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The physiological functions of proteins are associated with their 
three-dimensional (3D) structure and their dynamic behav-
iour in solution. High-resolution studies of the structural and 

dynamics properties of proteins are essential to elucidate the mecha-
nisms underlying their biological functions, such as the regulation 
of cellular signalling mediated by protein–protein interactions and 
metabolic reactions catalysed by enzymes1,2. Various techniques have 
been developed to determine protein structures, such as X-ray crys-
tallography, nuclear magnetic resonance (NMR) spectroscopy and 
cryo-electron microscopy (cryo-EM) single-particle analysis (SPA)3–6.  
Information about dynamics has been quantitatively obtained 
through several experimental and computational approaches, 
including NMR, hydrogen–deuterium exchange (HDX) mass spec-
trometry (MS)7, and molecular dynamics (MD) simulations8.

Recent breakthroughs in cryo-EM SPA3,9 have facilitated the 
determination of the structures of numerous biological molecules at 
atomic or near-atomic resolution10,11, including those of extremely 
large and complex macromolecules12–15 that have not been solved 
using conventional techniques. However, the investigation of the 
dynamics of such molecules is technically challenging owing to 
their large sizes and complex structural assemblies.

The 3D cryo-EM maps solved by SPA are reconstructed from 
numerous two-dimensional (2D) images of molecular particles 
identified in a micrograph3–5. Specimens used for cryo-EM SPA are 
prepared by rapidly freezing a solution in which proteins adopt vari-
able conformations. Therefore, the dynamics properties of the pro-
teins could be ‘hidden’ in the reconstructed cryo-EM maps. Local 
resolutions16,17 derived from the local map intensities in recon-
structed 3D cryo-EM maps tend to correlate with the dynamics 
information associated with the atomic fluctuation; that is, lower 
local resolutions correspond to more flexible regions. However, 
local resolutions may be affected by artificial effects resulting from 
sample conditions. These artificial effects, including preferred 

orientations, compositional heterogeneity and local denaturation 
during sample preparation, could hamper the direct estimation of 
dynamics from the local resolutions.

To address these challenges, we developed dynamics extraction 
from cryo-EM map (DEFMap), a deep learning-based approach 
that obtains the dynamics information of proteins from a cryo-EM 
map alone (Fig. 1a). We used all-atom MD simulations of cryo-EM 
SPA-targeted macromolecules and constructed a model based on 
a deep neural network to predict the dynamics information from 
cryo-EM density data. The performance of this model was vali-
dated with macromolecules that were not included in the training 
dataset by comparing the results with MD-derived and experi-
mentally determined dynamics properties. Moreover, DEFMap 
identified the changes in dynamics associated with molecular rec-
ognition and their accompanying allosteric effects from a cryo-EM 
map alone without requiring additional experiments such as MD 
simulations. Our approach integrates multiple research areas such 
as deep learning, MD simulation and cryo-EM SPA, and facilitates 
the investigation of dynamics properties that are intractable using 
conventional techniques.

Results
Construction of DEFMap. To quantitatively extract the hidden 
dynamics information associated with the atomic fluctuations from 
only the density data in the cryo-EM map, DEFMap was constructed 
using a deep-learning method and MD simulations (Fig. 1a).  
The deep-learning method was designed to learn the relationship 
between local density data and the dynamics information. Although 
quantitative data on atomic fluctuations are required for training 
the neural network model, it is difficult to obtain adequate dynam-
ics data from existing experimental methods. To overcome this 
limitation, we performed all-atom MD simulations using atomic 
structures that are derived from cryo-EM maps and are available 
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in the Protein Data Bank (PDB)18; we calculated the root mean 
squared fluctuation (RMSF) representing atomic fluctuations as 
the dynamics information (Fig. 1a, see the training-data construc-
tion stage). With advances in MD techniques and computing per-
formance, MD simulations have been widely used to elucidate the 
detailed dynamic behaviour of biological molecules8,19,20. Next, we 
trained the 3D convolutional neural network (3D-CNN)21–23 model 
to learn the relationship between cryo-EM density data and the 
logarithmic RMSF values in order to capture 3D patterns of the 
cryo-EM density data that reflect the protein dynamics (Fig. 1a, see 
the training stage). Three-dimensional CNNs have been used exten-
sively to detect or classify patterns in 3D objects in various fields24–26 
and have exhibited remarkable performance in their applications to 
3D cryo-EM maps27–30. In this study, a sub-voxel (10 × 10 × 10 grid) 
that is extracted from the original voxels is provided as input data 
to the model, and the model is trained to predict the logarithmic 
RMSF value of the central voxel in each sub-voxel. Finally, using 
the trained 3D-CNN model, DEFMap can directly and quantita-
tively extract the hidden dynamics information in the form of the  

logarithmic RMSF values by using only the 3D cryo-EM density 
data of a new target protein (Fig. 1a, see the prediction stage). In the 
prediction stage, DEFMap does not require any MD calculations. 
For visualization in DEFMap, the residue-specific values averaged 
over each residue after normalization (termed DynamicsDEFMap) are 
mapped onto the corresponding atomic models.

Initially, to evaluate the performance of DEFMap, we retrieved 25 
cryo-EM maps from the Electron Microscopy Data Bank (EMDB)31 
(Supplementary Table 1) and used them to train the DEFMap 
3D-CNN model (see Methods for details of the training dataset, 
MD simulation and training). Within the dataset, local resolutions 
calculated using the MonoRes implementation in Scipion16,32 tended 
to correlate with the normalized residue-specific logarithmic RMSF 
values obtained from MD (termed DynamicsMD) (Extended Data 
Fig. 1a and Supplementary Table 2; average correlation coefficient 
r = 0.510 ± 0.091). However, 10 out of 25 datasets were excluded 
from the evaluation because they exhibited inverse correlations. 
Using the same dataset, we performed 25-fold cross-validation33 in 
a unit of protein to accurately evaluate the performance of DEFMap 
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Fig. 1 | DEFMap-based extraction of dynamics features from cryo-EM maps. a, Complete workflow of DEFMap. Model training is carried out using 
macromolecules derived from EMDb and PDb (EMDb/PDb), which are conveniently handled in all-atom MD simulations. In the training-data construction 
stage, the dynamics properties are derived from the RMSF values (for heavy atoms) calculated from MD simulations (Methods, see the section on 
Molecular dynamics simulations). In the training stage, the 3D-CNN model in DEFMap learns the relationship between dynamics values and density data 
at the corresponding positions (Methods, see the sections on Data preparation for DEFMap and Construction of deep neural networks). In the prediction 
stage, for other cryo-EM maps that are not included in the training dataset, the trained model predicts dynamics values based on input density data 
(Methods, see the section on Postprocessing and visualization of output from the neural networks). In this study, 25 macromolecules were used to validate 
and train the DEFMap model, and 9 other macromolecules were used for dynamics predictions using the trained model and further structural analyses. 
b, A correlation plot between DynamicsDEFMap and DynamicsMD for EMD-3984 (Supplementary Table 2, entry 1). r denotes the correlation coefficient. 
DynamicsMD were calculated from the RMSF values derived from MD simulations. c, Comprehensive comparison of the correlation coefficients for 
DynamicsDEFMap with those for the local resolution estimates. The correlation coefficients are calculated against DynamicsMD, and then, a plot of correlation 
coefficients for DynamicsDEFMap against correlation coefficents for the standardized local resolutions is created. Each point denotes the individual map for 
the EMDb ID indicated by a label. The y = x line is represented by a black line; the points are located above the line, indicating the superior performance  
of DEFMap.
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within the dataset. We observed an improved correlation between 
the DynamicsDEFMap and DynamicsMD outputs (for the 15 datasets 
that exhibited a positive correlation in the local resolution estimates, 
r = 0.663 ± 0.135; for the 25 datasets, r = 0.665 ± 0.124; Fig. 1b,c and 
Supplementary Table 2). These results indicate that DEFMap can 
efficiently extract dynamics features from 3D cryo-EM density data. 
The direct benefit of using the DEFMap algorithm against using the 
input density data can be observed by comparing the correlation 
plot for DEFMap (Fig. 1b) with that for the corresponding map 
intensity (Extended Data Fig. 1b and Supplementary Table 2).

Correlation with dynamics from MD simulations and experi-
ments. Subsequently, we trained the 3D-CNN model of DEFMap 
using the full training dataset (25 cryo-EM maps) and then tested 
DEFMap on three other cryo-EM maps (EMDB entry, PDB entry: 
EMD-4241, 6FE8 (ref. 34); EMD-7113, 6BLY (ref. 35); and EMD-
20308, 6PCV (ref. 36)) to further evaluate its potential for dynam-
ics analysis (Supplementary Table 3). The additional maps were 
selected for their distinct structural aspects in terms of secondary 
structure contents (α-helix, β-strand, others: 0.56, 0.06, 0.38 for 
EMD-4241, 6FE8; 0.05, 0.43, 0.52 for EMD-7113, 6BLY; and 0.30, 
0.27, 0.43 for EMD-20308, 6PCV). In particular, the experimental 
dynamics of EMD-20308, 6PCV has been reported and is compared 
with DynamicsDEFMap later. The performance of DEFMap in extract-
ing dynamics features for the structural fluctuations from cryo-EM 
maps is illustrated in Fig. 2. The dynamics values calculated by the 
trained DEFMap model correlated well with those derived from 
MD simulations at both the atomic level (r = 0.704, 0.726 and 0.673, 
respectively) and residue level (r = 0.727, 0.748 and 0.711, respec-
tively) (Extended Data Fig. 2). The results showed that DEFMap 
could extract accurate dynamics information from the cryo-EM 
map data alone. Moreover, the mapping of DynamicsDEFMap onto the 
corresponding atomic models demonstrated that DEFMap captured 
conformational aspects such as rigidity in the protein interior and 
flexibility of the solvent-exposed secondary structure elements, 
with an accuracy similar to that of MD simulations (Fig. 2a–c, 
upper panels). The DynamicsDEFMap data matched the DynamicsMD 
data for the entire protein (Fig. 2a–c, lower panels). In some regions, 
DEFMap failed to extract accurate dynamics properties. We rea-
soned that low resolution of a local map hinders accurate extraction 
of dynamics data. In fact, overall map resolutions that were lower 
(particularly those >8 Å) resulted in inferior performance (Fig. 2d 
and Extended Data Fig. 3).

The DEFMap performance for the maps that were preprocessed 
using several low-pass filters suggests that DEFMap is poten-
tially useful in the case of intermediate-resolution maps (5–7 Å) 
for which de novo modelling of reliable atomic structures is sub-
stantially difficult. Further validation using an experimental map 
with an overall resolution of 6.20 Å and local resolutions rang-
ing from 2 Å to 8 Å (EMDB entry, PDB entry: EMD-4772, 6R9T  
(ref. 37)), (Extended Data Fig. 4a and Supplementary Table 3) dem-
onstrated that DynamicsDEFMap data exhibited a good correlation 
with DynamicsMD data (r = 0.646, Extended Data Fig. 4b). The per-
formance of a model trained with datasets that were preprocessed to 
a resolution of 7 Å using low-pass filters was superior to that of the 
models trained with datasets that were preprocessed to resolutions 
of 5 Å and 6 Å using low-pass filtering (Extended Data Fig. 4c,d, 
respectively); this indicated that a model trained by datasets that 
were appropriately preprocessed in accordance with the target-map 
resolutions should be selected for the prediction.

To assess the potential of the current method, it is important to 
confirm the consistency of the DEFMap predictions with experi-
mentally derived dynamics properties. Under appropriate con-
ditions, the dynamics of large proteins (such as those targeted by 
cryo-EM) can also be experimentally determined using HDX-MS7; 
using this approach, the dynamics information at the peptide  

fragment level can be obtained by monitoring the effects of deu-
terium incorporation into protein amide groups (Supplementary  
Fig. 1). We compared the DynamicsDEFMap of EMD-20308 with the 
publicly available HDX-MS data36. The average DynamicsDEFMap data 
for each fragment detected in the HDX-MS experiments correlated 
well with the corresponding HDX rates (DynamicsHDX-MS, r = 0.743) 
and DynamicsMD data (r = 0.807), confirming that DEFMap cap-
tured the local dynamics accurately. Thus, DEFMap can provide 
insights equivalent to those obtained from experimental approaches 
(Fig. 2e and Extended Data Fig. 5).

DEFMap-based analysis of biologically relevant dynamics. We 
next assessed the potential of DEFMap to identify molecular bind-
ing sites and to investigate the allosteric effects of ligand bind-
ing. Ligand binding is a fundamental biological event and is often 
accompanied by the suppression of dynamics at the recognition 
interface. Therefore, we monitored the dynamics changes associ-
ated with ligand-induced perturbations in the cryo-EM density 
maps. In particular, we used DEFMap to detect ligand-induced 
dynamics changes for three pairs of apo and holo proteins that 
were not included in the training dataset (apo, holo: EMD-20080, 
EMD-20081 (ref. 38); EMD-9616, EMD-9622 (ref. 39); EMD-3957, 
EMD-3956 (ref. 40); Supplementary Table 4). We found good 
agreement between DynamicsDEFMap and DynamicsMD profiles for 
the aforementioned pairs (Extended Data Fig. 6). Moreover, the 
DEFMap-derived dynamics of the residues located near the bind-
ing partners were significantly suppressed upon ligand binding  
(Fig. 3a,b and Supplementary Table 5), demonstrating that DEFMap 
could detect conformational stabilization at the binding interface. 
Among the residues located at the interfaces (Supplementary Table 5),  
significant dynamics suppression was observed in the regions 
that have been extensively discussed in previous studies38–40. This 
finding suggests that DEFMap can identify the key interactions 
involved in complex formation by using the density data (Fig. 3b). 
We observed additional dynamics suppression for regions that were 
distant from the ligand-binding site in the EMD-20080, EMD-
20081 pair (Arabidopsis defective in meristem silencing 3 (DMS3)–
RNA-directed DNA methylation 1 (RDM1) complex with defective 
RNA-directed DNA methylation 1 (DRD1) peptide)38 (Fig. 3c). In 
the apo state, DMS3 dimers establish contact with an RDM1 dimer 
through their coiled-coil arms (Fig. 3c, middle panel). In the holo 
conformation, the binding partner, DRD1 peptide, is recognized by 
the RDM1 dimer, the coiled-coil arms of a DMS3 dimer (Fig. 3c,  
dimer 1) and a hinge domain of an opposite DMS3 dimer (Fig. 3c, 
dimer 2). DEFMap-based dynamics analysis showed that the bind-
ing of the DRD1 peptide induced suppression of dynamics at the 
RDM1–DMS3 interface and at the hinge domains in the DMS3 
dimer 1 (Fig. 3c), indicating that ligand binding allosterically stabi-
lizes these regions. Interestingly, the static models constructed from 
the cryo-EM maps displayed no substantial differences between 
the apo and holo proteins in these regions (Extended Data Fig. 7). 
This finding further highlights the potential of DEFMap to pro-
vide future directions for studies on the underlying mechanism by 
extracting dynamics information that cannot be inferred from static 
tertiary structures.

Practical application of DEFMap to large and complex molecular 
systems. Finally, we assessed the potential of DEFMap to rapidly 
provide novel biological insights from a cryo-EM map alone by tar-
geting the novel severe acute respiratory syndrome coronavirus 2 
(SARS-CoV-2) and Zika virus. We applied DEFMap to the recently 
solved cryo-EM maps of the surface spike glycoprotein41 (Extended 
Data Fig. 8a, S protein) in SARS-CoV-2, the causative agent of 
the COVID-19 pandemic. Studies to develop molecular-targeted 
therapies for this disease are urgently required. We used DEFMap 
to visualize differences in dynamic properties between two 
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distinct conformational states in the S protein, the host cell 
receptor-accessible and receptor-inaccessible forms (EMD-21457 
and EMD-21452, respectively) (Fig. 4a and Extended Data Fig. 8a).  
The visualized dynamics indicated that the flexibilities of the hep-
tad repeat 1 (HR1) motifs and their interacting β-rich regions 
are elevated upon detachment of the receptor-binding domain  
(Fig. 4b and Extended Data Fig. 8b). Their dynamics changes might 
be associated with the function42 (see Discussion). Wrapp et al. 
reported another cryo-EM map of the receptor-accessible form 

(EMD-21375 (ref. 43)), which adopts a structure similar to that of 
EMD-21457. The DynamicsDEFMap of EMD-21375 correlated well 
with that of EMD-21457 (r = 0.641), thus validating the DEFMap 
performance (Extended Data Fig. 9). Furthermore, we assessed 
the applicability of DEFMap to extremely large molecular systems 
such as a virus particle. We visualized the dynamics on the viral 
surface and in cross-sections of the Zika virus44 (ZIKV, EMD-8139)  
(Fig. 4b), which is associated with Guillain–Barré syndrome in 
adults and with microcephaly in fetuses. The protruding regions 
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on the solvent-exposed surface were relatively more flexible than  
the buried regions. The dynamics on the viral surface differed 
among individual protomers in an asymmetric unit (Fig. 4c), sug-
gesting that DEFMap can capture the dynamics of the individual 
protomers in the distinct environment. Similarly, we performed 
the dynamics analyses for several viral particles45–47, and the results 
indicated variable dynamics distributions on the viral surfaces 
(Extended Data Fig. 10). The dynamics in the aggregated state are 
inaccessible through HDX-MS because individual protomers are 

not separately recognizable in the detection stage. Furthermore, 
MD-based analyses are still relatively challenging and expensive for 
these large and complex systems, and are not feasible if the atomic 
structure is not available (for example, EMD-9053, a human entero-
virus47; Extended Data Fig. 10, right panels).

Discussion
This work provides a proof of concept that a deep-learning tech-
nique can efficiently extract features associated with in-solution 
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behaviour from cryo-EM density data, which are modulated not 
only by intrinsic plasticity, but also by several artefacts attributed to 
sample conditions. DEFMap has the potential to facilitate the estab-
lishment of additional experimental or therapeutic strategies. For 
example, the allosteric effect observed in the RDM1–DMS3 complex 
can be further validated using HDX-MS experiments by comparing 
the HDX rates of the focused regions in the presence and absence 
of the DRD1 peptide. To give another example, the dynamics per-
turbation in HR1 motifs and their proximal regions of S protein in 
SARS-CoV-2 could be helpful in the establishment of a therapeutic 
strategy. A previous study on the S protein of SARS-CoV reported 
that the HR1 motifs undergo conformational changes to enable 
viral and host cell membrane fusion42. Considering that this phe-
nomenon is triggered through host cell receptor binding (Extended 
Data Fig. 8b), the dynamics elevation is presumably associated with 
the conformational relaxation, which is favourable for subsequent 
conformational changes. The development of targeted drugs or 
antibodies to suppress these dynamics changes may be an effective 
strategy to counteract the viral infection.

A series of analyses have provided several clues to further 
improve the performance of DEFMap. The performance of the cur-
rent model depended on the map resolutions (Fig. 2d and Extended 
Data Fig. 3), and this may reflect loss of detailed structural infor-
mation in low-resolution maps. The dependence on resolution sug-
gests that the performance of DEFMap will improve in line with the  
continuous progress in obtaining maps with higher resolution 
through the development of advanced equipment, such as cold field 
emission guns48,49, for cryo-EM data acquisition. From the viewpoint 
of processing density data, training the model with maps sharpened 
on the basis of their local resolution50 could improve the DEFMap 
performance owing to homogenization of the dataset properties. 
Also, additional model training using other macromolecules with 

various structural features and resolutions would increase the accu-
racy and the robustness of the model.

In conclusion, this study shows that DEFMap, a deep neural 
network-based approach, can successfully extract hidden dynam-
ics information from static 3D cryo-EM density maps alone.  
The DEFMap approach is not restricted by molecular size and  
the complexity of the systems because the model infers the  
dynamics from local density data. We expect that the use of 
DEFMap as a complement to conventional cryo-EM SPA may 
accelerate the elucidation of mechanisms underlying biologi-
cal events, and provide novel insights into protein behaviours 
in complicated systems and clues to establish therapeutic strat-
egies. Furthermore, DEFMap may help researchers to readily  
(from preprocessing to visualization in less than one hour) 
access the dynamics properties of biological molecules, as this 
open-source tool does not require additional expensive and/or 
time-consuming experiments or in-depth expertise. DEFMap 
can save considerable computation time in comparison with MD; 
for example, for the three test proteins (EMD-4241, 6FE8; EMD-
7113, 6BLY; and EMD-20308, 6PCV with molecular weights of 
220.37, 228.62 and 231.48 kDa, respectively), the MD simulations 
using a single GPU (NVIDIA GeForce GTX 1080) took 10–20 h 
for the product runs, whereas the prediction times of DEFMap 
were only several minutes. We believe that in the future, DEFMap 
may accelerate data-driven structural investigations aiming 
to understand protein function and to develop strategies for 
molecular-targeted therapy against various diseases. This study 
bridges experimental data, deep-learning approaches and MD 
simulations, and enables accurate extraction of dynamics infor-
mation from the data. The strategy provides a multidisciplinary 
avenue for study by integrating experimental science, simulation 
science and data science.
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Fig. 4 | Visual representation of DEFMap-derived dynamics for the spike protein in SARS-coV-2 and a ZIKV particle. a, Dynamics changes 
accompanied by a transition from the down conformation to the up conformation of the spike protein in SARS-CoV-2. The dynamics are mapped onto 
the atomic model in the up conformation using different colours as indicated in the colour bar. b, Mapping of DEFMap-derived dynamics onto the 
cryo-EM map of ZIKV. The solvent-exposed surface and the thin slice in the central section are shown in the left and right panels, respectively. The 
colour range is defined by minimum and maximum values in the inference. c, Enlarged view of an asymmetric unit of the ZIKV envelope proteins on the 
viral surface. The atomic model (PDb entry 5IZ7) is represented as ribbons. An asymmetric unit and each protomer component are indicated by regions 
within black and grey boundaries, respectively. The protruding loops exhibiting high flexibility (residues 151–161, 331–338 and 366–373) are shown as 
dashed white rectangles.
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Methods
Molecular dynamics simulations. All-atom MD simulations for macromolecules 
in the current datasets (34 molecules) were performed to obtain RMSF values 
that were used to train a deep-learning model in DEFMap or evaluate their 
performance. The selected macromolecules included proteins or complexes with 
DNA or RNA, which are conveniently handled in the simulations. The initial 
coordinates used in the simulations were obtained from PDB (https://www.rcsb.
org) and were processed using the Structure Preparation module of the Molecular 
Operating Environment (MOE) software (Chemical Computing Group), version 
2016.08 (https://www.chemcomp.com/). In brief, loops were modelled for 
disordered regions containing less than seven residues, and other non-natural 
amino termini and carboxy termini were capped with acetyl and formyl groups, 
respectively. Hydrogen atoms were added and topology files were generated using 
the pdb2gmx module in the GROMACS package 2016.551. All MD simulations 
were carried out with periodic boundary conditions (PBC), using GROMACS51 
on an NVIDIA GeForce GTX 1080 GPU. The periodic cell was in the shape of an 
octahedron. The Amber ff99SB-ILDN force field was used for proteins, nucleotides 
and ions52, and the TIP3P potential was used for water53. Water molecules were 
placed around the substrate model within a distance of 10 Å, and counter ions 
(NaCl) were added to neutralize the system. Electrostatic interactions were 
calculated using the particle mesh Ewald (PME) method54 with a cut-off radius of 
10 Å, and a nonbonded cut-off of 10 Å was applied for van der Waals interactions. 
The P-LINCS algorithm was used to constrain all bond lengths to their equilibrium 
values55. After energy minimization of the fully solvated models, the resulting 
systems were equilibrated for 100 ps under constant number of molecules, volume 
and temperature (NVT) conditions, followed by a 100 ps run under constant 
number of molecules, pressure and temperature (NPT) conditions, with the 
heavy atoms of the macromolecules held in fixed positions. The temperature was 
maintained at 298 K by velocity rescaling with a stochastic term56, and Parrinello–
Rahman pressure coupling57 was used to maintain the pressure at 1 bar, with 
the temperature and pressure time constants set to 0.1 ps and 2 ps, respectively. 
Subsequently, production runs of 20 ns were carried out under NPT conditions 
without positional restraints. After PBC corrections, the generated trajectories  
were aligned using overall Cα atoms, and the RMSF values (Å) for heavy atoms 
were calculated using the rmsf module of GROMACS. Logarithmic RMSFs were 
then used to represent dynamics properties for the purpose of efficient training  
in DEFMap.

Data preparation for DEFMap. Twenty-five cryo-EM density maps were selected 
and downloaded from EMDB and PDB (Supplementary Table 1, average overall 
resolution = 3.62 ± 0.46) to train the 3D-CNN model. Their resolutions were 
relatively high compared to the average overall resolution of cryo-EM maps 
deposited in 2019 (5.6 Å). To evaluate the potential of DEFMap for dynamics 
analysis, ten additional cryo-EM density maps were selected and downloaded from 
EMDB and PDB (Supplementary Tables 3,4). To prepare sub-voxelized density data 
as input data for DEFMap, we carried out the data preparation as follows. Initially, 
the maps were rescaled to 1.5 Å per pixel and low-pass filtered with a cut-off of 
5.0 Å using EMAN2.3 (ref. 58). Subsequently, the intensities were standardized 
within each map, and any negative values were eliminated. Each grid point in the 
maps was associated with the MD-derived logarithmic RMSF of the nearest atom 
in the voxelized coordinates. The resulting maps were sub-voxelized to generate 
the input density data, with 103 voxels distributed over 153 Å3. Here, the shape of 
the input data is 10 × 10 × 10 grid with a single channel. The training data were 
augmented by x-, y- and z-axis rotations of 90°, 180° and 270°, which resulted in a 
tenfold increase in the data. The preprocessed maps with an overall resolution of 
5 Å were primarily used in this study. To investigate the dependence of DEFMap 
performance on map resolution (Fig. 2d), the cryo-EM maps used for training 
and the other three datasets were low-pass-filtered to resolutions of 6 Å, 7 Å, 8 Å, 
9 Å and 10 Å, and the resulting maps were used as training datasets and prediction 
targets (for example, DynamicsDEFMap for the 10.0 Å test map was extracted using 
the model trained by the 10.0 Å maps). The atomic models were voxelized through 
high-throughput molecular dynamics (HTMD)59. All preprocessing procedures 
were performed using Python.

Construction of deep neural networks. The architecture of the neural network 
used in DEFMap included 3D convolutional blocks and dense blocks. The 3D 
convolutional blocks consisted of three 3D convolutional layers with Leaky 
ReLU activation, max pooling and dropout. The kernel size for convolution, 
the maximum pooling size and the dropout ratio were set to 4 × 4 × 4, 2 × 2 
and 0.2, respectively. Different filter sizes (64, 128 and 256) were applied to the 
three 3D convolutional layers. The dense blocks consisted of two dense layers of 
1,024 units with Leaky ReLU activation and a dense layer of a unit with identity 
activation. The mean squared error was used as the loss function. In total, the 
model has 5,774,785 trainable parameters. An overview of the neural networks 
is provided in Supplementary Fig. 2. The epochs, learning rate and batch size 
hyperparameters were set to 50, 0.00005 and 128, respectively, and early stopping 
with a patience interval of three epochs was used to prevent overfitting. To evaluate 
the performance of DEFMap, 25-fold cross-validation was performed using the 25 
cryo-EM maps in a unit of protein. Specifically, we selected a protein as a test set 

and assigned the remaining 24 sets to training and validation (75% for training and 
25% for validation), and we repeated this procedure 25 times. All of the learning 
curves for the 25-fold cross-validation are provided in Supplementary Fig. 3a. 
Subsequently, we trained the neural network model using all of the sub-voxels of 
the 25 cryo-EM maps (60% for training, 40% for validation) for further evaluation. 
The learning curve of the training set is provided in Supplementary Fig. 3b.  
All of the models were trained using an NVIDIA Tesla V100 GPU with 16 GB of 
memory. The Keras60 library 2.2.4 with TensorFlow 1.13.1 as backend was used for 
the calculations.

Postprocessing and visualization of output from the neural networks. 
Postprocessing of the atomic dynamics values calculated by DEFMap was 
carried out for further validation and analysis. First, the output values were 
normalized and then averaged over each residue. Next, the residue-specific values 
(DynamicsDEFMap) were assigned to the atomic models as temperature factors with 
HTMD59 and were visualized using the PyMOL61 and UCSF Chimera62 programs. 
To map the dynamics onto the viral particle cryo-EM maps, icosahedral symmetry 
was applied to the native output values (without normalization) using E2PROC3D.
py from the EMAN2.3 package. All postprocessing procedures were performed 
using Python.

Data availability
All of the datasets used in this study are publicly available in the Protein Data Bank 
(PDB) at https://www.rcsb.org/ and the Electron Microscopy Data Bank (EMDB) 
at https://www.ebi.ac.uk/pdbe/emdb/. Detailed descriptions of the datasets are 
provided in Supplementary Tables 1,2,3,4. The models and the preprocessed input 
data used in 25-fold cross-validation are available in the Zenodo public repository 
at https://doi.org/10.5281/zenodo.4317158.

code availability
The Python code used to implement DEFMap is available on GitHub at  
https://github.com/clinfo/DEFMap (https://doi.org/10.5281/zenodo.4317158). 
DEFMap is available under the MIT License.
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Extended Data Fig. 1 | correlation plot of the cryo-EM map local resolution (a) and the given density data (b) with DynamicsMD for EMD-3948 (entry 1 
in Supplementary Table 2). Normalized residue-averaged values are shown in the correlation plot. The regression lines are coloured orange; r denotes the 
correlation coefficient. The average correlation coefficient for the density data of 25 cryo-EM maps used in training is 0.459 ± 0.179 (Supplementary Table 2).
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Extended Data Fig. 2 | correlation plots between MD-derived and DEFMap-determined dynamics for proteins not included in the training dataset.  
a,b, Normalized atomic (a, blue) and residue-averaged (b, purple) values are shown in the correlation plots; the regression lines are coloured orange;  
r denotes the correlation coefficient.
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Extended Data Fig. 3 | The map resolution dependence of the dynamics extraction accuracy for test macromolecules (Supplementary Tables 3 and 4). 
a,b, Correlation coefficient values between the MD- and DEFMap-derived atomic-specific (a) and residue-specific (b) dynamics at different resolutions. 
The cryo-EM maps of the training and the evaluation datasets were preprocessed to identical resolutions with low-pass filters.
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Extended Data Fig. 4 | DEFMap performance for a map with the intermediate resolution (EMDB/PDB entry, EMD-4772/6R9T). a, Distribution of local 
resolution. The local resolution is calculated using the MonoRes implementation in Scipion and mapped onto the original map using different colours as 
indicated in the colour bars. b,c,d, The correlation plots between DynamicsDEFMap and DynamicsMD for the intermediate-resolution map. The target cryo-EM 
maps are processed by low-pass filters with cutoff values of 7 Å (b), 5 Å (c), and 6 Å (d). The predictions are carried out using the models trained by the 
datasets preprocessed to the identical resolutions. The regression lines are coloured orange; r denotes the correlation coefficient.
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Extended Data Fig. 5 | The spatial distribution of the fragment-specific dynamics in the atomic models (EMDB/PDB entry, EMD-20308/6PcV).  
The representative fragments-specific dynamics for Rac exchanger 1 complexed with G protein beta gamma subunits are mapped onto the atomic model 
using different colours as indicated in the colour bar (HDX-MS, left; MD, middle; DEFMap, right). The fragments not detected in the HDX-MS experiments 
are coloured grey.
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Extended Data Fig. 6 | Residue-specific dynamics profiles for apo/holo proteins. a,b, DynamicsMD (black) and DynamicsDEFMap (magenta) datasets 
for 6OIS/EMD-20080 and 6OIT/EMD-20081 (a), 6AGb/EMD-9616 and 6AH3/EMD-9622 (b), and 6EU2/EMD-3957 and 6EU1/EMD-3956 (c), 
respectively, plotted against the residue IDs, numbered according to their order in the coordinate files. r denotes the correlation coefficient between 
DynamicsMD and DynamicsDEFMap.

NATuRE MAchINE INTEllIgENcE | www.nature.com/natmachintell

http://www.nature.com/natmachintell


ArticlesNaTUrE MacHiNE iNTElligENcE ArticlesNaTUrE MacHiNE iNTElligENcE

Extended Data Fig. 7 | Atomic models of residues showing allosteric dynamics changes induced by ligand binding in the DMS3-RDM1 complex with 
DRD1 peptide. a,b, The main chains of the hinge domain in DMS3 dimer 1 (a) and in the RDM1-DMS3 dimer 2 binding interface (b) are coloured according 
to the extent of ligand-induced changes in dynamics using the indicated colour bar. The side chains of residues showing the dynamics changes of less than 
-0.5 are represented as sticks (apo, magenta; holo, cyan).
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Extended Data Fig. 8 | conformational changes of the spike protein of SARS-coV-2. a, Overall architecture of the spike protein of SARS-CoV-2. The spike 
protein mediates the entry of the virus into host cells. The protein is composed of two subunits: S1 subunit is involved in the recognition of the host cell 
receptor and S2 subunit is involved in the viral and membrane fusion process. The receptor binding domain in the S1 subunit exhibits a hinge-like motion 
and the ‘down’ and ‘up’ conformations are shown in grey and magenta, respectively. The conformational transition from the ‘down’ to ‘up’ states is indicated 
by a red arrow in the right-hand panel. The structural components associated with the structural transition from prefusion to post-fusion forms, the central 
helix, β-rich region, and the heptad-repeat 1 (HR1) motif, are indicated. b, Conformational rearrangement of the HR1 motif in the state transition from the 
prefusion to post-fusion forms. The post-fusion form of the spike protein in SARS-CoV-2 is shown in green by superimposing with the prefusion form.  
The conformational rearrangement of the HR1 motif is indicated by a yellow arrow. The prefusion form is coloured according to the indicated colour bar.
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Extended Data Fig. 9 | A correlation plot between DynamicsDEFMap calculated using EMD21375 and EMD-21375. The regression lines are coloured orange; 
r denotes the correlation coefficient.
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Extended Data Fig. 10 | DEFMap-based dynamics visualization of virus particles. The DEFMap-derived dynamics data are mapped onto the cryo-EM 
maps of the viral particles by applying the icosahedral symmetry. The colour range is defined by the minimum and maximum values in each inference.  
The scale bar represents 50 Å and is indicated by black lines. EMDb/PDb entries are indicated. The atomic model corresponding to EMD-9053 (right)  
is not available.
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