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Abstract

With the rapid progress of deep learning in cryo-electron microscopy and protein structure prediction, improving the accuracy of the
protein structure model by using a density map and predicted contact/distance map through deep learning has become an urgent
need for robust methods. Thus, designing an effective protein structure optimization strategy based on the density map and predicted
contact/distance map is critical to improving the accuracy of structure refinement. In this article, a protein structure optimization
method based on the density map and predicted contact/distance map by deep-learning technology was proposed in accordance with
the result of matching between the density map and the initial model. Physics- and knowledge-based energy functions, integrated
with Cryo-EM density map data and deep-learning data, were used to optimize the protein structure in the simulation. The dynamic
confidence score was introduced to the iterative process for choosing whether it is a density map or a contact/distance map to
dominate the movement in the simulation to improve the accuracy of refinement. The protocol was tested on a large set of 224
non-homologous membrane proteins and generated 214 structural models with correct folds, where 4.5% of structural models were
generated from structural models with incorrect folds. Compared with other state-of-the-art methods, the major advantage of the
proposed methods lies in the skills for using density map and contact/distance map in the simulation, as well as the new energy
function in the re-assembly simulations. Overall, the results demonstrated that this strategy is a valuable approach and ready to use
for atomic-level structure refinement using cryo-EM density map and predicted contact/distance map.
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Introduction
With the development of cryogenic electron microscopy
(cryo-EM) technology and deep learning, structural
biology has experienced rapid progress in recent years,
especially in creating and refining the high-accuracy
of atomic-level structural models by using cryo-EM
density maps and contact map [1–4]. In general, the
high-resolution protein structures are important to
understand the molecular interactions that give insights
to their biological functions [5]. For example, membrane
proteins are functional proteins that transport small
molecules from outside of the membrane to the inside
of the membrane or receive signals from outside the

cell and active an intracellular process. In the electron
microscopy data resource (EMDR), 16 759 density map
entries were released but only 8737 PDB coordinate
entries were released, illustrating that ∼48% of the EMDR
density map does not have a corresponding atomic
structure [6]. Therefore, robust computational methods
have raised an urgent need to create and refine atomic
structure models.

For decades, considerable efforts have been made to
address this challenge, including cryo-EM technology and
deep-learning technology. In cryo-EM technology, Cryo-
EM has been developed for many years and has shown
great progress in recent years due to the advancement
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Figure 1. Flowchart of EMCMR, which refines predicted protein structures generated by C-I-TASSER using cryo-EM density map and contact/dis-
tance map.

in electron detector technology and image-processing
techniques [7]. The resolution of the density map has
increased due to the cryo-EM technology, making it possi-
ble to be solved at near-atomic resolution. However, some
parts of density maps still stayed in the intermediate
range (5–10 Å). How to derive a high-resolution atomic
structure from the cryo-EM is still an urgent problem
that needs to be solved in the field. Some computational
methods have been developed for this task, including
elastic network models-based refinement [8, 9], fragment
assemble-based refinement [10, 11] and Bayesian-based
refinement [12]. Even though these methods have pro-
moted the development of structural construction and
refinement on the basis of cryo-EM density map, some
challenges still need further efforts, such as the absence
of long-range correlation between the density map and
predicted model, insufficient sampling of the conforma-
tional space, and etc. The absence of long-range correla-
tion limits the flexible structure refinement simulations
because the movement is strongly guided by the corre-
lation coefficient (CC) score. Protein structure prediction
has shown great progress due to the recent deep-learning
technology. The predicted contact/distance map is driven
by deep-learning technology and enhances protein struc-
ture prediction, especially shown by the results in the
CASP14 [13]. Many approaches, such as TripletRes [14],
RaptorX [15] and DeepContact [16], were developed to
address the protein inter-residue contact/distance pre-
dicted. In the contact/distance map, a long-range corre-
lation was provided among the residues. This correlation
is absent in the CC score. The development of cryo-
EM and contact/distance map prediction has played a
role in promoting the development of structural biology,
respectively, but the joint use of the two technologies
to improve the accuracy of released proteins is still an
urgent problem to be solved. Therefore, how to effectively
use density map and predicted contact/distance map
and design a new folding strategy is crucial to improve
the refinement accuracy in this paper.

In this work, a protein structure refinement protocol
(EMCMR, the cryo-EM density map and Contact Map for
protein structure Refinement) to membrane protein was
proposed, where the pipeline is depicted in Figure 1. By
using a new energy function based on a combination

of the cryo-EM density map and predicted contact dis-
tance map (CM), most of the predicted protein struc-
tures were further refined. In the protocol, a strategy to
use density map and contact/distance map for different
refinement situations in accordance with the confidence
score was designed. The density map could dominate
the movement and guide protein folding in the simu-
lation when the density map and initial atomic model
have a higher confidence score. Otherwise, the predicted
contact/distance map could dominate the movement
and guide protein folding in the simulation. For exam-
ination of the preference of this method, a large-scale
benchmark test was performed on 218 non-redundant
membrane proteins with density maps created from both
noise-free simulations and collected from cryo-EM exper-
iments. The results demonstrated the advantages of this
method for the refinement of predicted protein structure
on the basis of the cryo-EM density map and contact/dis-
tance map.

Materials and methods
The CC of each residue between the atomic
structure and density map
The CC of each residue between the atomic structure
and density map is very important to the simulation. It
is the key point in the calculation of the confidence of
protein fragments and locating the bad matching area.
The formula of CC of each residue could be defined as
follows:

CC(res) =
∑

y∈Res(l)

(
ρo(y) − ρo

) (
ρc(y) − ρc

)
√∑

y∈Res(l)

(
ρo(y) − ρo

)2
√∑

y∈Res(l)

(
ρc(y) − ρc

)2

where Res(l) represents the grid point set in diffraction
space for each residue; ρc and ρo are the average values of
calculated density map and experimental density map; y
represents the corresponding grid point and ρc(y) is the
calculated density value for given atomic structure and
could be calculated as,

ρc(y) =
∑
xi∈N

C • exp
(
−k • ∥∥xi − y

∥∥2
)

,
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where k = (π/(2.4 + 0.8R0))
2 and C = a • (k/π)

1.5are the
parameters to describe the shape of Gaussian kernel; a
is the mass of an atom in the residue and R0 is the reso-
lution of the density map and xi is the atom coordinate
[17].

Contact/distance potential
The predicted inter-residue distance provides abundant
spatial constraint information for protein folding. It
could guide protein folding when the CC has a lower
value (<0.05) between the density map and predicted
atomic structure in the simulation stage. In this study,
the distance is constructed as a potential to improve the
accuracy of refinement. The specific formula could be
defined as follows:

Ecp =
∑N

i
log

((∥∥xi − yi

∥∥
2 − μ

)2 + 1
)

/σ , (1)

where xi and yi are the atomic coordinates of the ith
pair of residues in the simulated stage; N is the number
of effective inter-residue distances; μ is the mean value
obtained by Gaussian fitting of the ith pair of residues
distance distribution and σ is the standard deviation for
the ith pair of residues distance distribution [18].

Confidence score of fragments
to guide protein folding
Estimating the confidence score of fragments between
the density map and superposed protein structure in the
refinement is important. The confidence score of frag-
ments could guide protein folding in different situations.
The confidence score of fragments includes two parts.
One part is Scc, which measures the confidence score
between the density map and the protein structure. The
density map could guide the movement when the high
confidence score Scc exists in the density map and the
selected fragment of protein structure. The CC could also
play a major role in the energy function and dominate the
protein folding in the simulation. The second part is Scp,
which represents the confidence score of the predicted
contact/distance map by deep-learning technology. The
predicted contact/distance map could guide protein fold-
ing when the high confidence score Scp exists in the
protein structure. The process of protein folding could
be adjusted by the confidence score. The confidence
score could contribute to the success rate of movement
when the initial structure has a lower TM-score (<0.5).
The main reason is that the quality of the fragment
of the model is proportional to the confidence score of
the protein structure. The specific calculation formula of
confidence score is as follows:

Scc =
(

pnum − ncg
pnum

)
(1)

Scp =
(

pnum
pnum − ncg

)
(2)

where pnum is the number of the selected fragment in the
simulation and ncg is the number of the residue that has
CC(i) < 0 between the density map and selected fragment
in the simulation.

Conformational sampling
Although fragment assembly has greatly promoted
conformational sampling and reduced the sampling
space, conformational sampling remains a challenging
problem. It easily generated insufficient or ineffective
sampling in the matching region between the density
map and atomic structure at the iteration process.
Crossover is one of the sources of power for a population
in nature. The sampling process of the crossover was
introduced to increase the effectiveness and sufficient
of sampling in our program. Crossover sampling was
the fragment selection process in accordance with CC
scores of residues at the entire sequence in our protocol.
The fragment of atomic structure with low CC scores
and high CC scores were cross-selected in the fragment
sampling process. For example, the poor local region and
matching region were determined in accordance with
CC scores of residues at first in the iteration process.
Then the poor local region was sampled after each
N (N = 6) matching region sampling at the refinement
(cross-sampling). This cross-sampling method could not
only improve the sufficient or effective refinement in
the poor local region but also prevent over-sampling
in the poor local region. Moreover, it also prevents the
entire structure from falling into the local optimum at
the refinement.

EMCMR force field
The energy function of EMCMR consists of seven energy
terms for protein structure refinement. Physics- and
knowledge-based energy functions, integrated with Cryo-
EM density map data and predicted contact/distance
map through deep learning, were used to optimize
the protein structure in the simulation. The dynamic
confidence score was introduced to the iterative process
for choosing whether it is a density map or a contact/dis-
tance map to dominate the movement in the simulation
to improve the accuracy of refinement. The specific
energy function can be found in the EMCMR force field
from the Supplementary Data available online.

Result
Benchmark results using simulated density
maps and experimental density maps
Benchmark dataset building

A comprehensive set of benchmark membrane proteins
from the OPM (orientations of proteins in membranes)
database was collected to examine the preference of
EMCMR [19]. A total of 218 single-chain proteins with
sequence lengths ranging from 100 residues to 620
residues and pair-wise sequence identities <30% were
selected from 4231 membrane proteins. Simulated
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noise-free density maps were generated from the
target structures by using EMAN2 (pdb2mrc), where the
resolution for each membrane protein varied from 3.0 to
10.0 Å [20]. Here, the resolution of density maps ranging
from 3.0 to 10.0 Å was matched to the recent progress
in the electron microscopy data resource (EMDR; [6]). In
Table S1 from the Supplementary Data, the resolution
parameters for all membrane proteins are listed, where
a histogram is given in Figure S1, Supplementary Data
available online. One reason for choosing the range of
3–10 Å is that it represents a typical resolution range of
the released experimental structure in the EMDR data
bank in recent years. Another reason is that structural
modeling tools are most needed, as high-resolution
structure determination was difficult to create from the
density maps alone, although the average resolution of
the cryo-EM data in the community has kept improving
in the last years [6].

Since the proposed protocol focuses on protein
structure refinement and relies on the initial model, the
initial structure models were obtained by C-I-TASSER [21]
(a hierarchical approach to protein structure prediction),
for which all homologous templates with sequence
identities ≥30% to the query were excluded using CD-HIT
[22]. Initial membrane protein models were generated
with the average TM-score of 0.732, where 198 out of the
218 targets had the correct folding with TM-scores > 0.5
and 20 targets had incorrect folding with TM-scores < 0.5
[23]. Here, TM-score is a metric used to measure
the similarity between two protein structures [24].
The value of TM-score falls in the range (0,1], where
a TM-score of 1 indicates a perfect match between
two structures and a value ≥ 0.5 indicates that two
structures share the same fold [23]. A more detailed
TM-score distribution of each target is displayed in
Figure S2, Supplementary Data available online. Here,
the assessments of the initial and final model quality
were mainly based on TM-score [24], since it is more
sensitive than RMSD to the topological similarity of
protein structures.

Parameter setting

For estimation of the efficiency of the proposed strat-
egy and excluding the effect of superposition on refine-
ment, the superposed structure was used as input to
the program which was also used in Rosetta refinement
based on the density map [17]. The density map and its
resolution are necessary to the program. The format of
the contact/distance map file that included residue id,
the average value and the standard value of distance is
also necessary to the program (see Figure S3 in the Sup-
plementary Data available online). In our protocol, the
contact/distance map was predicted by trrosetta [25]. The
residue pairs of movement fragments were selected to
use in the energy function calculation for each iteration
step of the refinement. However, considering there were
some potential errors in the predicted contact/distance
map, the residue pairs combined with the density map

Table 1. Summary of modelling results by I-TASSER structure
prediction and the follow-up EM density map refinement
methods on 218 test proteins

Methods TM-score
(med∗)

RMSD (Å) #TM-
score < 0.5

P-value

C-I-TASSER 0.732 (0.770) 7.59 20 6.71 ∗ 10−44

Rosetta∗ 0.794 (0.840) 5.60 14 5.06 ∗ 10−6

EM-Refiner 0.812 (0.856) 5.31 14 3.0 ∗ 10−2

EMCMR 0.818 (0.870) 5.04 10 –

The P-values were calculated using two-tail Student’s t-tests between the
TM-scores produced by EMCMR and the other programs. Med∗: the medium
value. Rosetta∗: Rosetta refinement using density map.

were integrated into the energy function to determine
whether it was residue pairs of contact/distance map or
a density map to dominate the movement in the simula-
tion. EMCMR is a protein structure optimization program
that is based on a rapid replica-exchange Monte Carlo
(REMC) simulation. In the REMC simulation, 30 replicas
(decoys) were performed, and each replica involves 50
temperatures ranging from KT = 3.0 to KT = 0.01 with
500 MC movements attempted at each temperature. The
model was finally selected from the conformation with
the lowest energy in the REMC simulation.

Performance of EMCMR on structure refinement

The average TM-score and RMSD of EMCMR were 0.818
and 5.04 Å in 218 test proteins, respectively. The TM-score
and RMSD of EMCMR in 218 test proteins were shown
in Figure S4, Supplementary Data available online and
Figure 2. The TM-score of EMCMR was higher than that
of the initial C-I-TASSER model (0.732), the difference of
which corresponded to a P-value of 6.71E−44, as deter-
mined by a two-tailed Student’s t-test. The average RMSD
of EMCMR also decreased by 33.60% from 7.59 Å (C-I-
TASSER) to 5.04 Å (EMCMR), corresponding to a P-value
of 1.57E−3. The specific statistic results are summarized
in Table 1. Figure 2 showed the TM-score distribution of
structure models obtained by EMCMR (blue), EM-Refiner
(green), Rosetta (red) and C-I-TASSER (black) on 218 test
proteins, which had the median TM-score of 0.865, 0.856,
0.840, 0.768, respectively. These results demonstrated the
performance of the proposed method on the basis of the
density map and contact/distance map.

Figure S4 (Supplementary Data available online)
presents a head-to-head comparison of the TM-score
and RMSD value between the models produced by C-I-
TASSER and EMCMR. For the initial model with correct
folds [23] (which largely corresponds to models with
TM-score > 0.5), the average TM-score increased by
10.40% from 0.770 (C-I-TASSER) to 0.853 (EMCMR) on 198
membrane protein models, corresponding to a P-value
of 2.54E−47. For initial models with incorrect folds, the
improvement was significant, with a P-value = 2.25E−3
between the EMCMR and C-I-TASSER models, in which
the average TM-score increased by 30.48% from 0.361 (C-
I-TASSER) to 0.471 (EMCMR) on the 20 membrane protein
models. This finding was mainly due to a new energy
function of EMCMR that combines with the density map
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Figure 2. The TM-score distribution of structure models was obtained by
EMCMR (blue), EM-Refiner (green), Rosetta (red) and C-I-TASSER (black)
on 218 test proteins.

and the predicted contact/distance map. When initial
models have incorrect folds, the density map could not
guide the atomic protein to fold correctly due to the
unreliable energy field between the density map and
initial models. The confidence score (Methods section)
could be calculated in accordance with the CC between
the density map and atomic structure and the predicted
contact/distance map could dominate the protein folding
in this situation. Overall, these results suggested that
the inherent knowledge-based force field of EMCMR is
capable of refining the structural model for some small
proteins, when coupled with cryo-EM density map and
predicted contact/distance map.

Control results compared with Rosetta

As a control, the other commonly used density map-
based refinement method, Rosetta [17], which is a version
of the Rosetta refinement on the basis of the density map,
was compared with EMCMR. In the stages of the Rosetta
refinement, the same density map potential as EMCMR
was used to guide the fragment folding together with
the other energy function. The final model was gener-
ated by 300 independent trajectories with the parame-
ter -default_max_cycles = 300 and refinement protocol file
and other parameters were set up following the tutorial
instructions. The same C-I-TASSER models as a starting
point were applied to EMCMR and Rosetta to ensure a
fair comparison. The refinement results of EMCMR and
Rosetta on the benchmark dataset are summarized in
Table 1.

The average TM-score and RMSD of Rosetta were 0.794
and 5.59 Å, respectively, as shown in Figure S5, Supple-
mentary Data available online and Figure 2. Compared
with that of Rosetta, the average RMSD of the model
produced by EMCMR decreased by 10.00% from 5.60 Å
(Rosetta) to 5.04 Å (EMCMR), corresponding to a P-value
of 5.7E−4. The average TM-score was increased by 3.02%
from 0.794 (Rosetta) to 0.818 (EMCMR), corresponding to
a P-value of 1.65E−5, as shown in Table 1. Ten out of

the 20 targets with incorrect folding (TM-scores <0.5)
were refined and they generated the correct folding (TM-
scores >0.5) by EMCMR, corresponding to a 50.0% growth
rate. However, 6 out of the 20 targets that had incorrect
folding were refined and they generated the correct fold-
ing by Rosetta, corresponding to a 30.0% growth rate, as
shown in Table 1. This finding illustrated that EMCMR
has better performance than Rosetta in hard targets
with TM-scores < 0.5. The main reason was that EMCMR
regarded the contact/distance map as a constraint and
adjusted the confidence score between the density map
and the contact/distance map in the iterative process to
ensure protein folding at the correct time. Overall, these
results suggested that EMCMR could outperform Rosetta
on the benchmark dataset.

Comparison with EM-Refiner

EM-Refiner is a Monte Carlo-based method for protein
structure refinement and determination using Cryo-EM
density map [20]. During the refinement simulations,
the backbone structures kept flexible movement and
were guided by a composite of physics- and knowledge-
based force fields, integrated with Cryo-EM density map
data. The difference of EMCMR with EM-Refiner was the
contact distance map, which was added into the energy
function to guide protein folding and the concept of
confidence score, which was introduced to determine
whether it is a contact distance map or a density map to
dominate the movement in the simulation. The introduc-
tion of the confidence score promoted the efficiency of
movement in the simulation and improved the quality of
the refinement structure, especially for the initial model
with incorrect folds (Figure 4 and Figure S7 in the Supple-
mentary Data available online). The comparison results
of EMCMR and EM-Refiner on the benchmark dataset are
summarized in Table 1.

The average TM-score and RMSD of EM-Refiner were
0.812 and 5.31 Å, respectively, as shown in Figure S6,
Supplementary Data available online and Figure 2.
Compared with that of EM-Refiner, the average RMSD
of EMCMR was decreased by 5.08% from 5.31 Å (EM-
Refiner) to 5.04 Å (EMCMR), corresponding to a P-value
of 3.7E−2. The average TM-score increased 0.7% from
0.812 (Rosetta) to 0.818 (EMCMR), corresponding to a P-
value of 3.3E−2. Six out of the 20 targets with incorrect
folding were refined by EM-Refiner and they generated
the correct folding, corresponding to a 30.0% growth
rate, as shown in Table 1. A similar result was found
in Rosetta (30.0% growth rate) and it was lower than that
in EMCMR (50.0% growth rate). These results suggested
that EMCMR could outperform EM-Refiner and has
a better performance than EM-Refiner for an initial
model with incorrect folds in the refinement (such as
Rosetta).

On average, although both of the control methods had
a good performance at refining the initial C-I-TASSER
models, the improvement by EMCMR was larger than
that by both programs, where the P-values between
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Figure 3. Illustrative example of refinement using simulated experimental data at a resolution of 6.39 Å for the chain A of 4PGRA. Cartoons show the
initial model from C-I-TASSER overlaid on the density map (A), Rosetta refined model overlaid on the density map (B), EM-Refiner refined model overlaid
on the density map (C) and the EMCMR model overlaid on the density map (D). The EMCMR model had a TM-score of 0.639, an RMSD of 8.64 Å to the
native structure (red) and a CC of 0.723 with the density map, compared with a TM-score of 0.437, an RMSD of 10.41 Å and a CC of 0.709 for the Rosetta
model and a TM-score of 0.583, an RMSD of 9.51 Å and a CC of 0.723 for the EM-Refiner refined model.

EMCMR and the control methods were all below 0.05,
showing that the differences were statistically significant
(Table 1). Figure 3 shows an illustrative example of a
single chain of Bacillus Subtilis at pH 8 from the Human
Bax inhibitor (hBI-1; PDBID: 4pgrA) [26], where the
resolution of its simulated density map was 6.39 Å. For
this target, C-I-TASSER built an initial structure with
an incorrect fold (TM-score = 0.462, RMSD = 10.58), as
shown in Figure 3A. After the fragment adjustment,
EMCMR created a significantly refined model with a TM-
score of 0.639 and an RMSD of 8.64 Å, where the CC
increased to 0.723, as shown in Figure 3D. The major
improvements by EMCMR were in the regions with
poor local CC scores, where the fragment adjustment
procedure identified and correctly adjusted these regions
into the density map in accordance with the density
map and contact/distance map. For this same target,
the Rosetta model had a TM-score of 0.437, a CC of
0.709 and an RMSD of 10.41 Å in Figure 3B, whereas
the EM-Refiner model had a TM-score of 0.583, a CC of
0.719 and an RMSD of 9.51 Å in Figure 3C. In Figure 4,
we present the TM-score and RMSD of the structural
decoy conformations generated by EMCMR simulations
(blue circle) versus EM-Refiner simulations (orange
square) in 4pgrA protein. Although the TM-score and
RMSD of the structural decoy conformations were both
becoming better with the iteration step (as shown in
Figure S7, Supplementary Data available online), EMCMR
sufficiently outperformed EM-Refiner. This was mainly
due to the contact/distance map that guided protein
folding in EMCMR simulation, whereas it was absent in
EM-Refiner simulation. Overall, this example highlighted
the importance and effectiveness of the refinement
procedure utilized by EMCMR, which helps achieve a
more significant model improvement based on the EM-
density data and contact/distance map over the control
methods.

Figure 4. The TM-score and RMSD of the structural decoy conformations
generated by EMCMR simulations (blue circle) versus EM-Refiner simula-
tions (orange square) in the Human Bax inhibitor (hBI-1) (PDBID: 4pgrA).
EMCMR refined model with a TM-score of 0.639 and an RMSD of 8.64 Å is
better than the EM-Refiner refined model with a TM-score of 0.583 and
an RMSD of 9.51 Å.

A comparison experiment was added to evaluate the
robustness of EMCMR using a real contact/distance map
and predicted contact/distance map on the simulated
density maps. The actual contact/distance map could be
produced from the actual structure with the distance
among the residue pairs <20 Å, and the predicted
contact/distance map can be produced by trrosetta [25].
The average TM-score and RMSD of EMCMR with the
actual contact/distance map were 0.862 and 3.91 Å,
respectively, which was significantly higher than EMCMR
with the predicted contact/distance map with the P-
values = 9.62E−36. Figure 5 showed the comparison
results of EMCMR with the predicted contact/distance
map or the actual contact/distance map. The result
illustrated that a highly accurate contact/distance
map would contribute to building the high-accurate
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Figure 5. Comparison of results obtained by EMCMR with the actual contact/distance map and EMCMR with the predicted contact/distance map. Left
and right figures are the TM-score and RMSD to the native structure, respectively.

Figure 6. Refinement of a single chain of the γ -secretase protein based on a 3.4 Å experimental EM density map (A). The refined model by EMCMR (E)
is overlaid onto the density map with a CC of 0.615 and a TM-score of 0.929 to the native structure (red). As a comparison, the initial C-I-TASSER model
(B), the Rosetta refined model (C) and the EM-Refiner refined model (D) had CCs of 0.594, 0.601 and 0.615, respectively and TM-scores of 0.793, 0.914
and 0.921, respectively.

model in our refinement. For the refined model with
TM-score < 0.5 after using the actual contact/distance
map, the potential reason for this result was that

the final refined model was not only affected by the
contact/distance map, but also by other factors, such
as the resolution of density map, energy barrier and
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Table 2. Summary of modeling results by C-I-TASSER structure prediction and the follow-up EM density map and contact/distance
map refinement methods on 14 proteins with experimentally determined experiment maps

Protein Name Methods Resolution (Å) Predicted structure Refined structure

TM-score RMSD TM-score RMSD

EMD10122_F Rosetta 3.7 0.857 3.23 Å 0.878 3.11 Å
EM-Refiner 0.903 2.77 Å
EMCMR 0.911 2.56 Å

EMD10858_J Rosetta 3.1 0.696 2.34 Å 0.846 1.61 Å
EM-Refiner 0.920 1.01 Å
EMCMR 0.923 0.97 Å

EMD3061_D Rosetta 3.4 0.745 5.27 Å 0.826 3.78 Å
EM-Refiner 0.853 3.20 Å
EMCMR 0.859 3.12 Å

EMD8728_B Rosetta 4.1 0.789 3.98 Å 0.916 2.07 Å
EM-Refiner 0.927 1.97 Å
EMCMR 0.932 1.84 Å

EMD8728_A Rosetta 4.1 0.789 3.99 Å 0.926 1.96 Å
EM-Refiner 0.932 1.83 Å
EMCMR 0.948 1.50 Å

EMD3061_C Rosetta 3.4 0.793 4.52 Å 0.915 2.68 Å
EM-Refiner 0.921 2.63 Å
EMCMR 0.929 2.53 Å

EMD30869_A Rosetta 3.0 0.911 3.83 Å 0.967 2.49 Å
EM-Refiner 0.947 3.15 Å
EMCMR 0.956 2.77 Å

EMD6708_C Rosetta 3.9 0.540 7.02 Å 0.713 5.91 Å
EM-Refiner 0.716 5.10 Å
EMCMR 0.722 5.47 Å

EMD6847_B Rosetta 4.4 0.811 7.43 Å 0.828 7.88 Å
EM-Refiner 0.841 7.28 Å
EMCMR 0.896 2.18 Å

EMD20239_A Rosetta 3.1 0.734 14.09 Å 0.815 13.94 Å
EM-Refiner 0.818 13.92
EMCMR 0.842 6.28 Å

EMD21923_C Rosetta 3.3 0.756 9.60 Å 0.789 10.95 Å
EM-Refiner 0.802 9.53 Å
EMCMR 0.809 9.52 Å

EMD21040_A Rosetta 3.8 0.719 5.35 Å 0.855 4.09 Å
EM-Refiner 0.847 3.99 Å
EMCMR 0.849 3.95 Å

EMD10090_A Rosetta 1.8 0.557 4.27 Å 0.704 3.03 Å
EM-Refiner 0.691 3.15 Å
EMCMR 0.697 3.07 Å

EMD2221_D Rosetta 8.4 0.709 7.09 Å 0.729 3.34 Å
EM-Refiner 0.771 3.19 Å
EMCMR 0.783 3.01 Å

movement, suggested further efforts for how to combine
these factors more effectively.

Figure S8 presents an ablation experiment with
excluding density map from EMCMR to illustrate the
effect of the density map for the protein structure
refinement. The TM-score and RMSD of EMCMR would
decrease to 0.718 and 6.68 Å from 0.818 and 5.04 Å in
218 test proteins, respectively. The main reason was that
our method was a protein structure refinement program
based on the density map and contact/distance map. The
density map was the main limitation of our program and
its missing would greatly affect our result. Second, the
initial model was a high-accuracy structure after using
the contact/distance map in C-I-TASSER. The density
map and contact/distance map were complementary
in the confidence score. The error information of the

contact/distance map was introduced into refinement
owing to excluding the density map in EMCMR. All
these reasons resulted in the lower TM-score and RMSD
of refined models after excluding the density map in
EMCMR.

Case studies on atomic structure refinement
using experimental cryo-EM density maps
To illustrate the stability of the method, the method
was tested on several experimental cryo-EM density
maps with noise. The experimental cryo-EM density
map was taken from the EMDR (electron microscopy
data resource) dataset. The released fitted structures
were used as a native structure to estimate the quality
of refinement protein structure. The sequence was
firstly extracted from the fitted structure to obtain the
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initial structure. Next, the initial atomic structure was
predicted from the sequences by using C-I-TASSER [27],
excluding homologous templates with ≥30% sequence
identity to the query. The contact/distance map was
predicted by trrosetta [25]. The specific results are as
follows.

Refining the Human Gamma-Secretase

Dysfunction of the intramembrane protease r-secretase
is thought to cause Alzheimer’s disease, with most muta-
tions derived from Alzheimer’s disease mapping to the
catalytic subunit presenilin 1 (PS1) [28]. The density map
of γ -secretase with a 3.4 Å resolution was taken from the
EMDR with ID name EMD-3061. The fitted PDB ID was
5A63, which was used as a native structure to estimate
the quality of the refinement model with the sequence
from 1 to 243 at chain C. Next, a single chain density map
of γ -secretase was segmented from EMD-3061 by using
UCSF Chimera [29].

From the query sequence, I-TASSER created a model
with a TM-score of 0.793 to the native structure. After
EMCMR refinement, the TM-score of the C-I-TASSER
model increased to 0.929 from 0.793, where the RMSD
and CC improved to 2.53 Å and 0.615 from 4.52 Å and
0.416, respectively (Figure 6). Rosetta and EM-Refiner
were also run starting from the initial C-I-TASSER model,
which produced a refined model with lower TM-scores
of 0.914 and 0.921, respectively. In addition, the RMSD
(2.63 Å) and CC (0.601) of the EM-Refiner model were
slightly worse than those of EMCMR and this situation
also occurred in Rosetta with the 0.594 CC and 2.68 Å
RMSD. Given that the correlation between the model and
density map for EMCMR and EM-Refiner were essentially
equivalent at the resolution of the density map, the
difference in model quality was most likely not a result
of the CC score between the model and the density map.
Rather, it indicated that the increased model quality
by EMCMR was a result of the confidence score, which
combined with the CC score and contact/distance map to
perform the EM- and CM-based refinement. These data
showed that EMCMR has also a better local structure
than EM-Refiner in this example.

Table 2 summarizes the refinement results by the
EM- and distance-based refinement methods on an
additional set of 14 randomly selected proteins from
the EMDR that had experimentally determined density
maps. All the methods (Rosetta, EM-Refiner, and EMCMR)
were tested on these 14 proteins, starting from the C-
I-TASSER models. The average TM-score and RMSD of
EMCMR were 0.861 and 3.48 Å, respectively, compared
with the 0.849 and 4.48 Å for EM-Refiner and 0.836 and
4.77 Å for Rosetta. The corresponding P-values were
6.0E−3 between the EMCMR and EM-Refiner and 4.0E−3
between EMCMR and Rosetta, as calculated by two-tailed
Student’s t-tests between the TM-scores. These results
showed that EMCMR has a better performance than
EM-Refiner and Rosetta at structure refinement using
experimental cryo-EM density maps.

Conclusion
With the application of deep machine learning in pro-
tein structural prediction, the accuracy of protein struc-
ture prediction has obtained great improvement and
attracted attention from people. However, a large part
of the structure still does not achieve the requirements
of structural biologists and needs to be further refine-
ment. At present, many of the approaches address this
challenge by cryo-EM density map and contact/distance
map. However, how to optimize the protein structure by
using a combination of density map and contact/dis-
tance map is still a relatively new problem. In this work, a
new protocol was developed to integrate cryo-EM density
map and contact/distance map into the energy function
to refine protein structure by introducing a confidence
function. The test results on a set of 233 (218 + 15) mem-
brane proteins showed the advantages of the protocol
for protein structure refinement compared with many
of the previous methods, especially at refining structural
models with incorrect folds (typically with TM-scores
<0.5). EMCMR is freely available for download and could
be applied to EM-based protein structure prediction and
refinement.

Despite the encouraging results, some targets still
need to be further refined, especially at structural
models with incorrect folds. This constraint stems
essentially from the absence of correlation between the
density map/predicted model correlation score and the
accuracy of contact/distance map when initial models
have lower TM-score (TM-score < 0.5). This absence of
correspondence between the amino acids of protein
and the position of the density map considerably limits
the accuracy of the final refinement structure as the
force field is strongly weighted by the CC score and
contact/distance map score in addition to physics- and
knowledge-based energy terms. In this regard, the recent
efforts utilizing deep-learning-based cryo-EM density
maps are important to provide a Cα atom locations model
from the density map for protein refinement [30–32].
A combination of the predicted Cα atoms model and
contact/distance map to refine protein structure will be
our next important work. Meanwhile, developments of
advanced methods to improve the correlation between
the amino acids of protein and the position of the
density map should also be key to help improve the
success rate of EM-based structure prediction and
refinement.

Currently, the EMCMR was trained and tested on
single-chain proteins. For modeling multi-chain proteins,
the user needs to apply a segmentation program, such
as ‘Segment Map’ in UCSF chimera [29], to obtain the
density maps for each chain. Nevertheless, an optimal
solution to cryo-EM-guided multi-chain structural
construction may be to integrate the original density
map data and contact/distance map with the flexible
chain refinement and inter-chain assembly simulations;
the work along this line is in progress.
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Data and code availability
All data needed to evaluate the conclusions are present
in the paper and the Supplementary Materials. The addi-
tional data and code related to this paper can be down-
loaded from https://github.com/iobio-zjut/EMCMR.

Key Points

• Advanced method for protein structure refinement using
cryo-EM density maps and deep learning.

• Physics- and knowledge-based energy functions, inte-
grated with Cryo-EM density map data and deep learning
data, were used to optimize the protein structure in the
simulation.

• Robust algorithms built on large-scale benchmark train-
ing and test.

• Significant ability to refine models on the density maps.
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