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ABSTRACT:

EM-Fold was used to build models for nine proteins in
the maps of GroEL (7.7 A resolution) and ribosome

(6.4 A resolution) in the ab initio modeling category of
the 2010 cryo-electron microscopy modeling challenge.
EM-Fold assembles predicted secondary structure
elements (SSEs) into regions of the density map that were
identified to correspond to either a-helices or B-strands.
The assembly uses a Monte Carlo algorithm where loop
closure, density-SSE length agreement, and strength of
connecting density between SSEs are evaluated.
Top-scoring models are refined by translating, rotating,
and bending SSEs to yield better agreement with the
density map. EM-Fold produces models that contain
backbone atoms within SSEs only. The RMSD values of
the models with respect to native range from 2.4 to 3.5 A
for six of the nine proteins. EM-Fold failed to predict the
correct topology in three cases. Subsequently, Rosetta was
used to build loops and side chains for the very best
scoring models after EM-Fold refinement. The refinement
within Rosetta’s force field is driven by a density
agreement score that calculates a cross-correlation
between a density map simulated from the model and the
experimental density map. All-atom RMSD:s as low as

3.4 A are achieved in favorable cases. Values above 10.0 A
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are observed for two proteins with low overall content of

secondary structure and hence particularly complex loop
modeling problems. RMSDs over residues in secondary
structure elements range from 2.5 to 4.8 A. © 2012 Wiley
Periodicals, Inc. Biopolymers 97: 669-677, 2012.
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protein structure prediction
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INTRODUCTION
ryo-electron microscopy (cryoEM) has become the
protein structure elucidation method of choice for
proteins that evade crystallization and are too large
for nuclear magnetic resonance (NMR). It is particu-
larly well-suited for large proteins or protein com-
plexes. Within the last few years, the first cryoEM density
maps at resolutions better than 4 A have been published."
Density maps in this resolution range allow direct protein
model building by tracing the backbone. However, the vast
majority of published cryoEM density maps still fall in the
medium resolution (4-10 A resolution) or low resolution
(worse than 10 A resolution) category. Over the past 20
years, researchers have developed a plethora of computa-
tional methods and algorithms that aid in the interpretation
of these medium to low resolution density maps. A compre-
hensive overview of these methods can be found in Ref. 3. In
summary, the available methods can be grouped into the fol-
lowing categories: (A) methods that segment a density map
of a protein complex into parts that correspond to density of
individual proteins. These programs are applicable to both
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medium- and low-resolution density maps. (B) Methods
that identify secondary structure elements (SSEs) in a density
map. This is generally only possible for medium-resolution
density maps as a-helices become visible at about 10 A reso-
lution and f-strands can be discerned at about 5 A resolu-
tion. (C) Methods that fit high-resolution protein models
(generally crystal structures) into a density map. These meth-
ods are referred to as rigid body fitting algorithms as they
probe different positions and orientations of high resolution
models in density maps without altering the fitted structure.
(D) Methods that fit high-resolution protein models (gener-
ally crystal structures) into a density map, while simultane-
ously adapting the fitted structure to obtain the best possible
agreement between structure and density map. These meth-
ods are referred to as flexible fitting algorithms. Methods in
categories C and D can generally be applied to medium- and
low-resolution density maps. (E) A last group of programs
aims to “de novo” or “ab initio” fold proteins from their pri-
mary sequence using the density map as a folding restraint.
Methods in this category generally work best with medium-
and high-resolution density maps.

EM-Fold, a member of group E, was developed to use me-
dium resolution cryoEM density maps as folding constraints
for de novo protein folding.*” It assumes that SSEs are iden-
tified in the map. Using the primary sequence of the protein,
EM-Fold builds up a pool of predicted SSEs from a consen-
sus of several secondary structure prediction methods. Pre-
dicted SSEs are then assembled into the density segments
identified to correspond to SSEs. A refinement step where
SSEs are translated, rotated, and bent to optimize SSE pack-
ing and agreement with the density map is followed by loop
building and iterative relaxation and refinement in Rosetta.
EM-Fold has previously been tested in two benchmarks on a
total of 37 proteins of known structure.? In both tests, EM-
Fold was able to build the correct topology among the top
scoring proteins in about 70% of the cases. The improved
version in combination with Rosetta® was also able to refine
the majority of the benchmark proteins to atomic resolu-
tion.® The vast majority of benchmark cases so far had simu-
lated density maps.

The cryoEM modeling challenge held in 2010 offered an
avenue to test algorithms using experimental density maps
on problems falling into the five-described categories. A sixth
category tested the model building from high resolution den-
sity map through backbone tracing. Experimental density
maps from six different biological systems at different resolu-
tions were provided. The resolutions of the maps ranged
from 3.0 to 23.5 A. Three of the provided maps were high re-
solution, nine were medium resolution, and one map was
low resolution. In the context of the cryoEM modeling chal-

lenge, EM-Fold was tested on a total of nine proteins
extracted from two of the provided density maps. These nine
proteins were chosen because their maps were medium reso-
lution, SSEs were visible in the maps, the respective protein
size did not exceed previously tested sizes for EM-Fold and
the SSE content was at least 35%. In this study, the authors
present the results of using EM-Fold to build models for
these nine proteins.

RESULTS AND DISCUSSION

EM-Fold is a program that folds proteins de novo into me-
dium-resolution density maps. For this, only the primary
sequence and positions of identified SSEs from the density
map are used. Based on the primary sequence, SSEs are pre-
dicted and stored in a pool of SSEs. In the initial assembly
step, SSEs from the pool are randomly placed in the density
map to build sets of possible protein models. Models are
scored based on their SSE-density rod length agreement and
their loop properties. A subsequent EM-Fold refinement
step slightly perturbs the SSEs to maximize agreement with
the shapes of the observed density rods. The final step is a
multi-step refinement protocol in Rosetta that builds loop
regions and improves the protein models. EM-Fold was
used to predict structures of nine proteins based on their
density map in the ab initio-modeling category of the mod-
eling challenge.

Challenge Proteins have Lower Secondary Structure
Content than EM-Fold Benchmark*®

Experimentally determined density maps of six different
macromolecular complexes were provided in the modeling
challenge. These maps contained a total of 116 distinct
chains. Nine proteins (2C7DU, 3FICD, 3FICG, 3FICZ,
3FINFE, 3FING, 3FINL, 3FINR, 3FINU) from two different
maps (GroEL at 7.7 A resolution and ribosome at 6.4 A reso-
lution) were picked as targets for EM-Fold de novo protein
folding. Selection criteria included the resolution of the map
(around 7 A), overall quality of the map (SSEs had to be visi-
ble), and protein size (EM-Fold has been tested for proteins
up to 350 amino acids and up to 15 SSEs). The high-compu-
tational demand of the protocol made it prohibitive to work
on all 19 remaining test cases. In turn, the authors focused
on smaller proteins with a predicted secondary structure
content of at least 35% — i.e., cases that the authors expect
are favorable for EM-Fold. Crystal structures were available
for all target proteins and results were evaluated based on
comparison with the PDB coordinates. Table I displays the
size, number of SSEs, and fold complexity as measured by
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TableI Summary of Structural Properties of the Nine Modeling Challenge Target Proteins of EM-Fold

Secondary Structure Content

Protein No. of Residues No. of Helices/No. of Strands® Contact Order” (Total, Helical, Strand) (%)°
2C7DU 97 0/4 0.145 37,3, 34
3FICD 208 5/0 0.062 45,37, 8
3FICG 155 6/0 0.065 55,52, 3
3FICZ 405 6/15 0.063 55,21, 34
3FINF 208 4/1 0.074 40, 32, 8
3FING 181 4/2 0.099 36, 25, 11
3FINL 138 4/3 0.067 59,41, 18
3FINR 117 4/2 0.085 56, 44, 12
3FINU 117 4/0 0.036 63,63,0

Average contact order and standard deviation

0.077 (0.031)

? The number of a-helices and f3-strands with at least 12 and 5 residues, respectively, is given.

b Relative contact orders were computed with a contact cutoff of 6 A.

¢ The relative amount of secondary structure elements (o-helices and f-strands) of the entire sequence is listed.

relative contact order’ for all test proteins. Contact order is
defined as the average sequence separation of all pairs of resi-
dues that are in contact, i.e., that are within a certain distance
in the folded protein. High-contact orders indicate complex
protein fold topologies as there are many nonlocal contacts
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FIGURE 1 Comparison of contact order and secondary structure

content of proteins targeted in the modeling challenge and of pro-
teins from previous benchmarks. Relative contact order with a con-
tact cutoff of 6 A is plotted against total secondary structure content
in percent (sum of helical and strand content). The nine proteins
that were modeled with EM-Fold in the challenge are marked with
circles, while proteins from previous EM-Fold benchmarks are plot-
ted using triangles. The size of the symbols correlates with the suc-
cess in folding the protein. The largest symbols correspond to cases,
where full length models with an RMSD of less than 5 A were gener-
ated. Medium-sized symbols correspond to cases, where building
the model was still possible, but the RMSD was worse than 5 A.
Small symbols indicated failure to build a model having the correct
topology. Challenge proteins exhibit a lower SSE content than pro-
teins from previous benchmarks.
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in the protein and represent a formidable challenge to com-
putational protein folding. These numbers are in approxi-
mate agreement with the proteins used in the previously
published benchmarks of EM-Fold.*® Relative contact
orders range from 0.03 to about 0.15, with an average of
0.08 and a standard deviation of 0.03 (see Figure 1). Pro-
teins within both groups scatter over the full range. Differ-
ences become apparent when comparing the secondary
structure content of the challenge proteins with those from
previous benchmarks. The secondary structure content of
the proteins targeted in the challenge ranges from 36 to
63% (with an average of 50%), which is considerably less
than the 68% average SSE content in the previous bench-
marks. As a result of this loop regions in challenge proteins
were considerably longer than for the benchmark proteins.
This situation complicates two parts of the EM-Fold proto-
col: the EM-Fold assembly step relies on a loop score that
ensures SSEs can still be connected once placed into the
density. Longer loops will increase the total number of pos-
sible SSE placements that need to be sampled as consistent
with this score. Second, the last step of model construction
incorporates loop regions and refines the atomic-detail
model using the density map as a restraint. This part of
EM-Fold has to sample larger conformational spaces for the
long loop regions.

Assembly Step Identifies Correct Topology for Six
Out of Nine Challenge Proteins

Besides secondary structure prediction, identification of den-
sity rods corresponding to SSEs is a crucial prerequisite for
execution of EM-Fold. As both the segmentation of density
maps and the automated identification of SSEs in the density
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Table II Summary of Folding Results for the Nine Modeling
Challenge Target Proteins of EM-Fold

RMSD (A)*
EM-Fold EM-Fold Rosetta

Protein Assembly Refinement Refinement
2C7DU 2.6 2.4 5.6 (2.5)
3FICD 3.8 3.1 11.4 (4.8)
3FICG 5.3 3.5 7.0 (3.6)
3FICZ - - -
3FINF 3.0 2.8 13.9 (3.5)
3FING - - -
3FINL - - -
3FINR 42 2.4 4.6 (3.7)
3FINU 4.3 3.3 3.4 (2.6)

# RMSDs are calculated over all backbone atoms. RMSDs over SSE resi-
dues are in parentheses. Models after the EM-Fold assembly and refinement
step do not contain residues in loop regions.

maps were addressed by separate categories of the modeling
challenge, the authors decided to use information from the
crystal structures to perform these tasks to not bias EM-Fold
input. The first step of the EM-Fold folding protocol identi-
fied the correct topology for six out of nine proteins targeted
in the challenge. This corresponds to a success rate of about
67% and is comparable to the ca. 70% success rate seen in
previous benchmarks. The 67% success rate encompasses the
success of correctly predicting SSEs and assembling models
with the correct topology in the EM-Fold assembly step. This
suggests that the loop score also works reliably in distinguish-
ing correct from incorrect topologies in the context of longer
loop lengths. The RMSDs of the models after the assembly
step range from 2.6 to 5.3 A. Table II summarizes the results
of the assembly step. Models for the successful topologies
were advanced to the refinement step, where SSEs are trans-
lated, rotated, and bent to maximize the agreement of the
model with the experimental density map. The EM-Fold
refinement step improves the RMSDs of the models to fall in
a range between 2.4 and 3.5 A. Column 3 in Table II lists all
the results of the refinement step. The quality of the models
after refinement step is comparable in terms of RMSD to
refined models in previous benchmarks.*®

Full-Length Model Accuracy is Limited by

Long Loop Lengths

Starting from models after the EM-Fold refinement step
(RMSDs between 2.4 and 3.5 A), it was hypothesized that
some of the six successful topologies can be refined to atomic
detail accuracy by Rosetta.” However, none of the proteins

was refined below a RMSD of 3 A. The correct topology
models after Rosetta refinement range from 3.4 to 13.9 A
RMSD. When calculating the RMSD over just the residues in
SSEs, the RMSDs are considerably better (2.5-4.8 A RMSD).
In some cases, these values are slightly worse than the start-
ing models after the EM-Fold refinement step. This can be
attributed to the necessity of having to move residues in SSEs
to construct the long-loop regions. Results after Rosetta
refinement are shown in Table II. Superimpositions of the
final models with the experimental structures and the density
maps are also shown in Figures 2—4. It can be seen that the
large RMSD wvalues result from deviations in the loop
regions. It has been shown that building longer loops is a
considerable more challenging task in Rosetta than building
shorter loops.® These results reveal a limitation of the EM-
Fold model building protocol that was not apparent in previ-
ous benchmarks. Building of low RMSD full atom models
heavily depends not only on low RMSDs of EM-Fold refined
models but also on high sequence coverage of SSEs in the
SSE pool. Figure 2 and Figure 3 also display the Rosetta
energy versus SSE RMSD plots over the three rounds of
refinement. These plots highlight one of the most challenging
tasks, which is associated with evaluation of the models that
emerge from the EM-Fold protocol—identification of the
correct topology—if the native structure was not known.
While the correct topology is not a member of the lowest
energy cluster in all cases, it had to be noted that it is within
one of the lowest scoring clusters in all proteins throughout
all three rounds of refinement. This demonstrates the ability
of the Rosetta scoring function to identify native-like topolo-
gies even in the absence of atomic-detail information. Previ-
ous benchmarks demonstrated that, it is possible to uniquely
identify a native-like model using the Rosetta score, if the
RMSD values fall below a certain threshold. Unfortunately,
this was not possible in these cases—probably due to the
smaller secondary structure content of the proteins. How-
ever, the correct topology is still identified as one of the top
10 scoring models. This gives researchers the ability to exper-
imentally test a small number of hypothetical structures.
Figure 5 presents models from rounds 1-3 for 3FINU, the
protein that was most accurately predicted using EM-Fold.
The biggest challenge in this case was the long, bent central
helix. Every step of the protocol was able to improve the
model, matching the experimental structure and in particu-
lar, the bent helix more closely.

Lessons from the Challenge
EM-Fold has been successful to predict the correct topology
for six out of nine test cases from the cryoEM modeling

Biopolymers
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FIGURE 2 Superimposition of final models after Rosetta refinement with native structures from
PDB files. Examples for models with good overall agreement are shown. Superimposition of the
final models (colored in rainbow) of 2C7DU (A), 3FINR (B), and 3FINU (C) with the original
PDB structures (gray) are shown. Additionally, plots of Rosetta full atom energy versus RMSD of
the model SSEs with respect to the native structure are shown. Structures from the first round of
refinement are colored green, structures from the second round are blue, while the structures after
the third round are shown in black. RMSDs are calculated over all backbone atoms. (A) 2C7DU
has 97 residues. The model shown has a RMSD of 5.6 A over the full length of the protein and 2.5
A over the residues in SSEs. (B) 3FINR has 117 residues. The model shown has a RMSD of 4.6 A
over the full length of the protein and 3.7 A over the residues in secondary structure elements. (C)
3FINU has 117 residues. The model shown has a RMSD of 3.4 A over the full length of the protein
and 2.6 A over the residues in secondary structure elements.

challenge de novo. This result matches performance in previ-
ously published benchmarks.*® Nevertheless, the experiment
provided interesting insights that will help to improve the
method in the future: (1) Large loop regions proved prob-
lematic in building high accuracy full length models of the
proteins. A stepwise loop construction using the density as a
restraint is one possible avenue to address this limitation. (2)
It became apparent that EM-Fold performs best for proteins

Biopolymers

with high secondary structure content. While not unexpected
this finding highlights a limitation of the method. (3) When
using EM-Fold in the challenge, it was assumed that the den-
sity map had already been segmented to reveal the protein
chain of interest and those SSEs had been identified from the
density map. Algorithms that perform these tasks are avail-
able and were tested during the challenge as well. In the chal-
lenge, EM-Fold integrated Rosetta for atomic-detail refine-
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FIGURE 3 Superimposition of final models after Rosetta refinement with native structures from

PDB files. Examples for models are shown that

exhibit large RMSD over the full length of the

model, but are in good agreement in regions of secondary structure. Superimposition of the final
models (colored in rainbow) of 3FINF (A) and 3FICD (B) with the original PDB structures (gray)
are shown. Additionally, plots of Rosetta full atom energy versus RMSD of the model SSEs with
respect to the native structure are shown. Structures from the first round of refinement are colored
green, structures from the second round are blue, while the structures after the third round are
shown in black. RMSDs are calculated over all backbone atoms. (A) 3FINF has 208 residues. The
model shown has a RMSD of 13.9 A over the full length of the protein and 3.5 A over the residues in
SSEs. (B) 3FICD has 208 residues. The model shown has a RMSD of 11.4 A over the full length of the
protein and 4.8 A over the residues in secondary structure elements.

ment.” Thus, EM-Fold can be regarded as one algorithm in a
set of many valuable tools that can be part of protein model-
ing from cryoEM density maps.

Being able to test EM-Fold on a large number of experi-
mental maps for a variety of different systems, gave a clearer
picture of the strengths and weaknesses of the algorithm.
Possible avenues of improvement include increasing the ac-
curacy of models after EM-Fold refinement simplifying and
accelerating the atomic-detail refinement step. Stepwise con-
struction of loop regions, inclusion of shorter SSEs, or a

sequence shift move will be tested in this regard. In the scor-
ing function, sequence-dependent terms will be added that
discriminate better for native-like placement of SSEs in the
assembly phase.

The authors do believe that this challenge benefited the
still young field of cryoEM modeling techniques and will
spur many improvements of the involved methods. The large
collection of experimental density maps gathered made for
an impressive benchmark set. The challenge not being blind
is a limitation but not a critical one. Many of the computa-

Biopolymers
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FIGURE 4 Superimposition of the final models after Rosetta refinement with native structures
from PDB files and experimental density maps. Superimposition of the final models (colored in
rainbow) of 2C7DU (A), 3FINR (B), 3FINU (C), 3FINF (D), and 3FICD (E) with the original PDB
structures (gray) are shown.

tional methods for density map modeling (ours included)
are still in early stages when compared with modeling techni-
ques for more established methods like X-ray crystallography
and NMR spectroscopy. The challenge provided feedback
and some comparison between methods. It would be advan-
tageous, if future challenges had some element of blind-
prediction. The authors would like to thank the organizers
for their hard work in putting the challenge together.

MATERIALS AND METHODS

Folding Protocol

The general EM-Fold folding protocol is described by Lindert et al.*
EM-Fold had previously been used to predict models for 37 soluble
proteins based on simulated density maps. There EM-Fold had been
demonstrated to work well for proteins ranging in size between 150
and 350 amino acids. The scenario encountered in the challenge was
slightly different from the benchmark situation in that the maps did
not contain a single protein but in most cases multiple copies of sev-
eral different proteins. Before running EM-Fold, it is necessary to

Biopolymers

identify and segment density belonging to a single protein chain
and subsequently identify SSEs in the segmented density. Both of
these steps were addressed in separate categories in the challenge:
“Protein Segmentation” and “Secondary Structure Annotation.” The
authors thus decided to simply assume that algorithms exist to per-
form these tasks and segmented the density map based on informa-
tion from the crystal structure. Our contribution was testing the
core capabilities of EM-Fold in the ab initio modeling category. For
the challenge the secondary structure prediction algorithms jufo,”'°
psipred,'’ and PROFphd'?™* were used. The individual predictions
and a consensus of the three methods were inserted in a pool of sec-
ondary structure predictions. Based on these predicted SSEs, the as-
sembly step placed SSEs into the density map. A dynamic resizing of
SSEs accompanied by scoring the model secondary structure agree-
ment with the original predictions was applied during the assembly
step. As demonstrated in previous benchmarks, the assembly step is
not able to identify the correct topology uniquely by score alone.
Thus the top 150 scoring topologies after the assembly step are used
as input for the refinement step. If the correct topology does not
score among the top 150 models, the protein is labeled a failure.
The refinement step rotated, translated, and bent SSEs. The agree-
ment of the refined model with the density map was judged by a
cross-correlation density agreement score. The models generated
with the refinement step do not contain residues in loop regions
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FIGURE 5 Evolution of 3FINU models over the steps of the mod-
eling protocol. Superimposition of the correct topology models
(colored in rainbow) of 3FINU after the EM-Fold assembly step
(A), after the EM-Fold refinement step (B), and the Rosetta refine-
ment (C,D) are shown. The original PDB structures (gray) are
shown for comparison. (A) The model after the EM-Fold assembly
step only contains residues in SSEs and has an RMSD of 4.3 A to the
native structure. (B) The EM-Fold refinement improves the model
to an RMSD of 3.3 A. (C) Rosetta refinement finally builds in miss-
ing loop regions and refines the model to an RMSD of 3.4 A over
the full length of the protein and 2.6 A over residues in SSEs. Panel
D shows the final model after Rosetta refinement within the experi-
mental ribosome density.

or side chain coordinates. The top 75 scoring topologies after
the refinement step are used as input for the Rosetta loop building
and refinement. Three iterative rounds of Rosetta® refinement were
used to build loops and side chains and refine the full atom models
further.

EM-Fold Parameters
This section provides sample commandlines for the EM-Fold as-
sembly and refinement steps and discusses important parameters. A
sample commandline for the assembly step is:

bel.exe Fold -protocols EM -nmodels 1 -fasta protein.fasta -pool
protein.pool -mc_number_iterations 2000 500 -mc_temperature_
fraction 0.25 0.05 -body_restraint protein.cst_body 3.5 3.5 4.8 4.8

-1.0 -print_body_assignment -score_density_connectivity pro-
tein.mrc -write_minimization improved -sspred JUFO PSIPRED
PROFphd -sspred_path_sspred_files/

2000 rejected Monte Carlo steps are chosen as the terminate cri-
terion (also 500 rejected steps in a row cause early termination).
The target percentage of accepted steps falls from 25% at the begin-
ning of the simulation to 5% at the end of the simulation. A sym-
metric energy well of depth —1.0 and width 3.5 A (fall-off to depth
0.0 at deviations of 4.8 A and beyond) is chosen. A sample com-
mandline for the refinement step is:

bcl.exe Fold -protocols EM -nmodels 1 -native protein.pdb
-start_model assembly_model.pdb -score_density_agreement pro-
tein.mrc 7.7 TrilinearInterpolation CCC -fasta protein.fasta -pool
protein.pool -mc_number_iterations 2000 400 -mc_temperature_
fraction 0.25 0.05 -em_refinement

2000 rejected Monte Carlo steps are chosen as the terminate cri-
terion (here already 400 rejected steps in a row cause early termina-
tion). The target percentage of accepted steps falls from 25% at the be-
ginning of the simulation to 5% at the end of the simulation. The re-
solution of the simulated map for cross-correlation calculation is
expected to be identical to the resolution of the experimental map (7.7
A in the sample commandline). These parameters were used for all the
proteins in the challenge and the wide variety of benchmark systems
and there had to be no need to dramatically adjust them. Most nota-
bly, the size of the energy well for the length agreement score may have
to be adjusted according to the precision of the predicted SSEs.

Nine Protein Testcases

Nine distinct proteins (chain U from 2C7D, chain D from 3FIC,
chain G from 3FIC, chain Z from 3FIC, chain F from 3FIN, chain G
from 3FIN, chain L from 3FIN, chain R from 3FIN, chain U from
3FIN) from two different medium resolution maps (GroEL at 7.7 A
resolution and ribosome at 6.4 A resolution) were picked as targets
for EM-Fold de novo protein folding. The protein sizes ranged from
97 to 405 residues. In its newest version, EM-Fold can deal with
both o-helices and f-strands. Three of the proteins were a-proteins,
one was a pure f-protein and the remaining five proteins were o/f3-
proteins. A detailed summary of the protein structural statistics can
be found in Table I. Contact orders were calculated using the con-
tact order server at the University of Washington.'?

This research was supported by grants to Jens Meiler [NSF 0742762
“CAREER: Cryo-EM guided de novo Protein Fold Elucidation” and
NIH 1R01GMO080403 “Membrane Protein Structure Elucidation
from sparse NMR data (KAMP)”].
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