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ABSTRACT
Protein structure refinement is an important
but unsolved problem; it must be solved if we
are to predict biological function that is very
sensitive to structural details. Specifically, critical assessment of techniques for protein structure prediction (CASP) shows that the accuracy of predictions in the comparative modeling category is often worse than that of the
template on which the homology model is
based. Here we describe a refinement protocol
that is able to consistently refine submitted
predictions for all categories at CASP7. The
protocol uses direct energy minimization of
the knowledge-based potential of mean force
that is based on the interaction statistics of
167 atom types (Summa and Levitt, Proc Natl
Acad Sci USA 2007; 104:3177–3182). Our protocol is thus computationally very efficient; it
only takes a few minutes of CPU time to run
typical protein models (300 residues). We
observe an average structural improvement of
1% in GDT_TS, for predictions that have low
and medium homology to known PDB structures (Global Distance Test score or GDT_TS
between 50 and 80%). We also observe a
marked improvement in the stereochemistry of
the models. The level of improvement varies
amongst the various participants at CASP, but
we see large improvements (>10% increase in
GDT_TS) even for models predicted by the
best performing groups at CASP7. In addition,
our protocol consistently improved the best
predicted models in the refinement category at
CASP7 and CASP8. These improvements in
structure and stereochemistry prove the usefulness of our computationally inexpensive,
powerful and automatic refinement protocol.
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INTRODUCTION
Comparative modeling is a widely established approach that provides
reliable structural information on naturally occurring protein sequences.1,2 Even with the best possible template and sequence alignment,
comparative models have coordinate errors compared to the true native
structures. Refinement protocols that aim at detecting and correcting
these errors are an indispensable part of the process. Model refinement
has received a good deal of attention and the previous studies can be
broadly classified by the magnitude of change they cause. On the one
end of the scale are methods that explore significant changes in the
model3–5 (i.e., replacing secondary structure elements, reorienting helices, etc.). These methods have the potential of adding significant structural information to the model,6 but are computationally intensive and
perform inconsistently across models. On the other end of the scale are
methods that make small, local changes to the model. These methods
usually fix obvious errors in the models such as gaps or clashes,7–9 or
change side-chains conformations.10,11 Refinement of this kind is computationally much less expensive, shows consistent performance on the
problem it is designed to solve, but generally does not move the structure significantly closer to the native coordinates.
Although local refinement generally has a small effect on the coordinates of structures, the effect on the energy can be much larger. Thus,
local refinement could aid the selection of the best final models out of
large sets of decoys using quality assessment programs, such as ProQ12
and SELECTpro.13 Ever since the first energy calculations on protein
macromolecules14,15 showed that local refinement is very useful in
combination with experimental data, this has been an active area.
Most recently, low-resolution data such as electron density maps from
electron microscopy have been used to deform a model to better fit
experiment.16,17
All local refinement methods sample the conformational space
around the initial model so as to optimize energy or more general
scoring function, the final value of which is then used to select the
best refined model. Two general procedures are common to ensure
local changes in the initial model. The first, uses direct minimization
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Consistent Reﬁnement of Protein Models

or short simulated annealing molecular dynamics runs;
sampling is restricted and never goes outside the energy
landscape basin that surrounds the initial model which
greatly speeds the calculation. The second ensures locality
by adding restraining terms that are based on the initial
model. Such terms remold the energy landscape to have
a deeper basin around the initial model, making it very
difficult for any sampling strategy to move too far. The
details of the restraining terms vary, but they usually
involve the initial coordinates14 or distances between
atoms.8,16,18
In this work we present a refinement protocol that is
based on minimization of the model with our knowledge-based potential, KB01. Previously we showed this
potential to be effective in refining near-native decoy
structures.19,20 Here, we test our protocol on a more realistic protein modeling task, applying it to thousands of
model submitted by participants in recent CASP
events.21 The CASP benchmark is highly diverse in the
difficulty of the prediction targets, the variety the prediction methods used and the success of participants. Our
protocol shows consistent average improvement of all
models across prediction groups, target difficulty, and
CASP category. Thus, we expect the protocol to be a useful addition to current local refinement tools, and discuss
its possible inclusion in more general optimization
pipelines.

METHODS
Preparation of CASP7 models and
refinement targets

The seventh critical assessment of techniques for protein structure prediction (CASP7) experiment posted 114
targets from various experimental sources.21 Submitted
models from all human and server expert groups provide
the dataset used for this work. We discarded models with
more than 3% missing residues. We also discarded models that did not have side-chain represented with atomic
detail. This resulted in a total of 36,802 models from 178
groups (11,537 models were discarded). We also used a
total of 21 refinement targets from both CASP7 (9 targets) and CASP8 (12 targets) refinement categories
(CASPR) for this study. These refinement targets are
selected by the CASP organizers as the best predicted
models from all groups for the target. For each target,
the native structures were downloaded from the PDB
and preprocessed using the domain definitions for each
target mentioned on the CASP website.
The KB01 refinement protocol

Our KB01 refinement protocol is composed of two
steps: (a) structure refinement by energy minimization
using a statistical knowledge-based potential of mean

force derived for a bin width of 0.1Å (KB01)19 and (b)
stereochemistry correction using MESHI.22
We initially parameterized the KB01 term19 more
accurately in the ENCAD force field.23 The physics based
and knowledge-based hybrid force field in ENCAD is
given by the following energy terms:
E ¼ Ebondedterms þ w  EKB01

ð1Þ

where Ebonded-terms are the published ENCAD bonded
energy terms and EKB01 is the KB01 potential. We ran a
parameter search on the KB01 weight (w) and tracked
the refinement as improvement in weighted root mean
square deviation20 of the near-native decoys (Supporting
Information Fig. S3). The near-native decoys used were
those used by Summa and Levitt.19 We see that the optimal weight range for the KB01 energy term is from
0.1 to 2.0, confirming that the original work19 done at
w 5 1.0 was near-optimally weighted. We used the optimum weight of w 5 0.381 for all KB01 minimization in
this work.
KB01 minimization of each model consisted of
200,000 steps of energy minimization or until convergence to machine precision. The limited memory Broyden-Fletcher-Goldfarb-Shannon (L-BFGS) algorithm24
was used as the minimizer. We also ran a parameter
search on part of the CASP7 models and got the same
result as the near-native decoys for the optimal parameter range for the KB01 term in ENCAD (Supporting Information Fig. S3). We see this as a validation of our
decoy testing methods in that the best conditions for the
near-native decoys used earlier19,20 are also optimal for
the CASP7 homology models.
MESHI used in the second step of the protocol
restores stereochemistry spoilt by the KB01 minimization
in the first step. MESHI consists of two stages. In the
first MESHI stage, short fragments with disallowed {u,w}
torsion angles are identified by scanning for high-energy
residues with a Ramachandran energy term.25 These
fragments were replaced by fragments of corresponding
lengths from native structures. The new fragments were
selected according to the lowest RMSD fit to the Ca and
Cb atoms of the starting fragments. The energy threshold
for replacing fragment was set at a level that mark highenergy residues within the PROCHECK disallowed
regions in the Ramachandran map.26,27 These fragments
were usually 1 to 3 residues in length.
In the second MESHI stage the model was subjected to
20,000 steps of energy minimization with the following
energy:
E ¼ Ebondedterms þ 0:4  ELJ þ Ehydrogenbonds þ
X
ðv  vinitial Þ2
ERamach þ Etether þ 20 

ð2Þ

where Ebonded-terms are the bonded terms of the MESHI
force field,22 ELJ is a Lennard-Jones term with united
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atom radii,28 Ehydrogen-bonds is the count of all the hydrogen bond forming atom pairs that are closer than 3.3Å,
ERamach is a knowledge-based formulation of the Ramachandran plot25 and Etether is a tethering term of the Ca
and Cb atoms of the model to their initial positions with
spring constants of 1 EnergyUnit/Å. The side-chains of
the model were restrained to their initial rotamers
through a quadratic term on every side-chain torsion
angle [last term of Eq. (2)].

RESULTS

Metrics used for structural assessment

We used the Ca root mean square deviation
(CaRMSD) and global distance test (GDT) scores29 to
measure the accuracy of any model with respect to its
native structure. The GDT method first computes the
maximum percentage of residues (not necessarily contiguous) that can be superimposed within a certain cutoff
from their corresponding native structure residues. The
GDT_TS score is an average of such percentages at cutoffs of 1, 2, 4, and 8Å, and the GDT_HA score (high accuracy) is an average at cutoffs of 0.5, 1, 2, and 4Å.
The GDT calculation produces a list of the superimposing residues at different cutoffs and thus enables a
breakdown of the score according to different secondary
structure components. Residues of the native structure
were classified as ‘‘Helix,’’ ‘‘Sheet,’’ or ‘‘Coil’’ according to
DSSP.30 The GDT contribution of a specific secondary
structure class was then counted as the number of superimposing residues on the list that belong to a particular
class, normalized by the total number of residues in that
class.
A stereochemical index change (DSCI) is the average
measure of the improvement in stereochemistry for models treated with our KB01 refinement protocol. This was
calculated by averaging the stereochemical features,
obtained using PROCHECK,26,27 after normalization
with their characteristic magnitudes.
We represent, rfeature, the ‘‘characteristic change magnitude’’ for each feature as:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
rfeature ¼ hðDfeatureÞ2 igroups
ð3Þ

We create the stereochemistry index change (DSCI) for
each group by averaging the features after normalization
with their characteristic change magnitudes to give Zscores:
DSCI ¼ 1=4½DðRamachandran outliersÞ=rRamachandran outliers
þ DðChi1; 2 outliersÞ=rChi1;2 outliers
þ DðAngle and bonds outliers per residueÞ=
rAngle and bond outliers per residue
þ DðClashes per residueÞ=rClashes per residue 
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where, D(Ramachandran outliers) is the percentage
reduction of residues in Ramachandran generously
allowed and disallowed regions, D(Chi 1,2 outliers) is the
percentage reduction in number of rotamer outliers,
D(Angle and bonds outliers per residue) is the reduction
in number of bad bond angles and bond lengths per residue and D(Clashes per residue) is the reduction in number of van der Waals clashes per residue.

ð4Þ

We first describe the overall results obtained by using
the KB01 refinement protocol on all the models submitted to CASP7 from both human and server groups. We
then present in more detail the improvements for the
models predicted by the top performing groups at
CASP7. We also test our protocol on targets in the
refinement subcategory. Lastly, we assess the stereochemical improvements that the refinement protocol adds to
the models of various groups at CASP7.

Consistent refinement of CASP7 models

We run our KB01 refinement protocol on all the models submitted to CASP7, a task that was possible because
of its low computation requirements. It takes only a few
minutes (typically less than 5 minutes) to refine models
of typical chain length (Supporting Information Fig. S4).
This allows us to assess its performance on a diverse set
of proteins and prediction techniques. Figure 1 shows the
average accuracy changes following refinement, across all
models, as a function of the initial model accuracy. The
overall contribution of refinement is small but favorable,
as indicated by both the decrease in the CaRMSD and
the increase in GDT_TS score. A total of 22,336 models
(out of 36,802) refined with an average DGDT_TS of
1.2%. The protocol is most successful for GDT_TS in the
range of 50–80% (CaRMSD range of 1.5–3.5Å), which
coincides with the range of values encountered in homology or comparative modeling. Outside this range the
results degrade significantly. At the lower GDT_TS range,
which corresponds to the most difficult comparative
modeling and ab-initio approaches, the protocol still
achieves minor but consistent improvement over the initial models. At the higher end of the GDT_TS range,
which corresponds to situation with high sequence identity between target and template and a starting model
that is highly accurate, the protocol slightly degrades the
initial models. In Figure 1, we overlay the average results
obtained by a single run of MODELLER31 (Ver 9.2),
which is a widely used end-step in comparative modeling. Our protocol outperforms MODELLER in accuracy
improvement by a significant amount and for all levels of
target difficulty.

Consistent Reﬁnement of Protein Models

The changes caused to the models by the protocol are
generally local and moderate as expected from energy
minimization. The small CaRMSD change [Fig. 1(A)]
indicates that the global folds of the models do not
change. The overall secondary structure composition for
all CASP7 models is 36.85% helix, 19.97% sheet, and

43.18% coil. Table I shows the contributions from different secondary structures to the average GDT change
induced by the KB01 refinement protocol at various
CaRMSD movements (0.5, 1, 2, 4, and 8Å) for residues
in the ‘‘Helix,’’ ‘‘Sheet,’’ and ‘‘Coil’’ state of particular
models in the comparative modeling category. We
observe that most improvement in GDT_TS score are for
the helical residues of the protein models, followed by
some improvement in coil residues and least improvement in sheet residues. In general, both helical and coil
residues are refined for nearly the entire range of modeling difficulty whereas sheet residues are not refined for
the initial GDT_TS range from 20 to 60% (Supporting
Information Fig. S5). This could be a limitation of the
KB01 protocol or due to bad models submitted by many
groups. One of the best refinement cases [Fig. 1(C)]
exemplifies the changes in the model following refinement. It shows an 11.6% improvement in the GDT_TS
score of a model submitted by the TASSER group to
CASP target T0295_D2. This significant accuracy
improvement stems from better spacing and orientation
of model parts that are near the correct conformation.
As expected, energy minimization with its limited sampling is not able to improve the parts of the models that
were initially wrong.
The structural improvements for all models are almost
entirely due to ENCAD energy minimization with the
KB01 potential; the affect of the MESHI force field on
KB01 minimized models is negligible for the CaRMSD,
GDT_TS, and GDT_HA scores for the entire range of
target difficulty (Supporting Information Fig. S1).
Clearly, KB01 minimization consistently improves structures by moving them towards the native structure. This
indicates that the KB01 potential of mean force is a good
energy function for refinement with energy minima near
the native structure.

Figure 1
Comparing improvements over all CASP7 submitted models caused by
our KB01 refinement protocol (blue line) and by MODELLER (red
line) for the CaRMSD (in A) and GDT_TS (in B). The changes are
averaged in bins of width 0.5 Å for CaRMSD and 10% for GDT_TS,
respectively, and are plotted as a function of the initial CaRMSD or
GDT_TS scores of the models. The standard deviation of the mean is
shown as error bars for both CaRMS and GDT_TS. Successful
refinement that brings the structure closer to the native structure is
associated with a negative change in CaRMSD and positive change in
the GDT_TS. Our KB01 refinement protocol (blue line) improves the
models more than MODELLER, which is a commonly used method
(red line). Very accurate initial modes (CaRMSD <1 Å or GDT_TS
>90%) are not improved by either method. For models with initial
GDT_TS score in the range 50–80% our KB01 refinement protocol
leads to an average improvement of 1%. (C) Showing Model 5 for
target T0295_D2 submitted by TASSER, a good case with KB01
protocol in the 50–80% initial GDT_TS range. The improvement in
GDT_TS is 11.6%, from initial GDT_TS of 69.2% to final GDT_TS of
80.8%. The refinement is clearly seen in the movement of the a-helices
from the initial model (green) to the refined model (red), which moves
them toward their positions in the native structure (gray).
PROTEINS
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Table I
The Contributions of Different Secondary Structures Toward the
Average GDT Change for the KB01 Refinement Protocol
Cutoffs
Secondary structure
Helix
Sheet
Coil

0.5

1

2

4

8

3.1%
21.4%
0.1%

3.1%
0.1%
0.5%

1.7%
0.1%
0.8%

0.5%
0%
0.3%

0%
0%
0.1%

The GDT change is averaged across models from all CASP7 groups with initial
GDT_TS scores of 50–80%. The contributions are normalized by the abundance of
the secondary structures in each target. Positive values indicate successful refinement.

Improvements for best performing groups
at CASP7

How does our KB01 refinement protocol perform on
predictions from the top performing groups at CASP732?
We focus on five groups: Baker, Zhang Server, TASSER,
Lee, and FAMS-ACE. The average improvement profiles
for each group [Figs. 2(A,D)] vary both in the maximal
extent of improvement and the initial model accuracy for
which it occurs. The Baker group benefits the least from
the protocol with a peak improvement in GDT_TS of
just 0.5% compared to 1.0% in GDT_TS for Zhang
Server, TASSER and Lee and 1.25% for FAMS-ACE
group. Nevertheless, we are heartened to see that all the
profiles are positive in the GDT_TS of 50–80%, corresponding to comparative modeling. This suggests that
the protocol can provide a consistent improvement irrespective of the methodology producing the initial model.
For greater detail, we focused on the impact of our
refinement on individual models from two groups: Baker
and the Zhang Server. Figure 2(B,C) show the scatter of
GDT_TS score changes following refinement for all the
models submitted by these two groups. The magnitude of
the scatter is about 1% for the Baker group and 2% for
the Zhang Server group. We see that the scatter is about
twice as large as the peak average improvements. Still,
cases of significant degradation are rare; less than one percent of the models are degraded by more than 2% in
GDT_TS score for both groups. Thus, we can consider the
protocol as a ‘‘safe’’ refinement strategy. We show the best
refinement cases from the two groups with improvements
of 4.3% and 7% in GDT_TS. As seen from the example
presented in the previous section, refinement causes local
changes to the model that appear to mainly influence the
relative spacing of segments of polypeptide chain.
We also compared GDT_HA scores, which are more
sensitive to small changes in structure than GDT_TS, for
the three groups, Baker, the Zhang Server and TASSER,
over all CASP7 targets (Supporting Information Fig. S2).
The average improvement in these individual groups
(solid lines in Supporting Information Fig. S2 for Baker,
Zhang Server, and TASSER) follow the same trend of average improvement in GDT_HA for the entire CASP7
corpus for KB01 protocol with the maximum improve-
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ment in the comparative modeling range; also observed
for GDT_TS scores (see Fig. 1). The affect of the KB01
refinement protocol on secondary structure for these five
groups is consistent with the result for all the CASP7
modes. There are seven models with more than 4%
improvement in GDT_HA for Baker, six models with
more than 6% improvement for Zhang Server and three
models with more than 10% improvement in GDT_HA
for TASSER.
Refinement of models from the CASP
refinement category

The consistency of KB01 refinement protocol was further tested on the refinement targets in the refinement
category (CASPR) of CASP7 and CASP8. These comprise
of nine individual models from CASP7 and twelve from
CASP8 that were chosen by the CASP organizers from
the best submitted models for each respective target.
These models are a mix of comparative modeling targets
with small inaccuracies in alignment compared to the experimental structure.21 The goal of this category is to
test if further refinement of the predicted models can be
achieved using the information about problematic areas
which are given by the CASP organizers for many of the
CASPR structures.
We ran our KB01 refinement protocol on all 21 refinement CASPR targets but choose not to use the information provided by the organizers about the problematic
regions in the model. Also, our protocol was applied on
the entire target structure with no sub-division into individual domains, even when the target was known to have
two or more domains. These choices were made to provide a true consistency check of our protocol on the best
predictions at CASP. Figure 3 details the changes to the
accuracy scores of the 21 refinement targets following
our protocol. Although the sample size is small, the
improvement obtained for the refinement targets is consistent with the average trend seen above for all the
CASP7 models. More specifically, the maximum average
improvement is 1% in GDT_TS for both the refinement
targets and all of CASP7 corpus [Fig. 3(B)]. The affect
of the KB01 refinement protocol on secondary structure
for the refinement targets is consistent with the result on
all the CASP7 models. The two best results for GDT_TS
[Fig. 3(B)] are for the comparative modeling (50–80%
GDT_TS) category for the targets TR368 and TR462.
Most residues in the native structure of TR368 are a-helical and TR462 contains more a-helical and coil residues
than sheet residues. Large improvements in GDT_TS for
the high homology category also have similar secondary
structure characteristics in the native structure. For all
the targets that were degraded, there was a mix of sheet
and coil residues. The best improvement in GDT_TS was
around 2% and the best improvement for GDT_HA
around 4% for refinement targets in the comparative

Consistent Reﬁnement of Protein Models

Figure 2
Showing the average KB01 refinement protocol improvement for the five best performing groups at CASP7. (A) Showing the average improvement
in GDT_TS for all submitted models for each of these groups. Most improvement is again seen for the initial GDT_TS between 50 and 80%.
Average improvement over this GDT_TS range is 0.42% for Baker, 0.42% for Zhang Server, 0.65% for TASSER, 0.71% for Lee and 1.05% for
FAMS-ACE. (B) Showing the spread of improvement in GDT_TS for all models of Zhang Server (red points) and the average improvement in
GDT_TS (red line). There are 13 models with more than 4% improvement in GDT_TS. (C) Showing the spread of improvement in GDT_TS for
all models of Baker (blue points) and the average improvement in GDT_TS (blue line). There is only one model with more than 4% improvement
in GDT_TS. (D) Showing consistent improvement in CaRMSD for all five top-performing groups at CASP7. As seen in Figure 1, the KB01
refinement protocol is not able to improve high homology cases (<1 Å CaRMSD; GDT_TS >90%). (E) Showing the most refined submitted
model for Zhang Server. An improvement of 7.0% in GDT_TS is evident for Model 3 of target T0311_D1 as the KB01 refined structure (red) is
closer to the native structure (grey), compared to the starting model (green). (F) Showing best improvement with Baker submitted Model 1 of
target T0323_D2 with an improvement of 4.3% in GDT_TS. Local refinements all over the protein structure are shown with no significant shift in
secondary structure units that was seen for the Zhang Server result in (E).
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modeling category. MacCallum et al.33 reasoned that
metrics like high-accuracy metrics like GDT_HA would
be more important for the refinement targets, as most of
the starting models would already be close to the native
structure.
We tested our KB01 refinement protocol on the twelve
refinement targets of CASP8 refinement category to
assess the performance of the current protocol with the
actual data from the CASP8 refinement category experiment. Had we submitted our refined structure as Model
1, we would have obtained an average improvement of
0.36% in GDT_TS and 0.15% in GDT_HA score for all
12 targets. In the actual CASP8 experiment, the greatest
average improvement for Model 1 was 0.09% in GDT_TS
and 0.27% in GDT_HA (see LEE in Table I of MacCallum et al.33). This shows that our current protocol can
be safely used as a final refinement step.
Stereochemical correction

Figure 3
Showing improvements of CASP7 and CASP8 refinement targets (red
circles) with our KB01 refinement protocol as measured by the (A)
CaRMSD, (B) GDT_TS, and (C) GDT_HA scores. Improvement caused
by refinement is evident from a negative change in CaRMSD and
positive changes in GDT_TS and GDT_HA. Most improvement is again
seen in the 50–80% GDT_TS range. The average improvement for all
21 refinement targets (red lines) shows a similar trend to that seen for
all CASP7 models (blue lines) with improvement over nearly the entire
range modeling difficulties. This shows the consistency of our KB01
refinement protocol. A sharp decline in GDT_HA for all CASP7 models
with high initial GDT_HA values shown in (C) is due to the few high
homology targets that KB01 was not able to improve.
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We tested the effect of our KB01 refinement protocol
on stereochemistry by comparing the PROCHECK26,27
reports of the original and refined models. We focused
on four PROCHECK criteria used in two recent assessment studies,33,34 namely: (i) number of clashes, indicating van der Waals violations, (ii) number of angles
and bonds outliers, (iii) number of side-chain chi1 and
chi2 outliers, and (iv) number of backbone (f,w) angles
that are outliers on the Ramachandran map. We also restricted our analysis to models with a GDT_TS in the
comparative modeling range of 50–80%. Figure 4 shows
the variation of these different stereochemical criteria for
different groups of predictors. Such variation is expected
as different groups used a wide range of methodologies
for prediction. However, average improvement is seen on
all the criteria and for nearly all the groups.
The value of stereochemical index change (DSCI)
allows us to compare the average improvement our protocol causes to the stereochemistry of models belonging
to each prediction group (Fig. 5, right). It is encouraging
that all groups have negative DSCI values, indicating
improvement. Also, the ordering of the groups is easy to
explain. For example, the Baker group emphasizes the
submission of stereochemical plausible models,3 thus it is
not surprising that it gets a DSCI of nearly 0. On the
other hand, TASSER models use a coarse-grained lattice
grid for greater speed35 and consequently lack good stereochemistry. We find that the DSCI and DGDT_TS values of a particular group are uncorrelated (Fig. 5, left).
This shows that our protocol does not improve GDT_TS
through correction of stereochemistry.
DISCUSSION AND CONCLUSION

This work presents a refinement protocol that utilizes
the KB01 knowledge-based potential. The protocol is

Consistent Reﬁnement of Protein Models

Figure 4
Showing the effect of KB01 protocol on the stereochemical components of all CASP7 models submitted by all groups with initial GDT_TS from 50 to
80%. A negative change for any feature indicates stereochemical improvement. Almost all groups show consistent improvement in all stereochemical
features. The Baker models submissions were stereochemically correct and were improved least over all features of stereochemistry (blue bar). The
Zhang Server models (red bar) and FAMS-ACE (black bar) were corrected for all features of stereochemistry. A large number of clashes (number of
bad contacts) and number of bond or angle outliers were reduced in Lee models (magenta bar) with slight degradation in side chain chi 1 and 2
angles. The number of clashes, number of bond and angle outliers and percentage of backbone dihedral outliers on the Ramachandran map were
greatly reduced for submitted models from both TASSER (green bar) and MetaTASSER (dark grey bar) with the KB01 protocol. The vertical string of
three digit numbers are the group IDs for various groups at CASP7, appearing in the same order for the respective bar plots for every feature.
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Figure 5
Showing correlation between average improvements in GDT_TS and average change in Stereochemical Index (DSCI) for all submitted models by all
groups at CASP7 that have an initial GDT_TS score from 50 to 80%. The stereochemical index is a score that equally weighs the four components
in Figure 4. A negative change in DSCI indicates stereochemical improvement and a positive change in DGDT_TS indicates structural improvement.
The improvement in GDT_TS is not due to the improvement in stereochemistry as no significant correlation exists (CC 5 20.29 left plot); there is
more correlation between DGDT_TS and DSCI for the six named groups (CC 5 20.77), which is mainly due to MetaTASSER results. A varying
degree of improvement in stereochemistry is seen for all CASP7 groups (right plot), with the most improvement in stereochemistry as well as
GDT_TS for the models submitted by MetaTASSER.

based on direct energy minimization with that potential
and thus requires a few minutes (typically less than 5
minutes) of CPU time for proteins of varying chain
length in CASP7. This low computational cost allowed us
to run it on the thousands of models submitted to
CASP7, an unparalleled model repository of protein

types and prediction techniques. We find that the protocol improves the accuracy improvements to models that
had an initial GDT_TS accuracy of 50–80%. We are very
heartened to see an average improvement in coordinate
accuracy for all groups on all the models they submitted
in that GDT_TS range (Table II).

Table II
Average Change in the Stereochemical Index (DSCI) and GDT_TS Score for All Groups Across Submitted Models in the 50–80% GDT_TS Range
Group name

Group ID

DSCI

DGDT_TS

MetaTASSER

307
139
276
469
205
197
211
18
349
298
351
439
675
389
664
113
318
568
671
132
34
38
277

20.93
20.73
20.38
20.39
20.07
20.18
20.08
20.26
20.38
20.43
20.45
20.46
20.68
20.26
20.32
20.06
20.58
20.42
20.57
20.31
20.20
20.23
20.34

1.76
1.44
1.43
1.33
1.31
1.28
1.22
1.18
1.18
1.15
1.15
1.12
1.05
1.03
1.03
1.02
1.02
1.00
0.98
0.97
0.93
0.92
0.92

FAMS-ACE

Group name

Lee

TASSER

Group ID

DSCI

DGDT_TS

50
10
47
651
63
178
556
46
212
26
213
125
29
135
267
87
203
536
179
27
414
5
28

20.25
20.19
20.27
20.59
20.36
20.32
20.18
20.36
20.12
20.17
20.18
20.75
20.73
20.17
20.14
20.10
20.13
20.15
20.32
20.47
20.12
20.55
20.20

0.86
0.84
0.80
0.78
0.75
0.75
0.71
0.69
0.69
0.67
0.66
0.65
0.63
0.63
0.62
0.60
0.59
0.59
0.58
0.56
0.56
0.55
0.54

Group name

Baker
Zhang Server

Group ID

DSCI

DGDT_TS

427
319
248
105
435
698
418
415
92
20
25
91
413
609
60
103
214
24
337
13
136
275
137

20.29
20.16
20.14
20.16
20.16
20.53
20.16
20.13
20.14
20.02
20.36
20.13
20.12
20.14
20.17
20.10
20.24
20.42
20.19
20.65
20.15
20.85
20.16

0.54
0.53
0.51
0.49
0.47
0.46
0.45
0.44
0.43
0.42
0.42
0.41
0.37
0.36
0.33
0.32
0.31
0.29
0.26
0.24
0.14
0.13
0.05

A negative value of DSCI and a positive value of DGDT_TS show improvement with our KB01 refinement protocol. Groups that are mentioned in Figure 5 are named.
Entries are sorted by decreasing DGDT_TS value.
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The general success of the protocol in improving accuracy makes it a safe and beneficial end-step strategy for
any prediction method. The only exception is application
to very high homology models (i.e., with initial GDT_TS
>80%) for which the protocol is not effective. Fortunately, the high homology cases are usually the result of
high sequence similarity, which is easily identified. Moreover, most improvement in GDT_TS and GDT_HA
scores is for the helical residues of the protein models for
nearly the entire range of modeling difficulty, followed
by some improvement in coil residues and least improvement in sheet residues (Supporting Information Fig. S5).
Thus, a consistent improvement in helical residues for
nearly the entire range of modeling difficulty suggests
that KB01 potential works by preserving pairwise distances, in that the spacing between the a-helical subunits in
the proteins is corrected as shown in the cartoons of Figures 1 and 2. We therefore recommend that the protocol
is only run on models that result from templates with
less than 25% sequence identity as well as on models
from nearly the entire range of modeling difficulty, which
contain a high percentage of helical and coil residues to
get the maximum benefit from the KB01 refinement protocol. In our experience, this still leaves the majority of
CASP models amenable to the protocol.
Table II shows that predictions of every group are
improved in terms of fit to the native structure
(GDT_TS) and stereochemistry (SCI). Predictions by the
MetaTASSER server were most improved with our protocol. It is well-known that MetaTASSER predictions can be
significantly improved by small manual intervention, such
as done in TASSER.36 Even top performing groups like
the Zhang Server can benefit from our KB01 refinement
protocol with an improvement in stereochemistry and
GDT_TS. There is consistent improvement in stereochemistry averaged over all models and groups at CASP7
for models in the 50–80% GDT_TS range. Specifically,
percentage reduction in the number of outliers on the
Ramachandran map is 1.40%, in the number of rotamer
outliers is 1.09%, the reduction in number of van der
Waals clashes per residue is 0.06 and in the number of
bond length and angle outliers is 0.11. Overall the DSCI
value, a Z-score, is reduced by 0.31.
The success of our KB01 refinement protocol on
unknown homology models is a validation of our decoy
testing methods19,20 in that we did as well as we had
expected to do. For the refinement category at CASP8,
improvements in the models were achieved by simply
refining structures provided by the CASP8 organizers with
our protocol. Many groups did not refine from the given
initial structure and re-ran their prediction methodology.
Many also used the information provided by the organizers to refine certain parts of the protein. Our refinement
protocol did not use any information provided by the
organizers and refined the entire model in a completely
automated and computationally inexpensive procedure.

The protocol is a combination of two minimization
steps: KB01 and MESHI. We compared the contributions
of both steps to the accuracy improvement by running
them separately on the initial models (Supporting Information Fig. S1). The comparison indicates that the
improvement in model accuracy is chiefly caused by
KB01 minimization and not by the MESHI stereo-chemical correction step. We introduced the MESHI step after
preliminary trials of the project showed that the strong
weight given to the KB01 potential distorted the bonded
stereochemistry.
We find it intriguing that the KB01 refinement is qualitatively similar across models from so many groups [Fig.
2(A)], including the top ranking ones. This suggests that
the KB01 potential has a local minimum closer to the
native structure than do many of the other force-fields; it
is consistent with previous studies of the KB01 energy
surface.19,20 The KB01 pairwise potential encodes information about favored pairwise interatomic distances (see
local minima of Fig. 2 in Summa and Levitt19), which
seems to be essential for structural improvement. The
lower resolution potentials like KB02,19 KB0519 and the
physics-based nonbonded potentials do not contain such
information and also do not refine. Colocalization of the
native structure and minimum is a very desirable property for a potential, but it must also be accompanied by
a suitable sampling. In this work sampling was limited
by direct minimization and this resulted in limited
atomic movement. The consistency of our KB01 refinement protocol indicates that the KB01 potential energy
surface fits native proteins structures well. This suggests
that further refinement could be achieved by using better
sampling methodologies. This is beyond the scope of the
current work, but we are currently testing various stochastic optimization techniques to better sample the
KB01 potential energy surface.
We conclude that our KB01 refinement protocol performs better than MODELLER, in that it improves both
the structure as well as stereochemistry of the predicted
models consistently. A refined model with improved
GDT score and better stereochemistry makes our refinement protocol a natural ‘‘end’’ step for any modeling
scenario.

ACKNOWLEDGMENTS
The authors thank João Rodrigues for his help during
the revision of the article and the reviewers for a very
careful review. Simulations were done on the Bio-X2 Dell
supercluster.

REFERENCES
1. Chandonia JM, Brenner SE. The impact of structural genomics:
expectations and outcomes. Science 2006;311:347–351.
PROTEINS

2677

G. Chopra et al.

2. Levitt M. Growth of novel protein structural data. Proc Natl Acad
Sci USA 2007;104:3183–3188.
3. Misura KM, Chivian D, Rohl CA, Kim DE, Baker D. Physically realistic homology models built with ROSETTA can be more accurate
than their templates. Proc Natl Acad Sci USA 2006;103:5361–5366.
4. Joo K, Lee J, Lee S, Seo J, Lee S, Lee J. High accuracy template
based modeling by global optimization. Proteins 2007;69 (Suppl 8):
83–89.
5. Zhang Y. Template-based modeling and free modeling by I-TASSER
in CASP7. Proteins 2007;69 (Suppl 8):108–117.
6. Qian B, Raman VS, Das R, Bradley P, McCoy AJ, Read RJ, Baker D.
High resolution structure prediction and the crystallographic phase
problem. Nature 2007;450:259–264.
7. Levitt M. Accurate modeling of protein conformation by automatic
segment matching. J Mol Biol 1992;226:507–533.
8. Sali A, Blundell TL. Comparative protein modelling by satisfaction
of spatial restraints. J Mol Biol 1993;234:779–815.
9. Eswar N, Webb B, Marti-Renom MA, Madhusudhan MS, Eramian
D, Shen MY, Pieper U, Sali A. Comparative protein structure modeling with MODELLER. Curr Protoc Protein Sci 2007;50:2.9.1–
2.9.31.
10. Wang Q, Canutescu AA, Dunbrack RL. SCWRL and MolIDE: programs for protein side-chain prediction and homology modeling.
Nat Protoc 2008;3:1832–1847.
11. Krivov GG, Shapovalov MV, Dunbrack RL, Jr. Improved prediction
of protein side-chain conformations with SCWRL4. Proteins 2009;
77:778–795.
12. Wallner B, Elofsson A. Can correct protein models be identified?
Protein Sci 2003;12:1073–1086.
13. Randall A, Baldi P. SELECTpro: effective protein model selection
using a structure-based energy function resistant to BLUNDERs.
BMC Struct Biol 2008;8:52.
14. Levitt M, Lifson S. Refinement of protein conformations using a
macromolecular energy minimization procedure. J Mol Biol 1969;
46:269–279.
15. Jack A, Levitt M. Refinement of large structures by simultaneous
minimization of energy and R factor. Acta Crystallogr 1978;A34:
931–935.
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