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Abstract

Protein structure refinement during CASP11 by the Feig group is described. Molecular dynamics
simulations were used in combination with an improved selection and averaging protocol. On
average, modest refinement was achieved with some targets improved significantly. Analysis of
the CASP submission from our group focused on refinement success vs. amount of sampling,
refinement of different secondary structure elements and whether refinement varied as a function
of which group provided initial models. The refinement of local stereochemical features was
examined via the MolProbity score and an updated protocol was developed that can generate high-
quality structures with very low MolProbity scores for most starting structures with modest
computational effort.
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INTRODUCTION

Computational protein structure prediction has long aspired to overcome experimental
limitations and provide structures at the same rate as new sequences are discovered. Today,
this has been achieved at least in partl. Useful models can be built for most sequences by
taking advantage of available structures in the PDB either as a whole or in the form of
fragments that are assembled during the prediction process. However, structural accuracy
that is high enough to make experimental validation nonobligatory has not become routine
yet. While the question of when predicted structures can be trusted in lieu of experiment is a
complex issue that depends on the questions that are being asked?, an ambitious conservative
goal that we wish to put forward are Ca. RMSD values below 1 A or GDT-HA scores above
80 when compared to experimental structures. Sometimes, models with such accuracy can
be generated but typical predictions with modern template-based methods fall short of this
goal by producing models with 2-10 A RMSD values and GDT-HA scores between 40 and
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70 based on examples from CASPL. Recent rounds of CASP suggest that template-based
modeling and derivative fragment assembly protocols have reached a plateau where
significant further improvements in accuracy have become unlikely3. Some room for
improving alignment accuracy and model generation and selection remains, and the use of
contact predictions based on evolutionary conservation* may provide additional gains but
overall we have probably come close to the limits of knowledge-based structure prediction.

Physics-based methods offer an alternative strategy for structure prediction based on first
principles. While such methods involve substantial computational costs and require finely
tuned complex force fields, there is increasing evidence that such methods can match and
surpass the accuracy in structure prediction that is achievable via template-based methods.
This is evidenced by successful protein folding simulations from a number of groups. Most
notable is the landmark study by the Shaw group where eight out of twelve small proteins
were folded to within 2 A RMSD from their respective native structures by simply using
molecular dynamics (MD) simulations with a recent force field>. MD-based structure
prediction will remain far too expensive for most structure prediction applications especially
when protein sizes reach hundreds of residues, but one practical approach is the
incorporation of limited knowledge from bioinformatics or experimental data to reduce the
conformational search spaceS.

Another strategy is the application of physics-based sampling in the refinement of
approximate template-based models. The idea of refinement of template-based models via
MD simulations is not new and anecdotal success stories have appeared in the literature for a
while”=25. However, consistent success with MD-based structure refinement for a large set
of targets was only recently demonstrated26. At CASP10, our group managed to refine all
but two out of 27 targets via MD simulations!3. As described in detail previously, this
success was attributed to a number of factors: extensive sampling with 30 x 20 ns = 600 ns
per target under restraints to prevent large deviations from the initial models, a recently
refined version of the CHARMM force field, generation of ensemble averages rather than
selection of a single structure, and the use of quality assessment filters to remove decoy sets
where scoring was likely not going to discriminate native-like from non-native structures.
The averaging was especially important since it reproduces the ensemble averaging in
experiment but also amplifies recurring native-like features in a large set of structures over
non-native elements as discussed in detail recently2’. Achieving consistency in refining
template-based models was a significant milestone, but the extent of refinement remained
rather modest with an average of 2.6 GDT-HA units and a maximum improvement by 6.5
GDT-HA units for model 1 submissions.

In this paper we are describing further progress with MD-based structure refinement during
CASP11. As a result of methodological improvements we were able to improve structures
by on average 3.8 GDT-HA units while four targets refined by more than 10 GDT-HA units.
In the following, our CASP11 structure refinement protocol is described in detail before
results are presented und discussed. Finally, we will look forward and outline where we see
the major challenges towards routinely reaching experimental accuracy via refinement of
template-based models.
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METHODS

CASP11 refinement protocol

We employed molecular dynamics (MD) based sampling followed by structure filtering and
averaging to obtain refined structures from initial models provided by the assessors during
CASP11 as refinement targets (see Figure 1). The MD stage consisted of 40 x 30 ns
simulations in explicit solvent, each started from the same initial model but using different
initial velocity distributions. Therefore, a total of 1.2 us was simulated for each target at an
approximate average cost of 100,000 core hours per target. The use of multiple shorter
trajectories instead of a single long trajectory facilitates the broader exploration of
conformational space with limited amount of resources but is also more convenient from a
computational perspective. In each simulation, the recent c36 version of the CHARMM
force field was used?8. Water was modeled using the CHARMM version of the TIP3P
model2°. Na* or CI~ counterions were added as needed to neutralize each system. Periodic
systems were constructed with enough water to maintain at least 10 A from any protein atom
to the edge of the box. Electrostatics were evaluated using particle-mesh Ewald3® with a 1 A
grid spacing. A 10 A cutoff (switched beginning at 8.5 A) was applied to the direct space
part of the Ewald sum and to Lennard-Jones interactions. A 2 fs time step was used in
combination with holonomic constraints to keep waters rigid and maintain other bonds
involving hydrogens at their equilibrium values. All simulations were initially equilibrated
by minimization and step-wise heating to 298K. In the production phase, a Langevin
thermostat and barostat were used to maintain an NPT ensemble at 298 K and 1 bar. Since
unrestrained simulations have a greater tendency to move away from the native state rather
than move towards it, we applied weak harmonic positional restraints on all Ca atoms using
a force constant of 0.05 kcal/mol/A2. The uniform use of weak restraints for all targets
differs from the use of partial restraints with stronger force constants for some targets during
CASP10 for those regions where we believed that the initial models were already very
accurate. Post-analysis of CASP10 suggested that the indiscriminate use of weak restraints is
the better strategy. All simulations were carried out using NAMD31, version 2.9, on high-
performance clusters.

Once the simulations were completed, 750 snapshots were extracted at 40 ps intervals from
each 30 ns trajectory resulting in a total of 30,000 shapshots for each target. Each snapshot
was then scored using RW+32. While we used DFIRE33 in CASP10, we found slightly better
performance using RW+ in preliminary tests. As in CASP1013, we also calculated the
RMSD of each snapshot from the respective initial models for each target (“initial RMSD”,
iRMSD). Again, as in CASP10, we used a combined filter based on the knowledge-based
score and iIRMSD with the rationale that proximity to the initial model and low RW+ scores
are orthogonal predictors of structures being close to the native structure. As in CASP10, we
selected structures with scores in a radial segment relative to the center of the distribution.
The exact selection criterion used in CASP11 was slightly modified from CASP10, again as
a result of CASP10 post-analysis: If sand rdenote the RW+ and iRMSD scores, we first
calculated normalized scores according to:
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and

where z and 7 are the mean and osand o the standard deviations of the two scores.
Then, we required that

2472 > p?

and

( ScosO-+7sind >
arccos | ————— | <vy

with p=1, 6=240, and y=35. The first criteria selects scores at a radial distance from the
origin, the second further limits scores to an angular segment between 240 +/- 35 degrees.

Using this criterion, we selected between 2,000 and 6,600 structures for each target. The
structures in the resulting subset were then averaged based on the Cartesian coordinates. The
averaging step mimics the ensemble averaging that is inherent in experiments, but it also
greatly reduces sensitivity to noise in the scoring function. Because the averaging step
results in locally distorted geometries, a final short refinement step consisting of 2000 steps
of minimization followed by 8 ps of MD simulation was used to improve the model quality.
In the final step, Ca atoms were restrained with a force constant of 100 kcal/mol/AZ2 to
maintain improvements in the backbone geometry while allowing the refinement of bonds,
angles, and side chains.

The final structure from the protocol described above was submitted as model 1. Using the
refined model, additional, shorter, simulations were carried out to explore whether a second
round of refinement can lead to further refinement. In the second round, regions that moved
most during the initial refinement step were allowed to move further while keeping the
remainder of the structure highly restrained. In some cases, the additional simulations led to
further refinements but we did not see consistent improvements. On average, the first round
refined models were the best predictions. Thus, the following discussion will focus only on
the model 1 submissions from our group.

Optimization of MolProbity scores

A more extensive protocol for optimizing MolProbity34 scores was applied during the post-
analysis of CASP11. The protocol is outlined in Figure 6. It involves a series of restrained
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minimization steps that alternate with targeted backbone and side chain rebuilding steps to
correct cis-backbones in non-proline residues, bonds crossing ring residue side chains
(tyrosine, phenylalanine, histidine, tryptophan), and side chains with poor rotamers. After
the final minimization step, a series of short MD simulations (over 10 ps) at different
temperatures and with different restraint force constants were carried out to generate an
ensemble of snapshots. Since MolProbity scoring does not require knowledge of the native
structure, MolProbity scores were calculated for each ensemble snapshot and the snapshot
with the lowest score was chosen as the final model.

All of the minimization and MD steps used a distance-dependent dielectric (€=4) implicit
solvent model for speed. Two variants of the CHARMM ¢36 force field were used?8. In the
first, force constants for backbone bonds and angles were increased to bring the respective
bonds and angles closer to the minima of the harmonic functions. In the second variant, in
addition to the modified bonds and angles, a modified CMAP potential was used where
sampling outside the most populated areas of the Ramachandran map according to
crystallography was penalized further over the original CMAP of the ¢36 force field.

CHARMM was used for the minimization and MD steps and the MMTSB Tool Set3536 was
used for backbone and side chain rebuilding.

RESULTS AND DISCUSSION
Overall CASP11 performance

Table I provides a detailed account of model 1 predictions resulting from our MD-based
refinement protocol during CASP11. The results shown here were obtained by our own
analysis and since we did not have experimental structures available for two targets (TR795
and TR828) the corresponding results are not shown and those two targets were excluded
from further analysis. The results show that, as in CASP10, refinement was possible in most
cases. On average, GDT-HA scores were improved by 3.8 GDT-HA units. Four targets were
improved by more than 10 GDT-HA units, one (TR765) by almost 20 units. However, for
five targets the GDT-HA scores became significantly worse (by more than 0.5 units). Table |
also lists the improvement in GDT-HA for the best individual snapshots generated during the
MD sampling. If those structures could have been selected, an average GDT-HA
improvement of 8.7 units would have been achieved. For eleven targets, the best structures
are better by 10 GDT-HA units indicating that the MD sampling is able to routinely generate
significantly improved models. An interesting observation is for two targets (TR217 and
TR817) the best individual snapshot is actually worse than the refined model obtained via
ensemble averaging in our protocol.

Figure 2 shows refinement in terms of GDT-HA as a function of the GDT-HA scores of the
initial models. It seems that one could divide the targets into three categories: If initial scores
are below about 45, refinement is not always possible with our protocol (two targets were
not refined) and while refinement was possible in other cases, the overall best snapshots did
not surpass GDT-HA scores of 50. On the other hand, for initial GDT-HA scores between 45
and 65, essentially all targets were refined and the GDT-HA scores of the best snapshots
approached or surpassed 70 for most targets. Finally, for the best initial models, refinement
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was again challenging. None of the three best initial models (with initial GDT-HA scores
between 65 and 75) could be refined and even the best snapshots generated via MD were
worse than the initial models. This interesting observations suggests that our current MD-
based refinement protocol is not effective for the very best template-based models and that
the goal of routinely reaching GDT-HA scores of 80 with MD-based refinement remains
very challenging. It could be that further improvements in the force fields are necessary, but
itis also likely that we are starting to see the effects of crystal packing, possible
oligomerization, omitted parts of the structure that were present in the experiment but not
the initial models provided by CASP, and/or other experimental conditions (salt, co-solvents,
temperature) that are not fully reproduced in the refinement simulations.

Refinement in terms of RMSD is less obvious with an average decrease of —0.13 A for Ca
atoms and with the largest reductions in RMSD only slightly better than 0.5 A for our
submitted models. And even if the best snapshots are considered, there is only one target
(TR759) where the best structure is improved by more than 1 A. Since the calculated RMSD
may depend on how structures are superimposed, we also tried to superimpose only those
Ca atoms that are involved in regular secondary structures (a-helices or p-sheets), but we
did not find a significant difference in the resulting RMSD values. Figure 3 shows the
improvement in RMSD vs. the RMSD of the initial model. Generally, RMSD improvements
are greater when initial models are closer than 5 A from the experimental structure. The
limited improvement in the global RMSD score is easily understood as a direct consequence
of our sampling protocol that employs weak overall restraints with respect to the initial
model. On the other hand, given the more significant improvements in GDT scores, which
focus only on the most accurate parts of a given model, it appears that our protocol may
trade improvements in parts of a structure in exchange for making other parts worse. This
will be discussed in the following section.

Which parts of a structure can be refined?

An important question is which parts of a given model were improved with our protocol.
Figure 4 shows both successful and unsuccessful refinement in different parts of target
TR759. Refinement was successful for residues 75 to 94 where the two helices were brought
closer to the experimental structures by shifting/rotating the two helices. However, for
residues 53 to 60, a long loop connecting to B sheet strands the initially very different
structure could not be improved significantly towards the experimental structure. The use of
restraints in our protocol prevented the large conformational change to reach the correct
native structure while the more subtle rearrangements of the helices were possible within the
restraint envelope. Therefore, it is clear that larger steps in refinement will require at least in
part unrestrained sampling and that challenges with unrestrained sampling tending to at least
initially move away from the native state will have to be overcome. One could argue that the
refinement of the helices near the core of this structure is more relevant than the failure to
improve the presumably more flexible loop. However, this question is difficult to address
without having more detailed structural data from experiment, ideally from both NMR and
crystallography, along with biochemical data that confirms which structural aspects are most
important for function.
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Leaving the issue aside of whether refinement success differs for more and less important
parts of a structure, we analyzed simply how refinement varies as a function of secondary
structure and initial deviation according to residue-by-residue RMSD deviations. The results
in Table 11, averaged over all CASP11 targets, suggest that refinement of helical regions may
indeed have been more successful than extended or coil regions, although the difference in
the overall average is not dramatically different (-0.15 A vs. -0.1 A change in RMSD). It
may be understandable that coil regions are more difficult to improve because of the large
sampling space. On the other hand, elements of B sheets could be difficult to move if many
hydrogen bonds would have to be broken and reconnected.

The picture becomes more complicated when the analysis is broken down as a function of
the initial model accuracy. Especially striking is that residues that are already within 1 A are
more likely to move away from the experimental structure than towards it while the opposite
is true for residues further away than 1 A. This appears to be especially true for residues in
coil regions which are less restricted and therefore are likely to sample a larger
conformational space within the refinement MD simulations. Structural deviations in parts
of a model that are already very close to the experimental structure during MD simulations
are not unexpected. Individual snapshots of a dynamic structure at finite temperature will
always deviate from the ensemble average that is captured in the experiment. Force field
inaccuracies and differences between the simulated system and the experimental crystals as
mentioned above further aggravate the issue. This justifies the use of restraints during the
MD simulations without which this effect would become dominant over refinement
successes and motivates the averaging step employed in our refinement protocol.

We also analyzed refinement success as a function of amino acid type (see Table I11).
Overall, we noticed that only the Ca atoms of the sulfur-containing amino acids cysteine
and methionine became worse on average pointing at possible force field issues. On the
other hand, the largest improvements were seen for histidine, phenylalanine, proline, serine,
and asparagine, but at the same time, essentially correct proline and histidine residues (with
initial RMSD values of less than 1 A) were also made worse to the largest extent by
refinement. One explanation would be that more attention needs to be paid to cis-trans
isomerization in proline and N& vs. Ne protonation in histidine.

This analysis may suggest that structural regions that are highly accurate in the initial model
should be restrained more strongly than other regions. However, we tried such a protocol in
CASP10 and found that weaker restraints applied to all residues actually result in better
refinement. One reason for that may be that it is difficult to accurately guess without
knowing the experimental structure which parts are likely already within 1 A and that
overconstraining residues further away that could be refined otherwise is overall less
effective. Another reason may be that in order to refine incorrect parts while maintaining
structural integrity may require minor adjustments of correct parts, at least on the time scale
of the short refinement simulations, so that fixing presumably correct parts may prevent
refinement elsewhere.
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Does it matter where the models come from?

The initial models provided by CASP were chosen from top predictions in the regular
prediction category. This resulted in models that were generated with a variety of methods
(see Table 1V). While it is not always clear what exactly was done, we attempted to roughly
classify different methods into the following groups: ‘Modeller’, ‘Raptor’, ‘Zhang’ group,
‘Rosetta’, ‘Lee’ group, and ‘Other’. Using this classification we then examined whether the
method used to generate the initial models affected the refinement results. The results are
given in Table V. It can be seen that the average improvement in GDT-HA does indeed seem
to depend on how the models were generated, with Modeller and Raptor models being
improved only modestly while models from Lee and Other methods were improved most.
However, the initial GDT-HA also varies greatly as different methods are optimal for
different types of targets. Therefore, the most meaningful comparison is between methods
with similar initial average GDT-HA scores. There are two such pairs. In comparing
Modeller vs. Raptor models, Modeller models were more difficult to improve and in Zhang
vs. Rosetta models, Zhang models were more difficult to improve. Although the differences
are relatively small it may reflect different degrees of refinement that is already included in
the respective prediction pipelines.

Another point for comparison are MolProbity scores that measure local structural accuracy.
There is a surprisingly wide range of initial scores with Modeller models for example having
MolProbity scores that are twice those of Raptor despite similar initial GDT-HA values.
However, after refinement and further optimization of MolProbity scores (see below) we did
not find a strong trend in the final MolProbity scores as a function of how the initial models
were generated.

Amount of sampling vs. refinement success

In CASP11 we used twice as much sampling per target (40 x 30 ns = 1.2 us) compared to
CASP 10 (30 x 20 ns = 600 ns). A key question is whether the increased sampling correlated
with improved refinement. A direct comparison between CASP10 and CASP11 is
problematic because of possible variations in the difficulty of the targets. Instead, we re-
generated predictions for the CASP11 targets using varying subsets of the full trajectories.
Figure 5 shows that the average GDT-HA improves with increasing sampling and the
maximum improvement in the GDT-HA score is indeed observed for the maximum amount
of sampling (1.2 ps). However, after a rapid initial increase, there is only slight improvement
in GDT-HA from 200 ns to 1200 ns total sampling time. Increasing trajectory length leads to
better refinement but the benefit levels off beyond 20 ns. On the other hand, using multiple
trajectories vs. a single trajectory improves GDT-HA scores when five or ten trajectories are
used, but there is little additional benefit of using more than ten trajectories. In general, it
appears that given an amount of total sampling time that can be afforded, fewer longer
trajectories are better than larger numbers of shorter simulations.

Based on the data in Figure 5, an optimal balance between computational cost and
improvement in GDT scores is the use of 5 x 30 ns or 10 x 20 ns, less than the amount of
sampling used in CASP10 (30 x 20 ns). Therefore, we have to conclude that using more and
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longer simulations in CASP11 vs. CASP10 offered just a small benefit at significant
additional computational costs.

One possibility for why additional sampling seems to offer little additional benefit is that
significant Kinetic barriers prevent broader exploration of conformational space. The use of
enhanced sampling methods could address such an issue. However, it is more likely that
hundreds of nanoseconds may actually be sufficient to explore the majority of the restricted
conformational space under the weak positional restraints that were applied here. In the
latter case, weakening the restraints further may be necessary to reach more refined
structures but this strategy is limited by an increased likelihood of sampling diverting to non-
native states as restraints are reduced to near zero.

Finishing touches: generating models with low MolProbity scores

A key step in our refinement protocol is the averaging of an ensemble subset. The resulting
structures are consistently closer to the native structure when measured base on backbone
Ca positions, but the averaging compromises local bonding geometries, especially for parts
that exhibit significant dynamics. As a result, the averaged models have very poor
MolProbity scores. A short restrained MD simulation before submitting the refined
structures greatly improved MolProbity scores with a minimal effect on GDT scores but the
resulting average MolProbity scores of 1.88 indicate that there were still significant issues
with the quality of the local structure. Specifically, we identified a number of problems that
are not easily fixed with simple MD simulations: occasional cis-pepitde bonds for non-
proline residues, ring penetrations where bonds cross tyrosine, phenylalanine, or tryptophan
side chains, clashes involving poorly packed side chains that cannot move out of the way
because of restraints on the backbone, and a large number of statistically unlikely bonds,
angles, and backbone and sidechain torsion angles when compared to crystallographic data.

In order to address the above issues we devised a more extensive protocol that consisted of
multiple minimization and MD steps in addition to targeted backbone and side chain
rebuilding (see Figure 6 and Methods section). Furthermore, we used a modified force field
to reduce the sampling of bonds, angles, and torsion angles away from typical values seen in
crystallographic structures. This strategy results in models that are mostly below 1.0 with an
average of 0.76 while still maintaining almost the same improvement in GDT-HA scores as
without the aggressive refinement of MolProbity scores (see Table VI). Not using the
modified force field still provided structures of significantly higher quality than the
submitted models with an average score of 0.85. The computational cost of the protocol
proposed here is on the order of tens of minutes using a single core and therefore it seems
that probably most reasonable models could be readily transformed into stereochemically
acceptable models.

Targeting lower MolProbity significantly increases the overall quality of predicted
structures. However, not all structures fit exactly in the statistically prescribed norms what
high-quality structures are expected to look like. Furthermore, there may be concerns that
the structure quality norms are at least in part influenced by pre-conceived bond distances
and angles and torsion angle distributions that are imposed by crystallography software
during the structure determination process. As all-atom force fields continue to improve it
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will be interesting to see how exactly crystallographic structures compare with MD-
generated ensemble averages and inform to what extent MD-generated structures may be
preferable over structures with perfect MolProbity scores.

CONCLUSIONS

The prediction of protein structures at a level of accuracy that is truly comparable to
experiment remains a formidable challenge. Results from our group in CASP11 described
here suggest that the refinement of template-based models via physics-based molecular
dynamics simulations maybe a route for reaching that goal. Our MD-based protocol allowed
for consistent improvements of most targets to at least some degree while some targets were
refined significantly by more than 10 GDT units. Most successful was the refinement of
targets where initial structures had GDT-HA scores between 45 and 65. At the lower end,
refinement was mixed, while all of the targets with GDT-HA scores above 65 were made
worse. Refinement appeared to be somewhat more successful for residues in helical regions
vs. extended or coil regions and we found small variations in refinement success as a
function of how the initial models were generated. However, it is not entirely clear how to
use such information to devise a more successful refinement protocol.

The performance of our method in CASP11 exceeded our CASP10 performance but overall
the amount of refinement is still relatively modest. Increased sampling in CASP11 played
only a limited role with additional contributions coming from protocol optimizations. Going
forward this suggests that new algorithms are likely necessary to make more substantial
progress.

While refinement success is primarily measured in terms of GDT or RMSD improvements,
increasing attention has been paid to local structural accuracy as for example measured by
the MolProbity score. While we did not pay special attention to this aspect during CASP11,
we applied a more extensive protocol for improving MolProbity scores to our CASP11
predictions that resulted in average MolProbity scores well below one at relatively little
computational expense. This suggests that refining models in terms of their local
stereochemistry is not a key challenge.

The use of physics-based methods in protein structure refinement is highly encouraging
because it is highly complementary to knowledge-based methods and should at least in
principle allow the eventual routine refinement of protein structures to experimental
accuracies. It will be exciting to see further success in moving in this direction in future
rounds of CASP.

Acknowledgments

We would like to thank Keenan Noyes for help with testing the improved protocol and Bradley Hintze from the
Richardson lab with help in running a local version of MolProbity. Funding from NIH GM084953 is acknowledged.
Computer resources were used at XSEDE facilities (TG-MCB090003) and at the High-Performance Computing
Center at Michigan State University.

Proteins. Author manuscript; available in PMC 2017 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Feig and Mirjalili

References
1.

10

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Page 11

Huang YJP, Mao BC, Aramini JM, Montelione GT. Assessment of template-based protein structure
predictions in CASP10. Proteins. 2014; 82:43-56. [PubMed: 24323734]

. Zhang Y. Protein structure prediction: when is it useful? Curr Opin Struct Biol. 2009; 19:145-155.

[PubMed: 19327982]

. Kryshtafovych A, Fidelis K, Moult J. CASP10 results compared to those of previous CASP

experiments. Proteins. 2014; 82:164-174.

. Nugent T, Jones DT. Accurate de novo structure prediction of large transmembrane protein domains

using fragment-assembly and correlated mutation analysis. Proc Natl Acad Sci USA. 2012;
109:E1540-E1547. [PubMed: 22645369]

. Lindorff-Larsen K, Piana S, Dror RO, Shaw DE. How Fast-Folding Proteins Fold. Science. 2011;

334:517-520. [PubMed: 22034434]

. Davtyan A, Schafer NP, Zheng WH, Clementi C, Wolynes PG, Papoian GA. AWSEM-MD: Protein

Structure Prediction Using Coarse-Grained Physical Potentials and Bioinformatically Based Local
Structure Biasing. J Phys Chem B. 2012; 116:8494-8503. [PubMed: 22545654]

. Xu D, Zhang J, Roy A, Zhang Y. Automated protein structure modeling in CASP9 by I-TASSER

pipeline combined with QUARK-based ab initio folding and FG-MD-based structure refinement.
Proteins. 2011; 79:147-160. [PubMed: 22069036]

. Summa CM, Levitt M. Near-native structure refinement using in vacuo energy minimization. Proc

Natl Acad Sci USA. 2007; 104:3177-3182. [PubMed: 17360625]

. Stumpff-Kane AW, Maksimiak K, Lee MS, Feig M. Sampling of Near-Native Protein

Conformations during Protein Structure Refinement Using a Coarse-Grained Model, Normal

Modes, and Molecular Dynamics Simulations. Proteins. 2008; 70:1345-1356. [PubMed: 17876825]

. Olson MA, Chaudhury S, Lee MS. Comparison Between Self-Guided Langevin Dynamics and
Molecular Dynamics Simulations for Structure Refinement of Protein Loop Conformations. J
Comput Chem. 2011; 32:3014-3022. [PubMed: 21793008]

Rodrigues JPGLM, Levitt M, Chopra G. KoBaMIN: a knowledge-based minimization web server
for protein structure refinement. Nucleic Acids Res. 2012; 40:W323-W328. [PubMed: 22564897]
Olson MA, Lee MS. Evaluation of Unrestrained Replica-Exchange Simulations Using Dynamic
Walkers in Temperature Space for Protein Structure Refinement. Plos One. 2014; 9

Mirjalili V, Noyes K, Feig M. Physics-based protein structure refinement through multiple
molecular dynamics trajectories and structure averaging. Proteins. 2014; 82:196-207. [PubMed:
23737254]

Mirjalili V, Feig M. Protein Structure Refinement through Structure Selection and Averaging from
Molecular Dynamics Ensembles. J Chem Theory Comput. 2013; 9:1294-1303. [PubMed:
23526422]

MacCallum JL, Perez A, Schnieders MJ, Hua L, Jacobson MP, Dill KA. Assessment of protein
structure refinement in CASP9. Proteins. 2011; 79:74-90. [PubMed: 22069034]

Lu H, Skolnick J. Application of statistical potentials to protein structure refinement from low
resolution Ab initio models. Biopolymers. 2003; 70:575-584. [PubMed: 14648767]

Lindert S, Meiler J, McCammon JA. Iterative Molecular Dynamics-Rosetta Protein Structure
Refinement Protocol to Improve Model Quality. J Chem Theory Comput. 2013; 9:3843-3847.
[PubMed: 23956701]

Larsen AB, Wagner JR, Jain A, Vaidehi N. Protein Structure Refinement of CASP Target Proteins
Using GNEIMO Torsional Dynamics Method. Journal of Chemical Information and Modeling.
2014; 54:508-517. [PubMed: 24397429]

Heo L, Park H, Seok C. GalaxyRefine: protein structure refinement driven by side-chain repacking.
Nucleic Acids Res. 2013; 41:W384-W388. [PubMed: 23737448]

Chitsaz M, Mayo SL. GRID: A high-resolution protein structure refinement algorithm. J Comput
Chem. 2013; 34:445-450. [PubMed: 23065773]

Proteins. Author manuscript; available in PMC 2017 September 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Feig and Mirjalili

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Page 12

Bhattacharya D, Cheng JL. 3Drefine: Consistent protein structure refinement by optimizing
hydrogen bonding network and atomic-level energy minimization. Proteins. 2013; 81:119-131.
[PubMed: 22927229]

Chen JH, Brooks CL. Can molecular dynamics simulations provide high-resolution refinement of
protein structure? Proteins. 2007; 67:922-930. [PubMed: 17373704]

Xun S, Jiang F, Wu Y-D. Significant Refinement of Protein Structure Models Using a Residue-
Specific Force Field. J Chem Theory Comput. 2015; 11:1949-1956. [PubMed: 26574396]

Park H, Seok C. Refinement of unreliable local regions in template-based protein models. Proteins.
2012; 80:1974-1986. [PubMed: 22488760]

Park H, Ko J, Joo K, Lee J, Seok C, Lee J. Refinement of protein termini in template-based
modeling using conformational space annealing. Proteins. 2011; 79:2725-2734. [PubMed:
21755541]

Nugent T, Cozzetto D, Jones DT. Evaluation of predictions in the CASP10 model refinement
category. Proteins. 2014; 82:98-111. [PubMed: 23900810]

Park H, DiMaio F, Baker D. The Origin of Consistent Protein Structure Refinement from Structural
Averaging. Structure. 2015; 23:1-6. [PubMed: 25565099]

Best RB, Zhu X, Shim J, Lopes P, Mittal J, Feig M, MacKerell AD Jr. Optimization of the additive
CHARMM all-atom protein force field targeting improved sampling of the backbone ¢, y and
side-chain 1 and - 2 dihedral angles. J Chem Theory Comput. 2012

MacKerell AD Jr, Bashford D, Bellott M, Dunbrack JD, Evanseck MJ, Field MJ, Fischer S, Gao J,
Guo H, Ha S, Joseph-McCarthy D, Kuchnir L, Kuczera K, Lau FTK, Mattos C, Michnick S, Ngo
T, Nguyen DT, Prodhom B, Reiher WE, Roux B, Schlenkrich M, Smith JC, Stote R, Straub J,
Watanabe M, Wiorkiewicz-Kuczera J, Yin D, Karplus M. All-Atom Empirical Potential for
Molecular Modeling and Dynamics Studies of Proteins. J Phys Chem B. 1998; 102:3586—3616.
[PubMed: 24889800]

Darden TA, York D, Pedersen LG. Particle Mesh Ewald: An Nlog(N) Method for Ewald Sums in
Large Systems. J Chem Phys. 1993; 98:10089-10092.

Phillips JC, Braun R, Wang W, Gumbart J, Tajkhorshid E, Villa E, Chipot C, Skeel RD, Kale L,
Schulten K. Scalable molecular dynamics with NAMD. J Comput Chem. 2005; 26:1781-1802.
[PubMed: 16222654]

Zhang J, Zhang Y. A Novel Side-Chain Orientation Dependent Potential Derived from Random-
Walk Reference State for Protein Fold Selection and Structure Prediction. Plos One. 2010; 5
Zhou HY, Zhou YQ. Distance-scaled, finite ideal-gas reference state improves structure-derived
potentials of mean force for structure selection and stability prediction. Protein Sci. 2002;
11:2714-2726. [PubMed: 12381853]

Chen VB, Arendall WB, Headd JJ, Keedy DA, Immormino RM, Kapral GJ, Murray LW,
Richardson JS, Richardson DC. MolProbity: all-atom structure validation for macromolecular
crystallography. Acta Crystallogr D. 2010; 66:12-21. [PubMed: 20057044]

Feig M, Karanicolas J, Brooks CL I1l. MMTSB Tool Set: Enhanced Sampling and Multiscale
Modeling Methods for Applications in Structural Biology. J Mol Graph Model. 2004; 22:377-395.
[PubMed: 15099834]

Feig M, Rotkiewicz P, Kolinski A, Skolnick J, Brooks CLI. Accurate Reconstruction of All-Atom
Protein Representations From Side-Chain-Based Low-Resolution Models. Proteins. 2000; 41:86—
97. [PubMed: 10944396]

Proteins. Author manuscript; available in PMC 2017 September 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Feig and Mirjalili

Initial Model
provided by CASP
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Molecular Dynamics
30 x 40 ns, explicit solvent, CHARMM c36
weak restraints on Ca atoms

v

I 30 x 750 snapshots
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Scoring and Filtering
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100 - 1,000 snapshots |

\ /

Averaging

\ 4

Refined Structure I
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Minimization/MD
2000 steps, 8 ps, strong Ca. restraints

\ 4

Final Structure I

Figure 1.
Refinement protocol of FEIG group during CASP11.
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Refined GDT-HA

Page 14

50 60 70
Initial GDT-HA

Figure 2.
GDT-HA scores of model 1 submissions from the FEIG group (red) and best snapshots

generated during sampling for each target (grey) vs. GDT-HA scores of initial models
provided by CASP.
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Figure 3.
Ca RMSD values of model 1 submissions from the FEIG group (red) and best snapshots

generated during sampling for each target (grey) vs. Ca RMSD values of initial models
provided by CASP.
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successful
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S
)

< unsuccessful
refinement

Figure 4.
Successful and unsuccessful refinement in target TR759. The experimental reference is

shown in red, the initial model provided by CASP in green, and the refined model submitted
by us in blue. Residues 75-94 (successful refinement) and residues 53-60 (unsuccessful
refinement) are highlighted with saturated colors.
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Figure 5.
Average improvement of GDT-HA score for 35 CASP11 refinement targets as a function of

total simulation time using snapshots from 1-40 trajectories over 2 ns (blue), 10 ns (green),
20 ns (brown), or 30 ns (red).
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Backbone rebuilding of non-proline residues in cis conformation

Minimization w/ Ca. restraints (0.1 kcal/mol/A2)
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Side chain rebuilding of ring residues with bond penetrations

<

Minimization w/ Ca. restraints (0.2 kcal/mol/A2)
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<

Side chain rebuilding of residues with rotamer outliers
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MD w/ Cao. restraints (0.5-2 kcal/mol/A2) at 20-150 K
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80 snapshots
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Final Model

Figure 6.
Protocol for optimization of MolProbity applied in CASP11 post-analysis.
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Average RMSD change in Ca positions relative to the experimental reference in A as a function of secondary
structure and initial distance from the native. The secondary structure was determined using DSSP on the
experimental reference structure. Initial and refined models were superimposed onto the experimental
reference structures using only Ca atoms and per-residue RMSD values 1775} jnjtizyand rmsa; refineq Were
calculated for the Ca atom of each residue /. The differences Armsd;= rmsdj refineq— rMsd; initias Were then
averaged over all targets according to the secondary structure of residue 7and according to the value of

rmsd; jnjtiat

Helical | Extended | Coil
0-1A | 0.113 0.079 0.350
1-2A | -0.156 | -0.171 -0.073
2-3A | -0.269 | -0.268 -0.177
3-4A | -0.260 | -0.181 -0.348
45A | -0.200 | -0.144 -0.395
>5A | -0.399 | -0.091 -0.255
All -0.148 | -0.087 -0.101
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Page 23

Predictor groups from which initial models for refinement targets were taken and likely method(s) that were

used to generate the respective models.

Target | Group | Group Name Method

TR217 | 156 Atome2_CBS Modeller

TR228 | 73 SAM-TO08-Server Other

TR274 | 184 ROSETTA Server Rosetta

TR280 | 184 ROSETTA Server Rosetta

TR283 | 38 Nns Lee

TR759 | 38 Nns Lee

TR760 | 41 MULTICOM-NOVEL Rosetta?

TR762 | 50 RaptorX Raptor

TR765 | 499 QUARK Zhang

TR768 | 50 RaptorX Raptor

TR769 | 277 Zhang-Server Zhang

TR772 | 50 RaptorX Raptor

TR774 | 381 FALCON_MANUAL Other

TR776 | 184 ROSETTA Server Rosetta

TR780 | 499 QUARK Zhang

TR782 | 184 ROSETTA Server Rosetta

TR783 | 300 PhyreX Modeller

TR786 | 184 ROSETTA Server Rosetta

TR792 | 216 myprotein-me Other (Rosetta/Zhang)
TR795 | 41 MULTICOM-NOVEL Rosetta?

TR803 | 216 myprotein-me Other (Rosetta/Zhang)
TR810 | 184 ROSETTA Server Rosetta

TR811 | 216 myprotein-me Other (Rosetta/Zhang)
TR816 | 277 Zhang-Server Zhang

TR817 | 156 Atome2_CBS Modeller

TR821 | 216 myprotein-me Other (Rosetta/Zhang)
TR822 | 251 TASSER-VMT Other

TR823 | 184 ROSETTA Server Rosetta

TR827 | 38 Nns Lee

TR828 | 277 Zhang-Server Zhang

TR829 | 499 QUARK Zhang

TR833 | 420 MULTICOM-CLUSTER | Rosetta?

TR837 | 499 QUARK Zhang

TR848 | 184 ROSETTA Server Rosetta

TR854 | 184 ROSETTA Server Rosetta

TR856 | 277 Zhang-Server Zhang
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Target

Group

Group Name Method

TR857

454

eThread Other
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Page 25

Average refinement success in terms of GDT-HA and Molprobity scores as a function of the method that was
used to generate the initial models.

Avg. Initial GDT-HA | Avg. AGDT-HA | Avg. Initial Molprobity | Avg. Refined Molprobity
Modeller | 62.4 1.38 3.29 0.91
Raptor 62.2 1.67 1.63 0.84
Zhang 54.2 3.33 2.98 0.70
Rosetta 54.0 3.72 1.94 0.70
Lee 39.7 4.92 2.84 0.62
Other 46.1 5.12 2.79 0.87
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