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Abstract

Because proteins generally fold to their lowest free energy states, energy-guided

refinement in principle should be able to systematically improve the quality of protein

structure models generated using homologous structure or co-evolution derived

information. However, because of the high dimensionality of the search space, there

are far more ways to degrade the quality of a near native model than to improve it,

and hence, refinement methods are very sensitive to energy function errors. In the

13th Critial Assessment of techniques for protein Structure Prediction (CASP13), we

sought to carry out a thorough search for low energy states in the neighborhood of a

starting model using restraints to avoid straying too far. The approach was reason-

ably successful in improving both regions largely incorrect in the starting models as

well as core regions that started out closer to the correct structure. Models with

GDT-HA over 70 were obtained for five targets and for one of those, an accuracy of

0.5 Å backbone root-mean-square deviation (RMSD) was achieved. An important

current challenge is to improve performance in refining oligomers and larger proteins,

for which the search problem remains extremely difficult.
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1 | INTRODUCTION

The CASP refinement category challenges predictors to improve on

the best models submitted for a subset of targets. In principle, with

an accurate energy function and sufficient conformational search,

any protein structure prediction problem including refinement

should be directly solvable by searching for the lowest energy con-

formation. We recently showed that with progress in energy func-

tion accuracy, refinement by unrestrained large-scale search for the

lowest energy nearby structure could improve low-resolution homol-

ogy models.1 However, when applied to starting models closer to

the actual structure, the approach more often reduced rather than

increased the accuracy of the starting models.2,3 We reasoned that

improved refinement of closer to native starting models might be

achievable if the structural operators used in the search—replacing

backbone torsion angles and perturbing the rigid-body orientations

of secondary structures—were restrained (regularized) based on the

starting structures.

Several ways of utilizing input structure information have been

proposed for restraining conformational search.4-9 Seok and collabo-

rators used Bayesian inference models with ambiguous restraints4,5 to

restrain coordinates; for high-accuracy modeling problems such Carte-

sian restraints provide the most control over structure.5,7 In this

approach, once any subset of restraints derived from the input model

are satisfied the rest of the restraints do not affect energy evaluation,

which is advantageous for refinement scenarios where the challenge

is to reconstruct potentially inaccurate local regions while preserving

the core of the structure. In this CASP, we incorporated such
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ambiguous restraints into our energy-guided refinement approach for

the two-thirds of the starting models with GDT-HA > 50, and

succeeded in a number of these cases in improving accuracy (for the

remaining one-third of targets with starting GDT-HA < 50, we carried

out unrestrained energy-guided search as in CASP12).

2 | METHODS

2.1 | Overview of the approach

A schematic overview of our CASP13 refinement protocol is shown in

Figure 1A. Overall, the framework is similar to that in our previous

studies1,2; here we provide a brief description. Starting from an input

structure, regions with local errors were predicted through running

short MD simulations10 in Rosetta and were reconstructed by frag-

ment assembly. An initial pool of 50 selected low energy structures

were then subjected to iterative refinement; at each iteration new

models were built from the current pool through recombining second-

ary structure chunks and replacing torsional angles with values from a

generic fragment library.11 Next generation structures were selected

from the entire pool (including both parents and newly generated

structures) based on Rosetta all-atom energy12 and distance from

other members of the new pool. Once the iterations were completed,

the lowest energy structure sampled was identified, and conforma-

tions close to this structure were structurally averaged to output a

single refined model, which was subjected to restrained MD7 using

the AMBER suite13 to improve modeling of explicit water molecule

dependent structure features, followed by structural averaging and

geometry optimization.14,15

In our earlier work, the above framework was applied to a subset

of CASP challenges with starting model GDT-HA less than 50. For this

CASP we developed two variations of the overall approach for high-

and low-resolution refinement challenges. The differences between

the two strategies are in the restraints and the scheduling of the itera-

tions. The low-resolution strategy consists of 50 generations with

very weak distance restraints only applied to residue pairs whose dis-

tance did not vary within the first generation parents,1 and no explicit

restraints derived from the input model. The high-resolution strategy

utilizes ambiguous coordinate restraint sets derived from the input

models. It consists of 10 regular iterations without restraints to

explore the surrounding space, followed by 10 iterations tethered

through ambiguous coordinate restraints to the input structure to

cause regions of the structure that have not found lower energy

states in the initial unrestrained search to move back toward the

starting structure (those that have fallen into lower energy states can

effectively resist the applied restraints).

The details of the restraints are explained in the following

Restraints section. In the high-resolution strategy, the weight on the

restraint set relative to the Rosetta energy gradually increased from

the 10th to the 15th iteration and remained the same for the final five

iterations. The rationale for this restraint scheduling is as follows. Dur-

ing the first 10 iterations of unrestrained simulation, regions that were

F IGURE 1 CASP13 refinement protocol. (A) Schematic overview of the protocol; see main text for brief description.1 (B) Regularized
conformation search results in better quality structures with lower energies. Eight targets from previous CASP rounds were refined with and
without restraints. The difference in the improvements over the starting models between regularized and unregularized runs is in blue bars (axis
values on right); higher values indicate improved performance with regularized search. The difference in energy of the lowest energy
conformation sampled, normalized by the number of residues, is in red bars (axis values on left). Lower values indicate regularized search found a
lower energy conformation. (C) Graphical description of ambiguous coordinate restraint set applied in this study on a simple model system with
N (number of residues) = 5 and K = 3. During restraint evaluation, the violation of each restraint is measured, and the penalties associated with
the K smallest violations (blue) are summed while the remainders (red) are ignored
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correctly modeled in the starting structure may be already in an energy

minimum and hence, stay relatively converged. As the restraints were

ramped up, these regions become even more converged, and hence,

the energy differences between conformations become almost entirely

due to the more variable parts of the structure, enabling search to focus

on minimizing the energy of those regions.

We found on a benchmark set that search with ambiguous

restraints sampled lower energy models than the original unrestrained

search—this is notable given that restraining search in general should

hamper optimization—and also resulted in more accurate models for

most of the targets (Figure 1B). Regularization of conformational sea-

rch thus can help the refinement procedure find more efficient paths

towards the native structure with equivalent computational cost.

In CASP13, we utilized a priori knowledge of starting model quality,

provided by the organizers, to decide whether to use the low- or high-

resolution strategies for each target. Iterative refinement with regulariza-

tion (high-resolution strategy) was applied to the 20 medium-to-high

accuracy starting models having GDT-HA16 above or equal to 50. The

low-resolution strategy was applied to the remaining 11 targets having

starting model GDT-HA less than 50. The final MD-refined model was

submitted as model1, the pre-MD model—which is an averaged structure

after iterative Rosetta refinement—as model 2, and the rest of the

models from the last refinement iteration pool. Models generated by the

automated procedure shown in Figure 1A were submitted as a group

BAKER-AUTOREFINE. These models were visually investigated, further

refined if necessary, and submitted as models for a separate human

group BAKER, following the above scheme for designating model1 to

model5. When the best template for a target was a homo-oligomer, the

whole refinement procedure was carried out with symmetry operations

derived from this template. In the following sections, more details of the

restraints, symmetric refinement, and human interventions are described.

2.2 | Derivation of restraints from starting models

Restrained protein structure prediction can be viewed as a search for

the structure with the highest probability given the available data

D (p[x|D] where x is the structure).4,5 With Bayes' theorem, the prob-

lem can be formulated as:

log p xjDð Þ= log p xð Þ+ log p Djxð Þ− log p Dð Þ
= −Σ ERosetta +wΣ i

K Erestraints, i x−x0ð Þ� � Þ−C ð1Þ

where the prior term p(x) is the Boltzmann weight of the structure

(in our case with the Rosetta energy function p(x) ~ exp(−Σ ERosetta(x)),

the likelihood term p(D|x) is a function of the consistency of the input

data (in this case, the input coordinates x0) with the current structure

x (p(D|x) = Σi
K exp(−wΣi Erestraint,i(x−x0)),5 and the third term p(D) is

irrelevant to search as it is independent of x.

In general refinement problems, not all the input information D is

correct, and hence, it is desirable to aim to satisfy some but not all of

it. The fraction satisfied is controlled by the parameter K in

Equation 1 that ranges between 0 and the total number of restraints

N. In this work, we applied coordinate restraints to Cα atoms; hence

N is the number of residues and K the optimal number of residues to

restrain (an example depicted in Figure 1C). At energy evaluation, all

the restraints are evaluated and the K least violated are included in

the sum; the remaining N-K residues are unrestrained.

Two critical parameters to be determined are f = K/N (the fraction

of residues restrained), and w, the weight on the restraint set with

respect to Rosetta energy function in the final five iterations (the

weights on iterations 10-15 were interpolated from 0 to w). As

described in the methods, we parameterized f as a function of input

model accuracy (as provided by organizers) and molecular shape (the

rationale for the second factor is that elongated models can vary more

than globular models with same strength and number of restraints).

With the formula we tested in this CASP (details in Supporting Infor-

mation) the fraction of residues (f ) restrained ranged from 0.24 to

0.81; we did not extensively explorer the procedure for chosing f and

it can likey be further optimized in the future.

A limitation of our approach as described above is the dependence

on input model GDT-HA (as in CASP refinement challenges); in the gen-

eral (non-CASP) case this value has to be estimated as it is not known.

Model accuracy estimation methods are improving, and can provide esti-

mates of starting model accuracy within 5~10% of the actual values

(as shown in CASP13 model accuracy estimation assessment) for both

GDT and the contact accuracy metric (lDDT). In the general (non-CASP)

case, such methods can be used to decide to what extent starting model

restraints should be during refinement; ultimately such accuracy predic-

tors can be incorporated into our protocol.

2.3 | Symmetric refinement

The Rosetta symmetry modeling machinery used for homo-oligomer

comparative modeling17,18 was incorporated into the refinement pipeline

in this CASP. The machinery allows all the modeling operations in

Rosetta refinement to be carried out on the asymmetric unit with propa-

gation of fragment insertion, secondary structure chunk swapping, side-

chain modeling, and minimization to symmetry mates. MD simulations

with AMBER were run with full symmetric units instead due to explicit

waters. These restrained MD simulations generally do not alter struc-

tures much from the input Rosetta-refined models, therefore any single

chain of the averaged model across the MD trajectory (chain A by

default) was submitted if a single chain was requested for submission.

Otherwise, a re-symmetrized model of that single chain structure was

submitted. Targets were chosen for symmetric refinement if the best

template had heavy atom oligomeric contacts; three targets were

selected for automated predictions (R0977-D4, R0979, and R0981-D4),

and two more for human-guided predictions (R0981-D5 and R0989-D1).

2.4 | Human intervention

Human interventions included (a) detecting additional regions to

reconstruct not identified by the automatic procedure, (b) deciding

when to apply the low- and high-resolution refinement protocols,

(c) applying symmetric refinement for cases missed in automatic

refinement, and (d) use of co-evolution information if available for

1278 PARK ET AL.
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large number of sequences (Nf19 > 64). Only the last of these inter-

ventions gave clear net differences from our automated submissions.

3 | RESULTS

3.1 | High-accuracy refinement through regularized
conformational search

Our CASP refinement results are summarized in Figure 2 for the human

submission group. Consistent and significant improvements were found

over starting models for both human and automated groups; except for a

few cases, the performance of the two was quite similar. The average

changes in qualities of model1 over the starting models were + 3.3 and

+ 2.9 in GDT-HA, and + 2.6 and + 1.6 in SphereGrinder,20 for human

and automated predictions, respectively. Improvements were larger for

medium-to-high accuracy starting models. Amongst human predictions,

refinement of five targets (Figure 2A, arrows) resulted in high model

quality as assessed by both coordinate (GDT-HA > 70) and contact

(SphereGrinder [SG] > 90) measures. Over 16 targets refined with the

high-resolution strategy, the average ΔGDT-HA was +4.0 (SD 6.4). This

is a substantial improvement over our CASP12 results3 in which average

improvement was +1.2 (SD 3.9) on 19 targets in a similar starting model

quality range.

Our “model 1” submissions were consistently the best or close to

the best in GDT-HA metric among all our submitted models

(Figure 2C). Structure averaging of low energy conformations in the

Rosetta refinement calculations generally produced better models

than the other selected single models, and the subsequent MD refine-

ment consistently increased GDT-HA when the input Rosetta-refined

model had reasonable model accuracy. This latter trend is weaker

when improvements are assessed using a superposition-free metric

(SG, Figure 2D); indeed most of the improvements in SG were

achieved in the Rosetta-refinement stage.

Our prediction for target R0974s1 is among the most accurate in all

CASP refinement challenges (Figure 3A). Model 1 from our human pre-

diction has a GDT-HA of 93 and Cα-RMSD of 0.48 Å. Post analysis on

this target indicated a complementary role of Rosetta and explicit water

MD as observed previously2,21,22: while Rosetta successfully recovered a

critical error at the C-terminus and side-chain orientations around it, MD

successfully brought the positions of backbones and side-chains even

closer to the crystal structure. Our MD refinement alone on the input

model did not result in this level of accuracy (GDT-HA of 83 and RMSD

1.6 Å). However, when more aggressive sampling with MD was tried by

the Feig group involving multiple rounds of Markov state simulations

with restraints,23 high-accuracy refined models were achieved compara-

ble to ours. Based on our results and those of the Feig group on

R0974s1, even for relatively easy refinement problems, it is critical to

allow significant energy barrier hopping during search.

Three additional high-accuracy predictions are shown in Figure 3B-D

for which substantial improvements were achieved over the starting

models. Similar to R0974s1, all of these models improved in local regions

(highlighted as arrows) initially deviating from the native structure while

the detailed packing of secondary structures was also improved.

As noted earlier, the only factor that consistently improved our

human predictions over our automated predictions was to add co-

evolution information when it was reliable. Over the five targets for

which co-evolution information were incorporated, the improvement

over the starting models was greater for the human than the automated

F IGURE 2 Overall results in CASP13
refinement category by group BAKER. (A, B)
Scatter plots comparing the model qualities
of our model1 submitted predictions (y-axis)
and the starting models (x-axis). Targets
refined with the high-resolution strategy (ie,
regularized search) and low-resolution
strategies are colored in blue and red,
respectively. Dots with surrounding circles
correspond to the targets refined with
symmetry. (A) GDT-HA and
(B) SphereGrinder. (C, D) Quality of all five
models submitted. Targets are sorted based
on their model 1 improvements. Model
1 and 2 are shown in purple and green dots,
respectively, while the rest of five models
are in error bars. (C) GDT-HA and
(D) SphereGrinder

PARK ET AL. 1279

 10970134, 2019, 12, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/prot.25784 by U

niversity O
f W

ashington, W
iley O

nline L
ibrary on [21/10/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



submissions, average ΔGDT-HA of 5.2 and 1.1, respectively (the

improvements are not distinguishable over the remaining 24 targets).

The co-evolution restraints do not contribute by helping build missing

contacts: all the starting models satisfy all the restraints from co-evolu-

tion. Instead, the co-evolution information further restrains the search

space to a region that includes the correct structure, especially for those

targets for which the more aggressive unconstrained search strategy was

used (R0949 and R0997). Without restraints from co-evolution, model

quality decreased using the automated protocol (ΔGDT-HA by −6 for

R0949 and ΔSG by −20 for R0997).

3.2 | What did not work

It has been consistently observed both in CASP and in our previous stud-

ies1,2,21 that refinement of proteins larger than 120 residues is very diffi-

cult due to the rapidly increasing size of conformational space. This is likely

whywe did not observe significant improvements with our low-resolution

protocol in this CASP: there were no refinement targets shorter than

110 residues in this category (when startingmodel's GDT-HA <50).

We incorporated symmetric modeling into our refinement proto-

col in this CASP but this did not have a big effect. R0981-D4, one of

the targets refined with symmetry, was considerably improved, but in

regions distant from the oligomeric interface (Figure 3E); it is not clear

whether refinement in oligomeric context added any value over run-

ning it on a monomeric context.

4 | DISCUSSION

4.1 | How accurate are the predictions compared to
predictions in TS category?

In this CASP, great progress was achieved in regular tertiary structure

prediction driven by deep learning applied to co-evolution data. The best

predictors in refinement category did not utilize deep learning but were

F IGURE 3 Examples of successful model refinement. In all panels, native structures, starting models, and final refined models are shown in
gray, red, and blue, respectively. Regions initially wrong in the starting models are highlighted in black arrows. In each panel, the change in
backbone RMSD produced by refinement is shown next to target index. (A) R0974s1, refined model is very close to the crystal structure. Wrong
conformation at the C-terminus of starting model was fixed at Rosetta-refinement stage (panel at the middle, model colored in yellow), and
further improved through MD simulations. Model quality improves from starting to Rosetta-stage to final MD-stage by 66 to 73 to 93 in GDT-

HA, and 93 to 100 to 100 in SphereGrinder. (B-D) Other targets refined to high accuracy. Refined models for all these cases achieved GDT-
HA > 70 and RMSD <1.5 Å. Floppy residues from 1 to 4 are trimmed from the native structure for the evaluation of R0976-D2. (E) R0981-D4, an
example of refinement with symmetry. The protein forms a homotrimer in the template and crystal structure, the oligomeric interface of which is
shown as a gray circle. The major improvement comes from fixing helical placement as highlighted in black arrow. Structural errors at the
interface, highlighted by orange arrows, were not improved by refinement

1280 PARK ET AL.
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able to achieve considerable increases in accuracy. It is instructive to

compare predictions from the two different categories to understand the

value added from refinement efforts (it should be noted that this is not a

completely fair comparison because refinement predictions always

started with the knowledge of the best server model). Models from the

refinement category were consistently better than the best human regu-

lar tertiary structure (TS) predictions on the 29 targets that the organizers

included in both the refinement and TS categories (Figure 4A). Refine-

ment improved both side-chain packing of the core (to make it specific

for the amino acid sequence of the protein being modeled) (Figure 4B)

and the backbone in regions with considerable sequence variation

(Figure 4C); sequence co-evolution learned at the entire family level is

not expected to capture either of these well. Modeling these aspects of

protein structure will likely be an important role for refinement methods

as deep learning coupled with co-evolution based structure prediction

continues to advance.

We expect deep-learning techniques to contribute to protein

structure refinement in the near future. Likely areas include both sea-

rch and scoring, for example, more precisely identifying regions which

refinement should focus on, suggesting moves to make in these

regions, and ultimately optimization of protocol components or entire

protocols using reinforcement learning.
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