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ABSTRACT

Modeling of protein structure from amino acid sequence now plays a major role in structural biology. Here we report new

developments and progress from the CASP11 community experiment, assessing the state of the art in structure modeling.

Notable points include the following: (1) New methods for predicting three dimensional contacts resulted in a few spectacu-

lar template free models in this CASP, whereas models based on sequence homology to proteins with experimental structure

continue to be the most accurate. (2) Refinement of initial protein models, primarily using molecular dynamics related

approaches, has now advanced to the point where the best methods can consistently (though slightly) improve nearly all

models. (3) The use of relatively sparse NMR constraints dramatically improves the accuracy of models, and another type of

sparse data, chemical crosslinking, introduced in this CASP, also shows promise for producing better models. (4) A new

emphasis on modeling protein complexes, in collaboration with CAPRI, has produced interesting results, but also shows the

need for more focus on this area. (5) Methods for estimating the accuracy of models have advanced to the point where they

are of considerable practical use. (6) A first assessment demonstrates that models can sometimes successfully address biolog-

ical questions that motivate experimental structure determination. (7) There is continuing progress in accuracy of modeling

regions of structure not directly available by comparative modeling, while there is marginal or no progress in some other

areas.
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INTRODUCTION

Experimental protein structures are currently available

for <1/500th of the proteins with known sequences.* It

has long been appreciated that in principle protein struc-

ture can be derived from amino acid sequence.1 As a

result, many modeling methods have been developed,

but it is not always clear how well they perform. This

article describes the 11th CASP community experiment

to determine the state of the art in modeling protein

three dimensional structure from amino acid sequence

and summarizes the most notable developments.

CASP uses blind testing of modeling methods to assess

their capabilities: Participants are provided with amino

acid sequences of unknown structures and are asked to

deposit structure models. These models are then com-

pared with newly determined experimental structures.

Results of the CASP experiments are published in Refs.

2–11. The structure of the CASP11 experiment, partici-

pation statistics and number of targets are very similar

to those of recent rounds in the series, which have been
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conducted every 2 years since 1994, and are described in

the Appendix 1 of the Supporting Information. Alto-

gether almost 60,000 models on 100 prediction targets

were collected from 207 modeling groups representing

about 100 research labs worldwide. A notable change

from recent CASPs is the smaller fraction of targets

obtained from large-scale Structural Genomics projects

(down to 60% this time, compared with 80% in

CASP10).

Assessment of modeling performance is divided into a

number of categories: models based on homologous tem-

plates (template based modeling (TBM), the most useful

form of modeling), models produced without detectable

homologous templates (free modeling (FM), now often

effective for small proteins, but largely stuck for the last

decade until new contact prediction methods partially

came to the rescue this round), refinement (ability to

improve on initial model—critical in template based mod-

eling in order to move away from template bias, and an

area with major improvements in the last few rounds),

predicting the accuracy of a model (an area that has now

advanced to the stage of real usefulness), predicting three

dimensional contacts within structures (an area that saw

dramatic achievement this round, after 20 years in the dol-

drums), and exploiting predicted contacts and sparse

experimental structure data to build improved models

(new in CASP, and so far encompassing NMR and chemi-

cal crosslinking). For the first time this CASP, we con-

ducted an experiment for modeling quaternary structure

(in collaboration with CAPRI12) and a pilot assessment of

the ability of models to address relevant biological ques-

tions. The trouble and expense of determining a structure

experimentally is undertaken with specific questions in

mind—under what circumstances can models successfully

make that effort unnecessary? Full details of targets, partic-

ipating groups, and all results are available on the CASP

web site (http://predictioncenter.org/casp11).

RESULTS

Prediction of residue–residue contacts

The most exciting result in CASP11 was the genera-

tion of an accurate three dimensional model of a large

(256 residues) protein as a consequence of much more

accurate prediction of contacts between protein resi-

dues.13 The possibility of predicting three dimensional

long range residue–residue contacts from evolutionary

information was first recognized about the time CASP

started in 1994,14 and because of its promise, an assess-

ment area on this topic was introduced early in the his-

tory of CASP.15 However, until CASP11, results were

consistently disappointing, typically with >80% false

positives.16 It is now clear that a major cause of these

false positives was a basic theoretical error in the way

the data were treated: the methods make use of restric-

tions on residue type at pairs of positions in the

sequence, imposed by three-dimensional proximity. For

example, positive and negative charged side chains may

be accommodate-able at a pair of contacting positions,

but not two positive residues or two negative ones.

Similarly, there may be space for a large and small side-

chain combination, but two large side chains would

unavoidably clash, while two small ones may leave a

cavity. In the past, measures such as the mutual infor-

mation between pairs of columns in a multiple

sequence alignment have been used to detect such resi-

due type correlations. The flaw in that methodology can

be illustrated as follows: suppose two residues at posi-

tions A and B are in contact, so the choice of residues

in different members of the protein family will be cor-

related, providing useful information. Similarly if resi-

due B is in contact with residue C, residues at these

positions will also be correlated. But these interactions

will also generate correlation between residues at A and

residues at C, which may not be in contact, leading to a

Figure 1
(A) Model TS064_1 of a new-fold CASP11 target T0806 superimposed on the target structure, YaaA from E. coli K-12 (RMSD to target 3.6 Å); (B)

Structure of the very different best available template (PDB ID 2q07). This is the first CASP example of a high accuracy model for a large (256 res-

idues) new fold target.
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false positive. This kind of knock-on effect is in fact a

well-known problem in statistics, when trying to deduce

causation,17 and in statistical physics, between sets of

interacting particles, for example in Ising models.18

The pre-existing methods for treating this problem have

now been adapted for the contact prediction problem

by a number of research groups.19–22 Deep, stable

alignments are required, but when that condition is sat-

isfied there have been a number of benchmarking stud-

ies that suggest good accuracy. In CASP, so far, there

have been few targets with suitable alignments, but two

such template free-modeling targets in CASP 11 yielded

success well beyond that previously seen in CASP, both

in protein size and model accuracy (Fig. 1 shows one of

these, T0806).

Model refinement

Models based on homologous templates may display

high accuracy, but at the same time, contain no new

structural information. For example, two members of a

protein family with different binding specificity may be

similar at the overall structure and sequence levels, but

contain local differences, ranging in scale from side

chains changes to secondary structure shifts to mini-

domains, critical to understanding functional proper-

ties.23 Two types of modeling are required to treat these

regions. First, differences in main chain and side-chain

conformations can in principle be obtained by some

form of refinement procedure starting from an initial

template based model. Second, regions not covered by

the closest template can sometimes be modeled using

alternative templates or using ab initio based methods.

In this section we summarize refinement assessment

results, and a later section describes assessment results

on non-principal template regions.

Earlier experience in CASP has shown that it is very

challenging to refine an approximate template based

model toward the experimental structure. In CASP8 in

order to focus attention on this problem, a refinement

assessment category was introduced.24 Refinement is a

problem where physics based molecular dynamics meth-

ods should be effective, and so effort was devoted to

encouraging a stronger representation of that commu-

nity. For each refinement target, participants are pro-

vided with one of the best models of that protein

obtained in the regular CASP experiment, for use as a

starting point, and sometimes also with information

identifying problem areas within a model. In the begin-

ning, the results were quite disappointing, but in the

last two CASPs, we have seen sustained progress. Figure

2(A) shows performance on all refinement targets for

some of the best-performing groups. There are

improvements of up to 2 Å RMSD on Ca atoms, and

only a small fraction of cases with a minor worsening

of RMSD. Figure 2(B) shows an example illustrating the

scale of improvement in local model accuracy that can

be achieved.

Modeling with the aid of sparse data

Modeling is increasingly used to interpret data

obtained with a variety of experimental techniques that

provide only sparse information on structure. In general,

these combined approaches have the potential to provide

information on structure in cases where crystals are too

difficult to obtain or structures are too large to be solved

by conventional NMR.

Figure 2
CASP11 refinement performance. (A) Ca RMSDs (Å) of the refined vs. original models for some of the best performing groups. Points below the

diagonal represent improvement. Where models get worse in refinement, the loss of accuracy is small. In some cases, improvements of 2 Å or
more are achieved. (B) Best residue-by-residue refinement of the CASP11 target TR829 (Ca-Ca distance to target for the refined (TR829TS064_2,

blue) and original (T0829TS499_1, green) models, and the difference between them (improvement, red) [Å]). In this case, there are substantial
improvements in the areas that were least accurate (lowest portions of the red line) in the starting structure.
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In CASP11, an assessment area in sparse data assisted

modeling was introduced, with the goal of further spur-

ring interest in developing modeling methods adapted to

this task. Data for two experimental techniques were

included.

The first is NMR. Modeling has the potential to utilize

first pass, sparse NMR data to facilitate studies of larger

structures, to provide improved structures of smaller

proteins in cases where line broadening and other issues

limit data quality, and to accelerate and reduce the cost

of structure determination. Solution-state NMR can gen-

erally provide accurate 3D structures of small proteins

(MW<�15–20 kDa).25,26 Larger proteins present a

much greater challenge mostly due to the well-known

limitations of short transverse spin relaxation rates,

broad NMR linewidths, and chemical shift degeneracy.

To alleviate these negative effects, sparse NMR data can

be obtained using perdeuteration (i.e., replacement of

most 1H atoms with 2H), which decreases transverse

relaxation rates of the remaining 1H, 15N, and 13C nuclei,

and shifts the limits for determining the structure of

larger proteins toward the 40–80 kDa range.27–31 How-

ever, perdeuteration also reduces the number of 1H-1H

NOE-based distance restraints that can be obtained, pro-

viding models that are less accurate and precise, and in

many cases precluding structure determination by con-

ventional NMR structural modeling techniques alto-

gether. Some previous efforts have shown that combining

sophisticated modeling techniques together with sparse

NMR can produce higher accuracy structures.28,29,32 In

CASP11 we conducted an initial experiment to objec-

tively assess the extent to which current modeling meth-

ods can improve the accuracy of structures based on

such data.

Nineteen targets were included, ranging from 110 to 544

amino acids in size, all with no identifiable structure tem-

plates to allow modeling by homology. The Montelione

group (Rutgers) provided simulated restraints from ambigu-

ous NOESY cross peak assignments similar to those that

could routinely be obtained from true sparse NMR experi-

ments. Using crystal structures of the targets, the Montelione

lab simulated NOESY peak lists and chemical shifts assuming

uniformly 2H,13C,15N-enriched protein samples prepared

with 1H-13C labeling of side-chain Ala, Leu, Val, and Ile(d)

methyl groups.29,33–36 The ASDP program37–39 was then

used to generate an initial set of both unique and ambiguous

distance atom pair restraints from these NOESY peak lists.

These distance-restraint data were distributed to the CASP

community after the initial structure predictions were col-

lected, but prior to release of the experimental coordinates.

There was a wide range of performance by CASP groups,

with the best consistently generating more accurate models

than obtained using conventional NMR structure generation

methods on the same data (benchmarked with CNS40,41

and partially with ASDP, by the Montelione group and the

CASP assessor) (Fig. 3). Compared to the CNS results on the

19 target set, best CASP models were on average better by

>17 GDT_TS units (Ca RMSDs lower by more than 1.1 Å),

suggesting considerable potential in for the techniques devel-

oped by CASP participants.

The second sparse data area is modeling using mass

spectrometry data on residue–residue cross-links (XL-

MS). Typically X-ray crystallography and NMR are the

methods of choice for determining protein structure. In

cases where these options are not viable, because of sam-

ple amount, or the absence of crystals and/or high qual-

ity NMR spectra, CX-MS combined with modeling can

offer a possible alternative requiring smaller samples

Figure 3
Improvement in model accuracy using NMR simulated sparse data. (A) Improvement in terms of the GDT_TS score for all the CASP11 modeling

targets for which sparse data were available. Scores for the best original model submitted in CASP (“unassisted,” blue), results obtained with CNS
(green), and obtained by CASP participants (red) utilizing the sparse data are shown. For most targets, CASP data assisted results show a dramatic

improvement in model accuracy. For example, for the first target, Ts814, GDT_TS improves from 16 to 70, corresponding to a change in Ca

RMSD from 21.1 to 2.6 Å. Improvements using conventional CNS procedures are considerably smaller. (B) Best models obtained for CASP11 target

T0777. Left: Best unassisted model (RMSD to the experimental structure is 14.7 Å); Center: Experimental structure; Right: Best model obtained
with sparse data (3.7 Å RMSD).
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(nano to micromolar), simpler protocols, in many cases

shorter time to obtain the structure, and lower

costs.42,43 Residue–residue distance restraints, obtained

from analysis of cross linked peptides, allow the genera-

tion of protein–protein interaction maps and potentially

provide information on the structure of component

domains. The usefulness of this approach has been dem-

onstrated most strongly in the case of complexes, where

comparatively few cross links are needed to determine

relative subunit orientation, while solving the structure

of the complete multidomain complex continues to pres-

ent a challenge. For single chain proteins, the relatively

small numbers of restraints, and their length (20–25 Å),

make development of specialized improved modeling

techniques critical to success.

In CASP11 we focused on single proteins as targets for

CX-MS assisted modeling, in collaboration with the Rap-

psilber lab (U. of Edinburgh/Technical U. Berlin). The

Rappsilber group are using novel photo-crosslinking

methodology, which effectively increases the density of

generated restraints (from about 0.15 for standard Lys-

Lys chemistry to >2.5 contacts/residue).44 Four protein

samples, ranging from 204 to 420 amino acids in length,

were obtained through CASP relations with target pro-

viders (two from individual researchers and two from

the JCSG PSI structural genomics center). The Rappsilber

group cross-linked these proteins, and used mass spec-

trometry to obtain distance restraints. These data were

then provided to the CASP community and were used

by 19 groups to model the structures. Little or no

improvement was found in the models produced using

the cross-link data. There are a number of reasons for

this. Because of the very short data acquisition time

necessitated by the CASP target release schedule, the

experimental datasets had an imbalance in structure cov-

erage and a comparatively small number of generated

restraints (0.6–1.2 versus a potential >2.5 contacts/resi-

due). A higher lysine content (lysines are the XL-MS rea-

gent primary targets) and a more uniform distribution

of digestion sites in proteins selected for the experiment

would also have enhanced the experimental data quality.

The apparent lack of improvement in model accuracy

when the XL-MS constraints are used may also stem

from the relatively early stage of development of the

modeling techniques adapted for this task. For example,

the molecular nature of the cross-links, including their

position on the surface the protein, rather than simple

Cartesian distance restraints should be taken into

account. We expect to expand this segment of CASP in

the next experiment, with more accurate single protein

data sets as well as data for complexes.

Modeling of molecular assemblies

The structure of protein complexes is of increasing

importance in biology. At the beginning of CASP, we

also included some complexes as targets, until the CAPRI

community experiments began specializing in this

area.12 CASP11 included a joint CAPRI/CASP section

for protein complexes, with participants from both com-

munities and assessment based on well-established

CAPRI procedures.12 CAPRI and CASP participants in

this category were asked to model the quaternary struc-

ture of appropriate CASP oligomeric targets (dimers and

tetramers). Modeling of three CASP targets that are tran-

sitory hetero-complexes was also included, giving a total

of 27 targets. Twenty-nine CAPRI and fifteen CASP

groups participated in this experiment. CASP and CAPRI

participant best performances were similar. For example,

the best CASP group submitted “acceptable” (by the

CAPRI evaluation standards12) models on 15 targets

while the best CAPRI group did so on 16 (out of the 25

assessed targets). Of 12 participating servers, the best

CASP server ranked fourth overall, submitting nine

acceptable models vs. 15 from the best CAPRI server. An

important part of this test was sharing component mod-

eling results across the communities, for use in docking.

Generally, interface accuracy decreased with the accuracy

of the monomer structure models. Overall, where homol-

ogous structures of complexes were available, results

were encouraging. But it is clear that docking without

the use of an interface template still presents major chal-

lenges. Detailed results of this experiment are presented

in a separate article in this issue.

Estimation of model accuracy

Reliable a priori estimates of global and local accuracy

of models are critical in determining the usefulness of a

model to address a specific problem. Indeed one primary

reason for the limited utilization of model structures by

the broader biological community is the lack of informa-

tion on what to believe and what not to believe. For

these reasons, in CASP7 (2006) an assessment area on

methods for estimating model accuracy was created.45

This focus has resulted in a steady improvement in the

capabilities of methods in this area46–49 and has con-

tributed to the development of new methods and

improvement of the existing methods that are capable of

estimating accuracy on the basis of a single model (as

opposed to methods that require some form of clustering

using large sets of models for the same target, a rather

artificial scenario). The best single-model accuracy esti-

mate methods are now as effective as clustering methods

in recognizing best models in a set of candidates with an

average accuracy error of 7%.49 These methods were

shown to be particularly good in picking relatively good

models for difficult targets, when the model pool is

dominated by models of poor quality. On a finer resolu-

tion scale, the methods are able to distinguish between

residues that are reasonably accurately modeled at the

main chain level and those that are not (binary accuracy

Progress in CASP XI
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of 0.88, ROC-curve based accuracy of 0.92 (area under

the curve) using the 3.8 Å Ca error threshold).49 An

example of a successful prediction of inaccurate regions

in a model is shown in Figure 4. Overall, this focus area

has established that methods of estimating accuracy,

while not perfect, are already very useful.

Suitability of models for answering relevant
functional questions

In CASP, models are primarily evaluated by compari-

son of their coordinates with those of the corresponding

experimental structure, and this remains the gold stand-

ard. However, the trouble and expense of determining an

experimental structure is almost always undertaken with

the goal of answering a specific biological question. In

practice therefore, the key question is not whether the

model is as accurate as an experimental structure would

be—it often is not—but whether it is accurate enough to

answer the relevant biological question. At one extreme,

some questions can be addressed with very low accuracy

models—for example the location of likely epitopes. At

the other extreme, very high accuracy may be required,

for, say, drug design purposes.50 Thus, one important

criterion on which to judge a model is the degree to

which it answers the relevant questions. In CASP 11, we

included a pilot experiment on assessing models in these

terms. The analysis was done by Roland Dunbrack, asses-

sor in the template-based category. For 39 target pro-

teins, at least some information on function was

available from the target contributors. In some cases, the

target provider supplied specific functional questions, in

others, the assessor judged likely motivation for getting

the structure. Some examples: (1) For the complex of the

protein kinase II leucine zipper and the ab11b GTPase

(targets 797 and 798), the question of interest was the

relative orientation of the components of the hetero-

dimer. A number of groups successfully modeled the full

structure. (2) For target 792, the LOTUS domain of Dro-

sophila Oskar, the question was the structure of the

homodimer. Assessment showed that docking using the

best CASP models of the monomer produced the correct

structure. (3) A number of targets have disease relevant

mutations, and the assessor evaluated whether the impact

of these on molecular function could be deduced from

the models. In some cases, such as target 783, Human

Isoprenoid Synthase, where mutations occurring in the

interior of a domain cause a monogenic disease, dystro-

glycanopathy, this was judged possible. In others, such as

target 794, VNN1, containing mutations involved in can-

cer, results were mixed.

Backbone and alignment accuracy

Figure 5 compares the backbone accuracy of models

for each of the 11 CASPs as a function of target difficulty

(Appendix 2 in Supporting Information), in terms of the

standard CASP measure, GDT_TS.51,52 While progress

from CASP to CASP was marked in the earlier experi-

ments, recently, by this measure, there is little progress.

Comparison of alignment accuracy as a function of tar-

get difficulty also shows no apparent progress in recent

CASPs (Appendix 3, Supporting Information Figure S4).

As noted earlier, the majority of targets in each CASP are

suitable for comparative modeling, starting with align-

ment of the target sequence to those of possible structure

templates so that a lack of progress in alignment is con-

sistent with the results for backbone accuracy.

It is possible that the approximate method of deter-

mining target difficulty masks progress in model

Figure 4
Example of successfully identifying an inaccurate region in a model. (A) Structural superposition of the model T0766TS160_2 (magenta) and
CASP11 target T0766 (cyan); (B) The poorly modeled strand-turn-strand-helix motif (residues 52–64) is detected by the accuracy estimator

ModFOLD-single59 (green), with predicted main chain accuracy closely tracking the actual error curve (blue) (red, difference between the
estimated and actual error).
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accuracy. To see if this is the case, we consider an alter-

native way of estimating progress between CASPs, rather

than attempting to normalize for target difficulty. That is

to compare performance of current methods with the

earlier ones on the same targets. There are two modeling

servers in CASP where this is possible—the methodology

has not been altered, but it is possible to use contempo-

rary structure and sequence databases. One of these is

SAM-T08,53 unaltered since CASP8. Figure 6 shows a

comparison of the GDT_TS scores for the best models

for each target in CASPs 8, 9, 10, and 11 with the corre-

sponding model from SAM-T08. The SAM-T08 results

were obtained using the current sequence and structure

databases available at the time of each CASP. Results

here also suggest no substantial progress in overall model

accuracy. Similar calculations were performed using

another frozen server method (FFAS03) and for the

human-expert groups (Baker and Zhang) rather than

best models. All results are similar, and so not included

in here.

Although overall model accuracy has not improved

much when the increased size of sequence and structure

databases is taken into account (Figs. 5 and 6), examina-

tion of improvement in accuracy without correcting for

database changes shows impressive improvement (Fig. 7).

This figure compares performance of the FFA03 server

on CASP11 targets using then contemporary databases

and using databases from the time of CASP8, six years

earlier. A substantial fraction of CASP11 targets now

have much improved templates available resulting in

improved accuracy, in some cases dramatically so, with

improvements in model accuracy of 60 GDT_TS units.

Accuracy of regions structurally divergent
from a principal template

In contrast to the rather discouraging picture of no

progress presented by the overall backbone and align-

ment accuracy measures, examination of the accuracy of

regions not model-able from the closest template is more

encouraging. A single template will usually not provide a

Figure 5
Best GDT_TS scores of submitted models for targets in all CASPs, as a
function of target difficulty. For recent CASPs, human/server targets

only are included, and in earlier CASPs—all targets. Trend line for
CASP11 runs similar to other CASPs (starting from CASP5) in the

mid- and hard-sections of the difficulty range and is shorter and lower

at the easy end (as there were no very easy human/server targets in
CASP11, and a few short non-globular domains marked on the graph

pull the curve down in that area).

Figure 6
Comparison of backbone accuracy of the best CASP models (CASP8-

11) with the results of the frozen-in-time prediction method (SAM-
T08). Trend lines are very similar, suggesting no substantial progress.

Figure 7
Comparison of GDT_TS scores for models of CASP11 targets generated
with a reference CASP server (FFAS03) using sequence and structure

databases available during CASP11 (black) and using the databases
available during the CASP8 experiment (red). Quadratic trend lines

show that FFAS models using contemporary databases are often
substantially improved over those possible 6 years earlier, because of

increased database size, particularly for the now less difficult targets.

Most of the improvement comes from the increased availability of
suitable structure templates.
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structural scaffold for all of the residues in a target pro-

tein, and in the middle range of target difficulty, 50% or

more of target may not be covered. Modeling of these

non-principal template covered regions (sometimes mis-

leadingly called “loops”) will often be key to correctly

characterizing functional differences between the tem-

plate protein and the target, so that progress in this area

is important. Figure 8 shows the % of “loop” residues

correctly modeled (Ca error less than 3.8 Å in a global

superposition) for each target with at least 15 of such

residues. As we have noted previously, there was a sub-

stantial improvement between CASP5 (yellow) and

CASP10 (blue) over most of the target difficulty range,

except for the most difficult, mostly non-template, tar-

gets. CASP11 (black) shows a further improvement from

CASP10, with the most gain toward the difficult end of

the target range. The average coverage histogram shows

the overall improvement at about 5%, from 25 to 30,

about the same as the whole gain from CASP5 to

CASP10. Examination of the individual targets shows

that the improvement is driven by outstanding perform-

ance for six targets, two of which (T0806 and T0824) are

the result of the use of new contact prediction methods

(discussed above).

DISCUSSION

Results from this and other recent CASP experiments

are somewhat paradoxical. On the one hand, particular

areas of modeling show impressive progress. As docu-

mented above, this time these were contact prediction,

refinement, assignment of model accuracy, and modeling

of non-principal templates regions. Not discussed here,

the stereo-chemical quality of models also continues to

improve. These are all important aspects of modeling,

and the progress is heartening to see. Also, comparison

of performance on CASP 11 targets using then contem-

porary databases and those available only six years earlier

(Fig. 7) shows dramatic improvement in backbone accu-

racy for many targets. In practical terms, then, the frac-

tion of protein domains for which good models can be

built is increasing rapidly.

On the other hand, overall backbone accuracy, after

taking into account improvement in database coverage of

sequence and structure has changed little in a decade

(Figs. 5 and 6). Why is that? We offer the following

explanation. For comparative models, overall accuracy is

dominated by the accuracy of sequence alignment with a

primary template. Supporting Information Figure S3

shows that overall alignment accuracy as a function of

target difficulty has a very similar form to that for overall

backbone accuracy (Fig. 5). Alignment accuracy

increased dramatically in the first decade of CASP, and

the fraction of misaligned residues is typically not >10–

15% of the alignable regions. At that level, it is doubtful

that sequence based methods can yield much further

improvement—alternative alignments must be explored

and evaluated structurally, and that is still not viable.

Improvement in the accuracy of non-principal tem-

plate regions in the last ten years is substantial—from 20

to 30% modeled correctly by the criteria used. There is a

long way to go still, but improvements continue. Simi-

larly, in the last few CASPs, refinement has advanced

from totally ineffective to typically making small gains in

accuracy, a major achievement.

As noted in previous papers in this series,54,55 in

template free (FM) modeling, over the last decade there

has been substantial progress in accuracy for small

(<100 residues) targets, building on earlier methodologi-

cal advances but the techniques used have not appeared

to scale to larger structures. But encouragingly, in this

CASP, the FM assessor found evidence of substantial pro-

gress across the size spectrum.56 Very significant issues

are still to be overcome however.

As noted earlier, the most dramatic result in this

CASP was for two template free targets where the

Figure 8
Percentage of residues successfully modeled that were not available

from the single best template. Only targets in which at least 15 residues
could not be aligned to the best template are included. Each point

represents the best model for a target in CASP10 and 11. Quadratic fit
lines are threaded through the data. The trend line for CASP5 is

shown for comparison. The insert shows average improvement

percentage over all targets in CASP5, 10 and 11. Clearly, CASP11
performance in this aspect improved over that of CASP5 and CASP10.
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improved methods for predicting three-dimensional con-

tacts could be applied (T0826 and T0824-D1). This is

the first objective evidence that these methods do work

under appropriate circumstances. The primary require-

ment is a high quality deep alignment. The very rapid

rate of sequencing now occurring is likely to bring many

targets within range of this approach in the next few

years, and has the potential to transform the field.

While this prospect is encouraging, it should be noted

that contact information will not be as strong for regions

of structure that reflect varying function within a family,

similar in nature to those regions not covered by a tem-

plate in current modeling. Improved methods will still

be needed there (and of course in refinement). The

improvement to date has come from two sources. The

first is that some of these regions are covered by alterna-

tive templates. A great deal of effort has been put into

developing methods that utilize information from multi-

ple templates (see, e.g., Ref. 57), but either the data are

still too limited or the methods are not yet optimal. The

other approach to modeling these regions is more ab ini-

tio in nature. Given the progress in template free model-

ing of small proteins, it is puzzling that such techniques

have not had a greater impact on this problem. It is not

clear whether that is because it is harder than it looks

(although the regions themselves are often relatively

small, models rely on an accurate environment provided

by the rest of the structure) or the problem has not yet

received enough attention. CASP will continue to partic-

ularly encourage efforts in this area.

Perhaps the area where progress is of most practical

significance (as opposed to dramatic) is that of estimat-

ing the accuracy of models, both overall and at the resi-

due level. Models will never be perfect, and have a wide

range of accuracy, so that if no information on error lev-

els is provided, they are almost useless. Reliability of the

accuracy estimators is already high enough to be of con-

siderable practical value.49,58 For example, if a structure

model is the basis for interpreting the impact of a

genetic mutation, it may be possible to determine

whether the local model features are accurate enough for

the purpose. Current methods are broadly of two

types—those that use consensus information across a

number of models—where the models agree, the struc-

ture is likely more accurate; and those based on some

kind of evaluation of the atomic interactions in a model,

including methods that use potentials of mean force and

other energy related approaches. Consensus methods

work surprisingly well, but have obvious limitations. For

example, the exceptional models for two free modeling

targets discussed earlier (T0806 and T0824-D1) would

appear very inaccurate with that approach, because no

other models come close. An encouraging development

this CASP was improved performance of the energy

related approaches, so that by some measures they are

now competitive with consensus ones.

CASP continues to explore new areas of modeling.

This time, tests of exploiting sparse NMR data were

more extensive, and chemical crosslinking data were also

considered. Results from NMR are encouraging, but

these were still simulated data, and did not include one

of the most useful data types, chemical shifts. Thus it is

hard yet to judge the significance of the results. By and

large, the efforts with crosslinking data were not very

effective, probably because of limited and poor data

quality. This is an area CASP plans to develop further

next time. The collaboration with CAPRI on testing

methods for modeling protein complexes reflects recog-

nition that many biological questions of interest involve

protein–protein interaction of some form. In spite of the

many years of effort the docking community has made

in this area, overall, results were not impressive. We

expect that working together will speed progress in

future. As noted earlier, the real test of a model is not

whether it is similar to the experimental structure but

whether it can answer some relevant biological question

or be used to generate useful hypotheses. For that reason,

we plan to continue to emphasize this area.

Further information

The other papers in this PROTEINS virtual special

issue provide reports by some of the better performing

prediction teams, a description of the targets as well as

an analysis of some of them by the target providers, and

the assessments. A list of the papers is provided in Sup-

porting Information Table 1. All the modeling and

assessment papers in this issue have been peer reviewed.

The CASP web site (http://predictioncenter.org) provides

extensive details of the targets, the predictions, and the

numerical analyses. A CASP12 experiment is planned,

beginning in the spring of 2016, and culminating in a

meeting in December of that year. Those interested

should check the CASP web site for further

announcements.
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