5 to those misclassified cases at the first
step. It is problematic when the author applied the cutoff
to region M and D and treated them as the region U. Our
predictor based on PMFScore and contact size is compa-
rable with Bahadur’s method based on fraction of buried
atoms and nonpolar interface area.22 Our success rates
also increase to 92% for the homodimers and 81% for the
monomers when the SCScore and packing density are
taken into consideration.

The Combination of the Four Parameters Can Be
Used for Distinguishing Biological and
Nonbiological Contacts

The combination of the four parameters can be used to
distinguish biological and nonbiological contacts. The only
difference is SCScore between CTPScore (① ② ③ in Table I)
and CFPScore (① ② ③ ④ in Table I). Ten cases (1lyn A:L,
1moq A:E, 1uby A:C, 2rsp A:G, 1bam A:D, 1gvp A:D, 1isa
A:B, 1lyn A:B, 2ccy A:B, and 3ssi A:F) are misclassified by
the CFPScore, and nine cases (1uby A:C, 1auo A:B, 1bam
A:D, 1isa A:B, 1lyn A:B, 1uby A:B, 1xso A:B, 2ccy A:B, and
3ssi A:F) are misclassified by the CTPScore. Five inter-
faces (1lyn A:B, 1uby A:C, 1bam A:D, 2ccy A:B, and 3ssi
A:F ) are misclassified with both scores. Abalone sperm
lysin (PDB 1lyn)39 exists as a homodimer in solution, and
the monomer is the active species. Shaw et al.39 suggested

that 1lyn (A:B, symmetry: X, Y, Z, 24 residues in contact)
should be the biological interface. Our result shows that
both 1lyn (A:L, symmetry: X, -Y, -Z, 21 residues in contact)
and 1lyn (A:B, symmetry: X, Y, Z, 24 residues in contact)
might be biological homodimers. The real biological inter-
face of 1lyn needs to be validated by further experiments.
Restriction endonuclease bamHI (PDB 1bam)40 is a ho-
modimer with a large cleft that could accommodate B-form
DNA. The contact size of 1bam (A:D) is 18, which can be
classified as biological interface using packing density and
SCScore. Ferricytochrome C� (PDB 2ccy)41 from rhodospi-
rillum molischianum belongs to electron transport (heme
protein). It is apparent that complexes formed by electron
transfer proteins have different properties than complexes
formed by subunits of oligomeric protein. The interface

Fig. 3. Homodimeric crystal structure of farnesyl pyrophosphate
synthetase (PDB code 1uby), two possible binding modes. a: 1uby A:B,
symmetry: 1/2-X, Y, 3/4-Z, 49 residues in contact. b: 1uby A:C, symmetry:
-X, Y, -Z, 51 residues in contact. Images were created by using PyMOL.43

[Color figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.]
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(3ssi A:F) of streptomyces subtilisin inhibitor has a low
SCScore (92) and a high PMFScore (�30658).

The same data set was analyzed by Ponstingl et al.,27

who tried to predict whether a given protomer was in a
homodimer or monomer. Their pair potential based on
atom-pair frequencies observed across hypothetical dimer
interfaces in the 76 homodimers, classified wrongly 5 of 96
monomers and 7 of 76 homodimers. We applied the
CFPScore to the 11 cases (1kbp was excluded in our data
set) misclassified by Ponstingl’s pair potential. Table V
lists these 11 cases. CFPScore correctly classified all
contacts, thereby also correctly predicting the multimeric
state in eight of these protomers. The results show that the
combination of the four parameters can be used for distin-
guishing biological and nonbiological contacts, especially
in those cases misclassified by Ponstingl et al.27 In the
article by Nooren and Thornton,42 PDB entry 1ckm was
excluded on the basis of insufficient evidence for a biologi-
cal monomer. In our calculation, PDB entry 1ako, 1feh,
and 1ckm occur in the region of biological homodimers.
Their oligomeric states need to be validated by further
experiments.

As stated in Materials and Methods, unlike others,21,27

we did not select the largest contacts, but we kept the
crystal contacts with contact size 	 10 for the study. This
is because for some dimers, the largest interfaces are not
the biological ones. To compare with the published results,
we also did the analysis by using only the largest contacts.
We found that 7 of the 74 homodimers and 16 of the 91
monomers are misclassified by CFPScore; 4 of the 74
homodimers and 18 of the 91 monomers are misclassified
by SVM0; 9 of the 74 homodimers and 7 of the 91
monomers are misclassified by SVM1. Ponstingl et al.27

used the difference in �ASA between the largest and the
second largest contact encountered in the crystals, and
they found 8 dimers and 9 monomers are misclassified.
The modified ASA score gave an accuracy of 88.9%. Valdar
and Thornton19 used the same data set by Ponstingl et
al.27 Because of the requirements of the method (sufficient

sequence information available for residue conservation
calculation), only 53 homodimers and 65 monomers are
used. Alhough Valdar considered not only the largest
contact, their data set was too small to be directly compa-
rable with ours. Mintseris and Weng21 achieved a success
rate of 93% (misclassified 6 dimers as monomers and 6
monomers as dimers) for distinguishing between ho-
modimers and crystal contacts by KDA with ACV. Their
success rate was slightly higher than ours, but application
on docking decoys was not reported.

CFPScore and SVM Model

Table I shows that the SVM models improve slightly
over CFPScore to differentiate biological and nonbiological
protein–protein interfaces. When CFPScore and SVM
models are applied to the two docking decoys sets, CFP-
Score is significantly better than SVM models, which may
come from the possible overlearning of SVM models to-
ward crystal contacts. The CFPScore, a simple combina-
tion of four parameters, seems to better reflect the charac-
teristics of protein–protein interfaces and can be applied to
protein–protein docking and design studies.

CONCLUSION

To define a suitable scoring function that can be used in
protein–protein interaction predictions, we have studied
the performance of four parameters: contact size, packing
density, geometric complementarity, and potential of mean
force and their combinations to distinguish biological from
nonbiological contacts for the protein homodimer and
monomer data set. The results show that PMFScore is a
better discriminator between biological and nonbiological
interfaces comparable in size. When combining cutoff of
PMFScore and one of the other three parameter’s cutoffs,
the error rates on monomers are decreased to 19.8–20.9%.
The combination of PMFScore and contact size is the most
powerful pairwise discriminator. Based on packing den-
sity, contact size, geometric complementarity, and poten-
tial of mean force, a combinatorial score (CFPScore) has

TABLE V. Performance of CFPScore and the best CTPScore on the
protomers misclassified by Ponstingl et al.27

PDB code
Multimerric
state (M/D)a

Correct (�/�)

PMFScore the best CTPScoreb CFPScorec

1ako M � � �
1feh M � � �
1ckm M � � �
1avp M � � �
1ton M � � �
1jsg D � � �
1af5 D � � �
1xso D � � �
1cp2 D � � �
1auo D � � �
1slt D � � �

aM � monomer; D � dimer.
bThe best CTPscore is ① ② ③ listed in Table II.
c� Represents misclassified; � represents correctly classified. A classification is correct only
if all contacts in a crystal structure are correctly classified.
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been developed, which gives the success rate of the ho-
modimers discrimination of 96.6% and error rate of the
monomers of 6.0% and 19.8% according to Valdar’s and our
definition, respectively. CFPScore was found to perform
well with docking decoy sets. Compared with other statisti-
cal learning models, the cutoffs for the four parameters
and their combinations are directly based on physical
models, simple, and can be easily applied to protein–
protein interface analysis and docking studies.
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