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ABSTRACT: Cryo-EM has become one of the prime
methods for protein structure elucidation, frequently yielding
density maps with near-atomic or medium resolution. If
protein structures cannot be deduced unambiguously from the
density maps, computational structure refinement tools are
needed to generate protein structural models. We have
previously developed an iterative Rosetta-MDFF protocol that
used cryo-EM densities to refine protein structures. Here we
show that, in addition to cryo-EM densities, incorporation of
other experimental restraints into the Rosetta-MDFF protocol further improved refined structures. We used NMR chemical
shift (CS) data integrated with cryo-EM densities in our hybrid protocol in both the Rosetta step and the molecular dynamics
(MD) simulations step. In 15 out of 18 cases for all MD rounds, the refinement results obtained when density maps and NMR
chemical shift data were used in combination outperformed those of density map-only refinement. Notably, the improvement in
refinement was highest when medium and low-resolution density maps were used. With our hybrid method, the RMSDs of final
models obtained were always better than the RMSDs obtained by our previous protocol with just density refinement for both
medium (6.9 Å) and low (9 Å) resolution maps. For all the six test proteins with medium resolution density maps (6.9 Å), the
final refined structure RMSDs were lower for the hybrid method than for the cryo-EM only refinement. The final refined
RMSDs were less than 1.5 Å when our hybrid protocol was used with 4 Å density maps. For four out of the six proteins the final
RMSDs were even less than 1 Å. This study demonstrates that by using a combination of cryo-EM and NMR restraints, it is
possible to refine structures to atomic resolution, outperforming single restraint refinement. This hybrid protocol will be a
valuable tool when only low-resolution cryo-EM density data and NMR chemical shift data are available to refine structures.

■ INTRODUCTION

Being able to determine or predict protein structure is of
paramount importance since protein structure determines
protein function.1,2 We also rely on macromolecular structure
information in structure-based drug design.3−5 With known
catalytic site structural information, drugs can be designed to
bind target proteins implicated in diseases to regulate function
and relive symptoms.4,6,7 Experimental methods of structure
determination have made tremendous contributions to our
understanding of protein structure. X-ray crystallography and
NMR have historically been the two most popular and widely
used experimental methods of structure determination.8,9 The
majority of the protein structures available in the PDB are X-
ray crystal structures. In NMR spectroscopy, distance restraints
of proximal atoms are obtained and have been utilized to
elucidate almost 13 000 protein structures.10 Cryo-electron
microscopy (cryo-EM) is another increasingly popular
technique to determine macromolecular structures.11−15

Cryo-EM is continuing to revolutionize the field of structural
biology and was also worthy of a recent noble prize
award.11,16,17

Despite their successes, there are some caveats associated
with experimental structure determination as well. Exper-
imental methods of protein structure determination are

expensive and time-consuming and have technical difficulties
associated with them.18 For example, in order to obtain X-ray
diffraction patterns of a protein, that protein first needs to be in
crystal form,18 which can be challenging particularly for flexible
proteins. NMR is mostly limited to small proteins although
there are exceptions.19 In cryo-EM, flexible protein regions are
commonly not resolved in the densities and it is still oftentimes
challenging to obtain side chain atom coordinates. For
example, receptor binding pocket side-chain residues are
frequently not explicitly defined in cryo-EM density maps.20

Therefore, in order to supplement experimental structure
determination, computational methods are valuable tools for
prediction of protein structure and function. Computational
tools are used routinely in understanding protein structure and
in bridging the sequence−structure gap that is continuously
increasing.21

Some computational methods are designed to predict
structures solely based on sequence (ab initio predictions).
Some of the software that is commonly used in ab initio
structure prediction are Rosetta, I-TASSER, QUARK, and
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MODELLER.22−25 Experimental restraints are used extensively
in protein structure prediction and refinement.26−29 Many
different types of experimental restraints have been used. Cryo-
EM densities,30−36 NMR chemical shifts,37,38 Nuclear Over-
hauser Effect (NOE) data,39,40 electron paramagnetic reso-
nance (EPR),41,42 small-angle X-ray scattering,43 mass
spectrometry,44−48 and fluorescence energy transfer micros-
copy (FRET)49 have successfully been used as restraints in
structure prediction and refinement. Using sparse experimental
data can significantly improve protein structure prediction and
refinement methods.
Two methods that can use sparse experimental data in

structure prediction and refinement are molecular dynamics
simulations and Rosetta. Rosetta is a macromolecular structure
modeling software50,51 and one of the most popular tools used
for structure refinement using cryo-EM experimental re-
straints.36,52 It can use sparse experimental data to predict
and refine protein structures.42,53 Cryo-EM density data is used
and the regions that least agree with the density maps are
identified and rebuilt in an iterative fashion.35,36,52,54 Notably,
Rosetta can use NMR data in refinement of structures in
conjunction with other types of experimental restraints in its
structure refinement protocols.55 Molecular dynamics (MD)
simulations are another computational method frequently used
in structure refinement.56,57 Restraints obtained from experi-
ments can be used in these calculations to bias the simulations
toward native-like structures. One such experimental data used
in molecular dynamics simulations is cryo-EM density data.
Cryo-EM density data was first incorporated in molecular
dynamics simulations by the Schulten group.58 In these
molecular dynamics simulations with flexible fitting (MDFF),
the cryo-EM density map is converted to an external potential
which is added in addition to the standard force field in
molecular dynamics simulations. This additional potential
function guides the model toward the density map structure.
NMR chemical shift data has also been incorporated into
molecular dynamics simulations, for example by PLUMED.59

In PLUMED an additional force field term is introduced based
on the agreement with a set of experimental chemical shift
data.59 Unlike in MDFF where the cryo-EM density is used as
the additional force field in the molecular dynamics
simulations, in PLUMED, the difference between the
measured and the experimental chemical shift data is used as
a linear bias potential to direct the simulations.
In our previous protein structure refinement protocols, we

only used cryo-EM density data in refining protein
structures.60−62 Here, we explored the simultaneous use of
cryo-EM density maps and NMR chemical shift data in
refining a set of protein structures in an integrated fashion.
Cryo-EM density maps and NMR chemical shifts contain
complementary information. Previously, these two experimen-
tal methods have been integrated to derive atomic structures
for the HIV-1 capsid protein C-terminal domain.39 In this
work, both of these experimental restraints were integrated and
applied at the same time to molecular dynamics simulations.
Here we went beyond the use of MD simulations by
employing an iterative approach where we utilized cryo-EM
density maps and NMR chemical shift data in Rosetta
refinement and molecular dynamics simulations. Our findings
show that the presence of multiple orthogonal experimental
restraints further improved the quality of refined structures.

■ METHODS
Ab Initio Protein Model Building.We selected six soluble

proteins (5NPG, 2N5B, 2L8O, 2N2T, 2MZJ, and 5T1N) with
NMR structures deposited in the PDB databank (Table 1).

The starting structures that were used as input into the
refinement protocol were generated using Rosetta ab initio
model building (in the absence of any experimental
restraints).63 None of the structures had any missing residues.
The number of residues in the starting structures ranged from
82 to 144. A total of 5000 models for each protein sequence
were generated using Rosetta ab initio model building without
using any experimental restraints. Rosetta ab initio builds
protein structures starting from the sequence by assembling
small protein fragments obtained from the PDB.63−65 Out of
the 5000 models generated for each protein sequence, the
lowest Rosetta all atom energy model was selected as the input
starting model for our refinement protocols.
RMSDs of the starting structures generated by Rosetta were

calculated using the BCL::Quality program66 using all
backbone atoms. The RMSDs of the models selected for
each protein were in the 4−7 Å range from the native
structure. These starting structures agreed with the native
structures in their overall topology and in the arrangement of
the secondary structure elements, however, some of the
backbone and most of the side chain orientations were not
accurate. This starting structure RMSD range is generally the
same range that one would get using manual model building
into low resolution cryo-EM density data. Alternatively, the
starting structures could be generated by combining
techniques such as Rosetta, SSEHunter, and EM-Fold.30−32

The RMSDs of these initial models mimicked the models that
are frequently built using other ab initio model building tools
and tracing of cryo-EM density maps. The starting structure
information and RMSDs are shown in Table 1.

Simulation of Density Maps. Density maps of all six
proteins were generated using the Situs package.67 Specifically,
Pdb2vol was used to generate volumetric maps of the native
protein structures. The voxel spacing used was one-third of the
desired resolution of the simulated density map. A Gaussian
smoothing kernel with amplitude 1 was used. Density maps at
three different resolutions were generated (4, 6.9, and 9 Å)
using the native NMR representative structures. Voxel spacings
of 1.3, 2.3, and 3 Å, respectively, were used for 4, 6.9, and 9 Å
resolution density maps. Higher resolution maps (4 Å) showed
backbone details of structures as well as some of the side chain

Table 1. Proteins Used in This Worka

PDB ID protein name
no. of
residues

starting
RMSD (Å)

5NPG Drosophila melanogaster Loquacious
dsRBD1

83 4.98

2N5B Yeast Thioredoxin 103 4.93
2L8O Chr148 from Cytophaga

hutchinsonii
144 6.56

2N2T de novo designed protein target
OR303

84 5.22

2MZJ Nop6-RBD from S. Cerevisiae 82 4.98
5T1N phosphocarrier protein NPr 85 5.12

aThe names of the proteins, the number of residues, and the ab initio
starting model RMSDs are shown. The starting RMSDs are in the
range of 4−7 Å. All proteins have less than 150 residues.
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details. Medium resolution (6.9 Å) and low-resolution maps (9
Å) did not resolve side chain and backbone coordinates.
Cryo-EM Density and Chemical Shift Guided Rosetta-

MD (Hybrid Protocol). The initial starting models for the
protocols were obtained using Rosetta ab initio model building
without using any experimental restraints. In the new hybrid
protocol three iterative rounds of Rosetta-MDFF were
performed guided by both CS data and cryo-EM density
data (Figure 1).

After each round of MDFF simulation the final frame
obtained was input into the next Rosetta refinement step. Out
of all the models generated during the Rosetta step, a model
was picked based on the fit of the model to the density map.
This model was used as input into the next MDFF step. After
three Rosetta-MDFF iterations, the final models were obtained
after the third round of the Rosetta refinement step. CS-based
fragments were used in the Rosetta model building steps. The
final models obtained after the third round of Rosetta were
validated by their chemical shift agreement using the ShiftX2
program. The chemical shift data was used in molecular
dynamics simulations using the PLUMED program that was
integrated into MD flexible fitting algorithm. Different MDFF
simulations corresponding to different PLUMED weights were
run in order to incorporate chemical shift data. From all the
simulations corresponding to different PLUMED weights, the
best fit-to-density final model out of all final frames was used in
the next Rosetta round (explained in more detail in the Results
and Discussion section). For comparison, the protocol was also

run without using any NMR chemical shift information exactly
as in our previous publication. Only cryo-EM density data was
used in this refinement.60

Experimental chemical shifts for backbone and side chain
heavy atoms (Cα, Cβ, C, and N) and backbone hydrogens
(Cα−H, N−H) were used. NMR chemical shift data for each
of the proteins was obtained from the PDB databank. If
experimental chemical shift data for a certain residue was
missing, these residues were ignored when calculating chemical
shifts and the data for these atoms were not considered. For
chemical shift biasing, the simulations were guided by the
reference experimental chemical shifts toward the experimental
native reference structure. After each time step, the chemical
shifts were calculated using Almost (CS2BACKBONE).59 The
difference between the measured and the experimental shift
(current deviation) was applied as a linear potential with a
slope (hereafter called the PLUMED weight) using
PLUMED.59

The MD simulations were biased using both the
experimental chemical shift data and the simulated cryo-EM
density maps. The chemical shift biased molecular dynamic
simulations were performed using PLUMED.59 Cryo-EM
density data was incorporated using molecular dynamics
flexible fitting (MDFF).68 In MDFF a potential corresponding
to the density map is applied during the simulations to guide
the structure toward the density map structure. In our hybrid
protocol, chemical shift-based biasing and the potential
corresponding to the density map were both integrated and
applied at the same time. The density map was converted into
a potential function that can be read by the MDFF simulations
using mdf f griddx. Particle Mesh Ewald (PME) was used with
periodic boundary conditions in each simulation. A local
interaction distance cutoff of 12 Å was used for van der Waals
and electrostatic calculations. The simulation pairlistdist and
nonbondedFreq were set to 13.5 and 1 Å. In our previous
publications we showed that the default scaling factor of 0.2
does well overall for most of the test cases.60 Therefore, we
used the default density scaling factor of 0.2 in this study. For
molecular dynamics simulations NAMD 2.10 with
CHARMM22 force field was used. The MDFF package
ssrestraints was used to apply restraints to enforce that
secondary structures were maintained. All simulations were
run at a 300 K simulation temperature for 1 ns.
The simulations were run at the following PLUMED bias

weights: 0.0001, 0.0005, 0.001, 0.005, 0.01, and 0.05. After
each simulation, the last frame was extracted. The fit-to-density
of each of the last frames was calculated using Rosetta density-
tools,54 to measure the model-map agreement for all the
different PLUMED bias weight simulations. In previous work
we observed a correlation of high fit-to-density values and
native-like structures.60 The best fit-to-density model (corre-
sponding to one PLUMED bias weight) was used in the
subsequent Rosetta step in each case.
During the Rosetta refinement step, regions that least agree

with the density map were identified and rebuilt. Amino acid
sequence fragments (three-residue and nine-residue) were
generated using the Robetta server based on the fasta sequence
of the target protein.69 The chemical shift information for the
target protein was also used as input when generating fragment
files.70 These fragments were subsequently used in Rosetta ab
initio structure prediction. Usage of chemical shift-filtered
fragments led to a targeted reduction of the protein structure
search space.

Figure 1. Schematic diagram illustrating the two structure refinement
protocols used in this study. The initial models that were input to the
protocols were obtained using Rosetta ab initio model building
without using any experimental restraints. In the first protocol which
is the same protocol used in our previous publication, three rounds of
Rosetta-MDFF were run iteratively without using any chemical shift
information. Only cryo-EM density data was used in this refinement.
In the new hybrid protocol, three rounds of Rosetta-MDFF were
performed using both chemical shift data and cryo-EM density data.
The final models were obtained after the last round of Rosetta and
validated by their chemical shift agreement using the ShiftX2
program. The chemical shift data was used in molecular dynamics
simulations with the PLUMED program which was integrated into
the MD flexible fitting algorithm. In the Rosetta steps of the protocol,
chemical shifts were used in picking the fragments in the model
building step.
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During each Rosetta step of the hybrid protocol a total of
5000 independent models were generated. RMSDs of each
model were again calculated using BCL::Quality program. The
fit-to-density score of each model was calculated using Rosetta
density tools. This score gives an indication of how well the
models agree with the density map of the native structures.
After each Rosetta round the best fit-to-density model was
obtained as input to the next MDFF round. Rosetta refinement
was performed three times iteratively. After the third round of
Rosetta the model picked was considered the final refined
model. For comparison purposes, the initial structures were
also refined using our previous cryo-EM density guided
refinement protocol without using any NMR chemical shift
data.60

■ RESULTS AND DISCUSSION

In this work, we used a combination of cryo-EM density maps
and experimental NMR chemical shift (CS) data as restraints
in computational protein structure refinement. Restraints from
both methods were used in Rosetta and molecular dynamics
simulation steps to refine the protein structures. We tested our
iterative protocol on six proteins where experimental NMR
chemical shift data was available and additionally guided the
simulations by cryo-EM density maps of varying resolutions (4,
6.9, and 9 Å). We iteratively applied molecular dynamics and
Rosetta refinement over the course of three rounds. Chemical
shift data was incorporated into Rosetta in the fragment
building step. CS data was also used in molecular dynamics
simulations by integrating it directly into the MD flexible
fitting algorithm. For each molecular dynamics simulation, two
files were given as input for restraining the simulations; the
cryo-EM density and NMR chemical shift data. For
comparison, we also repeated the protocol without using any
NMR chemical shift information, exactly as we did in our
previous publication using only cryo-EM density.
During each MD simulation step, six PLUMED weights

(0.0001, 0.0005, 0.001, 0.005, 0.01, and 0.05) were used to run
six different simulations. The cryo-EM density potential was
always applied while running simulations. The simulations
tended to get unstable when PLUMED weights of 0.1 or
higher were used with the density potential. After each
simulation, the fit-to-density of the final frames of the six
simulations (corresponding to different PLUMED weights)
were calculated. We picked the best model based on the fit-to-
density score. Table 2 shows an example of the effect of

different PLUMED weights on protein RMSDs and the fit-to-
density scores for the last frame in the final round of MDFF for
2L8O. At a PLUMED weight of 0.05, the highest fit-to-density
of 0.92 corresponded to the lowest RMSD structure (1.71 Å).
A significant improvement was obtained compared to the
density-only refinement of 2L8O which yielded a model with
an RMSD of 4.26 Å. The average RMSD of all other last
frames (generated by nonzero PLUMED weights that did not
yield the best fit-to-density) of the simulations corresponding
to each PLUMED weight was compared to the best fit-to-
density weight RMSD for all benchmark proteins (Figure 2).
For MDFF1, MDFF2, and MDFF3 the final frame
corresponding to the best fit-to-density was significantly better
than the averaged model RMSD obtained for all other
PLUMED weights. Out of all the MDFF rounds for all
benchmark proteins, the best RMSD model was picked using
the fit-to-density score in 89% of the time. There were only
two cases for which the model selected by the best fit-to-
density score had a slightly higher RMSD than the average of
the other models. Even for these two cases this difference in
RMSD was not significant. Hence, we used the fit-to-density to
select the simulation (i.e., PLUMED weight) that best agreed
with the NMR chemical shift data.
To test the effect of the combined NMR/cryo-EM guided

refinement, we also performed three rounds of iterative
refinement guided by cryo-EM density maps only for
comparison. The RMSDs of the last frame of MDFF1,
MDFF2, and MDFF3 simulations when only cryo-EM density
maps were used in refinement and when cryo-EM density and
NMR chemical shift data were both used in refinement were
compared. In each of these steps, 5/6 times using NMR
chemical shift data in addition to cryo-EM data yielded better
RMSD models (Figure 3). On average, an RMSD improve-
ment of 3.11 Å was observed when a dual NMR/cryo-EM-
guided refinement was performed at a map resolution of 6.9 Å.
We examined three different density map resolutions (4, 6.9,
and 9 Å) and the ability of NMR chemical shift data to
supplement the density map during refinement. Figure 4 shows
the RMSDs for the final models for all three density map
resolutions where the refinement was guided by either cryo-
EM data or combined cryo-EM/NMR data.
Independent of whether or not chemical shift data was used

for the refinement, the RMSDs of the final models obtained by
the 4 Å density map refinement were the lowest and those
obtained using the 9 Å density resolution were the highest
(Figure 4). When NMR chemical shift restraints were used in
addition to near-atomic resolution (4 Å) density data, the final
structure RMSDs did not generally improve compared to the
cryo-EM-only refinement. In fact, guiding the refinement by
NMR chemical shift data frequently slightly worsened the final
model RMSD when near-atomic resolution density maps were
used. For 5NPG, 2N2T, 2MZJ, 2N5B, and 5T1N, we saw an
average increase in RMSD of 0.3 Å. However, for 2L8O even
with a 4 Å resolution density map, the final model was
significantly improved when NMR data was used for the
refinement. In the case of 2L8O, when NMR chemical shifts
were not used, the alpha helices unwound during the
refinement, causing RMSDs to the native structure of above
4 Å. However, when NMR chemical shifts were present, there
was significant improvement with the final model for all
density resolutions (Figure 4). When medium resolution (6.9
and 9 Å) density maps were used in the refinements, the final
model RMSDs when both cryo-EM data and NMR chemical

Table 2. RMSD and Fit-to-Density of the Final Frame
Obtained When Different PLUMED Weights Were Used for
2L8O, MDFF3 Rounda

PLUMED weight RMSD (Å) fit-to-density

0 (no PLUMED) 4.26 0.886
0.0001 1.71 0.923
0.0005 1.77 0.918
0.001 1.9 0.915
0.005 1.75 0.919
0.01 1.92 0.92
0.05 1.71 0.922
0.1 1.84 0.921

aThe highest fit-to-density (0.922) corresponded to the lowest RMSD
structure (1.71 Å) and showed a significant improvement compared
to the density only refinement of 2L8O (RMSD 4.26 Å).
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shifts were used (hybrid protocol) were better for all proteins
than when only cryo-EM density maps were used. Using NMR
chemical shift data in addition to the density maps yielded an
average RMSD improvement of 0.55 Å for the 6.9 Å resolution
density maps and an average RMSD improvement of 1.23 Å
for the 9 Å resolution density maps.
The model RMSDs decreased gradually with each step of

the protocol, as exemplified for 2N5B in Figure 5a and 2L8O
in Figure 6a. A similar improvement of RMSDs was observed

with our earlier membrane protein structure refinement
protocol as well.60 Here, we observed that a combination of
NMR chemical shift information with cryo-EM density maps,
generally led to a greater improvement in RMSDs than
compared with a cryo-EM-only refinement.
There was a clear drop in RMSDs after the first iteration for

all six proteins regardless of the density map resolution for
both the hybrid protocol and the cryo-EM only refinement.
After the first iteration, the RMSDs further dropped slightly

Figure 2. RMSDs of the models picked based on the best fit-to-density of the model and the average model RMSDs of all other nonzero PLUMED
weights for the 6 benchmark proteins. The RMSDs are shown for all the MDFF rounds (MDFF1, MDFF2, and MDFF3). Most of the time the best
fit-to-density model is significantly better than the RMSDs corresponding all the other PLUMED weights.

Figure 3. RMSDs of the last frame of MDFF1 (a), MDFF2 (b), and MDFF3 (c) simulations when only cryo-EM densities were used in refinement
(blue, green, and red, respectively) and when cryo-EM density and NMR chemical shift data were both used in refinement (black). The density
map resolution used was 6.9 Å. For each of these MDFF rounds, 5/6 times using NMR chemical shift data in addition to cryo-EM data helped
identify a better RMSD model.
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during the next two iterations of Rosetta-MDFF for the hybrid
protocol that used CS data. This general trend was observed
for all six test proteins. For example, for the last round of 2L8O
Rosetta refinement with a 6.9 Å density map, RMSDs for the
hybrid method were in the range of ∼1.8−3.2 Å (Figure 6b),
compared to an RMSD range of ∼3.6−5.2 Å for the cryo-EM
only refinement. For 2N5B, the difference in the range of
RMSDs for the models generated by the hybrid method and
the cryo-EM only refinement was not that distinguishable
(Figure 5b). However, with the hybrid method, models with

RMSDs of less than 2.4 Å were generated, while this was not
observed for the cryo-EM only refinement. In general, use of
the hybrid method allowed us to build models with low
RMSDs which were never generated with the cryo-EM only
refinement.
Root mean square error (RMSE) of Cα chemical shifts at

each time frame of the molecular dynamics simulations were
calculated using shiftx2. For the six proteins, the final RMSEs
were lower than the starting RMSEs when the hybrid protocol
was used. For 5NPG, 2L8O, and 5T1N the average decrease in

Figure 4. RMSDs after the final Rosetta round obtained for three different density map resolutions (4, 6.9, and 9 Å) are shown. (a) 5NPG. (b)
2N5B. (c) 2L80. (d) 2N2T. (e) 2MZJ. (f) 5TIN. The results are shown for pure cryo-EM density refinement (red) and the integrated cryo-EM
and NMR chemical shift refinement (black).

Figure 5. (a) RMSD variation with each step of the iterative Rosetta-MD protocol for 2N5B when 6.9 Å density maps were used and (b) model
Rosetta energy score vs the RMSD to the native for the last Rosetta round.
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Figure 6. (a) RMSD variation with each step of the iterative Rosetta-MD protocol for 2L8O when 6.9 Å density maps were used and (b) model
Rosetta energy score vs the RMSD to the native for the last Rosetta round.

Figure 7. Variations of RMSD, RMSE, and fit-to-density of models for the last round of MDFF for 5T1N. Models obtained from the hybrid
refinement protocol are shown in green, while models that were refined using only the cryo-EM density map are shown in blue.
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Cα chemical shift RMSE of the final MDFF3 simulations for
the hybrid protocol was 0.45 ppm (Figure S1). However, in
the case of refinement by just cryo-EM density data the final
RMSEs did not show the trend seen for the hybrid refinement.
An average increase of 0.51 ppm was observed. For 5NPG,
2L8O, 2N2T, 2MZJ, and 5TIN, the RMSEs increased with the
simulation time. For 2N5B, the RMSE slightly decreased but
was still considerably higher than what was obtained for the
hybrid protocol (1.61 vs 1.29 ppm).
The variation of RMSE, fit-to-density and RMSD were

further analyzed for final MDFF round models. We found

strong correlations between RMSE, fit-to-density, and RMSD.
For example, low RMSD models exhibited low chemical shift
RMSEs, suggesting that those agreed with the experimental
shifts of the native structures (Figure 7). The low RMSD
models also showed high fit-to-density scores, indicating these
models agreed with the experimental cryo-EM density data
better. All three qualifiers were generally better for models
obtained from the hybrid refinement protocol. Figure 7
exemplifies these trends for 5T1N models with the hybrid
method that used cryo-EM and chemical shift data and the
cryo-EM only protocol.

Figure 8. Native structure (orange), starting structure (blue), refined structure without NMR chemical shift data at 6.9 Å resolution density maps
(green), refined structure with both NMR chemical shift data and cryo-EM density maps at 6.9 Å resolution (red) and refined structure with both
NMR chemical shift data and cryo-EM density maps at 4 Å resolution (tan). (a) 2L8O. (b) 2N5B. (c) 5NPG. (d) 2N2T.
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We calculated the RMSEs separately for each of the
secondary structure classes (helix, sheet, and loop) using
DSSP.71 The DSSP database includes the secondary structure
assignment for the proteins deposited in the PDB. The RMSEs
of each structural class were lower when chemical shift data
was incorporated than when only cryo-EM density maps were
used in structure refinement (Figure S2). The average RMSEs
for each class showed that helices were the best refined in
terms of NMR chemical shift agreement. The average Cα

chemical shift RMSE for helices with and without CS data was
0.78 and 0.93 ppm, respectively. The highest RMSEs were
observed for sheets. The average Cα chemical shift RMSEs for
sheets with and without NMR chemical shift refinement were
1.22 and 1.31 ppm, respectively (Table S1). Additionally, the
largest improvement of chemical shifts upon usage of the
hybrid method was observed for helices.
The final refined structures with the hybrid protocol showed

better agreement with the native structures than structures
generated with cryo-EM density data as the only refinement
restraint (Figure 8). When medium resolution density maps
(6.9 Å) guided the refinement for all the six proteins, the final
refined structure RMSDs were lower for the hybrid method
than for the cryo-EM only refinement. The final model RMSDs
for 5NPG, 2L8O, 2N2T, 2MZJ, 2N5B, and 5TIN were 1.30,
1.81, 3.18, 2.26, 2.25, and 2.36 Å, respectively, when the hybrid
method with medium resolution density data was used. For
comparison, when only cryo-EM density data was used in the
refinement, final model RMSDs were 1.40, 4.21, 3.26, 2.32,
2.79, 2.47 Å, respectively. The best final RMSDs were obtained
for the 4 Å refinement. The final refined model RMSDs for the
hybrid protocol using density maps of 4 Å resolution for
5NPG, 2L8O, 2N2T, 2MZJ, 2N5B, and 5TIN were 0.34, 0.74,
1.31, 1.17, 0.58, and 0.51 Å, respectively. For four out of the six
proteins the final model RMSDs were less than 1 Å. For the
nonhybrid method the average RMSD improvement for 4, 6.9,
and 9 Å refinement was 4.22, 2.55, and 0.61 Å, respectively.
With the hybrid method the average RMSD improvement for
4, 6.9, and 9 Å refinement was 4.52, 3.11, and 1.84 Å,
respectively. Therefore, the addition of CS data had the
greatest impact when 9 Å resolution density maps were used.

■ CONCLUSIONS
In our previously reported iterative Rosetta-MDFF protocol,
we used cryo-EM density maps for refinement of protein
structures. Here we showed that using additional experimental
restraints in conjunction with cryo-EM density maps we can
further improve the refined structures. As an additional
experimental restraint we used NMR chemical shift data
integrated with cryo-EM density maps in our hybrid protocol
in both the Rosetta and MD steps. In the density-guided
Rosetta refinement steps, the NMR chemical shift data was
employed in the selection of protein fragments for the model
building. In density-guided molecular dynamics (MDFF)
refinement, the chemical shift data were incorporated to
guide the simulations using the PLUMED program. These
reference chemical shifts were used to guide the simulations
toward the experimental native reference structure. After each
time step, the chemical shifts were calculated using Almost
(CS2BACKBONE). The difference between the measured and
the experimental shift (current deviation) was applied as a
linear potential with a slope.
In 15 out of 18 cases for all MDFF rounds, the refinement

results obtained when both density maps and NMR chemical

shift data were used outperformed those of the density map-
only refinement. The improvement in refinement was highest
when maps of higher resolutions were used. For medium (6.9
Å) and low (9 Å) resolution maps, with our hybrid method,
the RMSDs of the final models were always lower than the
RMSDs obtained by our previous protocol using just density-
guided refinement. When we used near-atomic resolution
density maps (4 Å) for the refinement, we frequently built sub
2 Å models without using the NMR chemical shift data.
Additionally, at this stage, addition of the chemical shifts did
not improve the refinements and actually decreased the model
quality for almost all the test cases except 2L8O (Figure 4).
This suggests that cryo-EM density maps at around 4 Å
resolution contain sufficient structural restraints for a
successful refinement even without NMR chemical shift data.
Addition of NMR chemical shift data improved the refinement
in cases where the cryo-EM density maps did not contain
sufficient structural restraints for an unambiguous refinement
to atomic resolution. As such, a combination of NMR chemical
shift data and medium resolution cryo-EM density maps
proved to be most useful.
This study demonstrates that by using a combination of

cryo-EM and NMR restraints it is possible to refine structures
to atomistic resolution that is not attainable using only one
type of restraint. This hybrid protocol will be a valuable tool
when only low to medium resolution cryo-EM density data
and NMR chemical shift data are available to refine structures.
Instructions for running the protocols are provided in the
Supporting Information.
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