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ABSTRACT

CASP11 (the 11th Meeting on the Critical Assessment of Protein Structure Prediction) ran a blind experiment in the refine-

ment of protein structure predictions, the fourth such experiment since CASP8. As with the previous experiments, the pre-

dictors were provided with one starting structure from the server models of each of a selected set of template-based

modeling targets and asked to refine the coordinates of the starting structure toward native. We assessed the refined struc-

tures with the Z-scores of the standard CASP measures, which compare the model-target similarities of the models from all

the predictors. Furthermore, we assessed the refined structures with “relative measures,” which compare the improvement

in accuracy of each model with respect to the starting structure. The latter provides an assessment of the extent to which

each predictor group is able to improve the starting structures toward native. We utilized heat maps to display improve-

ments in the Calpha–Calpha distance matrix for each model. The heat maps labeled with each element of secondary struc-

ture helped us to identify regions of refinement toward native in each model. Most positively scoring models show modest

improvements in multiple regions of the structure, while in some models we were able to identify significant repositioning

of N/C-terminal segments and internal elements of secondary structure. The best groups were able to improve more than

70% of the targets from the starting models, and by an average of 3–5% in the standard CASP measures.
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INTRODUCTION

The biennial meetings on the Critical Assessment of

Techniques for Protein Structure Prediction (CASP) have

been a motivating factor in development of better methods

for protein structure prediction.1 CASP encourages the

participation of predictor groups from across the world,

and a blind assessment of their performance evaluates the

current state-of-the-art in the field. Both template-based

and free modeling structure prediction methods have

improved considerably over the past few years of CASP

assessment.2 This improvement in structure prediction

capabilities can be attributed to better protocols and larger

sequence and structure databases. The utility of predicted

structures depends strongly on their accuracy.3 It is clear

that for some purposes, such as protein–protein docking,4

ligand design,5–7 and the prediction of missense mutation

phenotypes from structure,8 we require the model accuracy

to be as close to native as possible, preferably within exper-

imental error. With that realization, the refinement of pre-

dicted protein structures to bring them closer to native has

become a significant research area in recent years.

Refinement of protein structure models refers to mod-

ifications done beyond copying backbone coordinates of

the templates and building insertion–deletion regions

and side chains. It often involves adjustment of the rela-

tive positions—orientation and distance—of secondary

structure units, altering kinks or bends within secondary

structures, changing the structure and position of loops,

and modifying side-chain rotameric states. Most

template-based modeling strategies include some form of

refinement which is sometimes limited in scope due to

specific modeling strategies or available CPU resour-

ces.9,10 The refinement of a protein structure model is

often considered to be the final step of prediction pro-

cess, and has proved to be a daunting and independent

problem in and of itself.
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There are broadly two approaches used for protein

structure refinement. The first is based on molecular

dynamics (MD) simulations and utilizes conventional

molecular mechanics force fields like CHARMM11 and

OPLS12 to sample conformational space and guide it to

local minima. Although this approach has shown prom-

ise in refinement,13 it suffers from being computation-

ally expensive. The second approach is based on

knowledge based potentials which are used for sampling

or scoring the model. These methods may be more com-

putationally efficient, and optimize the structure by mak-

ing local changes to reduce the energy of the model.14

The refinement of protein structure models was intro-

duced as a separate category in CASP8 in 200815 and

was run in CASP916 and CASP1017 as well as CASP11.

The setup of the experiment in CASP11 remains similar

to the previous experiments: for each target, a domain

from a server model submitted in the template-based

prediction category was provided to the predictors for

refinement. The starting structures were provided to pre-

dictors on the CASP website, and the aim of the experi-

ment was to refine them beyond the accuracy of the

starting model. The predictors were expected to refine

the structure, usually without resorting to additional

template-based remodeling. However, the latter cannot

be controlled for, and it is certainly possible that some

groups identified better models to start from, including

their own, from the template-based modeling category.

Three of the starting structures contained chain breaks

and missing internal backbone coordinates: TR760 (resi-

dues 169–177, also missing from the experimental struc-

ture), TR817 (residues 271–494, an inserted domain not

part of the refinement target), and TR823 (residues 198–

205, also missing from the experimental structure). The

assessment of predicted models that we performed was

based on their comparison with the unreleased experi-

mentally derived structures. The closeness of the model

to the native was assessed by comparing their overall

backbone conformation using global measures such as

RMSD, GDT-TS, and GDT-HA.18 Moreover, the quality

of the model was also assessed by using local measures

such as LDDT19 and SphereGrinder.20,21 Each of these

measures is defined and described below.

The refinement of a predicted structure model has

proved to be a difficult task as it requires improving the

quality of the model which has already been optimized

by a previous method. The CASP815 and CASP916

experiments reported only modest performance in the

refinement category; none of the predictors was able to

exhibit consistent refinement of the targets. The situation

improved in CASP10, an MD-based method of refine-

ment showed promising results.13 Here we analyze and

discuss the performance of 53 groups participating in the

CASP11 refinement experiment, consisting of 36

template-based modeling targets and one free-modeling

target from the regular CASP experiment.

In our assessment, we have utilized measures for the rela-

tive improvement in the traditional CASP score measures

over the starting structures, such that positive scores were

obtained only when the submitted refined structure was

closer to the experimental than the starting structure. The

relative scores were negative if the refined model was further

from the native than the starting structure. All the necessary

data were provided by the Structure Prediction Center.21

METHODS

Measures of quality

Intuitively, refinement can be assessed broadly by

measuring (a) the accuracy of the backbone conforma-

tion with the native structure; (b) the accuracy of short-

range contacts within the protein structure which

includes side-chain packing and relative positions of dif-

ferent elements of structure far apart in the sequence;

and (c) the improvement in quantities like van der Waals

clashes and Ramachandran map and rotamer violations.

This assessment is done using different measures of qual-

ity provided by Structure Prediction Center. The follow-

ing is a brief description of the measures which are used

in the current assessment.

Root mean square deviation (RMSD)

RMS-CA reported by the Structure Prediction Center

was calculated with the program LGA,18 which calculated

the best RMSD of Ca atoms for a sequence-dependent

alignment that maximizes the number of Ca atoms of the

model that are within 4 Å of the target structure. As such, it

is a global measure of similarity between two protein struc-

tures. Because of the squared distances, it is sometimes

dominated by small regions of the protein structure such as

loops or terminal segments, which may obscure overall

improvements in the starting models.

Global distance test—High accuracy score (GDT-HA)

GDT-HA is a high-accuracy version of the standard

CASP measure, GDT-TS. GDT-HA was designed to over-

come limitations of the RMSD measure. It is a global

measure of backbone accuracy between a model and its

target. It is computed by performing multiple superposi-

tions with LGA to maximize the proportion of Ca atoms

in the predicted structure which are within a cutoff dis-

tance (d) of the experimental structure. This is per-

formed at four distance values (0.5, 1.0, 2.0, and 4.0 Å),

and the average is reported:

GDT-HA5
1

4
GDT P0:51GDT P1:01GDT P2:01GDT P4:0ð Þ

where GDT Pd denotes percent of residues under dis-

tance cutoff� d Å.
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SphereGrinder score (SpG)

The SphereGrinder score is a local measure which

computes the closeness between two structures based on

the local similarity of their substructures.20 The atoms

within a 6 Å radius of the Ca atom of every residue of

the experimental structure are identified. The RMSD is

calculated for this set of atoms between the model and

the target structure for every residue. The percentages of

Ca atoms for two different cutoffs for which this RMSD

is �2.0 Å and �4.0 Å are computed. The mean of these

two values is reported as the final SpG score. SpG was

first introduced in CASP10.21

Local distance difference test (LDDT)

LDDT is based on the assumption that a predicted struc-

ture of good quality will have similar atom-atom contacts as

the native.19 It evaluates the quality of the prediction by

comparing the corresponding atom–atom distances between

the model and the target structure. If the difference between

these two distances is below a threshold then the contact is

assumed to be conserved in the model. In this manner, the

average of the fraction of correct contacts at four different

threshold values (0.5, 1, 2, and 4 Å) is calculated. The method

has the advantage of being superposition independent.

Molprobity

Molprobity is based on statistical analysis of high resolu-

tion protein structures.22,23 The fidelity of a structure is

defined by four components including a clash score (clash-

score, the number of all-atom steric overlaps> 0.4 Å per

1000 atom), a rotamer outlier score (rota_out, the percent-

age of side-chain conformations classified as rotamer out-

liers, from those side chains that can be evaluated), and a

Ramachandran outlier score (rama_out, the percentage of

residues with a /,w angles outside of the favored regions of

the Ramachandran maps as determined by kernel density

estimates22). The final score is defined as

MPScore50:426 log 11clashscoreð Þ

10:33 log 11max 0; rota out21ð Þð Þ

10:25 log 11max 0; ð100 - rama outÞ22ð Þð Þ10:5

MolProbity assesses the quality of the prediction by its

stereochemical properties rather than comparing it with

the native structure.23,24 A lower score indicates that

the residues of the model have better stereochemistry

than models with higher scores.

Z-scores

Z-scores were calculated either for model 1 from all pre-

dictors, or across all models from the predictors. We used

the Z-scores as calculated by the Structure Prediction Cen-

ter and in line with the methods used in previous CASP

assessments.21 The procedure involves the following steps:

(1) calculating the mean and standard deviation of the

measure (for example, GDT-HA) for all models 1s (or all

predicted structures) of a particular target; (2) calculating

the initial Z-scores for the set of models (all model 1s or all

predicted structures), that is, the number of standard devi-

ations above or below the mean for their score; (3) recalcu-

lating the mean and standard deviation of the scores for all

those models that achieved an initial Z-score > 22.0; (4)

recalculating the Z-score for all models with the new mean

and standard deviation; (5) those with a final Z-

score < 22.0 are given a Z-score of 22.0. The Z-scores of

metrics such as RMS-CA and MolProbity where lower

scores are better were inverted, so that higher Z-scores

always represent better models. It is a usual practice in

CASP to assess the performance of a group by summing up

the Z-scores using different metrics over all the targets.

Relative scoring

To objectively assess the quality of models submitted

by a group with respect to the starting structure, we have

defined a relative score for each model:

R SMð Þ5 SM

S0

where SM is the score (for example, GDT-HA or SpG) of the

model submitted by the predictor and S0 is the score of the

starting structure. We calculated the average ratio for a

group via a log transformation followed by the antilog. This

is the proper way to calculate the average of ratios25:

Rgroup5exp
1

Ntargets

XNtargets

i51

log R SMð Þ
 !

The final score for a group was calculated as

Score groupð Þ5Ntargets Rgroup21
� �

3100

For combining two scores for the “best models,” such as

GDT-HA 1 SpG, we identified the single model for a tar-

get for one group with the best sum of SM and for these

models calculated Score(group) for each measure and

then provided the sum for GDT-HA and SpG. This is in

contrast to the combined scores from the Structure Pre-

diction Center, which finds the best model for each score

and combines the Z-scores of these best models (which

may be different for different scores).

Protein contact heat map

A heat map is a two-dimensional visual representation

of data reflecting the relationship between two variables.

A typical protein contact heat map will display the pair-

wise distances between residues of a protein as a two-
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dimensional matrix. For a protein with N residues, the

distance matrix, D, is an N 3 N matrix where the ele-

ment di,j is the distance between Ca atoms of residues i

and j. We have used heat maps as a tool to represent the

structural modifications in each model with respect to

the initial structure. This has been done by comparing

the distance matrix of the model, the target, and the

starting structure with the following equation:

Drefine5jDmodel2Dtarget j2jDstart 2Dtarget j

Dstart, Dtarget, and Dmodel are the distance matrices of

pairwise distances between all Ca atoms of starting

structure, target, and submitted model respectively. An

element di,j of matrix Drefine with a negative value will

reflect that the position of residue i with respect to resi-

due j has been refined to be more native-like. A positive

value will show that the relative position of residues i

and j is worse than in the starting structure. This matrix,

Drefine, is visually represented as a heat map with the ele-

ments of secondary structure labeled on each axis. An

advantage of this method is that it is superposition inde-

pendent. We use the heat maps to identify what regions

of a protein model were improved by predictors, for

example, if the predictor improved the relative positions

of two helices with respect to each other.

RESULTS

The targets and prediction quality of the
ensemble of models for each target

The structure refinement category in CASP11 com-

prised 37 targets, up from 27 in CASP10 (Table I). All of

Table I
Summary of CASP11 Refinement Targets

Targets Domain S/HS PDB
Start

GDTHA
TBM

DGDTHA
DGDTHA-

median (%)
Best

model
DGDTHA

best
Start

RMSCA
Best

RMSCA
DRMSCA

best

TR274 D8(186–368) HS 4QB7 29.10 0 20.69 (17.33) 302_5 1.78 6.80 301_1 21.43
TR822 D1(2–115) HS – 30.48 5.27 0.88 (58.42) 044_4 7.68 4.21 106_4 20.31
TR857 D1(6–101) S 2MQC 34.12 0 20.27 (43.56) 064_4 5.98 4.00 032_2 20.53
TR803 D1(1–134) HS 4OQM 34.33 6.15 0.00 (42.57) 169_2 4.29 5.97 301_1 20.92
TR827 D1(19–211) HS – 35.23 11.14 20.13 (45.51) 026_5 13.08 3.75 026_5 20.98
TR774 D7(31–185) HS 4QB7 39.16 0.17 21.99 (13.61) 288_4 2.67 5.00 190_2 20.08
TR823 D1(1–296) S – 41.32 0.78 0.34 (62.58) 377_1 7.98 4.36 317_3 20.21
TR283 D2(244–411) HS 4CVH 41.34 0.81 20.96 (31.89) 478_1 3.85 3.92 302_2 20.44
TR837 D1 (1–121) HS – 43.80 1.24 20.62 (42.92) 180_3 4.96 2.95 180_3 20.26
TR759 D2(46–107) HS 4Q28 45.16 26.21 0.41 (55.66) 064_3 16.94 4.23 064_3 22.11
TR821 D1(20–274) S 4R7S 49.02 0 0.29 (57.41) 396_4 14.61 2.45 396_4 20.82
TR786 D1(37–253) S 4QVU 49.08 0 20.70 (31.64) 396_1 5.07 3.62 302_5 20.50
TR828 D1(137–220) HS 4Z29 50.30 0.29 24.77 (13.02) 064_3 3.87 3.35 064_3 20.97
TR829 D1(2–68) S 4RGI 51.12 5.22 21.50 (30.00) 064_2 25.75 6.16 064_2 24.94
TR816 D1(1–68) HS 5A1Q 51.84 22.80 0.36 (50.81) 064_2 22.43 2.53 064_2 21.38
TR772 D7(68–265) S 4QHZ 52.20 1.08 0.07 (34.48) 288_1 1.58 4.78 065_2 20.86
TR780 D1(40–134) S 4QDY 54.47 0 0.00 (49.19) 044_1 6.32 2.73 064_3 20.51
TR810 D2(137–379) HS – 55.33 2.12 20.44 (33.12) 425_1 4.45 12.45 044_5 27.12
TR228 D2(221–304) HS 4Z29 55.66 4.75 20.90 (33.00) 026_4 10.71 3.92 186_4 21.42
TR760 D1(33–242) S 4PQX 57.70 0.01 25.46 (11.62) 296_1 1.88 3.14 301_4 20.39
TR792 D1(1–80) S 5A49 57.81 1.17 0.00 (43.50) 288_4 18.13 1.99 288_1 20.54
TR783 D1(1–243) HS 4CVH 58.02 0 0.52 (57.79) 064_2 6.07 3.26 425_2 20.68
TR848 D1(34–171) HS 4R4Q 58.80 0.08 21.37 (23.40) 396_5 6.60 3.78 064_1 21.16
TR765 D1(33–108) HS 4PWU 59.09 8.67 2.60 (72.37) 288_2 18.50 2.58 040_2 20.72
TR280 D2(135–230) S 4QDY 59.37 0 1.31 (65.43) 396_2 12.51 4.03 064_2 22.38
TR769 D1(1–97) HS 2MQ8 59.80 9.79 0.00 (48.88) 040_3 12.88 1.74 040_3 20.52
TR795 D1(4–139) HS – 59.93 0 23.31 (25.64) 288_5 5.51 2.38 296_3 20.22
TR854 D2(24–93) S 4RN3 60.36 0 21.43 (20.70) 288_2 6.07 2.27 357_4 20.27
TR856 D1(1–159) S 4QT6 62.26 0 23.61 (5.55) 296_2 1.42 2.68 065_2 20.54
TR833 D1(29–136) S 4R03 62.27 0 23.94 (18.32) 333_2 3.47 4.71 296_5 22.47
TR776 D1(38–256) S 4Q9A 64.27 0.23 0.11 (52.44) 288_1 5.37 2.82 144_4 21.09
TR768 D1(24–166) S 4OJU 64.69 6.99 0.70 (59.00) 065_1 8.21 2.61 064_2 20.71
TR217 D2(271–494) S 4WED 65.12 0.95 20.36 (41.66) 310_1 3.69 1.86 065_5 20.29
TR782 D1(26–135) S 4QRL 65.23 0 20.92 (28.42) 288_4 9.55 1.93 302_4 20.27
TR817 D1(36–270 1

495–524)
S 4WED 66.32 0 21.88 (19.28) 026_5 4.72 1.81 064_1 20.26

TR762 D1(24–280) S 4Q5T 70.82 0.87 21.85 (8.10) 065_3 2.62 3.07 301_1 21.11
TR811 D1(5–255) S – 73.51 2.07 21.50 (26.10) 044_2 5.68 1.45 296_2 20.26

Target numbers correspond to the template-based modeling target with the same number and the domain indicated in column 2 (i.e., TR759 corresponds to TBM tar-

get T0759-D2). When more than one domain from a TBM target was used, the second domain used was given a different number (TR280 T0780-D2;

TR274 T0774-D8; TR228 T0828-D2; TR217 T0817-D2; TR283 T0783-D2). T0837 was a free modeling target.
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the targets except one were derived from targets in the

template-based modeling category (TR837 was defined as

a free-modeling target). Of the 37 refinement targets, 17

were “human-server-group” (HS) targets in the regular

TBM or FM experiments, so that the predictions were

performed by both human groups and servers. The

remaining 20 targets were categorized as “server-only”

(S) in the TBM experiment, where target prediction was

performed by automated servers alone. The starting

structures provided to the predictors were selected from

the server models submitted in the template-based and

free modeling categories, regardless of whether the target

was an S or HS target (Table I). The initial GDT-HA of

the structures selected for refinement ranged from 29.1

to 73.5 (mean 53.2 and standard deviation 11.5), sug-

gesting inclusion of structures with varying levels of

difficulty (Table I). The starting structures had at least as

many residues as the target structures (which might be

missing some coordinates due to lack of electron density)

and so the values of GDT-HA were not lowered because

of missing residues in the starting model. The RMSD to

native ranged from 1.47 to 12.95 Å (mean 4.13 Å and

standard deviation 2.38 Å; since RMSDs are similar to a

standard deviation, average RMSD was calculated by

squaring the RMSDs (akin to a variance), taking the

average, and then the square root).

To establish a basis for comparison of the refinement

results, Table I includes the GDT-HA values for the best

models in the regular TBM experiment for each of the

refinement targets. For the 20 targets that were server-

only targets in the TBM experiment, all but two of them

were either the best server model or within 2.1 points of

the best server model in GDT-HA. The exceptions were

TR829 and TR768, for which the best server models

were 5.22 and 6.99 points better than the starting refine-

ment structures. By contrast, for the HS targets, 8 of 17

had TBM models with GDT-HA values 4.0 or more

points better than the starting refinement structure, and

the largest differences were 122.80 (TR816) and 126.21

(TR759) points. However, for TBM models with compa-

rable GDT-HA scores, the ones with better Molprobity

scores were selected as starting models in refinement

category.

A total of 53 groups participated in the refinement

experiment in CASP11, comparable to CASP10 in which

50 groups participated. Each group could submit up to

five model structures ranked from 1 to 5 with model 1

submitted as the first choice model. A total of 6,628 pre-

dicted models were submitted by all the groups. Because

predictors are not always able to identify their best

model, we have performed our analysis on both model 1

submitted by the predictors as well as the best models

for each group for each target (the model that achieved

the highest GDT-HA with the native structure).

We first investigated the overall performance of the

CASP predictors on the refinement targets before com-

paring the performance of individual groups against each

other. Figure 1(A) shows box-and-whiskers plots of

DGDT-HA (model – starting_structure) for each target

over all the submitted models for each target (up to 5

per target per group). The targets are ordered by starting

GDT-HA (lowest to highest, left to right), showing that

there is no correlation of the distribution of DGDT-HA

with the starting model quality. For 22 of 37 targets, the

median DGDT-HA was negative, but for all of the tar-

gets, the maximum DGDT-HA was positive, indicating

that at least one group was able to improve the starting

model. The median and top values are also given in

Table I.

Some of the targets were clearly easier than others for

most groups. At least 60% of the groups significantly

improved the quality of targets TR765, TR280, and

TR823 (Table I). At least 50% of the predictors success-

fully refined an additional seven targets. Targets TR856

and TR762 proved most difficult with <10% of the pre-

dictors showing any refinement. The best examples

include targets TR829, TR816, TR765, TR792, and

TR759 where an improvement of >15 GDT-HA units

was observed. However, in none of these examples is the

best model the same as model 1. This suggests that

despite performing good refinement, the predictors have

failed to identify the model closest to the native in these

examples.

Since the RMSD metric is commonly used in structure

refinement, we also calculated the distribution of the

change in Ca RMSD (DRMS-CA) from the starting

model to the refined model structures, where both are

compared to the native structure [Fig. 1(B)]. In this case,

a negative value of DRMS-CA reflects that the quality of

the model has improved; the targets are ordered as in

Figure 1(A) (by starting GDT-HA). The best examples

with this metric include TR810, TR829, and TR816

which also have high DGDT-HA. While every target dis-

plays at least one favorable DGDT-HA, some targets have

no favorable DRMS-CA scores. There were only two dif-

ficult targets (TR759 and TR829) that showed consider-

able refinement (by >2 Å RMS-CA) despite the high

initial RMS-CA of >4 Å with the native. Overall no clear

correlation was observed in the quality of the initial

structures and the predicted models.

Local scoring metrics, which measure the accuracy of

short atom-atom distances, are complementary measures

to global metrics such as GDT-HA and RMSD. The dis-

tributions of SphereGrinder [SpG, Fig. 1(C)] and Local

Distance Difference Test (LDDT, Fig. 1(D)] for each tar-

get, sorted by starting GDT-HA demonstrate that success

in the global measures is not necessarily correlated with

success in the local measures. For instance, TR828 has no

significant improvement in GDT-HA but a number of

models have significant increases in the SpG score [Fig.

1(C)]. Target TR822 had an unusually low value of
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starting LDDT (0.16) and almost of the predictors man-

aged to improve this value.

Using combination of metrics for
assessment—TR829 example

We investigated how the different metrics behave on a

target with a defined change in structure between the

starting structure and the experimental structure. For tar-

get TR829, the predictors were told that “The most

problematic region is N-terminal residues 2–9.” The

refinement of the starting structure of TR829 requires a

repositioning of this N-terminal region from one side of

the protein to the other [Fig. 2(A)]; 25 of 210 models

included this movement [Fig. 2(B)].

We examined whether the various measures used in

CASP were able to identify the models with the correctly

positioned N-terminus. Intuitively, one model which cor-

rectly predicts this change would be expected to show a

corresponding increase in GDT-HA and a decrease in

RMS-CA. Surprisingly, we do not see the expected

inverse relationship between RMS-CA and GDT-HA [Fig.

2(C)]. Visualization of the structures with low RMS-CA

(<4 Å) showed that all of these refined structures had

the N-terminus repositioned to form a short b–sheet

strand with strand 2 of the b–sheet, while those with

higher RMS-CA (all >5.4 Å) retained the N-terminus

adjacent to C-terminal helix. GDT-HA does not capture

the difference between those structures with the correctly

modeled N-terminus and those without. The trend is,

however, clearly captured in relationship between RMS-

CA and SpG values [Fig. 2(D)]. Although it is not clear

why GDT-HA fails to reflect the N-terminus movement,

this clearly demonstrates that a fair assessment of refine-

ment benefits combination of different metrics. A similar

phenomenon occurs for other targets where GDT-HA

did not capture large-scale movements while RMSD and

to some extent SpG did (Supporting Information, Figs.

S1 and S2).

Refinement performance by top groups

The starting structures provided by CASP include pro-

teins of different sizes and folds, and a successful refine-

ment method should perform consistently over the

majority of targets. An overall assessment of the refine-

ment performance of the predictors can be gained by

computing the percentage of their predicted models

which were better than the starting structures. Table II

provides the list of groups who have successfully

improved the quality of the initial structures in at least

50% of the targets. The performance of five groups

(FEIG, Seok-server, RFMQA, Kiharalab and PRINCE-

TON_TIGRESS) exhibit improvement for >70% of the

targets. There are eleven additional predictors who

exhibit modest performance by successfully refining the

starting structure to native-like for >50% of the targets.

The remaining 37 groups worsened the structure for the

majority of targets (data not shown).

To evaluate the performance of the predictor groups,

we first utilized the standard CASP metrics, singly, pair-

wise, and in various combinations. To combine multiple

measures of performance, the Structure Prediction Cen-

ter provides data in the form of Z-scores for each mea-

sure and a tool for summing various combinations of

measures. The Z-scores based on single, pairwise, and

multiple-summed metrics calculated for the model 1 of

the top 20 groups are shown in Figures 3–5 respectively.

The Feig group achieved the best summed Z-score of

Figure 1
Summary of refinement of all the targets by different groups. Box and

whiskers plots representing the relative change in (A) DGDT-HA, (B)
DRMS-CA, (C) DSpG, and (D) DLDDT. The x axis is sorted by the ini-

tial GDT-HA values (from lowest to highest, left to right).
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GDT-HA [Fig. 3(A)], Z-score of RMS-CA [Fig. 3(B)], Z-

score of GDT-HA 1 RMS-CA [Fig. 4(A)], and Z-score of

GDT-HA 1 SpG [Fig. 4(B)]. The other top predictors—

Seok, Seok-refine, Schroderlab, Kiharalab, and PRINCE-

TON_TIGRESS—also performed consistently. FEIG per-

forms less well on the local measures, SpG [Fig. 3(C)]

and LDDT [Fig. 3(D)], when considered singly. These

measures emphasize side-chain packing and other close

atomic contacts. For these measures, Seok-refine, Seok,

and BAKER end up on top. While the Z-score sums that

included GDT-HA decreased rapidly after the first group,

the Z-score(RMS-CA) and Z-score(SpG) remained high

for the first 4–5 groups.

Molprobity reflects whether the predicted structure has

few atomic clashes and backbone and side-chain confor-

mations consistent with statistical analyses of the PDB.

While not a reflection of similarity to native, good Mol-

Probity scores (MP scores) indicate that the predicted

structure would easily serve as a good starting model for

MD simulations or refinement by other programs, and is

therefore a desirable property in a refined model struc-

ture. We have combined it with the other measures to

calculate a total Z-score for each model by summing

{GDT-HA 1 RMS-CA 1 SpG 1 0.2MP} [Fig. 5(A)]. The

scaling of MP score by 0.2 is somewhat arbitrary but was

chosen to be the same as the value we used in the TBM

assessment. It reflects that the range of Z-scores for Mol-

Probity is much larger than the Z-scores for the other

measures, and so prevents the MP score from over-

whelming the measures which compare the models to

the native structures.

The combined measure is an assessment of predictor

performance that utilizes both local and global metrics

with an emphasis on native-like backbone conformation.

Figure 2
Assessment of refinement in TR829. (A) Superposition of initial and native structure. The main region to be refined is the N-terminus (residues
2–9). (B) Superposition of the refined models for TR829. Some models were able to refine the position of the N-terminus successfully. (C)

Relationship between RMS-CA and GDT-HA for all models of TR829. Models with RMS_CA <4 Å successfully modeled the N-terminus. (D) Rela-
tionship between RMS-CA and SpG for all the models of TR829.
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In this analysis [Fig. 5(A)], FEIG performed best, fol-

lowed closely by Seok and Seok-refine. By analyzing sin-

gle metrics and combinations of different metrics, we get

an overall picture of the same groups performing consis-

tently though the rankings change among them. The

analysis also highlights that the algorithms used by dif-

ferent predictors exhibit different abilities in model

refinement. While Seok, BAKER, nns were better in

short-range packing as assessed by local scoring metrics,

FEIG, Schroder, and Kiharalab exhibit sustained

improvement in backbone refinement.

Group performance based on Z-scores of the
best models

The Z-scores calculated from the best models submit-

ted by each group for each target can highlight if any

groups made good predictions but failed to identity

them as model 1. As with model 1, we have calculated

the summed Z-scores for each group for each individual

measure (Fig. 6), pairs of measures (Fig. 7), and the

summed Z-score [Fig. 5(B)]. The overall Z-score values

for best models are generally higher than the values for

model 1, indicating that most of the groups do not con-

sistently submit their best model as model 1. The Z-

score for the single metric, GDT-HA, for best models

shows FEIG as the top performer by a significant margin

[Fig. 6(A)]. The other top groups include BAKER,

Schroderlab, Kiharalab, and LEE. The Baker group has

moved from 17th place considering only model 1 [Fig.

3(A)] to second place when considering the best models

[Fig. 6(A)]. The same is also observed in Z-score

of RMS-CA [Fig. 6(B)] and Z-score of GDT-

HA 1 RMS-CA [Fig. 7(A)] where BAKER and BAKER-

REFINESERVER emerged as the top predictors. nns and

Jones_UCL were also among the top groups using these

metrics. The Z-score for SpG [Fig. 6(C)] and the sum of

GDT-HA and SpG [Fig. 7(B)] display similar trends with

BAKER outperforming other groups followed by Seok-

refine, nns and LEE. Therefore, the assessment based on

the summed Z-score, {GDT-HA 1 RMS-CA 1

SpG 1 0.2MP} [Fig. 5(B)], for the best models is quite

different from the assessment of model 1 [Fig. 5(A)]. It

shows BAKER, LEE, and BAKER-REFINESERVER as the

top three groups. This clearly highlights that these groups

are able to make good predictions but they do not consis-

tently submit them as model 1. Three groups Seok, Seok-

refine, and LEE always show high scores whether they are

assessed by model 1 or their best models. FEIG, which

performed the best in the model 1 analyses, falls to sixth

position when the best models are assessed. This concern

about limitations in recognizing the model closest to

native as model 1 by different groups has also been

expressed in previous CASP experiments.

Group performance based on relative scores

The Z-scores for refinement assess the performance

of groups with respect to the predictions of all the

other groups without regard to the starting structure

provided by the CASP organizers. A positive Z-score

only means that the structure is better than the mean

prediction but it can still be worse than the initial

structure. In addition, the range of each Z-score does

not correlate with the range of improvements made to

the models; even targets for which the best models

made modest improvements in the starting models will

count as much as targets for which much larger

improvements were made. An objective evaluation of

the performance of predictors therefore also requires

investigation into how different groups have improved

the structure with respect to the initial structure. To do

Table II
Performance of Top Groups in CASP11 Refinement

Group Targets submitted Successful predictions Percentage (%)

1 FEIG 37 29 78.37
2 Seok-server 37 29 78.37
3 RFMQA 35 27 77.14
4 Kiharalab 37 27 72.97
5 PRINCETON_TIGRESS 37 27 72.97
6 Seok 37 25 67.56
7 LEER 35 22 62.85
8 Seok-refine 37 23 62.16
9 KnowMIN_server 37 23 62.16
10 LEE 37 22 59.45
11 Schroderlab 37 21 56.75
12 PRINCETON_MD_REFINE 37 20 54.05
13 MULTICOM-CONSTRUCT 37 20 54.05
14 Bates_BMM 34 18 52.94
15 BAKER-REFINESERVER 36 19 52.77
16 nns 37 19 51.35

The table reports values only for those groups who submitted models for at least 19 of 37 targets, and have improved the starting structure of at least 50% of the tar-

gets for model 1.
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so, we have calculated relative scores which reflect the

improvement in the quality of the prediction with

respect to the starting structure as described in the

methods section. The summed relative score is the aver-

age percentage increase (calculated as a geometric mean

and so a proper average of a ratio25) in a score such

as GDT-HA multiplied by the number of targets sub-

mitted by the group (see Methods).

Figure 3
Summary of Z-scores for single metrics of model 1 of top 20 groups. The x axis in all the plots displays the group names. The y axis is the Z-score

for each single metric: (A) GDT-HA; (B) RMS-CA; (C) SpG; (D) LDDT.
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Figure 4
Summary of Z-scores for pairwise sums of metrics of model 1 of top 20 groups. The x axis in all the plots displays the group names. The y axis is

the Z-score for pairs of metrics: (A) GDT-HA 1 RMS-CA, (B) GDT-HA 1 SpG, (C) GDT-HA 1 LDDT, and (D) RMS-CA 1 SpG.
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The summed relative GDT-HA scores calculated for

model 1 is positive for 15 predictors out of 37, showing

that less than half of the predictors have refined the

starting structures on average [Fig. 8(A)]. The groups

FEIG, Schroderlab, and Kiharalab are the top predictors

considering only relative improvements in GDT-HA. The

sum of relative scores for {GDT-HA 1 SpG} produces

FEIG, Schroderlab, Seok, and Seok-refine as the top

groups [Fig. 8(B)], although with a smaller difference

between the top groups than for GDT-HA alone

[Fig. 8(A)]. Not surprisingly, the assessment of top

groups by regular Z-scores or by relative scores has high-

lighted the same predictors. Moreover, like the Z-scores,

we observe that the relative GDT-HA score of the top

groups falls rapidly indicating that sustained backbone

improvement across all targets is difficult even for the

best groups. However, consistently high scores are

observed for the combined GDT-HA and SpG relative

metric, showing that most of the groups perform better

in improvement of local packing.

The relative score GDT-HA computed from best mod-

els of all the groups shows that FEIG, BAKER, Schroder-

lab, LEER, Kiharalab, and LEE perform well [Fig. 8(C)],

while BAKER, LEE, LEER, and nns are the best scores

for the sum of relative GDT-HA 1 SpG scores

[Fig. 8(D)]. Similar observations were made for Z-scores

of the same metrics [Fig. 7(B)] for the top groups.

BAKER produces the best refinements but does not iden-

tify the best models as model 1.

Distribution of relative refinement score of
top groups

It is useful to compare the distribution of relative

scores for each group across the targets and to compare

these distributions with each other and with the

“median group.” We chose a median group as one with

the lowest positive summed relative score. This group

ranks 16 out of 30 groups that had submitted at least

35 targets. Figure 9 shows the distribution of the rela-

tive scores (sum of GDT-HA and SpG) of the top

groups compared with the median group. FEIG

improved 78% of their models better than the starting

structures as compared to 53% for the median group

[Fig. 9(A)]. The second group, Schroderlab, improved

57% of models [Fig. 9(B)]. Although Schroderlab

improved fewer total targets, some of its refinements

were quite successful. The third group, Seok had

Figure 5
Summary of sum of Z-scores of metrics for model 1 and best models of top 20 groups. The x axis in all the plots displays the group names. The y
axis is the sum of Z-scores for GDT-HA 1 RMS-CA 1 SpG 1 0.2 MP computed for (A) Model 1 and (B) best models.
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positive scores for the largest number of targets (81%)

[Fig. 9(C)] but with moderate performance on each.

Seok-refine behaves more like Schroderlab with

relatively moderate performance in the number of tar-

gets improved (67.5%) but producing a few refinements

with higher scores [Fig. 9(D)].

Figure 6
Summary of Z-scores single metrics of best models of top 20 groups. The x axis in all the plots displays the group names. The y axis is the Z-score

for each single metric: (A) GDT-HA, (B) RMS-CA, (C) SpG, and (D) LDDT.
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Figure 7
Summary of Z-scores pairs of metrics of best models of top 20 groups. The x axis in all the plots displays the group names. The y axis is the Z-

score for pairs of metrics: (A) GDT-HA 1 RMS-CA; (B) GDT-HA 1 SpG; (C) GDT-HA 1 LDDT; (D) RMS-CA 1 SpG.
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Comparison of quality of all five models
submitted by top groups

The comparison of model 1 predictions with the best

models for each group showed that many groups do not

identify the best model as model 1. This concern has

also been expressed in previous CASP assessments. We

have systematically compared the percent increase in

GDT-HA of each of the five models submitted by the

top groups (Fig. 10). The figure shows that for groups

like Seok-refine, Kiharalab, and FEIG the mean GDT-HA

decreases from model 1 through model 5, consistently

identifying the prediction closest to native as model 1.

This difference in mean GDT-HA between different

models is also observed in predictions from groups like

LEE and LEER. Although the mean GDT-HA of their

model 1 is higher than the others but they fail to identify

some of the best models which are submitted as model

4. On the other hand, groups like Seok and Schroderlab

have the mean values of all the predictions close to each

other and there is only small variation in the distribu-

tions by model number. The sharpest discrepancy is

observed for the Baker group where the predictions with

highest GDT-HA are not submitted as model 1 but are

distributed across models 2, 3, 4, and 5.

Figure 8
Summary of relative scores of top 20 groups. The x axis in all the plots displays the group names. The y axis is the relative score for different met-

rics: (A) GDT-HA for model 1; (B) GDT-HA 1 SpG for model 1; (C) GDT-HA for best model; (D) GDT-HA 1 SpG for best model. The scores

are calculated only for the groups who have predicted at least 35 out of 37 targets.
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Contact heat maps as a tool for identifying
regions of refinement

The numerical analysis provides an overall idea of the

refinement success of the different groups. But we were

also interested in what kinds of improvements in the

structures were made, particularly the question of

whether positive scores were due to observable improve-

ments in large loops or in the positions of secondary

structures relative to each other, or whether positive

scores were due to smaller changes across the model

structure. To examine this, we developed a form of heat

map to identify changes in Ca–Ca distances in the start-

ing structure that bring the model closer to (or further

away from) the target structure. By marking the second-

ary structure along the chain sequence on each axis we

can observe whether the motions involved particular

elements of secondary structure, the loops between them,

or the positions of the N and C terminal segments in a

manner independent of structure superposition. In this

section, we discuss the refinement of six representative

examples to illustrate the success and limitations of dif-

ferent prediction groups with heat maps (Figs. 11–13).

The color range in each figure is the same, so that the

extent of optimization of distances can be compared. To

supplement this, Table III provides comparative analysis

of percent increase in GDT-HA for model 1 of all the

Figure 9
Kernel density plots comparing the relative scores of top groups with the median group. The median group here is referred to the group which has
least positive relative score. (A) FEIG; (B) Schroderlab; (C) Seok; (D) Seok-refine. The scores are calculated only for model 1. The numbers in

parenthesis are the percentage of targets with score >0.
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targets submitted by the top six groups. Where the heat

maps identified specific changes in structure, such as the

motion of helices or the formation of b–sheet strands at

the N or C terminus that were missing in the starting

structure, these are noted in Table III.

The refinement of helices in the interior of the protein

sequence (i.e. those not at the N or C terminus) is a dif-

ficult task as they are restrained by surrounding struc-

tural elements. FEIG and Schroderlab have successfully

done such refinement for targets TR765 and TR821 dis-

played in Figure 11(A,B) respectively. FEIG’s refinement

exhibits displacement of the helix H1 in the structure

with respect to other secondary structural elements sub-

sequently forming more native-like Ca-Ca contacts. This

can be seen on the heat map in the region corresponding

to helix H1 dominated by green color, showing motion

of H1 toward a more native-like position relative to b1,

b2, b3, H2 (at least the C-terminal half of H1 is better

positioned), and b4. However, the overall refinement is

limited by the non-native-like orientation of the loop

between the b-strand b1 and helix H1 in the structure.

The heat map is predominantly orange in color in this

region owing to Ca-Ca distances more unlike the native

than the starting structure. The refinement of TR821 by

Schroderlab includes at least four helices in the interior

of the protein [Fig. 11(B)]. The helices move outward

from the core and as a result there is improved helix-

helix packing. The refinement is most clear in the region

extending from helix H7 to end of helix H10 which is

reflected in the heat map in mostly green color display-

ing native like contacts of these helices with other parts

of the protein. Moreover, the loop between helix H10

Figure 10
Lattice plot displaying percent change in DGDT-HA for models 1–5 of top 20 groups.
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and H11 is also better positioned as is clearly seen both

in the superposition and the heat map.

Figure 12(A) (TR759) and 12(B) (TR280) represent

successful refinement of N-terminal strand of targets

TR759 and TR280 by the groups Seok-refine and LEE

respectively. In the starting structure of both of these

examples, the N-terminus is in a coil-like conformation

away from the position in the experimental structure.

The refinement by both groups not only moves the N-

terminus closer to native but also correctly generates the

b1 strand. However, in TR759 [Fig. 12(A)], the exact

alignment of b1 with respect to the other regions of the

Figure 11
Refinement of internal helices. The successful refinement of helices is displayed in molecular plots and heat maps for (A) TR765, model 1 (FEIG)

and (B) TR821, model 1 (Schroderlab). The starting structure, target, and model are displayed in orange, green, and cyan colors, respectively. The
numbers represent percent increase in DGDT-HA, DRMS-CA, and DSpG. The secondary structural regions of the target as helices (H) and sheets

(E) are represented along each axis of the heat map. A negative value (green color) displays more native-like atom-atom distances and a positive
value (orange color) displays less native-like distances.
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protein could not be completely achieved. But since it

moves toward the helix H3 which is close to a native-like

orientation, the region corresponding b1 and helix H3 is

seen as green in the heat map. However, the loop

between b1 and b2 does not move and is observed in

orange color in the heat map with respect to other

regions of the protein. On the other hand, in TR280 all

the other regions except the N-terminus b1 in the start-

ing structure are already close to native. The movement

of b1 in the refined position aligns it correctly with

other regions of the protein seen in the heat map as

almost entirely green.

Figure 13(A) shows an example of the refinement of

C-terminal coil region of TR833, which is far from the

native orientation in the starting structure. The refine-

ment successfully predicts the native like conformation

and moves the C-terminal closer with respect to the b-

sheets of the protein. This refinement of the C-terminus

Figure 12
Refinement of N-terminal strand. The successful refinement of N-terminal strands is displayed in molecular plots and heat maps for (A) TR759,

model 1 (Seok-refine) and (B) TR280, model 1 (LEE). The starting structure, target, and model are displayed in orange, green, and cyan colors
respectively. The numbers represent percent increase in DGDT-HA, DRMS-CA, and DSpG. The secondary structural regions of the target as helices

(H) and sheets (E) are represented along each axis of the heat map. A negative value (green color) displays more native-like atom-atom distances
and a positive value (orange color) displays less native-like distances.
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by aligning it correctly with respect to the entire protein

is clearly observed in the heat map as the long green

strip. Conversely, Figure 13(B) shows a more global

refinement of another target, TR822, by LEE. The start-

ing structure of TR822 does not have clearly defined b-

sheets, and the presence of a large number of loops

makes it a relatively difficult target to refine. The struc-

ture was significantly refined by LEE who successfully

generates the fourth, fifth, and sixth strands (b8, b11,

and b13) of the second b–sheet. This is seen as green in

the heat map. However, since the loop regions of the

structure are not refined to native-like orientation the

green color is interspersed with yellow/orange.

Comparison to CASP10

The refinement of template-based models has proved

to be a difficult task since its introduction in CASP8.

Figure 13
Refinement of C-terminal loop segment and a b-sheet. The successful refinement of C-terminal loop segment and b-sheet is displayed in molecular

plots and heat maps for (A) TR833, model 1 (Seok-refine) and (B) TR822, model 1 (LEE). The starting structure, target, and model are displayed
in orange, green, and cyan colors, respectively. The numbers represent percent increase in DGDT-HA, DRMS-CA, and DSpG. The secondary struc-

tural regions of the target as helices (H) and sheets (E) are represented along each axis of the heat map. A negative value (green color) displays
more native-like atom-atom distances and a positive value (orange color) displays less native-like distances.
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The predictors have struggled to exhibit consistent

refinement across the different targets. However, in

CASP10, FEIG’s molecular dynamics based method suc-

cessfully refined most of the 27 targets. The number of

targets has been increased to 37 in CASP11. But the lack

of a good measure of target difficulty limits a direct

comparison of the performance of different groups in

CASP11 with the previous years. However, despite this

limitation, computing the percentage of targets refined

provides an overall picture of the progress in the field.

Figure 14 compares the performance of some of the top

groups in CASP11 with their predictions in CASP10.

FEIG is consistent in its performance by refining �80%

of the targets successfully in both CASP10 and CASP11.

In CASP11, four other groups were able to improve on

their CASP10 performance substantially, including LEE,

Kihara (different group name in CASP10), Seok, and

Schroderlab.

DISCUSSION

We have assessed the performance of 53 groups in the

refinement task in CASP11 using the standard Z-scores

provided by the Structure Prediction Center and also rel-

ative scoring measures that summarize the percent

improvement in GDT-HA and SpG scores over the start-

ing structures. We showed that different individual meas-

ures ranked the groups in different orders, and in

particular global measures such as GDT-HA and RMS-

CA are distinct from local measures such as SpG and

LDDT. As with the CASP10 assessment,17 in a summary

Table III
Percent Increase in GDT-HA of Model 1 of All Targets Refined by Top Six Groups

Targets FEIG Seok Seok-refine Kiharalab LEE Schroderlab

TR217 0.18 2.19 23.11 22.56 23.83 27.49
TR228 1.59 6.41 3.73 24.29 23.75 7.47 Helices
TR274 21.40 24.22 23.29 26.11 3.74 211.27
TR280 10.98

Nter moved
8.77

Nter moved
7.46

Nter strand
2.20 8.77

Nter strand
20.19

Nter moved
TR283 0.02 2.34 2.73 6.21 0.41 23.09
TR759 24.11 22.67

Nter strand
6.24

Nter strand
10.71 2.67 16.96

Sheet
TR760 0.43 3.24 0 1.94 27.53 210.98
TR762 26.18 21.65 26.45 22.61 21.79 210.85
TR765 29.66 Helices 0.54 1.10 10.44 9.34 28.56 Helices
TR768 8.10 2.96 5.13 2.42 12.15 7.01
TR769 1.72 20.45 20.01 9.03 0.85 10.76
TR772 2.39 20.70 0.72 21.67 20.22 25.02
TR774 5.54 25.08 25.08 0.45 20.84 26.79
TR776 8.35 0.71 0.17 5.50 3.54 4.43
TR780 8.22 6.77 5.80 6.29 11.60 9.19
TR782 12.89 1.39 21.39 2.79 3.47 11.49
TR783 8.51 1.77 1.41 4.44 2.49 6.39
TR786 7.74 21.18 25.39 24.70 4.68 10.33
TR792 27.57 Helices 22.16 22.16 20.53 0 14.06
TR795 8.57 4.90 3.67 6.12 2.45 6.74
TR803 11.94 0 4.34 4.34 7.60 26.00
TR810 2.00 4.82 8.04 2.81 23.41 4.42
TR811 26.24 2.16 2.43 20.27 6.23 28.40
TR816 7.79 3.53 1.40 3.54 3.54 16.31

Helix & Loop
TR817 214.36 1.56 23.84 0.28 29.95 24.97
TR821 23.60 Helices 3.59 6.18 7.99 24.20 28.39 Helices
TR822 23.75 Sheets 2.88 10.07 8.66 23.75 Sheets 19.45 Sheets
TR823 221.8 5.88 2.51 8.61 2.92 14.49
TR827 3.32 3.32 8.08 3.69 14.33 18.39
TR828 24.75 27.09 24.75 1.76 210.05 29.48
TR829 1.46 25.84 22.19 3.63 2.19 22.93
TR833 2.23 1.10 4.07

C-ter refined
3.34 223.41 25.95

TR837 23.31 2.83 6.59 2.37 7.07 21.41
TR848 3.68 22.46 23.39 28.93 20.30 10.15
TR854 10.03 0.59 25.93 0.57 212.42 20.59
TR856 21.01 1.52 0.25 20.49 28.57 215.14
TR857 10.66 7.62 6.82 8.38 3.78 3.78

Where significant improvements in elements of secondary structure were observed in the heat maps, this is notated below the score. For target TR822, the starting

structure did not contain a proper b-sheet, while several groups were able to create one during refinement.
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measure consisting of {GDT-HA 1 RMS-

CA 1 SpG 1 0.2MP}, we weighted improvements in

backbone conformation more highly than local measures

assessing atom–atom packing.

By calculating relative scores, we were able to quantify

sustained levels of improvements in the starting struc-

tures by some of the groups. With this score, we found

that the top groups were able to improve GDT-HA

scores by 5.1% (FEIG), 3.7% (Schroderlab), and 2.5%

(Kiharalab). Similarly, GDT-HA 1 SpG taken together

was improved by 5.9% (FEIG), 5.4% (Schroderlab), and

5.1% (Seok).

Finally, we introduced a visualization of refinement by

means of a heat map that shows where Ca–Ca distances

between different regions of the protein were made more

native-like (successful refinement) or non-native like

(unsuccessful or no refinement) than those in the start-

ing structure. This enabled us to describe the improve-

ments in the structure in terms of the relative placement

of secondary structure units at the N and C termini or

interior to the protein. The most common significant

changes were in the placement of the terminal segments,

whether coil or b–strands that were misplaced in the

starting structure. In only a few cases could we identify

significant improvements in internal helices, and for one

target we found improvements in several internal b–

strands because the starting structure contained strand

segments that were not close together enough to be iden-

tified as a b–sheet. This method of visualization and

quantification that can be derived from it may enable

developers to focus their efforts on specific aspects of

refinement that are the most challenging (for example,

the positions of internal units of secondary structure).

We evaluated whether the top groups in the CASP11

assessment improved upon their results in CASP10. The

FEIG group maintained the same high rate of success,

ranking first in both CASP10 and CASP11, by refining

approximately 80% of the targets in both experiments.

But other groups are now able to refine significantly

more than half of the targets, ranging from 60% to 75%

of the targets, while in CASP10 the same groups suc-

ceeded for <20% of the targets.

The top groups in CASP11 used a variety of methods

for refinement: variations of molecular dynamics meth-

ods (FEIG, Schroderlab, and LEE), alternating side-chain

repacking and MD simulations (Kihara), and hybrid

knowledge-based and molecular mechanics energy func-

tions (Seok). Although the improvement in the quality

of the models refined by these groups is modest in most

cases but the success of different kinds of approaches is

promising progress in CASP11. The future experiments

will show if any method has any specific advantage over

others.
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