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ABSTRACT Extracting knowledge-based statis-
tical potential from known structures of proteins is
proved to be a simple, effective method to obtain an
approximate free-energy function. However, the dif-
ferent compositions of amino acid residues at the
core, the surface, and the binding interface of pro-
teins prohibited the establishment of a unified statis-
tical potential for folding and binding despite the
fact that the physical basis of the interaction (water-
mediated interaction between amino acids) is the
same. Recently, a physical state of ideal gas, rather
than a statistically averaged state, has been used as
the reference state for extracting the net interac-
tion energy between amino acid residues of mono-
meric proteins. Here, we find that this monomer-
based potential is more accurate than an existing
all-atom knowledge-based potential trained with
interfacial structures of dimers in distinguishing
native complex structures from docking decoys
(100% success rate vs. 52% in 21 dimer/trimer decoy
sets). It is also more accurate than a recently devel-
oped semiphysical empirical free-energy functional
enhanced by an orientation-dependent hydrogen-
bonding potential in distinguishing native state
from Rosetta docking decoys (94% success rate vs.
74% in 31 antibody–antigen and other complexes
based on Z score). In addition, the monomer poten-
tial achieved a 93% success rate in distinguishing
true dimeric interfaces from artificial crystal inter-
faces. More importantly, without additional param-
eters, the potential provides an accurate prediction
of binding free energy of protein–peptide and pro-
tein–protein complexes (a correlation coefficient of
0.87 and a root-mean-square deviation of 1.76 kcal/
mol with 69 experimental data points). This work
marks a significant step toward a unified knowledge-
based potential that quantitatively captures the
common physical principle underlying folding and
binding. A Web server for academic users, estab-
lished for the prediction of binding free energy and
the energy evaluation of the protein–protein com-
plexes, may be found at http://theory.med.buffalo.
edu. Proteins 2004;56:93–101. © 2004 Wiley-Liss, Inc.
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INTRODUCTION

Understanding the mechanism of how proteins fold and
bind is one of the central problems in molecular biology.
This requires an accurate potential of mean force (or
free-energy score function) that describes the water-
mediated interaction between amino acid residues. One
approach for obtaining the potential is using the laws of
physics. However, limited by available computing power,
such physical-based potentials (e.g., Brooks et al.,1 Kamin-
ski et al.2) have to be decomposed into multiple classical
energy terms, each of which involves many empirical
parameters. Moreover, the contribution of entropy is often
not included except for effective potential for entropy of
solvation.3 An alternative but simpler approach is extract-
ing the potential of mean force from known protein struc-
tures.4 The resulting potentials are commonly referred to
as statistical potentials, because statistical averages and
distributions are used in derivation. Physical principles,
however, are often violated or ignored in this statistical
procedure, because the outcome depends on how statistics
are made and what database is used. For example, the
distance-dependent pair potential based on the commonly
used Sippl approximation5 leads to unphysical long-range
repulsion between hydrophobic residues as a result of the
composition difference between the core and surface of
proteins.6 The unphysical nature of the statistical poten-
tials has limited their accuracy.

Protein folding and binding involve the same physical
interactions between water and amino acid residues. It is a
common practice to apply the same physical- (or semiphysi-
cal-) based potential to study them.7–10 In contrast, signifi-
cantly different compositions at the surface, core, and
interface of proteins11–13 lead to quantitatively different,
distance-dependent pair potentials for folding and binding
studies.11,14 For example, Lu et al.11 found that the
success rate for discriminating a dimer interface from
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artificial interfaces is reduced from 86% to 59% after the
database used to extract the residue-level statistical poten-
tial is changed from dimers’ interfaces to monomers’
structures. As a result, most existing knowledge-based
potentials developed for protein–protein recognition are
specific for the recognition problem by using the interfacial
structures of protein complexes as the training data-
base.11,12,15–18 This raises an interesting question: Does a
unified structure-derived potential of mean force exist for
folding and binding? It is difficult to imagine that a
potential trained with monomer structures can be used to
study protein–protein interface, which has a different
amino acid composition, unless the potential captures the
essential physics behind the different “mixture” of amino
acids.

The accuracy of a structure-derived potential is deter-
mined by how a reference state is defined. The most
commonly used reference state for a distance-dependent
pair potential is based on a composition-averaged
state.5,19,20 A reference state is required for obtaining the
net interaction between amino acid residues by removing
the contribution to the observed number of atomic pairs by
the expected number of pairs in the absence of any
interactions. Because a system of noninteracting particles
is the ideal-gas state in fundamental statistical mechan-
ics, the ideal-gas state is more likely to represent a
zero-interaction state than a composition-averaged state.
This forms the basis for a recently-proposed distance-
scaled, finite, ideal-gas reference (DFIRE) state for deriv-
ing the distance-dependent potential of mean-force for
single-chain (monomeric) proteins.21 It was shown that
the DFIRE-based potential of mean force makes a signifi-
cant improvement over other knowledge-based potentials
in native structure selections from decoys, prediction of
mutation-induced change in folding stability, and parti-
tion of hydrophobic and hydrophilic residues.22

In the DFIRE state, each protein in the structural
database is replaced by uniformly distributed points in a
finite sphere with a diameter close to the size of the
protein. A natural extension of this reference state for
protein–protein complexes is to replace the entire protein
complex by a finite sphere with uniformly distributed
points. In contrast, for the knowledge-based potentials
that use a statistically averaged state as the reference
state, either the entire complex or any portion of the
complex can be used for statistical averages. For example,
a statistically averaged reference state can be dedicated to
interfacial region of protein–protein complexes.12,14,15,23

However, it is difficult to imagine how to apply the
ideal-gas reference state only to the irregular-shaped
region of interface. The use of the entire complex as the
reference state makes the potential extracted from the
structures of complexes essentially the same as that from
monomer structures, because the statistics within single-
chain proteins are dominant over those of the small
interfacial region between the proteins. In other words,
the physical basis of the newly developed DFIRE potential
suggests that the potential should be mostly independent
of structural databases (monomers or dimers) used for

extraction and thus is applicable to both folding and
binding.

This hypothesis is tested by the direct application of the
potential previously derived from the structures of single-
chain proteins21 (termed “monomer” potential hereafter)
to the protein–protein recognition problem. Specifically,
the monomer potential is employed to recognize native and
near-native protein–protein complexes from docking de-
coys and to distinguish true dimer interfaces from artifi-
cial interfaces of monomeric proteins in the crystalline
state. A more critical test of the monomer potential is the
prediction of the binding free energies of 69 protein
complexes. The performance of this monomer potential is
outstanding in all test cases. The result suggests that a
physical reference state leads to a structure-derived poten-
tial that reveals the common physical interaction masked
under different amino acid preferences within a single
protein22 and between protein–protein complexes.

METHODS
DFIRE-Based Potential

The derivation of equations, the method for extracting
the DFIRE-based potential using a structure database, as
well as the resulting potential have been described or
obtained previously.21 Here, we give a brief summary for
completeness.

The atom–atom potential of mean force u� �i, j,r� between
atom types i and j that are distance r apart is given by21

u� �i,j,r� � � � �RTln
Nobs�i,j,r�

� r
rcut

��� �r
�rcut

�Nobs�i,j,rcut�

, r � rcut,

0, r � rcut,

(1)

where � � 0.0157, R is the gas constant, T � 300 K, � �
1.61, Nobs(i,j,r) is the number of (i,j) pairs within the
distance shell r observed in a given structure database, rcut

� 14.5 Å, and �r(�rcut) is the bin width at r(rcut). (�r � 2 Å
for r � 2 Å; �r � 0.5 Å for 2 Å � r � 8 Å; �r � 1 Å for 8 Å �
r � 15 Å.) The prefactor � was determined so that the
regression slope between the predicted and experimen-
tally measured changes of stability due to mutation (895
data points) is equal to 1.0. Residue-specific atomic types
were used (167 atomic types).19,20 The number of observed
atomic (i,j) pairs with the distance shell r [Nobs(i,j,r)] was
obtained from a structural database of 1011 nonhomolo-
gous (less than 30% homology) proteins with resolution �2
Å, which was collected by Hobohm et al.24 (http://
chaos.fccc.edu/research/labs/dunbrack/culledpdb.html).
This database provides sufficient statistics for most dis-
tance bins (except near the hard-core regions). The aver-
age number of observed atomic pairs per bin is 655. The
sufficiency of statistics is also reflected from the fact that
the results for structural discrimination are insensitive to
the size of structural database used to generate the
potential.21

The exponent � for the distance dependence was ob-
tained from the distance dependence for the number of

94 S. LIU ET AL.



pairs of ideal gas points in finite spheres (finite ideal gas
reference state). There are 1011 such finite spheres; each
corresponds to a protein used in the structural database.24

The radius of each sphere is cRg and the sphere contains
evenly distributed nhv points. Here, c is a to-be-determined
constant, Rg and nhv are the radius of gyration and the
number of heavy atoms of the corresponding protein,
respectively. Constant c is determined by the number of
atomic pairs in a noninteracting uniform system. The
latter can be calculated from the number of atomic pairs in
1011 protein structures in the cutoff distance shell of
14–15 Å, because at that distance, we assumed zero
interactions between atoms. There are about 57 million
atomic pairs for 1011 proteins. c is found to be 1.225 by
setting the number of atomic pairs in 1011 spheres in the
14–15 Å distance shell to 57 million. The number of pairs
as a function of spatial separation, N(r), is then obtained
from the evenly distributed points in the 1011 spheres.
The exponent � is determined by locating the optimized
value � that would fit N(r) with r�. The optimized � value
is found to be 1.61. The performance for structure discrimi-
nation using this optimized value is indeed the best
compared to other � values.21 This supports the physical
procedure behind the derivation of the � value. It is not
clear if this fractional exponent has any physical meaning
associated with fractional exponents in packing and en-
ergy transfer studies of proteins, and if it is related to
factional dimension in mathematics. For an infinite sys-
tem, � � 2 exactly.

Binding Free Energy

The total atom–atom potential of mean force, G, for each
structure is given by

G �
1
2�

i,j

u� �i,j,rij� , (2)

where the summation is over atomic pairs that are not in
the same residue and a factor of 1

2
is used to avoid

double-counting of residue–residue and atom–atom inter-

actions. The binding free energy of a dimer AB is obtained
as follows:

�Gbind � Gcomplex � �GA � GB� . (3)

Since the structures of A and B are approximated as
rigid bodies and the residues at the interface contribute
most to �Gbind, Eq. (3) can be further simplified to

�Gbind �
1
2 �

ij

interface

u� �i, j,rij� , (4)

where the summation is over any two atoms belonging to
an “interacting” residue pair from different chains at the
interface. We follow the definition of Lu et al.,11 in which
an interacting residue pair is a pair of residues from
different chains that have at least one pair of heavy atoms
within 4.5 Å of each other. To quantitatively test the
DFIRE monomer potential, experimental binding free
energies of 69 protein–protein (peptide) complexes with
known three-dimensional (3D) structures were collected
from the literature. To our knowledge, this is the largest
database collected so far.

Structure Selections from Docking
Decoys/Artificial Interfaces

The binding free energy �Gbind
decoy is calculated for each

docking decoy (or artificial interface). The native state is
correctly identified if �Gbind

native is the lowest value among all
�Gbind

decoy values (the first rank). A native binding Z score
(Native) is defined as ���Gbind

decoy
	 � �Gbind

native)/
����Gbind

decoy�2	 � ��Gbind
decoy	2 , where �	 denotes the average over

all decoy structures of a given protein. The native Z score is
a measure of the free-energy bias toward the native
complex structure. To evaluate the ability to recognize
near-native structures for a potential and facilitate com-
parison, we use the near-native Z score defined by Kor-
temme et al.10:

Zscore(near native) �
��Gbind

decoy	hi � ��Gbind
decoy	lo


hi
, (5)

TABLE I. Ranking of the Native State and the Z Score for the 21 Docking Decoy Sets

PDB IDa 1chg/1hpt 1sup/2ci2 2ptn/4pti 5cha/2ovo 1a2p/1a19 1avz 1bgs 1brc

LLSb 3 2 1 1 4 2 1 1
DFIREc 1/7.74 1/4.08 1/5.08 1/1.59 1/4.01 1/3.31 1/4.56 1/3.50

1fss 1ugh 1wql 2pcc 2sic 1cgi 1dfj %Successd

1 1 1 1 1 1 4 10/15 (67%)
1/4.33 1/4.85 1/5.29 1/2.86 1/4.29 1/5.89 1/4.11 15/15 (100%)

PDB IDe 1ahw 1bvk 1dqj 1mlc 1wej 2kai %Successd

LLSb 3 4 4 3 1 14 1/6 (17%)
DFIREc 1/3.80 1/3.50 1/4.85 1/4.04 1/3.10 1/4.25 6/6 (100%)
aDimers.
bThe residue-specific all-atom knowledge-based potential due to Lu, Lu, and Skolnick derived from the interfacial structures of a dimer
database.11 The number in each cell indicates the rank of the native structure. (The Z score was not reported.11)
cThe DFIRE-based potential derived from a structure database of single-chain proteins.21 The two numbers in each cell represent the rank of
native structure and the Z score, respectively.
dThe overall success rate based on the first rank.
eTrimers.
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where ��Gbind
decoy	lo���Gbind

decoy	hi) is the average energy score of
the low (high) root-mean-square deviation (RMSD) decoys
and 
hi is the standard deviation of high-RMSD decoys. A
decoy is considered a low-RMSD decoy if it is in the lowest
5% of RMSD distribution.10 The low-RMSD decoys repre-
sent the near-native structures.

RESULTS
Structure Selections from Docking Decoys

The first decoy set consists of 16 and 5 decoy sets
downloaded from the Sternberg group’s website (http://
www.bmm.icnet.uk) and the Vakser group’s website (http://
reco3.ams.sunysb.edu/data/decoy/database.html), respec-
tively. The 21 decoy sets contain 15 dimers and 6 trimers.

Each decoy set has 1 native complex structure and 99
decoys.

Table I compares the results of the DFIRE potential
with the residue-specific, all-atom knowledge-based, Lu–
Lu–Skolnick (LLS) potential.11 The success rates of the
LLS potential, which are better than earlier attempts,25

are 10/15 (67%) and 1/6 (17%) for dimers and trimers,
respectively. A significantly poorer performance for the
trimer decoys suggests that the LLS potential generated
from interfacial structures of dimers has a strong database
dependence. In contrast, the DFIRE-based monomer poten-
tial successfully selects all 21 structures with a Z score of
1.59 or greater. The significantly different performance by
these two potentials at the same atomic details clearly
illustrates the importance of an appropriate reference
state for knowledge-based potentials.

The second docking decoy set10 (Rosetta docking decoys)
contains 18 antibody–antigen complexes and 13 complexes
of enzyme–enzyme and other interfaces. The list of 31
protein complexes is given in Table II. There are 400
decoys for each structure. Table II compares the Z scores
from DFIRE-based monomer potential and those from a
semiphysical, empirical free energy functional enhanced
by an orientation-dependent hydrogen-bonding potential
(KMB potential).10 Kortemme et al. defined a discrimina-
tion as being successful if a Z score (Native) is greater than
1.0. Thus, using the same definition, the overall success
rate is 23/31 (74%) and 29/31 (94%) for KMB and DFIRE
potentials, respectively. DFIRE makes a significant 23%
improvement. Interestingly, the ranges of Z scores (Na-
tive) of the two methods are very different. The Z score
(Native) for KMB ranges from �1.03 to 14.06, whereas the
Z score (Native) for the DFIRE potential ranges from 0.55
to 5.06. This indicates that the performance of the DFIRE
potential is more stable than that of the KMB potential in
native discrimination. However, in terms of discrimina-
tion between near-native decoys and other decoys, DFIRE
and KMB are comparable in terms of Z score (Near
Native). According to Kortemme et al., a near-native

Fig. 1. The correlation between Z scores for near-native structures
and the quality of near-native structures (the average RMSD). The solid
line is the regression line, with a correlation coefficient of �0.82. This
indicates that an accurate structure prediction is directly associated with
the accuracy of near-native structures.

TABLE II. The Native Z Scores and Near-Native Z Scores for the 31 Rosetta Docking Decoys

PDB ID 1a2ya 1qfua 1cz8a 1weja 1daja 1e6ja 1egja 1eo8a

KMBb 2.47/1.28c 0.01/2.15 6.04/1.66 0.79/0.28 5.80/1.50 5.28/1.76 0.72/1.42 0.96/0.48
DFIREd 2.22/0.19e 2.45/3.12 3.15/1.14 1.25/0.70 3.05/2.15 2.12/1.75 2.04/0.66 3.69/1.42
PDB ID 1fdla 1fj1a 1g7ha 1ic4a 1jhla 1jrha 1mlca 1ncaa

KMBb 2.66/1.20 1.51/2.58 3.38/1.99 5.29/1.97 2.31/�0.11 8.56/1.81 2.33/1.45 0.50/1.39
DFIREd 2.13/0.51 2.72/2.33 2.31/0.61 2.62/1.84 1.45/�0.20 3.38/1.24 2.25/2.75 3.01/2.60
PDB ID 1nsna 1ospa 1acb 1avz 1brs 1cho 1ugh 2pcc
KMBb �0.36/0.14 7.82/0.31 11.33/2.14 1.05/0.24 3.43/2.53 12.06/3.39 2.34/1.48 �0.87/0.55
DFIREd 1.04/1.08 3.26/0.59 2.40/1.09 1.16/0.27 2.50/1.35 3.10/1.17 2.40/2.20 0.77/0.66
PDB ID 1mda 1ppf 1spb 2ptc 1cse 1fin 2btf %Successf

KMBb �1.03/0.27 8.77/10.61 14.06/5.29 6.18/3.23 9.16/3.32 3.65/0.29 4.18/1.79 74%/71%
DFIREd 0.55/1.55 2.81/1.04 4.41/2.54 2.57/1.34 3.49/1.73 5.06/1.86 2.99/1.34 94%/71%
aThe antibody–antigen complex.
bThe Kortemme–Morozov–Baker empirical free-energy function enhanced by orientation-dependent hydrogen-bonding potential.10

cThe Z score (Native)/Z score (Near Native) from the KMB method.
dThe DFIRE-based potential derived from a database of single-chain proteins.21

eThe Z score (Native)/Z score (Near Native) from DFIRE potential.
fThe success rate based on the number of complexes with Z score(Native) or Z score(Near Native) greater than 1 as in the KMB method.10
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selection is successful if a Z score (Near Native) is greater
than 1.0. Both achieved a success rate of 71%.

It is surprising to find that a significant improvement in
native-structure discrimination did not lead to any improve-
ment in near-native structure discrimination. We found
that the success rates of native and near-native discrimina-
tion for 18 antibody–antigen complexes are 67% and 72%
for the KMB method, respectively, whereas the correspond-
ing numbers are 100% and 61% for the DFIRE monomer
potential, respectively. For 13 other complexes, the success
rate of native and near-native discrimination are 85% and
69% for the KMB method, respectively, whereas the
corresponding numbers are 85% and 85% for the DFIRE
monomer potential, respectively. Thus, the DFIRE poten-
tial for near-native discrimination is worse than the KMB
potential only for the antibody–antigen complexes, where
a dramatic reduction from 100% in the native discrimina-
tion to 61% in near-native discrimination is observed. We
found that there is a significant correlation between Z
score (Near Native) and the quality of near-native decoys
for the 18 antibody–antigen complexes. (The quality of
near-native decoys is defined by the average RMSD of the
near-native decoys; see Methods section). The correlation

coefficient is �0.82, as shown in Figure 1. This suggests
that a decoy set with better near-native decoys will
improve the performance of DFIRE potential in near-
native discrimination.

Another way to characterize the ability to detect near-
native conformations is the correlation between energy
score and RMSD, when RMSD is smaller than about 3 Å.10

In the docking decoy set, the number of proteins whose
correlation coefficients are equal to or greater than 0.5 is
18 for KMB and 23 for DFIRE. Examples are given in
Figure 2 for both antibody–antigen and nonantibody com-
plexes. Thus, the DFIRE energy function is potentially
better in its ability to detect near-native conformation.

Interface Selections

The data set of 172 interfaces was established by
Ponstingl et al.17 It contains 96 monomeric crystal inter-
faces and 76 homodimeric interfaces. The challenge is to
distinguish the true homodimeric interfaces from artificial
interfaces in crystalline state. In Figure 3, the distribu-
tions of energies of both true and artificial interfaces
calculated with the DFIRE potential are shown. In gen-
eral, the energies of true interfaces are lower than those of

Fig. 2. Scatter plots of the DFIRE score versus RMSD of decoy from the native structure (based on C�).
Results of three proteins (1dqj, top left; 1nca, middle left; and 1qfu, bottom left) from the antibody–antigen
complexes and three proteins (1fin, top right; 1spb, middle right; and 1ugh, bottom right) from the
nonantibody complexes are shown.
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artificial interfaces. If one uses �9 kcal/mol as the cutoff
value to distinguish the true from the fake interfaces, 93%
of the dimers or monomers are assigned correctly. (The
cutoff was chosen for maximizing the success rate. A
similar method was used in other work to determine the
cutoff value.11,26) This is comparable to the success rate of
95% by the LLS potential derived from the dimeric inter-
faces and 93% by a method of atomic contact vectors26 but
is superior to the rate of 86% by a sequence-based method27

and the rate of 85–88% by a solvent-accessible surface
area and a pair scoring function.17 The success rate of the
LLS potential derived from monomer structures, however,
is significantly poorer. A success rate of 59% for a residue-
level potential extracted from monomer structures was
reported, compared to 86% for the same potential but
trained by the interfacial regions of dimers.11

Binding Free Energy

The most critical test of the monomer DFIRE potential is
its ability to predict binding free energy. A satisfactory
prediction would suggest that the monomer DFIRE poten-
tial captures the essential physics behind protein–protein
binding. The results of theoretically predicted binding free
energies are compared with experimentally measured
ones in Figure 4 and Table III. The correlation coefficient
between the two sets of data is 0.867. More significantly,
without introducing an additional parameter, the regres-
sion slope (0.82) is close to 1. [The slope becomes 0.87 if the
most significant outlier (the point with the lowest pre-
dicted binding free energy) is removed. There is also a
cluster of the binding free energies about 8 kcal/mol. These
complexes contain a common receptor called oligopeptide
binding protein (OPPA). Once we randomly select one of
them and remove the rest from the data set, the slope
(0.93) is further closer to 1.] There is an intercept of �4.7
kcal/mol. This systematic constant shift of theoretical
results from experimental data is mostly caused by differ-
ent standard states and reference volumes used in the
theory and experiments.28,29 For example, a conversion

from experimental concentration unit of liter/molecule to
the theoretical unit of Angstroms cubed/molecule will lead
to a constant shift of �4.42 kcal/mol at T � 300 K. This is
because the absolute binding free energy refers to the
binding of B from a reference concentration of 1/Vref (�RT
lnKAB/Vref),

28 where the association constant KAB typically
has a unit of volume in liter/molecule (i.e., Vref �1 L/mol �
1660 Å3/mol). Other factors such as distance cutoff and
possible systematic errors in the potential also contribute
to the constant shift. The RMSD ����Gbind

exp � Gbind
pred�2/N�

between experimental data and theoretical prediction
(after a �4.7 kcal/mol constant shift) is only 1.76 kcal/mol.
Thus, the DFIRE-based monomer potential provides a
reasonably accurate description of energetic and entropic
contributions to the binding stability. This is remarkable
considering the fact that many assumptions have been
made in calculating the binding free energies. They in-
clude the rigid-body approximation and the lack of explicit
treatment of long-range electrostatics and water mol-
ecules. The level of prediction accuracy reported here is
comparable to or better than other small-scale studies
(9–28 complexes) using distance-dependent knowledge-
based potentials derived from interfacial structures18,30

and other methods.31–34 This is the first attempt, however,
to evaluate the binding free energy using a monomer
potential without additional adjustable parameters (ex-
cept the constant shift of �4.7 kcal/mol).

DISCUSSION
Dependence on Database

The performance of DFIRE potential is mostly indepen-
dent of the structural database used for extracting the

Fig. 3. The distribution of the energy scores of the artificial (open bars)
and true (black bars) dimeric interface.

Fig. 4. The theoretically predicted binding free energy versus experi-
mentally measured ones. The solid line is from linear regression fit, with a
correlation coefficient of 0.87, a slope of 0.82. The theoretical results were
shifted by a constant value of �4.7 kcal/mol, so that the intercept is zero.
Dashed line indicates the location if there were a perfect agreement.
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potential. The database of dimeric structures11 is also used
to generate the DFIRE dimer potential. This database
contains 768 protein dimer structures (617 homodimers
and 151 heterodimers), with no more than 35% sequence
identity and a resolution better than 3 Å. The entire
complex structure including interface is used in generat-
ing the statistics on pair distributions. This differs from
the usage of the original 1011 structural database for
statistics, where only the structure of one chain from the
Protein Data Bank (PDB) file was used. All the results are
essentially the same. The DFIRE dimer (monomer) poten-
tial has a success rate of 95% (100%) in the 21 Sternberg
and Vakser docking decoys (based on the first rank), 29/31
(29/31) in the Rosetta docking decoys [based on the Z
score(native)], 94% (93%) in interface discrimination, and
a correlation coefficient of 0.85 (0.87) between theoretical
results and experimental data of binding free energies. We
also obtained the DFIRE potential based on the unphysical

restriction of the database to interfacial structures. The
performance of this potential is significantly worse than
that of the DFIRE-based monomer potential.

Dependence on the Distance Cutoff for Interface

The performance depends somewhat on the distance
cutoff used to define interacting interfacial residues. We
find that a cutoff of 4.5 Å used by Lu et al.11 is also the
optimal value for the performance of the DFIRE-monomer
potential. For example, the success rate for structure
selections in the 21 decoy sets is reduced from 21/21 with
the cutoff to 17/21 without cutoff. The correlation coeffi-
cient between theoretical results and experimental data of
binding free energies is reduced from 0.87 to 0.82. The
reduction of performance for a larger cutoff suggests that
DFIRE potential has overestimated the importance of
“noninterfacially interacting” residues. This points out
that the DFIRE potential at the intermediate range (r �

TABLE III. Comparison Between Experimentally Measured Binding Free Energies and Theoretically Predicted Ones

PDB IDa Interfaceb Exp.c Theoryd PDB IDa Interfaceb Exp.c Theoryd

1hbs ABCD/EFGH �4.838 �6.57 2tpi ZI/S �5.831 �5.27
1tce A/B �5.839 �7.86 1ak4 A/C �6.540 �4.70
1lck A/B �7.039 �9.09 1b4z A/B �7.141 �7.52
1b46 A/B �7.241 �7.82 2olb A/B �7.641 �7.72
1lcj A/B �7.839 �9.13 3tpi Z/S �7.842 �7.07
1b3l A/B �8.041 �7.30 1qka A/B �8.141 �9.12
1b9j A/B �8.141 �8.63 2pld A/B �9.039 �11.11
1b58 A/B �9.041 �9.53 1sps A/D �9.139 �8.77
1dkz A/B �9.143 �10.38 1b3g A/B �9.241 �8.33
1jeu A/B �9.341 �7.92 1b3f A/B �9.441 �8.54
1jev A/B �9.441 �10.16 1ola A/B �9.544 �8.45
1b5i A/B �9.641 �8.06 1b05 A/B �9.741 �8.73
1b32 A/B �9.741 �8.40 1b52 A/B �9.741 �7.75
2er6 E/I �9.844 �11.75 1jet A/B �9.841 �7.92
1b40 A/B �9.941 �8.77 1b51 A/B �10.041 �7.51
1qkb A/B �10.041 �8.14 1nmb HL/N �10.045 �9.90
2pcc A/B �10.046 �9.75 1b5j A/B �10.141 �8.19
1gua A/B �10.147 �10.23 1dkg AB/D �10.348 �10.67
1ycs A/B �10.349 �12.11 1fdl HL/Y �11.450 �12.95
1vfb AB/C �11.451 �13.40 2jel HL/P �11.552 �12.51
1abi HL/I �11.653 �14.27 1ebp A/C �11.754 �9.31
4sgb E/I �11.755 �14.85 1jhl HL/A �11.856 �12.75
1nsn HL/S �11.857 �11.81 2kai AB/I �12.458 �14.76
2sic E/I �12.759 �15.29 3sgb E/I �12.760 �10.18
1igc HL/A �12.761 �11.19 1hwg A/C �13.062 �12.15
1cse E/I �13.163 �13.8 3hfm HL/Y �13.364 �14.95
1ppf E/I �13.465 �14.28 3hhr A/C �13.666 �13.67
1tec E/I �14.063 �14.21 3hfl HL/Y �14.531 �15.45
1cho E/I �14.667 �14.69 4htc HL/I �14.665 �17.91
2sni E/I �15.868 �14.84 3ssi Symmetrye �16.069 �13.41
1acb E/I �16.170 �14.04 1bth HL/P �16.562 �19.16
1efn A/B �16.671 �14.05 1brs B/E �17.372 �14.95
1tbq JK/S �17.373 �22.65 4tpi Z/I �17.774 �16.29
1tpa E/I �17.831 �15.72 1dfj E/I �18.075 �15.55
2ptc E/I �18.176 �15.37

aThe database does not include proteins with metal atoms and other non-amino-acid components at the interface. Some of the data were
originately collected by Brooijmans et al.77

bThe chain IDs that make the interface.
cExperimental results (in kcal/mol).
dPredicted values (in kcal/mol) by the DFIRE monomer potential, shifted by a constant value of �4.7 kcal/mol.
eThe second component of complex 3ssi was generated with the symmetry axis provided by PDB file.
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rcut) is inaccurate. This inaccuracy may result from the
uniform cutoff of the DFIRE potential at r � 14.5 Å. The
cutoff distance of 14.5 Å was chosen because the distance
dependence for the number of pairs of ideal-gas points in
finite spheres starts to systematically deviate from r1.61 for
r 
 15 Å.21

Prospect for Docking Structure Prediction

Although the structure-derived DFIRE potential makes a
significant improvement over other structure-derived poten-
tial, there is still room for further improvement. For example,
the success rate based on the first rank for the native
structure is only 29% (9/31) for the DFIRE-based monomer
potential in Rosetta docking decoys. (For KMB,10 the ranking
information was not reported.) Nevertheless, most native
structures are ranked among the tops 400 decoys [61%
(19/31) and 71% (22/31) are within top 5 and top 10, respec-
tively]. Thus, the Rosetta docking decoy sets are more
challenging than the 21 dimer/trimer decoy sets. One imme-
diate improvement to the current application of DFIRE
potential to docking is to allow some flexibility in side-chain
positions. The work in this area is currently in progress.

CONCLUSIONS

Intra- and interprotein interactions involve the same
physical, water-mediated potential of mean force between
amino acid residues. This physical property, masked under
different amino acid preferences within a single protein and
between protein–protein complexes, is difficult to realize in
commonly used knowledge-based potentials using statisti-
cally average reference states. This work suggests that a
simple physical reference state of ideal gas not only makes
the structure-derived potential more accurate but also makes
it more physical, so that a unified potential of mean force can
be built for both folding and binding studies. The potential
offers an alternative to many physical-based energy func-
tions in which the contribution of entropy is difficult to
calculate. The DFIRE-based potential is expected to be useful
in structure selections,21 stability prediction,21 loop predic-
tion21, fold recognition via threading,35,36 protein (peptide)-
protein docking,37 and the prediction of binding free energy
with improved accuracy.
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