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Automated detection and de novo
structure modeling of nucleic acids from
cryo-EM maps

Tao Li, Hong Cao, Jiahua He & Sheng-You Huang

Cryo-electronmicroscopy (cryo-EM) is one of themost powerful experimental
methods for macromolecular structure determination. However, accurate
DNA/RNA structuremodeling fromcryo-EMmaps is still challenging especially
for protein-DNA/RNA or multi-chain DNA/RNA complexes. Here we propose a
deep learning-based method for accurate de novo structure determination of
DNA/RNA from cryo-EM maps at <5 Å resolutions, which is referred to as
EM2NA. EM2NA is extensively evaluated on a diverse test set of 50 experi-
mental maps at 2.0–5.0 Å resolutions, and compared with state-of-the-art
methods including CryoREAD, ModelAngelo, and phenix.map_to_model. On
average, EM2NA achieves a residue coverage of 83.15%, C4’ RMSD of 1.06 Å,
and sequence recall of 46.86%, which outperforms the existing methods.
Moreover, EM2NA is applied to build the DNA/RNA structures with 10 to 5347
nt froman EMDB-wide data set of 263 unmodeled rawmaps, demonstrating its
ability in the blind model building of DNA/RNA from cryo-EMmaps. EM2NA is
fast and cannormally build aDNA/RNAstructure of <500ntwithin 10minutes.

Nucleic acids (NA) including DNA and RNA play important roles in
many biological processes by themselves or interacting with proteins.
Therefore, determining the 3D structures of nucleic acids is valuable to
understand their functions1–4. Cryogenic electron microscopy (cryo-
EM) has become the main-stream experimental approach for macro-
molecular structure determination5–7. Various methods have been
developed for data processing and structure determination with cryo-
EM technology in the past decade8–12. Many atomic structures of
macromolecular complexes have been determined from cryo-EM
maps and deposited in the Protein Data Bank (PDB)13. However,
structure determination from cryo-EM maps remains a challenging
task. Due to the higher intrinsic heterogeneity and dynamics of DNA/
RNA than proteins1, such a challenge is especially critical for modeling
nucleic acids from the maps of protein-DNA/RNA complexes14. Com-
pared with the progress in protein modeling from cryo-EM maps15–28,
the advancement in DNA/RNAmodeling from cryo-EMmaps has fallen
far behind. As such, the structures for DNA/RNA are often omitted
during model building of protein-DNA/RNA complexes from cryo-EM
maps29–32.

Several methods have been developed to model DNA/RNA
structures from cryo-EM maps, though they face different limitations
either in automation or accuracy. RCrane33 is developed as an inter-
active tool to help researchers build nucleic acids from scratch.
Phenix.map_to_model10 is developed to build initial structure models
for both nucleic acids and proteins, though it can only build fragments
for high-resolution regions. ModelAngelo28 is powerful in solving
protein structures and the latest version also supports modeling DNA/
RNA.However, it struggles tobuild a complete structure and assign the
correct nucleotide types especially for the regions with poor resolu-
tions. Recently, DeepTracer34 is extended to includemodel building of
DNA/RNA in addition to proteins. However, it only detects P atoms,
which is insufficient to determine other atom positions. CryoREAD35 is
another tool developed to model DNA/RNA using deep learning.
However, its detection for the positions of functional groups insteadof
atoms limits the accurate placement of individual atoms.

For RNA structure modeling, DRRAFTER14 is developed for
addressing the maps of large protein-RNA complexes based on a
manually-determined initial helix position. The extended version,
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auto-DRRAFTER36, is proposed to build the full-length RNA-only
structures guided by accurate secondary structures determined from
experiments. However, auto-DRRAFTER relies on the secondary
structure of RNAs, and its performance is limited by the input of pre-
dicted RNA secondary structures. Moreover, auto-DRRAFTER is time-
and resource-consuming, and may not necessarily assemble the cor-
rect full-length RNA structure due to its Monte-Carlo search nature.
Very recently, we have proposed EMRNA37, a deep learning-based
framework for the accurate determination of full-length all-atom RNA
structures from cryo-EM maps. However, EMRNA is designed for
modeling single-chain RNA-only maps, and cannot handle the maps of
multi-chain DNA/RNA targets or protein-NA complexes37. Therefore,
structure modeling for both DNA and RNA from cryo-EM maps of
protein-DNA/RNA or multi-chain DNA/RNA complexes is needed.

In this work, we propose a deep learning-based method to
automatically build all-atom nucleic acid structures from cryo-EM
maps of protein-DNA/RNA or multi-chain DNA/RNA complexes at <5
Å resolutions, named EM2NA. EM2NA first detects the nucleic acid
densities in a raw cryo-EMmap through a deep learning network. The

identified nucleic acid map region is fed to another network for pre-
dicting the nucleotide information, including the positions of P, C4’,
and N1 or N9 atoms as well as their nucleotide types. Then, the DNA/
RNA backbones are automatically built from the predicted atom
positions by integrating a backbone tracing algorithm and consider-
ing the nucleotide geometry. The nucleotide types are assigned by
sequence alignments and refined by the detection of possible base-
pairs in the built backbone. The full-atom structure is finally con-
structed by aligning template nucleotide conformations onto the
backbone. EM2NA is extensively evaluated on a diverse test set of 50
experimental maps at 2–5 Å resolutions, and compared with state-of-
the-art approaches. EM2NA is also applied to blindly build the DNA/
RNA models from an EMDB-wide data set of 263 unmodeled
experimental maps.

Results
The workflow of EM2NA
Figure 1 shows an overview of the EM2NA framework. EM2NA starts
with the detection of DNA/RNA regions in a raw cryo-EMmap through
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Fig. 1 | Overview of the EM2NA framework. a The workflow of map segmentation
for protein and nucleic acid (NA). The input for EM2NA is a cryo-EM density map
and optional DNA/RNA sequences. The inputmap is first passed to stage-1 network
to segment the nucleic acid region. b The workflow for DNA/RNA model building.
The segmented nucleic acid map region from the stage-1 network is passed to the
stage-2 network for predicting the backbone atom probabilities and nucleotide
types at each voxel. The output atomprobabilitymap is converted to the backbone
points by shifting integer grids to local maximum coordinates. The points are then
traced to multiple paths by solving a Vehicle Routing Problem. With input

sequences, a path-sequence alignment is utilized to assign nucleotide types to the
backbone traces, where the base pairing feature is also considered for double
helical parts. Finally, the full-atom DNA/RNA structure is constructed from the
backbone traces. A post-refinement is recommended to refine themodel, using e.g.
phenix.real_space_refine. c The Swin-Conv (SC) UNet architecture for the stage-1
network in a and the stage-2 network in b. The input map is cut into overlapped
boxes of 48 × 48 × 48 Å 3, which are fed to the network. The predicted boxes are
assembled to the final map as output.
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a Swin-Conv-UNet (SCUNet) architecture that has simultaneous local
and nonlocal learning capabilities. The stage-1 network is trained to
segment a cryo-EM map into NA, protein, and background. After the
segmentation, the DNA/RNA density region is used as input of the
stage-2 network to predict the backbone atom probabilities and
nucleotide types. The two networks adopt the same SCUNet archi-
tecture and only differ in the output channels. The neural networks are
trained with 322 experimental density maps. The backbone atom
probabilities output from the stage-2 network are then converted to
three-dimensional (3D) points by detecting the local maxima using a
mean-shift algorithm. Next, the combined P and C4’ points are traced
to multiple backbone paths by solving a Vehicle Routing Problem
(VRP). For each path, the C4’ points are first extracted and the P points
are placed for every twoC4’ atoms to form a “⋯ (C4’-P-C4’)⋯ ” order.
The N1 or N9 points are then assigned for each C4’ point by querying
the first-nearest neighbor. In addition, two more P points are added at
both terminals. The direction of each path can be easily determined by
considering the nucleotide geometries. After the path direction
determination, we utilize the Smith-Waterman algorithm to assign the
sequence for each of the built backbones. The sequence assignment is
further improved by considering the base pairing between nucleotides
in double helices. With the backbone path and assigned nucleotide
types, the full-atom structure is built by aligning template nucleotide
conformations onto the P-C4’-N1/N9 backbone. A post-refinement is
recommended, using a third-party program like phenix.real_space_r-
efine, to relax the structure and improve side-chain conformations and
map-model correlations.

Performance in recovering DNA/RNA structures
We first evaluated the ability of EM2NA in recovering the DNA/RNA
structures fromcryo-EMmaps and compared it with three state-of-the-
art methods, including CryoREAD, ModelAngelo, and Phenix (phe-
nix.map_to_model) on the test set of 50 NA-included maps (Supple-
mentary Data 1). Here, the performance is measured by two metrics,
residue coverage and C4’ RMSD of the built model, which are calcu-
lated using phenix.chain_comparison. The calculation is based on
finding the nearest C4’ atompairs between the built and PDBmodels in
ignorance of nucleotide identity within a certain distance cutoff (e.g. 3
Å by default). The residue coverage measures the percentage of mat-
ched nucleotides among all PDB nucleotides, and the C4’ RMSD
represents the root mean square deviation between the matched C4’
atoms. It is noted that phenix.map_to_model only built the DNA/RNA
models for 44of 50maps.Therefore, the evaluation for Phenix is based
on the 44 cases. Figure 2a–d shows the box plots and head-to-head
comparison of the corresponding results by EM2NA and the other
three methods.

It can be seen from the figure that EM2NA outperforms the other
three methods in both residue coverage and C4’ RMSD (Fig. 2a, c). For
the residue coverage of built models, EM2NA achieves a high average
value of 83.15%, compared with 47.04% for CryoREAD, 74.23% for
ModelAngelo, and 40.87 % for Phenix.map_to_model (Fig. 2a). Among
the test set of 50 maps, EM2NA obtains a higher coverage than Cryo-
READ for 48 cases, ModelAngelo for 41 cases, and Phenix for 49 cases,
respectively (Fig. 2b). For the atomic accuracy of built models, EM2NA
gives a low average C4’ RMSD of 1.06 Å, compared with 2.28 Å for
CryoREAD, 1.17 Å for ModelAngelo, and 1.10 Å for phenix.map_to_-
model, respectively (Fig. 2c). The lowC4’RMSDof Phenix here (Fig. 2c)
is because that phenix.map_to_model tends to build the models for
only those high-quality density regions in amap9, which thus leads to a
lower residue coverage in the builtmodel (Fig. 2a). Specifically, EM2NA
yields a better C4’RMSD than CryoREAD for all 50 cases,ModelAngelo
for 38 of 50 cases, and Phenix for 23 of 44 cases, respectively (Fig. 2d).

Besides the C4’ RMSD, we also calculated the base atom recall for
each method. The base atom recall measures the percentage of the
base atoms that are built near the reference PDB base atoms within a

certain distance. On average, EM2NA achieves the base atom recalls of
49.99%, 76.03%, and 87.25% for the cutoffs of 1, 2 and 4 Å, respectively,
compared with 16.96%, 49.08%, and 81.07% for CryoREAD, 35.87%,
65.43%, and 83.30% for ModelAngelo, and 32.14%, 47.03%, and 63.87%
for Phenix (Supplementary Data 2).

Figure 2e shows an example of Adenosylcobalamin-bound ribos-
witch dimer in form-1. The bounded dimer forms a symmetric con-
formation. It can be seen from the figure that EM2NA has the best
coverage and C4’ RMSD among the fourmethods. Specifically, EM2NA
achieves a residue coverage/backbone of 87.40%/1.23 Å, compared
with 50.20%/2.32Å for CryoREAD, 68.50%/1.37Å forModelAngelo, and
Phenix for 26.20%/1.27 Å, respectively. Although CryoREAD recovers
many nucleotides from themap, it builds the backbone structure with
a very large deviation to the PDB structure, causing a very low cover-
age. ModelAngelo achieves the second-best coverage but also misses
some nucleotides. Phenix is able to place the nucleotide positions well
but fails to recover most of the nucleotides. Especially, almost all the
nucleotides are missing in two regions highlighted by the dashed
rectangles. In addition, EM2NA, ModelAngelo, and Phenix can build
good side-chain formations, but CryoREAD gives poor side-chain
conformations (Fig. 2e).

Performance in assigning nucleotide types
In addition to recovering a high percentage of the DNA/RNA structure,
assigning correct nucleotide types to the recovered residues, is of
same importance. Therefore, we also evaluated the performance of
assigning nucleotide types to the built models by EM2NA, CryoREAD,
ModelAngelo and Phenix (phenix.map_to_model). Two metrics
(sequence match/recall) are used to measure the accuracy. After
matching the C4’ atom pairs between the built model and reference
PDB structure using a distance cutoff, a built nucleotide is considered
as ‘correct’ if it has the same nucleotide type as thematched reference
nucleotide. Then, the sequence match measures the portion of the
‘correct’ nucleotides relative to the built nucleotides, while the
sequence recall measures the percentage of the ‘correct’ nucleotide
relative to all the nucleotides in the reference PDB structure.

Figure 3a–d shows the sequence matches and recalls of the built
models by EM2NA and the other three methods. It can be seen from
the figure that EM2NA performs the best among the four methods in
terms of both sequence match and recall. When only considering the
residues of the built model, EM2NA achieves an average sequence
match of 55.65%, compared with 50.77% for CryoREAD, 27.62% for
ModelAngelo, 38.83% for Phenix, respectively (Fig. 3a). Interestingly,
ModelAngelo performs the worst here among the four methods
(Fig. 3a), although it yields a high residue coverage of 73.65% (Fig. 2a).
Among the 50 testedmaps, EM2NA achieves a higher sequencematch
than CryoREAD for 30 cases,ModelAngelo for 44 cases, and Phenix for
45 cases, respectively (Fig. 3b).When considering all the residues in the
PDB structure. EM2NA achieves an average sequence recall of 45.95%,
which is much higher than 24.20% for CryoREAD, 20.42% for Mod-
elAngelo, and 16.75% for Phenix, respectively (Fig. 3c). Among the 50
maps, EM2NA yields a higher sequence recall than CryoREAD for 48
cases, ModelAngelo for 47 cases, and Phenix for 50 cases, respec-
tively (Fig. 3d).

Figure 3e, f shows a comparison of the built models by different
methods on an example of SARS-CoV-2 replication-transcription
complex bound to GTP, in a pre-catalytic state (EMD-26645 PDB
7UOB). On this target, EM2NA builds a very good model with a
sequence recall of 72.49%, compared with 27.54% for CryoREAD,
26.07% for ModelAngelo, and 21.76% for Phenix. Further examination
revealed that the low sequence recall of ModelAngelo is due to its low
sequence match in the built model, while the low sequence recalls of
CyroREADandPhenix arebecauseof their low residue coverages in the
built models even though their built models have moderate residue
coverage. Especially, Phenix wrongly recovers some nucleotides in the
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protein region and only builds a small part of the DNA/RNA structure
with a very low coverage of 31.90% on this target, resulting in a low
sequence recall (Fig. 3).

Examples of the EM2NA-built models
Figure 4 shows several examples of the EM2NA-built models on the
targets with various sequence lengths, global folds, map resolutions,
and molecule components including NA-only systems and protein-

DNA/RNA complexes. In the sub-figures, the PDB models are super-
posed with the experimental density map. The EM2NA models are
superposedwith the densitymap and the PDBmodels for comparison.

Figure 4a shows an example of EMD-13119 (PDB 7OZ3) at a
reported resolution 4.46 Å. The complex is S. agalactiae BusR with its
busA-promotor DNA. In this target, two DNA chains, forming a DNA
duplex, are bound to four protein chains. The reported intermediate
resolution of 4.46Å is enough for EM2NA tomodel the targetwith very
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Fig. 2 | Comparison in recovering DNA/RNA structures for EM2NA, CryoREAD,
ModelAngelo and Phenix on the test set of n = 50 cryo-EMmaps. a Box plots of
the residue coverages for the built models. b Head-to-head comparison of the
residue coverages between EM2NA and the other methods. c Box plots of the C4'
RMSDs for the builtmodels.dHead-to-headcomparison of theC4' RMSDs between
EM2NA and the other methods. The box plots indicate the means (cross), medians
(median-line), first and third quartiles (bounds of boxes), and ± 1.0 standard

deviations (whiskers). Mean values are marked near the bar. e An example of the
built model for the Adenosylcobalamin-bound riboswitch dimer in form-1 (EMD-
40262, PDB-8SA2, reported resolution 3.10 Å). The panel shows the density map
(gray), PDB structure (green) and the models built by four methods (blue). The
residue coverage/C4' RMSD are listed below eachmodel. Source data are provided
as a Source Data file.

Article https://doi.org/10.1038/s41467-024-53721-4

Nature Communications |         (2024) 15:9367 4

www.nature.com/naturecommunications


high coverage of 98.90%. The EM2NA-built model also has a good C4’
RMSD of 1.24 Å and a sequence match of 50.60% on this target.

Figure 4b shows a Tetrahymena ribozyme example of EMD-33134
(PDB 7XD3) at reported resolution 4.05 Å. The density map has a
moderate resolution among widely-solved Tetrahymena ribozymes.
On this target, the EM2NA-built model yields a C4’ RMSD of 1.26 Å, a
coverage of 85.80%, and a sequence match of 60.06%. Further exam-
ination shows that there is a severe resolution heterogeneity in the
map. As such, EM2NA misses some nucleotides in the loop region as
themap resolutionaround thehairpins is poorer than theother region,
making it hard to directly model the atomic structure from the map
without prior knowledge.

For another map with similar resolution in Fig. 4c (PDB 7U2B,
EMD-26311 at reported resolution 4.10 Å), EM2NA achieves a high
coverage of 92.50%, an C4’ RMSD of 1.27 Å, and a sequence match of
61.20%. This target includes a human mt-SerRS in complex with mt-
tRNA. Although the t-RNAchain in thismap is a small systemcompared

to other DNA/RNA structures, EM2NA still succeeds in detecting the
DNA/RNA region and build the model with a high coverage (Fig. 4c).

In addition, EM2NA is also capable of modeling the nucleic acids
from protein-abundant complexes, as shown in Fig. 4d. The target is a
closed state of RFC:PCNA bound to a 3’ss/ds DNA junction, includes
2480 amino-acids but only 40 nucleotides, indicating most of the
density region belongs to the protein. Another challenge of this target
is that theDNAchains are bound to sixprotein chains andburied inside
the surface,making it a challenge target in detecting andmodeling the
nucleotides. Nevertheless, EM2NA still builds the model of the target
with a high coverage of 92.50%, an C4’ RMSD of 1.12 Å, and a sequence
match of 78.40%.

Moreover, EM2NA is also good at modeling large ribosomal tar-
gets, such as target EMD-41039 PDB 8T4S (Fig. 4e). The complex is
formed by aMERS-Cov Nsp1 protein and a human 40S Ribosomal unit.
There are 5453 amino-acids and 1671 nucleotides in the PDB structure.
The C4’ RMSD for the EM2NA built model is as low as 0.62 Å and the
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coverage is as high as 96.40%, and the sequencematch is 53.90%. Since
the map has a high resolution of 2.60 Å, EM2NA has recovered nearly
all nucleotides.

Accuracy estimation of the built model
We introduced a local confidence score (LC-score) to estimate the
modeling accuracy of a nucleotide in the EM2NA-built model. The local
confidence score is defined as the interpolated densities of the nearest
voxels in the predicted C4’ probability map around the C4’ atom of a
nucleotide in the built model, as shown in Fig. 5a. The local confidence
score does not take nucleotide identity into account. The scores are
further smoothed along the chain with a window of weights 1:4:9:4:1
centered at each nucleotide. In addition, we also calculate the dis-
placementof abuilt nucleotide,which is definedas thedistancebetween
its C4’ atom and the nearest C4’ atom in the reference PDB structure.

Figure 5b shows the local displacement versus the local con-
fidence score for all the nucleotides of the built models on the test set
of 50 maps (8523 nucleotides). The scores are merged into bins of
0.05. It can be seen from the figure that the local confidence of a
nucleotide shows a good correlation with its local displacement.
Therefore, the local confidence score can be used estimate the

modeling accuracy of a nucleotide in the built model. Generally, a
nucleotide with a confidence score of >0.4 approximately corre-
sponds to amediummodeling accuracy of < 2.0Ådisplacement, and a
local confidence of >0.65 has a high modeling accuracy of <1.0 Å
displacement. A lower local confidence score means a larger deviation
from the true nucleotide position or a weak density around the
nucleotide in the map, which may need further examination.

To further investigate the impact ofDNA/RNA structure geometry
on modeling accuracy, we compare the local confidence scores of the
built nucleotides between helical and non-helical parts. This is done by
first annotating the PDB structure to “helices" and “other" using x3dna-
dssr38 and then querying the nearest PDB nucleotide for each built
nucleotide. Figure 5c shows the frequency distributions and accumu-
lated percentages at different local confidence for the built nucleo-
tides. It can be seen from the figure that EM2NA tends to perform
better on the helical nucleotides than those from non-helical parts.
This is understandable because the double-helices in a DNA/RNA
structure tend to be solved at a higher resolution. There are the most
nucleotides at the local confidence scoreof 0.88 for helical parts,while
the corresponding value is 0.2 for non-helical parts. As such, about 85%
and 70% of built helical nucleotides have a medium (LC-score > 0.4)
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Fig. 4 | Examples of thebuiltDNA/RNAmodels by EM2NA. In eachpanel, the PDB
structures are colored in green, the EM2NA-built models are colored in blue, and
the density maps are colored in transparent gray. The PDB structures are super-
posed with the density maps. The EM2NA-built models are superposed with the
density maps and the PDB structures. The values of C4' RMSD, residue coverage,
and sequence match are labeled below each model. a PDB 7OZ3, EMD-13119 at
reported resolution 4.46 Å, S. agalactiae BusR in complex with its busA-promotor

DNA. b PDB 7XD3, EMD-33134 at reported resolution 4.05 Å, the relaxed pre-Tet-S1
state of wild-type Tetrahymena group I intron. c PDB 7U2B, EMD-26311 at reported
resolution 4.10 Å, a case for human mt-SerRS in complex with mt-tRNA(GCU-TL).
d PDB 8DR0, EMD-27667 at reported resolution 2.42 Å, the closed state of
RFC:PCNA bound to a 3' ss/dsDNA junction. e PDB 8T4S, EMD-41039 at reported
resolution 2.60 Å, a complex of MERS-CoV Nsp1 protein bound to the human 40S
Ribosomal subunit.
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andhigh (LC-score >0.65)modeling accuracy, respectively, compared
to about 45% and 25%with for built nonhelical nucleotides (Fig. 5c). On
average, EM2NA achieves an average local confidence score of 0.69
and 0.42 for helical and non-helical regions, respectively (Fig. 5d). In
addition, we also investigated the impact of map local resolutions on
local confidences. It canbe seen fromSupplementaryFig. 1 that as local
resolution becomes worse, the average confidence score decreases.
This can be understood because lower map resolution increases the
uncertainty of atom position determination.

Figure 5e shows four examples of the EM2NA-builtmodels that are
colored according to the local confidence score. The corresponding
PDBmodels are superposed to the built model in green. It can be seen
from the figure that all the built models have a high accuracy with an
C4’ RMSD of ~ 1 Å or better and an average confidence score of > 0.6.
Normally, the helical nucleotides are built with a higher confidence
than those non-helical ones, and loops or terminals are built less well
compared to the double helices. However, it should be emphasized
again that a low confidence score does not necessarily mean a wrong
structure, but just needs further check.

Application to EMDB-wide unmodeled maps
Besides the main test set, we also applied EM2NA to build the DNA/
RNA structures on an EMDB-wide data set of unmodeled experimental
maps. The data set is constructed by searching the EMDataResource
and filtering with “Single-Particle”, “has DNA" or “has RNA". Those
maps with corresponding PDB structures or resolution >5.0 Å are
excluded. The filtered data set includes approximately 300 unmo-
deled maps with resolution ≤5.0 Å. We then applied EM2NA to model
the DNA/RNA structures for these maps. It should be mentioned that

somemapsmay not containDNA/RNAdue to awrong label. Therefore,
for a fewmaps, EM2NA does not detect any DNA/RNA density regions.
Finally, EM2NA successfully builds a DNA/RNAmodel ranging from 10
to 5347 nt for 263 maps (Supplementary Data 3).

Despite lacking of the corresponding PDB structures, we are able
to estimate the local quality of the built models in a reference-free
manner by local confidence score. Figure 6a shows the distribution
and accumulated percentage as a function of the local confidence
score for all the modeled nucleotides on both the EMDB andMain test
sets. It can be seen from the figure that the frequencies in the local
confidence interval of [0.80, 0.90) surpasses those in the other inter-
vals. About 70% of the built nucleotides have a high accuracy with a
local confidence score of > 0.6. It is also noted that the local con-
fidence distribution for the EMDB test set is very close to that for the
main test set and the average local confidence for the EMDB test set is
slightly better (0.63 for EMDB test set versus 0.60 for the main test
set). Such a trend suggests that the built models for the EMDB data set
of unmodeledmaps have a comparable accuracy to those for themain
test set with known PDB structures. In addition, our EM2NAmethod is
also robust to the maps with different resolutions and DNA/RNA
lengths, and the average confidence score of the built model does not
show a good correlation with map resolution (Fig. 6b) and the total
length of the DNA/RNA structure (Fig. 6c).

Figure 6d–f shows three examples of the built models. For EMD-
3377, EM2NA models two RNA chains (a total of 57 nucleotides) in 10
minutes from the map with an intermediate resolution of 4.71 Å. The
average confidence score is 0.75 for this target (Fig. 6d). Only one or
two nucleotides at the terminal show lower confidences. For EMD-
8140, the builtmodel includes twoDNA strands forming aDNA-duplex

0.69

0.42

Helical Nonhelical
0.0

0.2

0.4

0.6

0.8

1.0

Lo
ca

l c
on

fid
en

ce
 s

co
re

d

0

1

2

3

4

5

6

Local confidence score

N
uc

le
ot

id
e 

di
sp

la
ce

m
en

t (
Å)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

b c

0.0 0.2 0.4 0.6 0.8 1.0
0%

5%

10%

15%

20%

Pe
rc

en
ta

ge
 (%

)

Local confidence score

 Helical  Nonhelical

0%

20%

40%

60%

80%

100%

Ac
cu

m
ul

at
ed

 p
er

ce
nt

ag
e 

(%
)

e

built C4’ atomnearest voxels

local conf. = C4’ probability at (x, y, z)

0.840.79

0.86

0.78 0.80

0.82

0.77

a

PDB 7UXA
EMD-26856
Avg. confidence=0.69
C4’ RMSD=0.82Å

PDB 8HJ4
EMD-34832
Avg. confidence=0.65
C4’ RMSD=1.19Å

PDB 7M9A
EMD-23721
Avg. confidence=0.73
C4’ RMSD=1.02Å

PDB 7LYS
EMD-23600
Avg. confidence=0.68
C4’ RMSD=0.66Å

0.90 0.10

Local confidence

PDB model

Fig. 5 | Local confidence estimation of the builtmodels. a Local confidence score
is defined as the predicted atom probability at the C4' position. b The nucleotide
displacements versus their local confidence scores for n = 8523 C4' atoms that
represent the corresponding nucleotides on themain test set of 50maps. The thick
dots indicate themeans and error bars/whiskers indicate ± 1.0 standard deviations.
c The distribution (Fill Area, left y-axis) and accumulated percentages (Line+Sym-
bol, right y-axis) of local confidences for the built nucleotides in helical and non-
helical regions. d Box plots of local confidence scores for n = 5758 helical and
n = 2765 non-helical nucleotides. The boxplots indicate themeans (cross),medians
(median-line), first and third quartiles (bounds of boxes), and ± 1.0 standard

deviations (whiskers). Mean values are marked near the box. e Examples of the
EM2NA-built models colored by local confidence scores. The superimposed PDB
structure is colored in green. From left to right are EMD-23600, PDB 7LYS, CasPhi-2
(Cas12j) bound to crRNA and DNA; EMD-23721, PDB 7M9A, ADP-AlF3 bound TnsC
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(Fig. 6e). EM2NA builds the model of this target using only 6 minutes.
The local confidence estimation shows that nearly all the nucleotides
are built with a high confidence, and the average confidence is 0.84 for
this target. The side chain conformations are also built very well, in
which the base pairs can be observed clearly. As such, it is easy to
recognize themodel as a typical nucleosome structure (a circularDNA-
duplex surrounding the proteins chains), which has been widely stu-
died by researchers. For EMD-29405, this is the largest target con-
taining up to 5347 nucleotides in the EM2NA model (Fig. 6f). It takes
approximately 8 hours for EM2NA to build such a large system.Most of
the built nucleotides have a high accuracy with a good confidence of
> 0.6. Only a few terminals or loops show lower confidence, as they are
more flexible than the buried regions (Fig. 6f). On average, the built
model gives a good confidence of 0.63 for this target.

Although the EMDB entries do not have a labeled corresponding
PDB structure, they may have related/similar structures in the PDB
database. Therefore, we further searched the EMDB and identified the
studies that the EMDB IDs are involved. After careful inspection, 80
maps match a higher resolution reference structure, on which the C4’
RMSD and residue coverage are calculated accordingly. As shown in
Supplementary Data 4, EM2NA can still build good models with a C4’
RMSD of 1.29Å and a residue coverage of 75.20% on average, although
the results are not as good as those for the cases that have a PDB
structure. The performance drop for the unmodeled maps can be
understood for two reasons. On one hand, researchers often build
more than one maps for the same target and would build the PDB

structure for the best-quality map in real cryo-EM applications. On the
other hand, some reference PDBmodels used for evaluations may not
be exactly the same target as those for the maps.

Computational efficiency
The computational efficiency of EM2NA is also investigated. Figure 7
shows the running times of the deep learning stage, the atomic mod-
eling stage, or the summation of both as a function of the total length
of the builtmodel on the total of 313maps (50maps in themain test set
plus 263 maps in EMDB test set). The ‘deep learning time’ refers to the
time consumption for segmenting proteins and nucleic acids, and
predicting the atom probability maps and nucleotide types. It is run-
ning before the atomic modeling stage. The ‘atomic modeling time’
means the time consumption of the following steps after we generate
the predicted atom probability maps and nucleotide maps. The deep
learning stages (stage-1,2) are performed on one Nvidia A100 GPU (40
GB) for acceleration, and the atomic modeling stage is run on a single
core of Intel(R)Xeon(R)Gold6240CPU@2.60GHz. As shown in Fig. 7,
the running time for deep learning has a linear relationship with the
map sizes, and the running time for atomic modeling has a square
relationship with the number of built nucleotides, where the latter
dominates the total running time for large DNA/RNA structures.
Overall, the total running timehas a square relationshipwith the length
of the built DNA/RNA structure. Normally, EM2NA can segment a map
of up to 600 MB within 25 minutes and build a DNA/RNA structure
model of less than 500 nt within 10 minutes. For those systems that
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have smaller map sizes and few nucleotides, EM2NA can complete the
model buildingwithin 5minutes. Running EM2NAwithmore advanced
GPUs will take a shorter time, depending on what GPU the user is
actually using. Running on different CPUs will not significantly influ-
ence the running time.

Discussion
We have proposed a deep learning-based approach to automatically
build DNA/RNA structures from cyro-EM maps, named EM2NA, based
on an efficient Swin-Conv-UNet architecture trained with a combina-
tion of multiple learning objectives. EM2NA builds the full-atom DNA/
RNA structure from the map by integrating several modeling steps:
segmenting the DNA/RNA density regions from raw cryo-EM maps,
predicting the backbone atompositions andnucleotide types from the
segmented DNA/RNA map, iteratively threading possible atom posi-
tions into backbone traces, aligning the backbone traces with
sequences and detecting base-pairs to assign nucleotide types, and
constructing the full-atom structure with template nucleotide con-
formations. The whole modeling process is fully automated and does
not require any human interventions.

EM2NA was extensively evaluated on a benchmark test set of 50
experimental cryo-EM maps. It is shown that EM2NA outperforms
three state-of-the-artmethods includingCryoREAD,ModelAngelo, and
Phenix (phenix.map_to_model). For recovering DNA/RNA structures,
EM2NA achieves a high residue coverage of 83.15% and low C4’ RMSD
of 1.06 Å, which are substantially better than 47.04% and 2.28 Å for
CryoREAD, 74.23% and 1.17 Å for ModelAngelo, and 40.87% and 1.10 Å
for Phenix. For assigning nucleotide types, EM2NA yields a good
sequence recall of 46.86%, compared with 24.20% for CryoREAD,
20.42% for ModelAngelo, and 16.75% for Phenix. In addition, we also
applied EM2NA for blind model building on an EMDB-wide data set of
263 unmodeled maps, demonstrating that EM2NA can also build the
DNA/RNA structures with good confidences. These results demon-
strate the accuracy, robustness, and general applicability of EM2NA.
Moreover, EM2NA is fast and can normally build a DNA/RNA model
containing <500 nt within 10 minutes, making it a valuable tool in
accelerating DNA/RNA structure determination from cryo-EM maps.

Although EM2NA surpasses the existingmethods in bothmodeling
automation and performance, it cannot replace humans. For example,
assigning the correct nucleotide type for the built model is still a major
challenge for EM2NA and other methods. The use of prior knowledge,
through human intervention, is still necessary to guide modeling.
Besides, it’s also challenging to handle NA’s flexibility given that NA
polymer geometry in protein-NA complexes can sometimes differ from
standard helix conformation. Furthermore, bulges or flipped-out
nucleotides can exist within a natural A-form RNA helical structure.

These conformations may not recognized by EM2NA. Nevertheless,
EM2NA gives a fast, reliable and automatic interpretation of the map,
and removesmany barriers in theway of building amodel from scratch.

Methods
The network architecture
A Swin-Conv-UNet (SCUNet)39,40 architecture is used to extract the
DNA/RNA information from the map. The network consists of three
encoder, one transition, and three decoder Swin-Conv (SC) blockswith
skip connections between encoders and decoders. Here, the “Swin”
represents the Shifted window transformer, which exhibits a good
nonlocal modeling capability by computing self-attention of non-
overlapping windows while also allowing for cross-window
connection41; The “Conv” stands for Convolutional network, which is
known for its efficient local modeling capability. Therefore, compared
with traditional networks like CNN, the Swin-Conv block has the
advantage of both local andnonlocal learning capabilities39. EachSwin-
Convblock includes a Swin transformer (SwinT) block that isparalleled
with a residual convolutional (RConv) block sandwiched by two 1 × 1
convolutions. The window size of the Swin transformer is set to 3. The
3D convolution layer with kernel size and stride of 2 is used as down-
sampling, and the 3D transposed convolution layer with kernel size
and stride of 2 is used as up-sampling. The inputs of our network are
the density chunks of size 48 × 48 × 48with a grid interval of 1.0Å. The
outputs are of the same size. Our deep learning detection uses a two-
stage pipeline to predict DNA/RNA backbone information. Both stage
uses the same network but differs only in the final output channels.

Data sets
The experimental cryo-EM density maps and corresponding PDB
structures used in the study were collected from the Electron Micro-
scopy Data Bank (EMDB)42 and Protein Data Bank13. All the EM density
mapswith resolutions from2.0Å to 5.0Å thathave correspondingPDB
structures were downloaded from the EMDB. Any EM map (and the
associated PDB structure) that met the following criteria were
removed: (i) Themaphas non-orthogonal axis; (ii) The resolution is not
given by the FSC-0.143 cut-off; (iii) The reconstruction method is not
single-particle analysis. Any PDB structure (and the associated EM
map) that met the following criteria were also removed: (i) containing
protein only; (ii) having un-assigned nucleotide types; iii) containing
backbone atoms only. iv) having severe misfits between map and
associated atomic structure. To quantify the criterion (iv), the atomic
structureswerefirst simulated to densitymaps byUCSFChimera43 and
a threshold of 0.60 was selected to filter the maps. For computational
efficiency, large ribosomes ( > 3000nucleotides) are removed because
they often contribute too much training data.
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All the filteredmaps are subject to manual examinations, yielding
a total of 424 maps. Afterward, the PDB structures of 424 maps are
clustered using MMseqs244. If the longest NA chain from one PDB
structure has a sequence identity of > 0.8 to the longest NA chain from
another PDB structure, the two PDB structures will belong to one
cluster, yielding a final set of 196 clusters. To ensure the diversity of
structures and maps, we split the cluster representatives to three
categories: ‘NA_only’, ‘large’ and ‘other’. The ‘NA_only’ means the PDB
structure contains only nucleic acids and noproteins, the ‘large’means
the structure containing >1000 nucleotides, and the ‘other’means the
others. For each category, we kept 25% of the items as the test set,
forming a total of 50 maps. The maps from the other clusters were
used to train the networks. Among the training maps, 60% of them is
randomly selected to train the stage-1 network and 40% is selected to
train the stage-2 networks. For each stage, 80% of themaps are used as
the training set and 20% of the maps are used as the validation set
(Supplementary Data 5).

It should be noted that here the sequence identity cutoff of 0.8 is
used for clustering because it is revealed that the RMSDs between two
homologous RNA structures exhibit a relatively large gap before and
after the sequence identity of 0.845. Given the limited number of RNA
structures in the PDB, such a cutoff selection can achieve a good bal-
ance between the number and structural diversity of the RNA struc-
tures in the training set. Although the sequence identity of 0.8 is too
high to remove the redundancy for the proteins, setting a lower pro-
tein sequence identity cutoff (e.g. 0.2) will not significantly change the
performance of EM2NA because EM2NA is mainly trained on the NA
structures, as shown in Supplementary Fig. 2.

Network training
Detection of the nucleic acid information for experimental density
maps is based on the trained networks. Here, we adopted a two-stage
object detection framework according to our early attempts. The
stage-1 network is used to segment nucleic acid densities out of a raw
map, and the stage-2 network is used todetect the nucleotide location
and type from the segmented DNA/RNA map. To train the stage-1
network, we label the voxels according to the nearest heavy atoms
within 3 Å of the PDB structure. The voxel is labeled ‘0’ if the atom is
from proteins, ‘1’ if the atom is from DNA/RNA, and ‘2’ if no heavy
atom iswithin 3Åor the atom is fromother chemical components like
water/ions/small molecules. The loss function for stage-1 is a classi-
fication loss, which is a combination of CrossEntropyLoss and Dice-
Loss,

L=CrossEntropyLossðypred , yGT Þ+DiceLossðypred , yGT Þ ð1Þ

where ypred and yGT stand for the predicted and ground-truthmaps for a
cropped box, respectively.

To train the stage-2 network, we first define the backbone of
nucleic acids as the P, C4’, and N1(N9) atoms, which represent the
phosphate, ribose, and base for each nucleotide. The N1 atom is for
pyrimidine and the N9 atom is for purine, which represents the first
atom in the base connected to the ribose.We select P, C4’ andN1 orN9
atoms as the coarse-grained backbone representations for the fol-
lowing reasons: i) They are from different functional groups (P for
phosphate, C4’ for ribose, andN1/N9 for base); ii) TheN1 andN9 atoms
are equivalent for different bases, as they are the first atomsconnected
to the ribose; iii) The pseudo-bond between them is around 3-4 Å, and
thus it is possible to distinguish these 3 atoms for amapat near-atomic
resolution.

The training label is created according to the PDB structure and
map resolution. We first extract all nucleotides in the PDB structure,
and zone the raw maps within 3 Å of the heavy atoms in the nucleo-
tides. To define a ground truth P atom probability map, we extract the

P atoms from the nucleotides. The density value at grid point x is
calculated as follows.

DðxÞ= max e�kkx�ak2 , 8a 2 A
n o

ð2Þ

where a is the coordinate of the P atom in chain A and the kernel k is
defined according to map resolution R as k = (π/(1.2+0.8R))2. The C4’
and N1(N9) probability maps are prepared following a similar manner.
Next, to define a ground-truth nucleotide typemap,we label the voxels
according to the nearest atoms within 3 Å. If the nearest atom is from
an A/G/C/U(T), the voxel is labeled to be 0/1/2/3. For other conditions,
the voxel is label to be 4. The loss for atom probability prediction is a
combination of smooth L1 loss and structural similarity46 (SSIM) loss as
follows25.

L= SmoothL1Lossðypred , yGT Þ+ SSIMLossðypred , yGT Þ ð3Þ

The loss of nucleotide type prediction is a 4-class Cross-Entropy loss,
where the prediction of label-4 is ignored because only the prediction
near the backbone is of interest.

L=CrossEntropyðypred , yGT Þ ð4Þ

To prepare the training data, the grid size of the map is unified
to 1.0 Å by trilinear interpolation. The density values of each
experimental map are first clipped to between ≥0.0 and ≤99.999%
percentile of the density values and then normalized to [0, 1].
The experimental maps and labeled maps are cut into overlapping
chunks of size 60 × 60 × 60 with a stride of 30. The experimental
chunks with a maximal density value less than 0.0 are excluded from
training.

During training, data augmentation is used toprevent overfitting.
The input box is augmented by randomly cropping a 48 × 48 × 48 (Å3)
box out of a 60 × 60 × 60 (Å3) chunk and 90∘ random rotation is
applied on the box. The network is implemented by PyTorch 1.9.0.
Adam optimizer is used to update the network weights. We train the
nucleic acid/protein density predictor, atom probability predictor (P,
C4’, N1/N9), and nucleotide type predictor separately with the same
hyper-parameters. The initial learning rate is set to 5e-4 and the L2
regularization coefficient weight_decay is set to 1e-4. During the
training, the learning rate will reduce to its half if the average loss of
the training process does not descend for 4 epochs. The minimal
learning rate is set to 1e-6. We trained each of the networks with a
batch size of 56 on two Nvidia Tesla A100 GPU with 40GB memory.
The models with the least validation loss are selected as our final
models.

Building DNA/RNA backbones
With the predicted P, C4’, and N1(N9) probability maps, the DNA/RNA
backbone is constructed by the following steps. The predicted P and
C4’ atom probability maps are converted to the atom positions/points
by detecting their local maximums using a mean-shift algorithm. The
combined P and C4’ positions are threaded to multiple paths by sol-
ving a Vehicle Routing Problem (VRP) algorithm47. The VRP allows
multiple paths for traveling, which is suitable for building multi-chain
DNA/RNA structures here. We estimate the maximal number of back-
bone fragments nmax

path as

nmax
path = max 1, f loor

NC40

100

� �� �
ð5Þ

where NC40 is the number of C4’ points, and the minimal nmin
path as

nmin
path = 1 ð6Þ
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and then do a binary-search of the best npath starting from

nmax
path +n

min
path

2
ð7Þ

Namely, if the distance between consecutive points in a path is > 12.0
Å, the npath should be increased because the path can be split into two
sub-paths due to the large break. If the distance is <4.0 Å, the npath
should be decreased because the two paths should be connected. The
searching process is repeated atmost 3 times to obtain an appropriate
number of backbone paths.

Afterwards, for each path, we extract the C4’ points, and then
insert a P point for each of the two consecutive C4’ points. We add two
more P points at the beginning and at the end as auxiliary points to
help determine the correct path direction. In total, we have n C4’
points and (n + 1) P points in the path and regardless of the path
direction, they are arranged as

n1
P ! n1

C40 ! ::: ! ni
P ! ni

C40 ! ::: ! nn
P ! nn

C40 ! nn+ 1
P ð8Þ

Next, determining the correct path direction is straightforward by
taking the nucleotide bonds and geometries into account. Specifically,
for each C4’ point (ni

C40 ), we query its nearest N1/N9 point (ni
N) and

then divide the path above into ‘forward’ and ‘backward’ directions.
For the ‘forward’ direction, the P point (nn+ 1

p ) at the end is removed
from the path. The 3-atom representation of a nucleotide can thus be
built according to the previous P point (ni

P) and the current N1/N9
point (ni

N) andC4’point (ni
C40 ). For the ‘backward’direction, the Ppoint

(n1
p) at the beginning is removed and the path is reversed. Similarly, the

next Ppoint (ni+ 1
P ) and the currentN1/N9 atom(ni

N) andC4’point (ni
C40 )

together defines the nucleotide.
With the 3-atom nucleotide paths for both directions, we can

reconstruct them into pseudo-full-atom structures by aligning all
template “U” nucleotide conformations to the path based on the P-C4’-
N backbone atoms using Arena48 algorithm. Then, the O3’-P bond
length between consecutive nucleotides is calculated. By comparing
the sum of the bond lengths, the correct direction can be determined
because the correct path should have a minimal bond length. This is a
critical step in constructing the backbone. According to our observa-
tion, the models generated by some tools sometimes exhibit a
reversed path direction and an improper nucleotide conformation, as
they determine the path direction based on information from
sequence alignment, neglecting the nucleotide geometries.

Assigning nucleotide types
Thenucleotide types, i.e. A/G/C/U(T), canbe assigned to thebuiltDNA/
RNA backbone chains/paths with or without providing DNA/RNA
sequences. If the target sequences are not provided, we will assign the
nucleotide types solely to the deep learning-predicted ones. Namely,
the type (A/G/C/U(T)) for each nucleotide is assigned by voting the
nearest voxels within 3 Å of each C4’ atom. If the target sequence is
provided, after the above assignment, a Smith-Waterman sequence
alignment is used to inference thenucleotide types. The scoringmatrix
is defined by analyzing the base type predictions, including correct
prediction and wrong prediction and their frequencies. The gap pen-
alty is set to be −0.50 in the sequence alignment.

We also utilize the helical geometry in the built backbone to refine
thenucleotide type assignment. The correctlybuilt backbone (P-C4’-N)
enables us to well determine whether two nucleotides can form a base
pair with the help of the coarse-grained SS annotationmethod CSSR49.
Specifically, we first initialize a count matrix P with zeros and shape of
N × N. Here, N is the number of all nucleotides. Then, we extract all
fragments for each chain using shifted windows with length=20 and
stride=5. For fragments i, k, we label i to be all ‘A’ and k to be all ‘U’ to
see if any possible pairs exist between them using the CSSR method.

Afterward, we further check the possible pairs that meet the following
criteria: i) if two nucleotides (m, n) are paired, the nucleotides
(m + 1, n − 1) or (m − 1, n + 1) are paired too; ii) abs(n −m) > = 4; iii) 14 Å
<inter� C40�distance ðm,nÞ<18 Å. For the left pairings, we let the
countmatrix P(m, n) = P(m, n) + 1, and P(n,m) = P(n,m) + 1 for all paired
(m, n) in the two fragments. After obtaining the count matrix that
records the possible pairing frequency, we extract
(m, n)* = argmax(P > 0), then set m, n as being visited, and set
P(m, . . . ), P(. . . , m), P(n, . . . ), and P(. . . , n) to be 0. This operation
repeats until all nucleotides are visited or no more (m, n)* is paired.
Based on the detected pairs, we can refine the sequence assignment
based on the fact that the paired nucleotides should satisfy the base
pairing principle of A-U/T and C-G. For the paired nucleotides (m, n), if
nucleotide-type-of(m) is predicted with a higher probability than
nucleotide-type-of(n), we will set nucleotide-type-of(n) to be the
complementary nucleotide type of m, or vice versa. After the nucleo-
tide assignment, the final sequence may not agree with the input
sequence. In some cases, the assigned sequence is only a substring of
the input sequences. If users input DNA/RNA hybrid sequences,
EM2NA will automatically determine whether the chains are built into
DNA or RNA, according to the best sequence alignment.

Full-atom construction
Based on the built DNA/RNA backbones and assigned nucleotide
types, the full-atom structure is built by aligning template nucleotide
conformations onto the backbone with the Arena48 algorithm. If the
target sequences are not provided, it is necessary to determine if the
structure is an RNA (A-form) or DNA (B-form) according to their heli-
ces. Then, we can build the correct base conformation for the back-
bone. To achieve this, we simply compare the detected pairings with
the RNA/DNA helix templates generated by 3DNA38. If more than 50%
of the base pairs in two fragments are more similar to DNA(B-form),
then the backbone fragments are built into the full-atom structurewith
DNA nucleotides, and vice versa. Such a treatment may not always
capture the correct polymer geometry as RNAs in protein-RNA com-
plexes can differ from standard A-form helix. Furthermore, RNA also
allowsbulges or flipped-out nucleotides to harmoniously existwithin a
mainly A-form natural helical structure. After a model is built, a post-
refinement is recommended to remove severe atomic clashes by using
a third-party program like phenix.real_space_refine50 or MD simula-
tions. Our experiment shows that a quick phenix.real_space_refine can
slightly improve the RMSD (Supplementary Data 6), though the
models used in the study are not refined by default.

Evaluation of the built models
Four metrics, including backbone C4’ RMSD, residue coverage,
sequence match, and sequence recall, are used to measure the accu-
racy of a built DNA/RNA model. The values of these metrics are cal-
culated using the program phenix.chain_comparison9. Specifically, the
C4’ RMSD is calculated by querying the nearest representative atom in
the target structure within a distance cutoff. The residue coverage
measures how many nucleotides are built from the map regardless of
nucleotide types relative to the PDB structure, while the sequence
match means how many nucleotides in the built model have the same
nucleotide types as those in the PDB structure. Sequence recall is the
product of residue coverage and sequence match, which measures
how many nucleotides in the built model are correctly built from the
map in terms of both backbone position and nucleotide type when
compared to the PDB structure. All metrics are calculated with a dis-
tance cutoff of 3 Å and the C4’ as the representative atom for each
nucleotide.

Comparison with related works
We have compared EM2NA with three state-of-the-art methods
including CryoREAD, ModelAngelo, and phenix.map_to_model.
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These methods are all optimized for near-atomic resolution maps.
Specifically, CryoREAD is designed for maps with <5 Å resolution,
ModelAngelo is designed for maps with <4 Å resolution, and phe-
nix.map_to_model is designed for maps with <4.5 Å resolution. The
input sequences are the same for each method. The running com-
mand details are listed below.

CryoREAD. We used CryoREAD version 8.2. CryoREAD is downloaded
from its authors’ GitHub repository and run according to the instruc-
tions on the website. We first ran the deep learning prediction for all
the targets by the following command.

• python3 main.py –mode=0 -F=MAP.mrc -M=best_model_
paper
–contour=0.5*AUTHOR_RECOMMENDED_CONTOUR –gpu=4
–batch_size=16 –prediction_only

Then, we then ran the modeling command as follows.

• python3 main.py –mode=0 -F=MAP.mrc -P=SEQ.fasta
-M=best_model_paper –contour=0.5*AUTHOR_RECOM
MENDED_CONTOUR –gpu=4 –batch_size=16 –rule_soft=0
–resolution RESOLUTION
–thread 2

ModelAngelo. We used the ModelAngelo version 1.0.12. The com-
mand for modeling is as follows.

• model_angelo build -v MAP.mrc -pf PROT.fasta -rf RNA.
fasta -df DNA.fasta

phenix.map_to_model. We ran phenix.map_to_model in the Phenix
suite of version 1.19.2-4158. The command for modeling is as follows.

• phenix.map_to_model MAP.mrc SEQ.fasta Resolution=
RESOLUTION symmetry=C1

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The raw data of the evaluation results are provided in the Article and
Supplementary Data. All published data sets used in this paper were
taken from the EMDB and PDB (accession codes specified in the figure
captions and in Supplementary Data). The atomic models built by
EM2NA (50 items in the main test set) has been deposited in Zenodo51.
The atomicmodels for the EMDB 263 items has also been deposited in
Zenodo52. Source data are provided with this paper.

Code availability
The EM2NA package is freely available for academic or non-
commercial users at http://huanglab.phys.hust.edu.cn/EM2NA/or
https://github.com/emberslee/EM2NA/.
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