
proteins
STRUCTURE O FUNCTION O BIOINFORMATICS

CASP11 refinement experiments with
ROSETTA
Hahnbeom Park,1,2 Frank DiMaio,1,2 and David Baker1,2,3*
1 Department of Biochemistry, University of Washington, Seattle, Washington 98195

2 Institute for Protein Design, University of Washington, Seattle, Washington 98195

3 Howard Hughes Medical Institute, University of Washington, Seattle, Washington 98195

ABSTRACT

We report new Rosetta-based approaches to tackling the major issues that confound protein structure refinement, and the

testing of these approaches in the CASP11 experiment. Automated refinement protocols were developed that integrate a

range of sampling methods using parallel computation and multiobjective optimization. In CASP11, we used a more aggres-

sive large-scale structure rebuilding approach for poor starting models, and a less aggressive local rebuilding plus core

refinement approach for starting models likely to be closer to the native structure. The more incorrectly modeled a struc-

ture was predicted to be, the more it was allowed to vary during refinement. The CASP11 experiment revealed strengths

and weaknesses of the approaches: the high-resolution strategy incorporating local rebuilding with core refinement consis-

tently improved starting structures, while the low-resolution strategy incorporating the reconstruction of large parts of the

structures improved starting models in some cases but often considerably worsened them, largely because of model selection

issues. Overall, the results suggest the high-resolution refinement protocol is a promising method orthogonal to other

approaches, while the low-resolution refinement method clearly requires further development.

Proteins 2016; 84(Suppl 1):314–322.
VC 2015 Wiley Periodicals, Inc.
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INTRODUCTION

Since the progress in homology model refinement

described in CASP10,1,2 studies in the area have been in

two directions. One direction has aimed to make refine-

ment found in CASP103,4 more robust, and the other

has searched for progress from alternative sources. This

was evident at the CASP11 meeting; many groups

adopted molecular dynamics (MD)-based approaches,

while others sought to develop distinct approaches.

The goal of the latter approaches is to solve challenges

that are not well addressed yet, typically “sampling

bottleneck” problems, as highlighted by the assessor in

the CASP11 conference. There have been clear bottle-

necks in general performance for certain starting struc-

tures throughout the CASP refinement experiments, in

particular, when starting structures have been far off

from the native structure, no group has succeeded in

improving them substantially.1 “Discrete search” using

Monte Carlo in Rosetta5 complements the “continuous

search” of molecular dynamics (MD) simulation and

hence could be useful for tackling those unsolved

challenges.

In this report, we first describe new protein structure

refinement methods developed within Rosetta, and then

describe the strengths and weaknesses of the methods

indicated by the CASP11 results.

METHODS

Definition of the refinement space

Our development of new methods was based on the

following conceptual understanding of the refinement

problem. We define the “refinement space” as the volume
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of phase space that needs to be searched for the refine-

ment of a model structure into the native structure. We

consider three orthogonal axes in this space: core-

refinement, partial reconstruction, and fold-level recon-

struction. Core-refinement is where recent progress has

been found from MD-based approaches.3,4 As we recently

described,6 core-refinement methods primarily improve

residues that are nearly correct, but do not substantially

improve regions with significant errors. Rosetta sampling

methods could be useful for refining along the two other

axes and so complement the limitations in core-

refinement approaches. When the starting structure is not

too far away from the native structure (high-resolution

refinement), the native structure can be reached by search-

ing along the first two axes, rebuilding incorrect regions

while refining the core. When the core of the protein is

incorrectly modeled, full fold-level reconstruction is

required to bring an incorrect structure to a roughly cor-

rect position, from which core refinement can further

improve the model.

This picture of the refinement problem is consistent

with the sampling bottlenecks found in core-refinement

approaches in CASP experiments. For high-resolution

problems, “bottleneck” regions in starting structures

(for example, incorrect loops impeding correct core

packing) may limit refinement of the core region; conse-

quently, the magnitude of improvement achieved

by core-refinement approaches strongly depends on the

starting structure. For low-resolution problems, the

lack of a properly formed core to serve as a seed for

core-refinement similarly limits the magnitude of

improvements.

Sampling methods

Our CASP11 protocol applies structural perturbations

with a range of magnitudes to an evolving ensemble of

conformations. In this section, we first provide a

bottom-up explanation, starting from the basic refine-

ment modules. These take as input one or a set of mod-

els, and output one or a set of refined models. In

Rosetta, operators that take models as inputs and pro-

duce new models as output are called “Movers.” Movers

can readily be combined in series for single processor

composite protocols, or in parallel for parallel refinement

protocols as described below.

Rosetta_relax7 alternates between discrete Monte Carlo

side-chain optimization and quasi Newton minimization

of backbone and side-chain degrees of freedom. Five iter-

ations are carried out: in the first three, minimization is

with respect to the internal degrees of freedom; in the

last two, with respect to the Cartesian degrees of freedom

(x, y, and z). Restraints tether the model to the input

structure.

Trajectory_average6 builds on recent advances in MD-

based core-refinement methods but requires considerably

less computing power. Multiple independent restrained

MD or Monte Carlo minimization (MCM) simulations7

using the Rosetta implicit solvent energy function8 are

carried out [as movers in Fig. 1(A)] with variations in

the energy function and initial side-chain preparation.

Structures from those simulation trajectories are col-

lected, filtered, and structurally averaged. The outcome

of the protocol is a single refined structure with moder-

ate changes to the starting structure. A detailed descrip-

tion of the method and analysis of its performance is

reported in Ref. 6.

Normal_mode_sampler samples along the normal

modes derived from an anisotropic network model

(ANM).9 One of the ten lowest eigenvalue modes is

selected at random, restraints are generated from models

perturbed by 0.5 or 1.0 Å Ca RMSD along this direction,

and the input model is minimized with respect to the

energy supplemented with these restraints.

Segment_remodel rebuilds specified regions either

using Rosetta fragment insertion followed by minimiza-

tion (as in RosettaCM10) or kinematic loop closure11

for internal regions, and fragment insertion12 for

termini.

The Rosetta all atom implicit solvent energy function8

was used in all of these refinement modules; the Segmen-

t_remodel and Normal_mode_sampler method also use

the Rosetta centroid energy function for the initial stages

and switch over to an all-atom representation and energy

function at the end. Ranking among the models gener-

ated by a method that outputs multiple models (Segmen-

t_remodel and Normal_mode_sampler) was done by the

normalized sum of Rosetta full-atom energy and GOAP

score.13 Trajectory_average outputs a single structurally

averaged atomic model so there is no need for selection.

The four sampling methods were integrated into com-

posite sampling protocols using the iterative parallel-

computing platform in Rosetta [Fig. 1(A)] adapted from

Tyka et al.14 In this three-layer parallel architecture,

Emperor, Master, and Slave processors communicate to

sample conformations starting through a continuously-

evolving pool of structures. For our experiments, this

structure pool was maintained at 20 structures. At each

iteration, 100 new structures are collected from Master

processes, added to the current pool, and 20 models are

selected using Pareto optimization15 according to three

objective functions: Rosetta energy, GOAP statistical

potential,13 and “structural diversity”. The structural

diversity of each model was computed as the sum of the

S-score16 values to all other pool members.

Segment_remodel and Rosetta_relax were combined

into a composite “Rebuild_and_relax” sampling protocol,

where they were repeated for ten iterations in this paral-

lel architecture. The regions to rebuild in Segment_remo-

del are chosen at the beginning of Rebuild_and_relax

based on the residue fluctuations17 observed in multiple

short independent Rosetta MD simulations (20 ps 3 10
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trajectories): the most fluctuating regions are rebuilt,

along with regions with many buried polar residues or

exposed nonpolar residues. Overall, 146 regions (average

length of 8.2 residues per region) for 36 targets (4.1

regions per target, the engineered protein from the Baker

group (TR769) was skipped) were rebuilt using Rebuil-

d_and_relax in the automatic predictions, and an addi-

tional 60 regions in the human submissions. Likewise,

Normal_mode_sampler and Rosetta_relax were combined

into a composite “Normalmode_and_relax” sampling

protocol. 10 iterations of Normal_mode_sampler in the

sampler produces a net change to the starting structure

of up to �3 Å Ca RMSD.

Protocol choice based on target difficulty

One of two overall refinement protocols [Fig. 1(B,C)]

was used depending on the starting model GDT-HA to

the native structure (iGDT-HA) provided by the CASP11

organizers. We refined 24 targets with iGDT-HA greater

than 50.0 using a “high-resolution strategy” [Fig. 1(B),

TR769 was skipped] combining Trajectory_average and

Rebuild_and_relax with KIC segment rebuilding. This

combination was used because the quality of partial

reconstruction strongly relies on the quality of the

remaining parts of the model,18,19 and the success of

core-refinement depends on the accuracy of modeling of

individual regions. Iteration proceeded as shown in Fig-

ure 1(B); multiple models (80 models from 4 independ-

ent runs) with varied segments were generated, and a

number of cluster centers (usually 5) were selected for

the next iteration of core-refinement. Models were

ranked as described below.

The remaining 12 targets with iGDT-HA below 50

were refined using a “low-resolution strategy” [Fig. 1(C)]

that combines Rebuild_and_relax with fragment-based

segment rebuilding and Normalmode_and_relax. The

output structures from five independent runs (overall

100 models) of Normalmode_and_relax were clustered

and the lowest GOAP13 score structures within each

cluster were selected as cluster representatives. Cluster

size varied between 10 and 15 depending on structural

Figure 1
Rosetta parallel-computing refinement protocols used in CASP11. (A) General three-layer parallelism algorithm used for Normalmode_and_relax

and Rebuild_and_relax. The roles of CPUs are divided into (i) “Emperor” controlling structural pool, (ii) “Masters” controlling job distribution to
“Slaves,” and (iii) “Slaves” carrying out actual unit sampling, as originally designed by Tyka et al.14 This architecture can be modified to carry out

various modeling tasks such as Rebuild_and_relax or Normalmode_and_relax by varying the “mover” that perturbs structures. The size of pool was
set to 20 in CASP11. (B) Strategy for high-resolution targets (starting GDT-HA� 50). The starting model is first fed into Trajectory_average6 to

generate a single refined model, followed by Rebuild_and_relax on it to generate multiple models with different conformations at selected regions.

Trajectory_average is applied again separately to each of five models selected from Rebuild_and_relax output. (C) Strategy for low-resolution targets
(starting GDT-HA< 50). An ensemble is generated from the starting model using Normalmode_and_relax, clustered into 10 representative struc-

tures, and were further refined using by Rebuild_and_relax. For human submissions, additional regions (20–50% of the whole structure) were
selected and rebuilt by Segment_remodel using fold-tree AbInitio.10 Models for both categories of targets were ranked as described in the main text.
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variation among the sampled models. Finally, each of the

cluster representatives was chosen as a starting point for

one round of Rebuild_and_relax with rebuilding in the

predicted unreliable regions (by Rosetta MD simulations,

see above). For the human submissions, we tried even

more aggressive sampling; regions considered to be

incorrectly modeled (roughly 20–50%) were removed,

and Segment_rebuild—using the RosettaCM10 fragment

based protocol—was run.

For human submissions (Models 2–5) for targets <80

residues and iGDT-HA close to 50 (TR759, TR816, and

TR829), we started from a Rosetta AbInitio20 model

selected by iGDT-HA and GOAP scores. Because of this,

TR816 and TR829—that fell into the high-resolution cat-

egory for server submissions—followed a strategy closer

to that of low-resolution modeling for Models 2–5.

The amount of computer resources used for the auto-

mated pipeline was generally less than 1 day per target

using 20 cores (<500 core hours). Scaled to a 200-

residue protein, the high-resolution strategy, with 6 runs

of Trajectory_average and 8 runs of Rebuild_and_relax

[Fig. 1(B)], takes 320 core hours; the low-resolution

strategy, with 5 runs of Normalmode_and_relax and 10–

15 runs of Rebuild_and_relax [Fig. 1(C)], takes 250 core

hours. Additional computations carried out for human

predictions varied significantly based on target, but were

generally on the order of hundreds of core hours.

Model selection and ranking

For human model submissions, we considered the extent

of change required for complete refinement (to bring the

starting model to the native). In Figure 2, the structural

changes to the starting models (GDT-HAmodel-to-starting) are

shown for our and other top-ranked groups’ submissions

as functions of iGDT-HA (GDT-HA of starting structures).

Lower GDT-HAmodel-to-starting implies less similarity

between submitted and starting structure and less conserv-

ative refinement. For our CASP11 submissions, we selected

models where GDT-HAmodel-to-starting was close to iGDT-

HA. As shown in the figure, our submissions matched this

condition reasonably, while most of the other top-groups

made more conservative submissions except for group 396

(Schr€oderLab).

Ranking of the five submitted models used GOAP

score. For human submissions of low-resolution targets,

structural changes to starting models were also consid-

ered and Model 1 was selected from among the more

conservative models.

RESULTS

Overall results strongly depend on strategy

In Figure 3(A), GDT-HA model quality values are

compared between the starting models and our auto-

mated (bottom) or human (top) submissions. Through-

out the article, we describe results for our human

submissions (group BAKER) unless specified. It is clear

in both cases that our high-resolution strategy (colored

red in the figure) brought overall improvements to both

Model 1 and the best model among our five submis-

sions (top5). On the other hand, the performance of

the low-resolution strategy (colored blue in the figure)

is questionable, at least for model selection, where there

is a large gap between the overall quality of Model 1

and top5 submissions. A similar trend is found by Z-

score analysis [Fig. 3(B)]. The panel at the bottom

shows the Z-score difference between Model 1 and

top5; the large decrease in Z-scores for low-resolution

targets is due to model selection failures. The large dif-

ference between the performances of the high- and low-

resolution strategies is not surprising as the methods

are quite different.

Table I summarizes performance according to four

different measures: GDT-HA, SphereGrinder,21,22 Ca

RMSD, and MolProbity.23 In the accumulated Z-scores

in GDT-HA for Model 1 submissions (against other

groups submissions, setting minimum Z-score 5 22.0),

positive contributions by 24 high-resolution targets

(115.1, fourth among the groups) are offset by the nega-

tive contributions from 12 low-resolution targets (211.6,

third worst). Similarly, using Ca RMSD, BAKER group

Figure 2
Dependence of structural similarity (GDT-HAstarting-to-model) between
the submitted models and starting structures (y axis) on target diffi-

culty (x axis). Lower GDT-HAstarting-to-model indicates more aggressive

submission. Diagonal line shows the structural changes necessary to
bring starting structure to the native structure. Submissions by other

groups are indicated for comparison.
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did the best for high-resolution targets (summed Z-score

126.4; second rank SHORTLE with 118.0), but second

worst in low-resolution targets; SphereGrinder shows

similar trends: best in high-resolution (summed Z-score

by 123.3; second rank Seok-refine 119.5) but mediocre

in low-resolution. If Z-scores less than 0 are not penal-

ized (as in CASP101), the statistics are somewhat differ-

ent (Supporting Information Table S1). Finally,

MolProbity was improved for all the targets regardless of

strategy.

In the following, we analyze the results separately for

the targets subjected to the high- and low-resolution

strategies.

High-resolution targets: significant
improvements from the reconstruction
of unreliable regions

The aims of our experiment for high-resolution targets

were (a) to determine to what extent the implicit solvent

simulation implemented in Rosetta can capture recent

Figure 3
Overall results in CASP11 refinement category by Baker group. (A) GDT-HA comparison between starting structures and refined models for
human (upper) and server (lower) submissions. Results for the models submitted as Model 1 are plotted at left, and for the best among five models

(top5) at right. Dots above diagonal lines are those targets improved over starting structures. The high-resolution strategy was used for the red tar-
gets, and the low-resolution strategy, for the blue targets. (B) Per target Z-score for Model 1 (upper), best among five (top5, middle), and the dif-

ference between the two (lower). Red and blue bars represent Z-scores in GDT-HA and SphereGrinder,21,22 respectively. Black dots show Z-scores
in MolProbity.23 Positive values are improvements for all the quality measures. Dotted lines at the center of each panel show the border between

targets that underwent high-resolution and low-resolution refinement strategies.

Table I
Improvements Over Starting Models for Human Submissions

Target category Num. Targets GDT-HA (%) Sphere Grinder (%) Ca RMSD (�) MolProbity

iGDT-HA� 50a 24b Model 1 11.0 (115.1) 13.8 (123.3) 20.50 (126.4) 21.1 (119.7)
Top5 13.9 (135.0) 17.2 (146.5) 20.84 (145.4) 21.4 (127.3)

iGDT-HA< 50c 12 Model 1 23.9 (211.6) 21.1 (12.3) 11.31 (26.6) 21.3 (110.0)
Top5 12.0 (16.4) 14.3 (121.4) 10.27 (11.5) 21.6 (115.0)

Overall 36 Model 1 20.6 (13.5) 12.2 (125.6) 10.10 (119.8) 21.2 (129.7)
Top5 13.3 (141.4) 16.3 (167.9) 20.47 (146.9) 21.5 (142.3)

Average improvements are given using four different measures, and the sum of Z-scores relative to other group predictions are in parentheses. Summed Z-scores are cal-

culated using 22.0 for the minimum value, and positive values are better for all measures. Analysis with minimum Z-score 5 0.0 is provided in Supporting Information

Table S1.
aTargets with starting GDT-HA higher than or equal to 50.0, to which high-resolution strategy is applied.
bTR769 is not submitted as the target protein is engineered from Baker group.
cTargets with starting GDT-HA lower than 50.0, to which low-resolution strategy is applied.
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advances in core-refinement and (b) if there is synergy

between partial reconstruction and core-refinement

methods. To address these questions, we consider two

distinct quality metrics: GDT-HA and SphereGrinder (or

Ca RMSD). As pointed out by the assessor, each quality

measure reports on different aspects of protein model

quality: GDT-HA is most sensitive to precise placement

of protein core atoms, reporting on the performance of

the core-refinement method, while SphereGrinder (and

Ca RMSD) is most sensitive to repositioning of substan-

tially incorrect regions, and therefore reports more on

the performance of the segment reconstruction method.

For the Model 1 submissions, the average GDT-HA

improvement for high-resolution targets is less (11.0)

than that of the methods based on explicit water MD

simulations (Group 288 (Feig) 12.9, Group 396

(Schr€oder) 11.5). Also the fraction of targets that show

an improvement in GDT-HA (54%) is relatively small

compared to that of other top-groups; a conservative

core-refinement approach by Group 106 (Tigreless_Prin-

ceton)24 yielded a similar mean improvement in GDT-

HA (11.1) but with the highest fraction of models

improved among all groups (88%). A control experiment

running only our core-refinement method (Trajectory_a-

verage) shows similar mean improvement but with an

increased fraction of success (77%). This suggests that

running aggressive reconstruction (approximately five

regions per target) on top of the outcome of Trajector-

y_average can sometimes improve GDT-HA but also can

hurt, and adds noise to the consistency of improvements

brought by Trajectory_average. Focusing on GDT-HA

only, aggressive reconstruction efforts might be regarded

as not very successful.

The reconstruction method appears more promising

by other measures, however. In SphereGrinder and Ca

RMSD, the average magnitude of improvements outper-

forms that of the core-refinement approach: 13.8/20.50

Å (SphereGrinder/Ca RMSD) by BAKER and 12.7/

20.44 Å by BAKER_RefineServer, compared to Trajector-

y_average only (10.8/20.02 Å; for Ca RMSD, negative

values are improvements). These results are better than

those of other groups who mainly employed core-

refinement approaches, group 288 (Feig, 10.6/10.14 Å)

and 333 (Kihara, 11.3/20.06 Å). The fraction of models

improved by these measures is also higher than those

improved by GDT-HA, with 71% improved under each

metric. This is consistent with our view that partial

reconstruction is on a different axis than core refine-

ment, and also with the assessor’s view that model qual-

ity improvement from the reconstruction of incorrect

regions is less well captured by GDT-HA than by metrics

such as SphereGrinder or RMSD.

Analyzing representative examples provides further evi-

dence that the structural improvements result from the

combination of the core refinement and segment recon-

struction protocols. TR848 is one of the highlights with

significant improvements in an unreliable region in the

starting structure [Fig. 4(A)]; our Model 1 improves in

SphereGrinder and Ca RMSD by 14.1% and 1.1 Å,

respectively (best among all groups), but is not the best

by GDT-HA improvement (5.1%). Model 1 by group

288 (Schr€oder), who applied explicit water MD simula-

tion, shows the largest improvement in GDT-HA at

6.0%, but very modest improvement using Sphere-

Grinder (1.1%), and a slight worsening using Ca RMSD

(10.2 Å). Deviation between these quality metrics stems

from the difference in regions each group mostly refined;

our model improved the significantly wrong part, while

the model of group 288 improved the rest of the struc-

ture. We can expect that combining two approaches

would have brought even more significant improvements

to this target. For TR768 [Fig. 4(B)], AbInitio rebuilding

successfully reconstructed two missing repeats in a LRR

(leucine-rich repeat) protein. The reconstructed region

turned out to interact with the remainder of the protein

through bridging waters (red spheres in the figure), high-

lighting the importance of explicit waters that were not

considered in our approach.

Overall, the results suggest that our idea for high-

resolution refinement was at least partially successful in

CASP11. Reconstruction of incorrect regions significantly

improved SphereGrinder and Ca RMSD (but not the

GDT-HA), supporting the idea that segment reconstruc-

tion can complement continuous MD or MC sampling

methodologies. On the other hand, the core-refinement

method we employed—based on implicit solvent simula-

tions—did not perform as well as explicit water MD

simulations used by other groups; a current research

problem is whether the effect of explicit water molecules

can be introduced into otherwise implicit solvent simula-

tions to get the accuracy benefit of explicit water simula-

tion with reduced computational cost.

Low-resolution targets: selection remains
challenging

For the targets where we used a more aggressive low-

resolution protocol, the overall quality of our Model 1

submissions was inferior by all the measures to those

made using our high-resolution protocol, as well as to

those of other groups. GDT-HA and SphereGrinder wor-

sen by 23.9 and 21.1 on average, respectively (Table I),

and the net Z-score for the 12 low-resolution targets is

211.6 (20.97 per target) and 12.3 for GDT-HA and

SphereGrinder, clearly worse than the 115.1 and 123.3

for the 24 high-resolution targets (Table I). This poor

performance in Model 1 submissions is primarily due to

poor model selection; for the best of the five submitted

models, there was an improvement over starting the

structures in GDT-HA by 12.0 and SphereGrinder by

14.3 on average. Failures in model selection have two

causes. First, the score function used for selection is

CASP11 Refinement Experiments With Rosetta
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clearly imperfect. Second, Model 1 for low-resolution tar-

gets was selected using a conservative strategy (see Meth-

ods). As an example, for TR816 and TR829, Model 2

had best score among the five models and also very sig-

nificant improvement over the starting structure.

Significant improvements were obtained for targets

for which large modifications were made to the

starting structures: TR829 Model 2 [67 residues and

GDT-HAmodel-to-starting 5 45.9, Fig. 4(C)] shows improve-

ments in GDT-HA and SphereGrinder by 25.8% (from

51.1 to 76.9) and 43.3% (54.5 to 97.8), respectively, and

in Ca RMSD from 6.2 to 1.2 Å. To our knowledge, this

amount of improvement is the largest among all submis-

sions not only in CASP11 (best GDT-HA improvement

from others by 118.5, TR765 Model 2 by group 288

(Feig)) but also in all CASPs so far (best GDT-HA

improvement by 119.3 in previous CASPs, TR462 Model

5 by group 470 (jacobson) in CASP8). The dramatic

improvements in Ca RMSD and SphereGrinder come

from the reconstruction of the whole structure including

the N-terminus (arrow in the panel). Significant improve-

ments were also obtained in other cases where total struc-

ture rebuilding was used: for example TR816 Model 2

[Fig. 4(D), 68 residues and GDT-HAmodel-to-starting 5 52.6]

and TR759 Model 3 [Fig. 4(E), 62 residues and GDT-

HAmodel-to-starting 5 49.2]. On the other hand, larger tar-

gets—for which the starting structure was only partially

rebuilt—show less improvement. An exception is TR827,

which could be refined through making hinge motions

(such as normal mode motions) to the core region of

starting structure [Fig. 4(F), 193 residues and GDT-HAmo-

del-to-starting 5 41.3].

Figure 4
Examples of submitted models with large improvements. TR848, TR768, TR829, TR759, TR816, and TR827 (from A to F). In all panels, native,

starting, and refined structures are colored in green, blue, and magenta, respectively. Regions most improved are shown by arrows. (A and B) Tar-

gets to which high-resolution strategy was applied; regions reconstructed are highlighted by colors (otherwise gray). (A) TR848_1 and (B) TR768_1
are improved by 5.1/14.1% and 4.7/5.6% in GDT-HA/SphereGrinder, respectively. In the reconstructed part of TR768_1, b-strands shift to occupy

space filled by water molecules (red spheres) in the native structure. Refinement by fully reconstructing starting structures: (C) TR829_2, (D)
TR759_3, and (E) TR816_2. Improvements in GDT-HA/SphereGrinder are (D) 25.8/43.3%, (E) 16.9/26.6%, and (F) 22.4/18.4%, respectively. Ca

RMSD changes are (C) 6.2–1.2 Å, (D) 4.2–2.1 Å, and (E) 2.5–1.2 Å. (F) TR827_4 for which low-resolution strategy brought major improvements:
8/12% improvements in GDT-HA/SphereGrinder, respectively. Superpositions of model to the native structure over the two halves of the protein

are shown.
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Given our poor performance in selecting Model 1 dur-

ing CASP11, we investigated after CASP11 whether an

automated selection scheme could have done signifi-

cantly better. In terms of average model quality, in retro-

spect automatic Model 1 selection using the normalized

sum of Rosetta energy plus GOAP score would have con-

siderably outperformed our manually selected Model 1

submission: this would have resulted in improvement in

GDT-HA by 11.8 and summed Z-score in GDT-HA by

115.8 over all 36 targets, far better than our actual

Model 1 submissions (Table I, average GDT-HA 20.6

and summed Z-score 13.5). The combination of the two

metrics performs better than each individually; using

only Rosetta energy or GOAP score for selection yields

average GDT-HA improvement by 10.2 or 0.0 only,

respectively, compared to 11.8 when combined. The

improvement of the automated selection over human

inspection mainly comes from successful model selection

on a small number of difficult targets (TR829, TR816,

and TR827) for which conservative Model 1 selection

failed to pick models with dramatic improvements. Con-

cluding that automatic model selection is better than

human inspection based selection is likely over interpret-

ing these results, but it is clear that conservative selection

methods are not likely to perform well when the starting

conformation is far from the native structure.

Although the CASP11 version of our low-resolution

strategy was not very successful, the experiment suggests

first, that our understanding of the low-resolution refine-

ment problem is reasonable, and second, clear directions

for improvement: extending the large-scale structure

rebuilding approach used successfully for the three small

targets (TR829, TR816, and TR759) to larger proteins

and improving model selection.

DISCUSSION

In succeeding CASP refinement experiments, strict

high-resolution model quality metrics (such as GDT-HA

looking at only Model 1) have been used for assessing all

targets in different difficulty ranges.1,25,26 Due to the dif-

ficulty of improving GDT-HA for low-resolution targets

conservative approaches became more attractive. Indeed,

in CASP11 the overall submissions by the participants for

low-resolution targets were very conservative (Fig. 2) and

narrow in quality distributions (average standard deviation

in GDT-HA values for Model 1 submissions for all groups

is only 2.9). To spur progress in the field, it may be useful

to use metrics for hard refinement problems that reflect

correct topology more than higher resolution detail which

is hard to achieve starting far from the native structure.

Overall, the CASP11 experiment revealed both strengths

and weaknesses of our Rosetta based refinement protocols.

The results of the experiment will be very useful in devel-

oping a next generation of refinement methods.
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