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ABSTRACT A heavy atom distance-dependent
knowledge-based pairwise potential has been devel-
oped. This statistical potential is first evaluated and
optimized with the native structure z-scores from
gapless threading. The potential is then used to
recognize the native and near-native structures
from both published decoy test sets, as well as
decoys obtained from our group’s protein structure
prediction program. In the gapless threading test,
there is an average z-score improvement of 4 units
in the optimized atomic potential over the residue-
based quasichemical potential. Examination of the
z-scores for individual pairwise distance shells indi-
cates that the specificity for the native protein
structure is greatest at pairwise distances of 3.5–6.5
Å, i.e., in the first solvation shell. On applying the
current atomic potential to test sets obtained from
the web, composed of native protein and decoy
structures, the current generation of the potential
performs better than residue-based potentials as
well as the other published atomic potentials in the
task of selecting native and near-native structures.
This newly developed potential is also applied to
structures of varying quality generated by our
group’s protein structure prediction program. The
current atomic potential tends to pick lower RMSD
structures than do residue-based contact potentials.
In particular, this atomic pairwise interaction poten-
tial has better selectivity especially for near-native
structures. As such, it can be used to select near-
native folds generated by structure prediction algo-
rithms as well as for protein structure refinement.
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INTRODUCTON

Current prediction approaches to protein structure are
based on the thermodynamic hypothesis that the native
structure is at the lowest free energy state that lies in the
lowest potential energy basin under physiological condi-
tions. A potential that can discriminate between the native
and misfolded structures is crucial for any protein struc-
ture prediction protocol to be fully successful. Toward this
end, two different types of potential energy functions are
currently in use.1–6 The first class of potentials, the
so-called physical-based potential, is based on the funda-
mental analysis of forces between atoms.7,8 The second

class, the so-called knowledge-based potentials, extracts
parameters from experimentally solved protein struc-
tures.9–14 The advantage of the first class of potentials is
that, in principle, they can be derived from the laws of
physics; the disadvantage is that the calculation of free
energy is very difficult because this computation should
include an atomic description of the protein and the
surrounding solvent. Currently this type of computation is
generally too expensive for protein folding.15 On the other
hand, with today’s computer resources, knowledge-based
potentials can be quite successful at fold recognition16–19

and ab initio structure prediction20,21 (see also Proteins
special issue, 2000, on CASP3).

For knowledge-based potentials, quite often the distribu-
tion of pairwise distances is used to extract a set of
effective potentials between residues or atoms. In most
cases, the knowledge-based potential is built and then
used on reduced protein models, i.e., using one or two
points for each residue to represent a protein.22–24 These
points are usually located at the coordinates of each
residue’s Ca atoms, Cb atoms or at coordinates of the
center of mass of each side chain. Simplified models are
used to represent proteins because the computational cost
of fold recognition or ab initio predictions using the
all-atom representations of proteins would be prohibitive.
Nevertheless, several potentials for higher-resolution mod-
els had been developed in the hope of providing better
discriminatory power than are obtained with residue-
based potentials.25–28 For ranking structures near the
native fold, and for protein structure refinement, the
detailed interactions between side-chain atoms from differ-
ent residues may be required to rank correctly the low
root-mean-square deviation (RMSD) structures.29

One question that should be answered for every newly
developed potential is how much of an improvement it is
over previous potentials. For residue-based potentials, two
kinds of measure for a potential are typically used: z-scores
from gapless threading, and the ability to discriminate
native structures from decoys. For the atomic resolution
potentials developed previously,25–28 the discrimination
ability of native structure from decoys had been used for
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evaluation. To the best of our knowledge, atomic potentials
have not been tested using z-scores in gapless threading.
This is probably due to the amount of computer time
needed to reconstruct the atomic details of a large number
of protein structures for a gapless threading test. Typically
one needs to generate in the order of 10,000–100,000
structures for each target sequence. Also in question is the
quality of the all-atom rebuilding programs required for
such a calculation. On the other hand, the behavior in
gapless threading is a quick indication of the quality of the
potentials. The potentials that have better z-scores in
gapless threading tests usually have better discriminative
ability in ab initio folding (J. Skolnick, unpublished obser-
vations). A good z-score is a necessary, but not sufficient,
condition for the potential to be useful for structure
prediction.

Gapless threading consists of the evaluation of hundreds of
thousands of structures. This is statistically more reliable
than picking 10 or 20 native structures from a similar
number of decoys. A recently developed atomic reconstruc-
tion program30 provides a fast and reliable protocol for the
all-atom rebuilding process. Thus, it is possible for us to
evaluate our atomic potential by comparing it with other
potentials. We then evaluate our potential on decoy sets
taken from the PROSTAR website,27 which has been tested
against several residue-based and atom-based potentials. We
also compare the performance of all atomic knowledge-based
potentials and residue-contact potentials developed in our
group,13 as well as to an atomic potential (RAPDF) and a
residue contact potential (CDF) posted on the PROSTAR
website.27 Another decoy set31 is used to test the current
potential’s ability to pick native and near-native structures
from decoys that have native secondary structures and
compact self-avoiding conformations.

Furthermore, we test the current potential on decoys
generated by generalized comparative modeling, that is,
threading followed by a Monte Carlo protein structure
prediction and refinement program,32 as applied to the
sequences in the Fischer database.33 The goal is to pick the
lowest possible RMSD structures from thousands of gener-
ated decoy structures. Since this test is against one of the
best protein structure prediction programs currently in
use, the results will allow us to evaluate the practical
value of this atomic potential.

The organization of this article is as follows. First we
provide the details of constructing the atomic potential.
Then we present the comparison of the present potentials
with several published potentials (both at residue-based
and atom-based levels) on gapless threading tests and on
decoy sets from the web and from our structure prediction
program. Finally, we examine the significance of this work
and discuss the future development and use of the atomic
potential.

METHODS
Potential Construction

The potential is developed for an all-heavy-atom repre-
sentation in which the heavy atoms in the protein are

classified on a residue-specific and on an intra-residue-
position-specific basis; that is, the Ca of LEU is different
from the Cb of LEU and is also different from the Ca of ILE.
Hydrogen atoms are ignored. In total, there are 167
different atom types in the current model. The distances
between any two atoms are divided into 14 distance shells,
starting from 1.5 Å, with each distance shell 1 Å in width.
For example, distance shell number 3 covers the distance
from 3.5 Å to 4.5 Å. The last distance shell, the fourteenth
shell, covers all distances from 14.5 Å to infinity. The
potential for any pair of heavy atoms i and j is calculated
using the formula:

ε~i, j, d! 5 2RT ln FN~i, j, d!obs

N~i, j, d!exp
G (1)

where d is the distance shell number. N(i,j,d)obs and
N(i,j,d)exp are the observed number of contacts and the
expected number of contacts in distance shell d, respec-
tively. In the quasichemical approach, N(i,j,d)exp is defined
as:

N~i, j, d!exp 5 N~d!xixj (2)

where xk is the mole fraction of atom type k, and N(d) is
total observed number of pair contacts in distance shell d.

The essential question in the derivation of a knowledge-
based potential is the choice of reference state, that is, how
to calculate N(i,j,d)exp from a number of structures. As
described by Skolnick et al.,13 there are three ways to
define the reference state: a composition-independent scale,
a partial-composition-corrected scale, and a composition-
corrected scale. The difference between these three scales
is as follows: in the composition-independent scale, the
observed distance-dependent contact numbers from differ-
ent proteins are pooled together and the expected contact
numbers are calculated from the overall mole fractions of
the individual types of atoms in the entire database. In the
partial-composition-corrected scale, the observed contact
numbers are pooled together, but the expected contact
numbers are the sum of expected contact numbers (calcu-
lated according to eq. 2) for each individual protein. In the
composition-corrected scale the potential is calculated by
averaging the pair potential eq. 1 for the proteins that
have both atom type i and type j in their structures. In the
current atomic potential calculation, all three scales have
been calculated and tested using gapless threading.

The atomic potential calculation used in eqs. 1 and 2 is
somewhat different from a previous atomic potential devel-
oped in our group.25 Previously, the expected number of
contacts in a certain distance shell was proportional to the
number of contacts a certain type of atom made to all other
atoms in that shell. In that way, the expected number of
contacts for residues on the protein surface would be less
than that of residues located inside the protein because the
atoms on surface residues have a smaller total number of
contacts. The current schemes in which the expected
number of contacts is proportional to the mole fractions of
the corresponding atoms reflects a better reference state, a
random set of compact protein-like environments, for the
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potential. In the cases where certain atom pairs are not
observed at short distances, the potentials in these dis-
tance shells are set to 2.

Figure 1 shows the pairwise potentials between the CD2
atom in LEU and different side-chain atoms in ILE, and
between the OD1 atom in ASP and different side-chain
atoms in LYS, using the composition-independent scale.
The potentials between LEU and ILE atoms indicate
attractive interactions between hydrophobic residues.
These potentials have well-defined wells at short distances
and maintain negative values at longer distances. For
comparison, the residue-based contact potential described
by Skolnick et al.13 is also drawn in Figure 1(a), which has
a value of 21.1 and a cutoff distance of 6.8 Å. The
residue-based potential qualitatively agrees with the
atomic potential. For interactions between atoms in the
hydrophilic residues ASP and LYS, the potentials have
negative wells at short distances, ,3.5 Å, and then turn
positive at longer distances. Hydrophilic residue pairs at
distances longer than 4.5 Å, even for opposite-charged
ones, are repulsive. One interesting observation is that
when comparing potentials ε(i,k,d) and ε(j,k,d), where i
and j are side-chain atoms from the same residue and k is a
side-chain atom from a different residue, the differences in
the potentials reside in the short distance shells (d ,5).
For distances longer than 5.5–6.5 Å, these potentials are
almost the same.

Because the residue-specific atomic model used in this
case is the most detailed representation when one ignores
the location in the sequence of the residues, the current
potential can be used directly to check whether other
quasichemical potentials based on reduced models by
grouping certain atoms are reasonable. Grouping atoms
that belong to the same residue is fine, as seen from Figure
1. The side-chain atoms from the same residue, when
paired with a common third atom, have similar potentials.
For example, when pairing different ILE side-chain atoms
with the LEU(CD2) atom, these pairwise potentials have
similar shape; thus, we can group the ILE side-chain
atoms together for the construction of potentials for the
reduced model. Of course, when using these kinds of
potentials from reduced models, some atom-specific details
and side-chain orientation information would be lost.
When grouping atoms from different residues one needs to
be more careful. For example, grouping GLU(OZ1) and
ASP(OZ1) is possible because these two residues have
similar characteristics, and the OZ1 occupies a similar
position in these residues. The potential ε(GLU(OZ1),k,d)
and ε(ASP(OZ1),k,d) have similar shapes, where k is any
type of atom and d is the distance shell. But grouping the
Cb of ILE and the Cb of ASP may not work very well. The
potentials between ILE(Cb) and LEU(Cb) and between the
ASP(Cb) and the LEU(Cb) are qualitatively different (Fig.
2) and reflect the difference in connectivity of the Cb in
different residues. The potential between ILE(Cb) and
LEU(Cb) has a well at 6 Å and is attractive from 3 to 14 Å.
But the potential between ASP(Cb) and LEU(Cb) is repul-
sive at all the distances. As a result, the atoms ASP(Cb)
and ILE(Cb) should not be grouped together when one tries
to reduce the number of atom types in his or her protein
models.

Database Selection

A set of 1,291 protein structures were randomly selected
from the nonhomologous Protein Data Bank (PDB) select
library34 in order to generate the atomic potential. The
sequence identity between any pair of sequences in the
database is less than 25%. The gapless threading target
set (16 sequences) and the template set (532 structures)

Fig. 1. Distance-dependent atomic potentials (a) between hydropho-
bic residues LEU and ILE, and (b) between hydrophilic residues LYS and
ASP. Each distance shell is 1 Å wide. Distance shell number I corre-
sponds to distances between I.5 Å to (I11)0.5 Å.

Fig. 2. Atomic potential between Cb atoms of LEU and of ILU, which is
attractive, and the atomic potential between Cb atoms of LEU and of ASP,
which is repulsive. Distance shell number I corresponds to distances from
I.5 Å to (I11)0.5 Å.
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were randomly selected from the same PDB library. The
template set had only about one-half of the structures
overlap with the subset used for generating the potential.
The 16 sequences in the target set are not included in the
1,291 structures used for potential construction. The se-
quence sets are listed on our web page (http://bioinformat-
ics.danforthcenter.org/).

Atomic Detail in Protein-Structure Rebuilding

In gapless threading and in ranking structure prediction
results from the Fischer database sequences, the all-atom
model of the protein structure has to be built from the
reduced model. The building process uses the program
described by Feig et al.30 The program starts from a
SICHO representation describing the protein by the center
of mass of the Ca plus side-chain heavy atoms35 of the
protein and rebuilds backbone and side-chain heavy atoms
consecutively. The accuracy of the rebuilt model is 1 Å
RMSD for all atoms and 0.6 Å RMSD for Ca atoms.30

RESULTS
Evaluation of the Atomic Potential With Gapless
Threading

Using gapless threading to evaluate the current atomic
potential is done as follows. The target sequences are
threaded through the side-chain centers of mass of the
template structures; then using an all-atom rebuilding
program30 to reconstruct an all-atom representation of the
decoy structures. Typically 10,000–100,000 decoy struc-
tures are rebuilt through this process for each of the target
sequences. The object is to preserve the side-chain contact
map. For native structures, the rebuilding program has
been shown to be able to reconstruct the backbone to an
RMSD of ,0.6 Å for the Ca atoms compared with the
native structures. The program typically takes 20 s to
reconstruct a protein with about 100 residues on an SGI
O2 machine.

As presented in Figure 3, the gapless threading results
are compared between residue-based potentials and atom-
based potentials. The atomic potentials with the composi-
tion-independent scale performed better than residue po-
tentials in all 16 cases. On average, the atomic potential
has a z-score of 4.1 units better than residue-based poten-
tials, where the z-score of the native structure is defined
as:

z 5
Eaverage 2 Enative

s
(3)

where Eaverage and s are the mean and standard deviation
of the energies of all the structures generated by gapless
threading.

In order to check the distance-related performance in
the gapless threading, we have calculated the z-score of
every distance shell. In 15 of the 16 cases, the shape of the
z-scores is similar to that in Figure 4(a,b). The z-scores are
low, lower than the z-score from the residue-based contact
potential at short distances (first two distance shells) and
at long distances (distance shell number 7 and up). The
most significant z-scores come from distance shells be-

tween 3.5 and 6.5 Å, which is the first solvation shell for
each atom. When we combined the energies from 3.5 to 6.5
Å, we obtained the best z-scores. As such, we will use
atomic energy in this distance range in future structure
predictions. In one case, the shape of the z-score-distance
bin is different [Fig. 4(c)]. The z-score is very high at short
distances, then decreases gradually. Nevertheless, the
z-score of the combined energy from 3.5 to 6.5 Å is still
better than that of residue-based potentials. So it is safe to
say that atomic potentials using energies from 3.5 to 6.5 Å
bins have the best selectivity in most cases and will likely
outperform residue-based potentials.

We have also evaluated the different reference states as
proposed by Skolnick et al.13 The potentials from the
partially correct composition scale perform similarly to
those from the composition-independent scale; i.e., the
average z-score is ;12. But potentials from the composition-
corrected scale perform much worse than do the above two
scales, with an average z-score of only 4. This poor
performance can be attributed to the way the potential of
the composition-corrected scale is constructed, which is
the weighted average of pairwise potentials from indi-
vidual proteins. For 167 atomic types and 14 distance bins,
individual proteins would not be able to provide enough
statistics for the proper construction of the potentials.
Thus, the overall averaging will not provide good results.
This situation is somewhat different for residue potentials,
where the composition-corrected scale can provide an
average z-score that is 2 units better than the composition-
independent scale.

In Figure 4, we also compared the performance of the
atomic potentials computed by four different means: includ-
ing or excluding the atoms from the first and second
sequence of neighboring residues of each residue in the
computation of N(i,j,d) and N(i,j,d)exp; and including or
excluding the backbone atoms C, N, and O in the computa-
tion of the N(i,j,d) and N(i,j,d)exp. In the first solvation
shell, 3.5–6.5 Å, the potentials calculated excluding the

Fig. 3. Comparison of z-scores of gapless threading for atomic
knowledge-based potential (striped) and residue contact potentials (solid)
with a composition-corrected scale. In every case, the atomic knowledge-
based potential has a better z-score than the residue-based potential. The
average z-score for the atomic knowledge-based potential is 11.6. The
average z-score for the residue contact potential with a composition-
corrected scale quasi chemical potential is 7.5.
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first and second neighbors performed much better than did
those including the first and second neighbors. And the
best potential is the one that includes the backbone atoms
but excludes the neighbors from the protein sequence. For
the rest of the distance shells, the four potentials have a
similar performance, except for distances between 6.5 and
12.5 Å (the second and third solvation shells). The poten-
tial calculated excluding neighbors and excluding the
backbone atoms C, N, and O performs a little bit better

than the rest of the three potentials when including either
or both of the neighbors or backbone C, N, and O in the
potential constructions.

Performance on Decoy Set Structures

The atomic potential developed in this study has been
tested on the decoy sets posted on the PROSTAR website,
http://prostar.carb.nist.gov, and described in Samudrala
and Moult.27 The goal of this test is to discriminate
between the native structure and one or more misfolded or
low-resolution structures. The results are listed in Tables I
and II. The atomic potential presented performs better
than the residue-based potentials. When compared with
the atomic potential RAPDF,27 the current atomic poten-
tial has similar but better performance. Tables I and II
also compare the contact potential CDF posted on the
PROSTAR website with the composition-corrected qua-
sichemical residue contact potential published previously
(Skolnick et al.13).

In the misfold subset, both the atomic knowledge-based
potential and atomic potential RAPDF select 100% of the
cases correctly. Interestingly, the atomic potential RAPDF
needs to use a long cutoff such as 15 Å or 20 Å to achieve
100% correct selectivity, and gets about 80% correct when
using a cutoff of 5 or 10 Å.27 By contrast, using the current
atomic knowledge-based potential, a 100% correct selec-
tion can be achieved using any of the following cutoffs:
from 3.5 to 6.5 Å, from 3.5 to 9.5 Å, and from 3.5 to 12.5 Å.
As for the residue potentials, the residue contact potential
with a composition-corrected scale from Skolnick et al.13

picked the native structure 100% of the time, while the

Fig. 4. z-scores from gapless threading for each distance shell.
Results from four types of atomic knowledge-based potentials are plotted.
}, including backbone atoms and excluding neighbor residues; X,
excluding backbone atoms and excluding neighbor residues; ‚, including
backbone atoms and including neighbor residues; shaded squares,
excluding backbone atoms and including neighbor residues. See text for
details.

TABLE I. Comparison of Different Potentials for the
PROSTAR Decoy Sets

Misfold ifu Asilomar pdbrr and spga

Atomic KBPa 24/24d 32/43 37/41 5/5
RAPDFb 24/24 30/43 37/41 5/5
Residue contact potentialc 24/24 22/43 35/41 4/5
CDFb 19/24 21/43 35/41 5/5
aThe atomic KBP is the atomic potential developed in this article.
bRAPDF and CDF are atomic and residue-based potentials, respec-
tively, from Samudrala and Moult.27

cThis is a residue-based quasichemical potential from Skolnick et al.13

dThe first number in each cell is the number of correctly identified
decoys, and the second number is the total number of decoys. The first
column lists the subsets of decoys.

TABLE II. Performance of Different Potentials When
the Cutoff of the Discrimination Ratio Is 0.95*

Misfold ifu Asilomar pdbrr and spga

Atomic KBP 24/24a 32/43 36/41 5/5
RAPDF 24/24 29/43 35/41 4/5
Residue contact potential 24/24 20/43 31/41 4/5
CDF 17/24 10/43 15/41 4/5

*The discrimination ratio is defined as the ratio of energy of the decoy
to the energy of the native structure.
aThe first number in each cell is the number of correctly identified
decoys, and the second number is the total number of decoys. The first
column lists the subsets of decoys.
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PROSTAR contact potential picked the native structure
75% of the time. This subset had also been used to evaluate
a previous pairwise atomic potential,25 and it correctly
picked 23 of the 24 native structures.

The current atomic knowledge-based potential has a much
better differentiation ratio—defined in the PROSTAR web-
site as the ratio of the energy of the decoy to that of the native
structure—than the RAPDF potential.

In the test set ifu, our atomic knowledge-based potential
failed to pick out 12 of the 42 native structures, while
RAPDF missed 13. As in the first test set, the current
atomic potential also has a better discrimination ratio. In
this test set, neither of the residue-based potentials per-
formed very well. This is probably because the targets in
these subsets are protein pieces and it is difficult for
residue potentials to evaluate structures based on a small
number of pair interactions.

In the test set Asilomar, both the atomic knowledge-
based potential and RAPDF missed 4 of 41 test cases. The
residue potentials displayed similar performance to that of
atomic potentials.

In the test sets pdberr and sgpa, where the decoys are
low-resolution experimental structures, every potential
correctly picked the high-resolution structures in all cases,
except that the residue contact potential with a composi-
tion-corrected scale missed one case. In this case, the
residue potential has a discrimination ratio of 1.01, while
the contact potential from PROSTAR has a discrimination
ratio of 0.99.

Note that, in some cases, the energies of the decoy
structures and native structures are very close. That the
native structure only has a slightly lower energy than that
of the decoy may not be a reliable result. Thus, we used a
somewhat stricter standard for claiming that the potential
can distinguish between the native structure and the
decoy. Instead of using the standard posted in PROSTAR,
which shows that when the discrimination ratio is #1 for a
correct pick, the qualifying line is moved to 0.95, to ensure
that there is a recognizable energy gap between the native
structure and the decoy. We should state that the discrimi-
nation ratio is not a good measure, but the better quantity,
the z-score, is not meaningful for a small number of decoys
in each sequence, where sometimes there is just one decoy
structure. The results using the new standard are listed in
Table II. For the atomic knowledge-based potential, the
new standard does not affect many of the results. For those
cases in which the native structure has lower energies, it
shows that the energy gap between the native structure
and the decoy is large. For RAPDF, in five cases the native
and decoy energies are very close. The significant change
of the results comes from evaluating the Asilomar subset
using the contact potential CDF. CDF can only pick 15 out
of the 42 native structures with large energy gaps.

Performance on Park and Levitt Decoy Set

The Park and Levitt decoy test set consists of 7 se-
quences, each with ;600–700 decoys that cover structures
showing an RMSD ranging from 0 (native structure) to 10
Å from native structure. This test set was generated using

a four-state off-lattice model together with a relaxation
method.31 The decoy structures all have the native second-
ary structures.

These decoys are evaluated using the current atomic
potential. The results are listed in Table III. In all cases,
the native structure has the lowest energy. In six of the
seven cases, the decoy structures with the lowest energy
are ,2 Å away from native structures. In only one case, the
lowest-energy decoy is 2.7 Å RMSD away from native
structure, but the second lowest-energy decoy structure
has an RMSD of 1.9 Å.

We have also calculated the correlation between the
RMSD and the atomic potentials for these decoys. The
results are also listed in Table III. In all cases, the
correlations are .0.5. Figure 5 plots two of the energy vs.
RMSD: 3icb and 4pti correspond to the highest and lowest
correlation. The fact that there is a strong correlation
between the RMSD and atomic energy in all cases suggests
that structure refinement with the current atomic poten-
tial is possible if secondary structures are correctly pre-
dicted.

Performance on Structures Generated from
GENECOMP

Our group has done extensive work on the refinement of
predicted structures generated by threading.35,36 As a test
set, we have attempted to refine the set of sequences in the
Fischer database33 in standard threading benchmarks
using program GENECOMP.32 The goal of this test set is
to pick low RMSD structures from the high RMSD struc-
tures. The structure constructed for each probe sequence
from the Fischer database has been simulated with 100
trajectories, and each trajectory has 200 frames recorded.
Using a residue-based potential energy,35 which is actu-
ally the potential energy used to generate the trajectories,
we picked the two lowest-energy structures from each
trajectory. This gives us 200 decoy structures for each
sequence. In 28 cases, the structures we selected include
decoys that are ,7 Å RMSD from the native structures.
We will concentrate the evaluations of the atomic potential
on these cases. This should be a difficult test, as the test
structures are “smartly” misfolded, and the structures we
picked from the trajectories are already the lowest or next
lowest energies when evaluated with knowledge-based
potentials on the residue level.

TABLE III. Evaluation of the Atomic Potential Using the
Park and Levitt Decoy Set

PDB code
Native structure

ranking
RMSD of lowest
energy decoy (Å)

Correlation between
energy and RMSD

1ctf 1 1.7 0.6
1r69 1 1.9 0.5
1sn3 1 2.0 0.5
2cro 1 2.8 0.7
3icb 1 1.9 0.8
4pti 1 1.4 0.5
4rxn 1 1.9 0.6

RMSD, root-mean-square deviation.
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Tables IV and V compare the atomic potential with two
residue potentials: quasichemical and one including weak
sequence similarity information. It has been shown that
potential with weak sequence similarity information per-
formed significantly better than normal quasichemical
potential.13 We performed two comparisons: (1) we com-
pared the structures picked by the lowest energies from
the atomic and residue potentials (Table IV), and (2) we
compared the best RMSD structure from the top five
structures selected by atomic and residue potentials (Table
V). When compared with the quasichemical residue poten-
tial, the atomic potential selects lower RMSD structures in
seven cases and higher RMSD structures in two cases
when the lowest energy pick is used. The term “better” is
defined as when the RMSD difference is larger than 10% of
the RMSD value of the worse structure. A 0.5-Å difference
would be significant for structures of ;2 Å RMSD, but it
would not mean as much for structures of RMSD 7 Å away
from the native ones. When the best structure in the top
five selections is used, the atomic potential picks better
structures in nine cases and worse in only one case. As
presented by Skolnick et al.,13 potentials, including weak
sequence homologous information, perform better than do
pure quasichemical potentials. When comparing the atomic
potential with the residue contact potential, including
weak sequence similarity information, the atomic poten-
tial did better for six cases but did worse for three cases of

the lowest-energy structure and did better for five cases,
while it did worse for three cases of the best structure in
the top five selections.

We also checked the energy of native structures as
compared with those of the decoys. In 25 of the 28 cases,
the native structure has the lowest energy when compared
with the 200 decoy structures selected in the previous
section. In one case, the native structure has the second
lowest energy and in another case, the native structure
has the third lowest energy. In only one case, 1hrhA, does
the native structure have the median energy of the decoys.
This finding suggests that in most cases refinement near
the native structure using the current atomic potential
energy might be possible.

Performance on Structures from Unfolding
Simulations

Unfolding simulations using molecular dynamics (MD)
at high temperatures have been performed for proteins
1gb1, 2pcy, and 2zat. Starting from native structures,
these high temperature MD simulations started from
native structures and generated conformations of 0–4 Å
RMSD from native ones in 100 picoseconds (ps). Figure 6
shows the atomic pairwise potential energy vs. the RMSD
from these simulations. These plots show a good correla-
tion of the pairwise atomic potential with the RMSD. In all
three cases, the correlation coefficients between energy
and RMSD are .0.6. Furthermore, in all three cases, the
lowest-energy structure is only ;0.5 Å RMSD away from
the native structure.

DISCUSSION

The present study shows that the atomic distance-
dependent pair potential is consistently better than the
residue-based pair potential in a wide range of test cases.
The atomic potential is evaluated using gapless threading.
The increment of the average z-score by 4 units quantita-
tively measures the improvement of the atomic potential
over the residue-based potential with a composition-
corrected scale. The higher specificity of the atomic poten-
tial energy for the native and near-native structures arises
from amplification of the correct contact on the atomic
level.

We have shown that the details of the potential construc-
tion are very important, particularly the ways of comput-
ing the Nobs and Nexp. Figure 4 demonstrates that if we
included atoms from neighboring pairs in the potential
construction and protein structure evaluation, the z-score
would be even worse than if we used residue-based qua-
sichemical potentials. The choice of reference states also
has some impact on the performance of the potential. With
the same quasichemical approach, these fine tunings of the
potential are the main reason that the current potential
outperformed those previously published.

The z-scores calculated from each distance shell (Fig. 4)
imply that the native structure is distinguished from
misfolded structures in the pairwise distances in the first
solvation shell (3.5–6.5 Å). This conclusion is different
from the one published earlier,27 which shows that a
longer cutoff, #20 Å is better.

Fig. 5. Energy (in RT kcal/mol) vs. RMSD (in Å) for (a) 3icb and (b)
4pti for the decoy sets from Park and Levitt.31
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In Figure 1, one can see that for longer distances the
different side-chain atoms tend to have similar potentials.
And the potentials are typically ,0.5 RT kcal/mol away
from 0. This observation may explain why residue-based
contact potentials work quite well as shown by the z-score
in gapless threading. The residue-based contact potentials
catch the most significant part of the pairwise interac-
tions. We also showed that the composition-corrected scale
cannot be used in atomic distance-dependent potential
construction due to the lack of adequate statistics.

The tests on various decoy sets from the PROSTAR
website demonstrated that the atomic knowledge-based
potential performs consistently better than residue poten-
tials and previous atomic potentials. Not only can the
current atomic knowledge-based potential pick the native
structures in more cases, but the discrimination ratio of
the atomic knowledge-based potential is also better than
that of the other potentials.

The Park and Levitt decoy set had been shown to be
quite a challenge for a simple residue contact potential and
van der Waals potential, where the lowest-energy struc-
tures typically were 6–10 Å RMSD away from native

ones.31 The improved residue-based potential37 also can-
not recognize the native and near-native structures in all
cases. Using current atomic potential, there are good
correlations between energy and RMSD in all cases, and
the successful selection of native and near-native struc-
tures (2 Å RMSD) with the lowest energy in every test case
were also very encouraging.

Extensive testing of the Fischer database sequences
demonstrated that the atomic knowledge-based potential
could select lower RMSD structures in more cases than
could be achieved with the residue-based potentials. This
finding implies that the atomic knowledge-based potential
will have immediate practical value in protein structure
prediction.

Recent work13,38,39 suggests that using homologous
sequence averaging computation of the potential energy
would greatly enhance the specificity of the potentials.
With the use of a gapless threading test, the average
z-score improved by 3 units when using weak sequence-
similarity potentials and homologous sequence averaging
techniques. It would be natural to assume that similar
ideas will also improve the performance of the current

TABLE IV. Comparison of Atomic Knowledge-Based Potential and Residue-Based Potentials for
Sequences from the Fischer Database: Comparison of the Lowest-Energy Structures Picked by

Different Potentials*

Atomic knowledge-based
potentials

Residue contact potential
with correct composition

scale

Residue-based potential
with weak sequence

similarity

Atomic knowledge-based
potential

— 1hip_ 1aba_ 1hip_ 1stfI

Residue contact
potential with correct
composition scale

1tlk_ 1onc_ 1rcb_ 1cauB
1stfI 2sas_ 1fc1A
1isuAa

— 1aba_ 1rcb_ 1stfI

Residue-based potential
with weak sequence
similarity

1hrhA 1rcb_ 1cauB 1stfI
2hpdA 2sas_

1hom_ —

*The atomic knowledge-based potential is the potential presented in the current study. The residue contact
potentials with composition-corrected scales and with weak sequence similarity were presented by Skolnick et al.13

aThe Protein Data Base (PDB) codes listed in each of the central cells indicate the cases in which the potential listed
on the top of its column outperforms the potential listed on the left in its row. For example, the second column lists
the cases for which the atomic knowledge-based potential outperforms the residue contact potentials. For example,
in the third column and third row there are 8 cases in which the atomic potential is better than the residue contact
potential.

TABLE V. Comparison of Atomic Knowledge-Based Potential and Residue-Based Potentials for
Sequences from the Fischer Database: Comparison of the Best RMSD Structure from the Top

Five Lowest-Energy Structures Picked by Different Potentials

Atomic knowledge-based
potential

Residue contact potential
with correct composition

scale

Residue-based potential
with weak sequence

similarity

Atomic knowledge-based
potential

— 1aba_ 1hip_ 1cauB 1onc_ 1aba_ 3chy_ 1hip_

Residue contact
potential with correct
composition scale

1hom_ 1fc1A 1hrhA
3chy_ 1rcb_ 3hla_

— 1onc_ 1aba_ 3chy_ 1rcb_
3hla_

Residue-based potential
with weak sequence
similarity

1hom_ 1fc1A 1isuA
1hrhA 1cgrA 1cauB
1c2rA 2sarA 2hpdA

1isuA 1cauB 1c2rA
2hpdA 2sarA

—

RMSD, root-mean-square deviation.
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atomic knowledge-based potential. Although it will be
much more expensive for these protocols to be imple-
mented because the sequence homologous average usually
requires detailed atomic reconstruction of at least 10 times
more structures than those of target sequences, it may be
of use for a limited number of protein-structure predic-
tions.

The results from the unfolding simulation (Fig. 6) show
the possibility of refining the structure with atomic poten-
tials because of the good correlation between the RMSD
and the atomic potential for structures near the native
state. Previously published results40 showed that both the
residue-based potential and molecular mechanics poten-
tial with a GB/SA term have good correlation with RMSD
over a large range of distances (0–15 Å), but unfortunately

for structures close to native ones (RMSD ,5 Å), the
energies and RMSD were not correlated. Using the current
potential, structure refinements from medium-resolution
prediction results (4 to 6Å RMSD) to near-native struc-
tures (2–3 Å RMSD) will be more likely to be successful.
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