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ABSTRACT 

 

Different approaches have been introduced to fit high-resolution structures into low-resolution data 

as obtained from cryo-EM experiments. As conformational changes are often observed in 

biological molecules, these techniques need to take into account the flexibility of proteins. 

Flexibility has been described in terms of movement between rigid domains and between rigid 

secondary structure elements, which present some limitations for studying dynamical properties. 

Normal mode analysis has also been used but is limited to medium resolution. All-atom molecular 

dynamics fitting techniques are more appropriate to fit structure into higher resolution data as full 

protein flexibility is used, but are cumbersome in terms of computational time. Therefore we 

introduced and a coarse-grained MD approach to fit high-resolution structure into low-resolution 

data.  We use a Go-model to represent the biological molecule and biased MD to reproduce the 

dynamics. Illustrative examples of our approach on simulated data are shown. Accurate fittings can 

be obtained for resolution ranging from 5 to 20 angstroms. The approach was also tested on 

experimental data, Elongation Factor G and for E. coli RNA Polymerase, where its validity would 

be compared to previous models obtained from different flexible fitting techniques. This 

comparison demonstrates the fact that quantitative flexible techniques, as opposed to manual 

docking, need to be considered to interpret low-resolution data.  
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INTRODUCTION

Conformational dynamics of biological molecules 

are essential to their function. As it is often 

difficult to characterize different conformational 

states for large biological molecules, medium to 

low resolution techniques such as cryo electron 

microscopy (EM) are often used to study 

dynamical properties of biological molecules. 

Cryo-EM has played a particularly key role in 

identifying conformational states of 

macromolecular assemblies (1) such as the 

ribosome (2,3), GroEL, RNA polymerase (4), 

myosin (5) and viruses (6,7) amongst others.  

 

Because the cryo-EM technique only provides 

medium to low-resolution data, it is interesting to 

combine and fit, this data with known high-

resolution structures (obtained from X-ray or 

NMR measurements) of the same biological 

molecule. For objective and reproducible fitting, 

several algorithms have been developed to replace 

manual fitting. In the first quantitative approaches 

introduced, only rigid body motions of the 

molecules were considered (8-13). However, as 

resolution of cryo-EM data has improved, distinct 

conformational states can now be observed. 

Therefore, in order to interpret the experimental 

data at a near atomic level, approaches that include 

protein flexibility have been introduced.  

 

The first approaches for flexible fitting considered 

biological systems as a collection of domains that 

could be fitted independently as individual rigid 

bodies. These approaches have revealed 

conformational changes of several important 

biological systems (5,14-17). However, such 

methods rely on a subjective partitioning of the 

system and ignore concerted motions between 

domains that occur in biological molecules during 

conformational changes. Therefore, faulty models 

could be obtained.  

 

Following these first methods, a number of 

quantitative and more objective techniques have 

been introduced for flexible fitting. In some of the 

earlier work, reduced models that were deformed 

to fit the data have been used (8,18). However, this 

method might introduce ambiguity by embedding 

the full atomic structure into a reduced model to 

perform the flexible fitting. Real space refinement 

(RSRef)(19) with molecular dynamics simulation 

(20,21) is another avenue for flexible fitting. Such 

an approach considers all-atoms, and optimizes the 

fit to the data and the stereo-chemical properties of 

the molecule (20). However, this implementation 

assumes that certain units of the molecules, 

domains, are rigid. This approximation could lead 

to deformations that are not physically feasible, as 

the mechanical properties of the molecules are not 

fully reflected in the deformation of the structure.  

 

A more objective representation of the dynamic of 

biological molecule is a partitioning at a more 

detailed level of the protein. In a molecular 

modeling technique based on Monte Carlo, 

simulated annealing and coarse-grained models, 

secondary structure elements (SSE) were 

maintained rigid to refine structural models into 

cryo-EM maps (22). In methods that use iterative 

comparative modeling for fitting into cryo-EM 

data (23,24), multilevel subdivisions of the 

structure from domain to secondary structure 

elements (25) have been considered.  Movements 

of SSE have also been used in a flexible fitting 

technique that compares structural variability of 

domains within a given family. Finally, 

partitioning can also be determined by identifying 

elements of the biological molecule that are rigid 

using graph theory (26,27). Flexibility between 

these elements, as obtained from constrained 

geometry simulation, can then be used for flexible 

fitting (28). In each of these methods, some level 

of protein rigidity is considered, which could 

impair the interpretation of the mechanical 

properties of biological molecules. In particular, 

rigid block approximations, even at the SSE level, 

would limit the interpretations of smaller scale 

conformational changes that can now be observed 

with higher-resolution data. 

 

Using an all-atom representation of the biological 

molecule for flexible fitting can be cumbersome in 

terms of computational time. Therefore coarse-

grained representations of the molecules based on 

elastic network model have also been considered 

to incorporate full protein flexibility during the 

fitting process. Schröder et al. combined the 

elastic network model with random walk 

displacements and distance restraints, which have 

been successful in predicting conformational 

changes of the ribose-binding protein (29). 



6 

 

Coarse-grained elastic network normal mode 

analysis (NMA) has also been adapted to flexibly 

fit high resolution structures into low-resolution 

data (30-37).  

 

Due to developments in cryo-EM techniques, 

resolution of cryo-EM data can reach up to 4 Å 

(for symmetric structures). Such higher-resolution 

data provides a more detailed definition of the 

structure and smaller scale rearrangements 

compared to known high-resolution structures are 

now becoming visible (38). Using NMA 

techniques, large conformational changes of 

biological molecule can be studied; however, 

NMA does not describe smaller scale 

conformational changes well (39). Methods that 

maintain parts of the protein rigid would also limit 

the interpretation of such data. Therefore methods 

allowing full protein flexibility during fitting are 

needed.  

 

Recently, several approaches that consider full 

protein flexibility, have been introduced for 

flexible fitting. These techniques are based on 

molecular dynamics simulation, which is a well-

established technique to investigate dynamics of 

biological molecule. Overall, the aim of these 

methods is to bias the MD simulation toward a 

conformation that would fit the cryo-EM data. The 

difference between these approaches is the form of 

the biasing potential that is being used. In an 

approach introduced by Caufield et al., the 

molecular dynamics is steered using a minimum 

biasing function (Maxwell's demon molecular 

dynamics) (40). In a different approach, atoms are 

steered by a potential map created from the cryo-

EM data (41,42). In order to maintain the 

stereochemical quality of the structure, restraints 

are applied to coordinates relevant to secondary 

structural elements (42) as such approach can lead 

to artifacts (43). Biased molecular dynamics using 

correlation coefficient as the biasing potential have 

also been introduced with no restraint imposed on 

the secondary structure (43). Such approaches 

have been successful; however, due to an all-atom 

representation of the protein, they can be 

computationally expensive especially with large 

systems and because simulations are run in 

vacuum there might be undesirable effect on 

protein structure. 

 

In this paper we describe an optimization method 

based on molecular dynamics simulation with full 

protein flexibility but with reduced protein 

representation to reduce computational costs 

associated with fitting. In coarse-grained models 

used in molecular dynamics simulations, not all of 

the atoms in the system are considered explicitly; 

rather each residue is reduced to a few points, 

which reduces considerably the computational 

complexity of the systems and therefore speeds up 

the simulation time while representing flexibility 

and stereochemistry of the protein structure (44-

46). Also, coarse-grained models would be 

sufficient for modeling the conformational 

changes based on cryo-EM data, because with 

such low-resolution data, it is not possible to 

define the exact position of all the atoms beyond 

backbone atoms. The setting up of such simulation 

is straightforward, as no initial minimization of the 

protein structure is needed. Given an appropriate 

potential for a coarse-grained model, 

conformational changes observed in experimental 

data could be reproduced and structural models 

consistent with experimental data could be 

constructed. Illustrative results of our studies on 

simulated EM data from several proteins, with 

large conformational changes are presented. We 

demonstrate that this flexible fitting method yields 

structures that agree remarkably well with the 

error-free simulated EM maps. Finally, we discuss 

the results of our method applied to experimental 

data of elongation factor G and RNA polymerase. 

METHODS 

Biasing potential 

“Biased” molecular dynamics simulation, targeted 

MD (47,48) and Steered Molecular MD (49), in 

which external forces are added to guide the 

system into a certain region of the conformational 

space have been have been successfully employed 

to study important conformational transitions of 

biological systems (50,51).  

Here we employ classical molecular dynamics 

technique with a modified force field potential V 

which is calculated as a sum of the classical 

potential from the MD method V
ff 

and a new 
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effective potential V
Fit 

to fit high-resolution 

structure into low-resolution data: 

V = V
ff
 + V

Fit
 

The additional effective potential is calculated 

according to the following equation: 

V
Fit

 = k (1 – c.c.)  (1) 

The c.c. represents the correlation coefficient that 

describes similarity (overlap) of a target cryo-EM 

map to a cryo-EM map synthetically generated for 

an all-atom X-ray structure being fitted. The 

correlation coefficient is defined in the following 

way: 

 

 

 

 

where  and  represent 

experimental and synthetically simulated density 

of voxel (i,j,k). The synthetic cryo-EM map is 

generated from the all-atom structure. 

k in Equation 1 is a constant that regulates the 

magnitude of the effective potential and it needs to 

be calibrated. This constant is the only arbitrary 

parameter introduced. In the Discussion section, 

we discuss the appropriate value of k that should 

be used to obtain optimal results from the fitting. 

While the described biasing potential is not the 

only choice, other biasing potentials that are 

simply proportional to the density (41,42)(C.C. 

Jolley and M.F. Thorpe, personal communication) 

could lead to artifacts, therefore V
Fit

 was preferred 

(43).    

Go-model  

 In order to reduce computational costs 

associated with an all atom description of the 

protein in the MD simulation and reproduce full 

protein flexibility, a coarse-grained model was 

used for flexible fitting. While several coarse-

grained models have been developed, we will 

employ a well-established one: Go-model (52,53), 

which has been extensively used to study protein 

folding (44,54) and more recently to describe 

conformational transitions of biological 

molecules.(55-58). A Go-potential takes into 

account only native interactions, and each of these 

interactions enters into the energy balance with the 

same weight. Residues in the proteins are 

represented as single beads centered at their C 

positions (54). Adjacent beads are connected into a 

polymer chain by bond and angle interactions, 

while the geometry of the native state is encoded 

in the dihedral angle potential and a non-local 

bead-bead potential. The parameters for the 

potential V
ff
 used in this study were taken from 

Clementi et al. (54). 

Creating the cryo-EM map 

Synthetic maps are calculated by locating three–

dimensional Gaussian functions on every atom and 

integrating these functions for every atom in each 

of the voxels as a given xn, yn, zn set of atomic 

coordinates (18): 



s i m(i, j,k) dxdydz
Vi j k
 g(x,y,z,xn,yn,zn)

n1

N


 

where n denotes n-th atom from a set of N atoms 

and (i,j,k) denotes a given voxel and 



g(x,y,z;xn,yn,zn) is the three-dimensional 

Gaussian function of the following formula: 



g(x,y,z;xn,yn,zn)exp[
3

22
{(xxn)

2(yyn)
2(zzn)

2}]
 

where  is a resolution parameter. The resolution 

of a synthetic map is equal to 2 (18). We note 

that the resolution parameter is set as a rough 

estimate and it may not exactly coincide with the 

resolution reported by the experimental data. This 

is because the resolution of the experimental data 

is often defined as a Fourier filter. However, 

previous studies with coarse-grained models have 

shown that the precise detail of the simulated map 

do not affect the fitting performance (18,31,32). 

Synthetic cryo-EM maps generated at several 

resolutions, 5Å, 8Å, 10Å, 15Å and 20Å were used 
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as target maps in the simulations. It has been 

shown that as long as the grid spacing is smaller 

than the resolution of map, good quality fits can be 

obtained (28). A 2 Å grid size was used in these 

studies.  

Determining the folding temperature 

To determine the folding temperature of the 

protein structure, we monitor Q-values at different 

temperatures changes with respect to temperature. 

Native contacts were defined as follow: 2 residues 

have contact when at least one non-hydrogen atom 

of the ith amino acid is within 6.5 Å of any non-

hydrogen atom of the jth amino acid (57).  

 

 

Rigid body fitting 

We employed the Situs package (8) to perform 

rigid-body fitting of all-atom structures to 

experimental cryo-EM maps of the Elongation 

Factor G and the RNA polymerase. In this work 

we used 10 codebook vectors to represent a pdb 

structure and a cryo-EM map. The highest ranked 

model was used to start to flexible fitting.  

 

RESULTS 

We have tested our procedure on simulated EM 

data. Several proteins have been used in the past 

for developing flexible fitting approaches 

(25,28,31,42,59). Here we used a subset of 

proteins that have been used in some of these 

studies. The proteins that we choose undergo a 

conformational change that has been observed 

experimentally and high-resolution structures of 

the two states are available. In addition to these we 

chose large proteins and a protein complex: RNA 

Polymerase. The proteins that were used for the 

simulations are listed in Table 1 along with the 

initial and target PDB files and the initial RMSD 

between the two structures. Both small and large 

proteins have been studied. 

 

A synthetic density map was constructed by 

convolution with a Gaussian kernel of = 2.5, 4, 5 

7.5, 10 (31) for each structure. Several resolutions 

were considered as this method is intended to 

target both the high-end resolution spectrum of 

cryo-EM data and the lower end. The fitting is 

done from the X-ray structures into the calculated 

error-free low-resolution maps. During the fitting, 

simulated maps from the deformed structures are 

created with the same resolution as the target map 

in order to evaluate the c.c. 

 

The purpose of the method presented here is to fit 

the X-ray structure into a raw experimental (in this 

case simulated) EM map of a different 

conformation of the same molecule. To examine 

the fitness between the atomic structure and the 

experimental map during the simulation we 

examine the c.c. between the structure and the 

target EM map. In the following we also examine 

the Root Mean Square Deviation (RMSD) 

between the deformed structure and the original 

structure from which the target EM map was 

created. Ideally, when the c.c. reaches a maximum, 

the RMSD should reach a minimum. However, 

two different structures with different RMSD can 

have the same c.c., because detailed information of 

the atomic coordinates is lost in the EM map and 

the EM map and atomic coordinates are not simply 

related by a linear transformation. Thus to 

characterize the performance of our method we 

examine both values. 

 

In order to perform accurate fitting, flexible fitting 

techniques should be able to tolerate noise in the 

map. Jolley et al. have analyzed the effect of noise 

on the result of fitting with a correlation 

coefficient optimization (28).  Though high level 

of noise S/N=1 is detrimental for fitting, with 

higher S/N > 2, little impact is observed. 

Similarly, Schroder et al. have compared fitting 

with and without noise and have observed that 

their method is robust against noise (30). 

Therefore, we have also tested the applicability of 

our approach to experimental data, which contains 

noise. The elongation factor G (EF-G), an 844 

residue protein, and the RNA polymerase were 

taken as examples. 

Folding Temperature 



9 

 

The folding temperature varies from one protein to 

another. In our simulation, we do not want to 

unfold the protein as previously done in other Go 

model studies; instead we want the protein to 

undergo its conformational change while 

remaining folded. We have measured the folding 

temperature for each protein. The folding 

temperature for proteins of various size is different 

because of the nature of the Go model but overall 

in the same scale (see Table 2). Running 

simulations at a temperature that is too close to the 

folding temperature runs the risk of unfolding the 

protein. Very low temperatures on the other hand 

will freeze the protein. The temperature lacks 

specific units because the simulation has not been 

calibrated to the Kelvin scale but we found that a 

T=500 worked well for all out test systems for the 

force field we used.  

Validity of Coarse Graining 

The coarse grained Go model approach will look 

to fit the C atoms to the full atom map. To ensure 

the validity of our approach, we computed the 

correlation coefficient between a given simulated 

cryo-EM map using an all-atom structure against 

several maps generated using a C model and 

with different resolutions. Results for the case of 

adenylate kinase (PDB: 4AKE) are shown Table 

3. One can see that for all of the resolutions, 

except for 10Å, the C map correlates the best 

with the same resolution full atom map. The 

concern at 10Å is negligible though because the 

difference in correlation is at the thousandth 

decimal point. Therefore using a coarse-grained 

model seems appropriate and it has been shown to 

be successful in several cases (31,60) 

Simulated Data 

In our implementation, the weight k is a parameter 

to adjust how strongly the system is biased to fit 

into the density. k needs to be calibrated so that 

sampling of conformations is enhanced while 

maintaining the structural integrity of the protein. 

Therefore, it is necessary to determine what force 

constant or sequence of force constants would be 

capable of fitting the initial structure to the target 

map. Simulations with weights k ranging from 

1,000 to 100,000 were run for each protein.  

 

Initially a force constant k=1,000 was used, but 

this was only capable of causing the initial 

structure to oscillate around its initial position. 

Figure 1a shows this in the case of acetyl CoA 

synthase (PDB: 1OAO Chain C). Using a stronger 

force constant, k=10,000, as illustrated in Figure 

1b was capable of reducing the RMSD to 

approximately 1Å for the 5Å resolution map. In 

such cases, the forces resulting from the gradient 

of the c.c. are strong enough to overcome the 

energetic barriers separating the two structures. 

With a weight of 1000, the potential from the 

correlation coefficient is too small which leads to a 

poor fit 

However, for higher resolution maps simulations, 

a weight of 10,000 is not always successful. While 

the RMSD initially decreases, they seem to remain 

stuck at higher final RMSD values, i.e. in a local 

minimum, than their lower resolution counterparts. 

This would happen whenever the force constant 

was initially too high. The most interesting of all 

the cases is noted in Figure 2a where Ca
2+

-

ATPase drops down immediately to a RMSD 

value between 2 and 5Å for 15Å and 20Å 

resolution, but at the 5Å, 8Å and 10Å resolutions, 

the RMSD gets stuck at a minimum around 8Å.  

To solve this problem a k=1,000 force constant 

was implemented for 5,000 steps. At a force 

constant of k=1,000 it can be seen in Figure 2b 

that there are only relatively small changes, the 

protein slightly alter its conformation to fit the 

experimental data. Once the simulation was 

continued from the final position and velocity 

vectors with a k= 10,000 force constant, it began 

to move towards the target structure causing the 

RMSD to decrease. When this method was used, 

the final RMSD was lower for the higher 

resolution maps, which is exactly what would be 

expected.  

The k=10,000 force constant still allows for some 

oscillations though and it was of interest to see if 

we could minimize them and in turn get an even 

better final structure. A larger force constant, 

k=100,000, was then implemented and that was 

able to get minimize the RMSD even further (see 

Table 4). In each case the final structures agree 
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well with the simulated cryo-EM map as indicated 

by a high c.c and are very close to the 

conformation from which those simulated maps 

were derived. As expected, accuracy decreases 

with lower-resolution data. 

 

The final k=100,000 force constant iteration can 

minimize some of the poorer resolution structures 

(see Figure 2b). In some cases though, as shown in 

Figure 3 for adenylate kinase, the minimization 

only worked for a few of the resolutions. One 

noticeable difference between adenylate kinase 

and the other proteins though is its small size. It 

has 214 residues versus 691 residues, belonging to 

which is the next smallest successful protein. The 

large k=100,000 force constant that is applied for 

the last 5000 steps of the simulation is capable of 

pushing the smaller proteins out of a global energy 

minimum into a nearby local minimum. Since the 

correlation coefficient continued to increase, and 

the RMSD failed to decrease, this is a situation 

where over-fitting occurred. What is peculiar 

though, is that the RMSD increased for all of the 

resolutions with the exception of the 5Å and 20Å 

maps. 

Of the proteins listed in Table 1, all of them with 

the exception of transglutaminase (PDB: 1KV3), 

folded successfully onto the target PDB structure. 

The initial RMSD was 28Å and the final RMSD 

was 30Å. This meant that the final structure was in 

essence worse than the initial. The structure of 

transglutaminase presents an interesting problem 

though. Figure 4a shows a trace of the initial 

structure with two domains of interest colored 

differently. These domains are highlighted because 

they have very similar electron densities, which 

will play a role in determining to which areas of 

the target map the region can move to. Figure 4b 

shows the final coordinate structure from the Go-

model in relation to the target structure. The 

domains are highlighted in the same manner that 

they were in Figure 4a and it is clear from this 

figure that the proximity of the “red” domain 

allowed it to move into the area where the “blue” 

domain should have moved. In this instance the 

final structure is in fact in a global energy 

minimum, but with atoms in regions where they 

should not be. Figure 4c validates this point by 

showing the final structure from the simulation in 

the cryo-EM map. Increasing the strength of the 

native contacts did not have a positive effect on 

the results. The only noticeable event from this is 

that the force constant would have to be increased 

by the same factor to allow for any motion. The 

manner in which the backbone moved though did 

not change and the final RMSD was the same as 

the initial native contact value. For this particular 

case, our approach fails to predict the correct 

structure. Methods using a potential map 

created from the cryo-EM data (41,42) would 

certainly lead to the same results due to the 

limitations associated with this potential (43).  
It is also reasonable to think that the NMA based 

approach would also fail in such cases. Methods 

based on domains structure variability within a 

given family might provide a better avenue for 

such cases (59); however, enough structural 

information across the family would be needed for 

the approach to be successful. 

Overall, this approach construct models that are 

similar to structure that were obtained from NMFF 

approach (Table 5). This initial comparison shows 

that the Go-model is a better fitting tool than 

NMA in two of the three cases studied. Only in the 

case of lactoferrin was the C fit for the NMA 

better with a value of 1.0 Å compared to the 1.3 Å 

from the Go-model. Using the same level of 

coarse-graining, this approach is faster than the 

normal mode based approach. 

Experimental data simulations 

We have also applied our approach to 

experimental data, the cryo-EM map of the 

Elongation Factor G bound to the ribosome at 11.8 

Å resolution (61) and the cryo-EM map of the E. 

coli RNA polymerase at 15 Å resolution (4).  

EF-G has been studied using NMFF, i.e normal 

mode based refinement and by all-atom molecular 

dynamics simulations as well as a method based 

on using structural variability of protein domains 

within a same family (59). The RNA polymerase 

has been studied using coarse-grained fitting using 

Situs and by NMFF as well. Since the high-

resolution structure corresponding to the cryo-EM 

map is not available, one can compare our 
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modeled structure to the ones that have been 

obtained by other approaches. 

The structure of an „„open‟‟ form of the E. coli 

core RNAP has been determined at a 15 Å 

resolution using single-particle cryo-EM 

techniques (4). Because of the high similarity in 

sequence between the E. coli and Thermus 

aquaticus (Taq) core RNAP, it is possible to 

annotate the low-resolution map from the E. coli 

system with the high-resolution structure of Taq 

(62,63). Previous studies found that a large 

conformational change was necessary to 

accommodate the high-resolution structure into the 

cryo-EM map (4,32).  

 

The Go-model flexible fitting was performed 

using the three-force sequence and structure after 

the two and three forces were compared to the 

NMA result. With three force iterations the RMSD 

increased to 10.9 Å, whereas the two force 

iterations only increased it to 5.1 Å compared to 

the initial structure, which is closer to the NMA 

structure (7.3 Å). Figure 5 shows the initial and 

final structures of RNAP in the two force iteration 

condition. A much better fit to the data is 

observed, in particular the jaw are now opened, 

which is in agreement with previous fits using 

coarse-grained dynamics (4,32). Comparisons with 

other fittings are useful to determine whether a 

two force or three force sequence should be used. 

Indeed, the two force fitting is more comparable to 

the NMA structure. We have seen with simulated 

data that a three force sequence can lead to over 

fitting, considering the fact that experimental data 

contain noise, it is preferable to use a two force 

sequence approach for fitting. 

 
We also performed flexible fitting into the isolated 

EF-G map using the X-ray structure of a mutant 

factor (64). The PDB entry code for this structure 

was 1FNM. The correlation coefficient converged 

after steps of simulation. The C RMSD between 

the starting and the fitted structure is 11.2 Å with 

the three force iterations and 8.6 Å. with two force 

iterations. Figure 6a shows the original rigid body 

fitting for which some regions of the density 

remain unaccounted for. Figure 6b illustrates our 

model in which significant improvement of the fit 

to the density is observed.  

Results from this fitting can be compared to 

models obtained from other techniques such as 

NMFF (32), biased MD all atom (43) and rigid 

body manual fitting (see Figure 7). When the Go-

model simulation was applied to Elongation Factor 

G (EF-G) using two force iterations sequence, the 

RMSD with the known X-ray structure went up to 

8.6Å while with the three force sequence it 

reached 11.2 Å. The RMSD obtained with the two 

force sequence is more comparable with existing 

NMA results where the RMSD was reported to be 

8.8 Å. Similarly, comparing the final structures of 

each simulated protein for each force constant 

with the EF-G MD all atom model further 

enforced the idea that the ideal methodology 

would be to only use two force iterations. The 

third iteration had a RMSD value that ranged 

between 6.9 Å and 8.0 Å. The final structure after 

the second force iteration had the lowest RMSD 

value, 2.5 Å, when compared to the NMA fitted 

structure which reemphasizes the point that a two 

force sequence would be a better choice for 

experimental data. We should also note that the 

visual comparison with the results from 

Velazquez-Muriel et al. reveals a similar structural 

rearrangement (59). 

In this study, for EF-G, we have observed that 

different flexible techniques approaches, based on 

normal mode analysis, molecular dynamics 

simulation, all-atom protein representation or 

coarse-grained approach converge toward a same 

structural model. These flexible fittings reveal 

large rearrangements between the domains II, IV 

and V. In particular, a large displacement (up to 20 

Å) of domain IV, which is correlated with 

rotations of domains II and V is observed.  

In addition models obtained from computational 

approaches can be compared to a model that was 

proposed based on manual docking (PDB: 1PN6) 

(61). Figure 7 shows all four fitting methods 

superimposed on one another and looks to point 

out the flaw with the manual docking simulation. 

Looking at the zoomed in picture of the top middle 

domain, it is clear that the manually docked 

structure is rotated to the right with respect to the 

other structures. Computational methods are good 

approximations of what structures may look like, 

but as can be seen from these results, it is 
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important that multiple methods are taken to verify 

a structure.  

The case of elongation factor G is a prime 

example that illustrates the need for quantitative 

computational approaches for flexible fitting. 

Indeed, computational approaches based on 

different techniques, molecular dynamics 

simulation, normal mode analysis and structural 

variability within a same family using either all-

atom protein representation or coarse-grained 

models converge toward structural models that 

display an overall identical domain arrangement. 

In comparison, the model based on manual 

docking leads to a different domain arrangement. 

The main difference between these results comes 

from the fact that domain rearrangements involved 

correlated motions between domains, which are 

ignored by simple manual docking. Methods based 

on physical properties of biological molecules 

naturally take into those correlated motions and 

provide a more accurate model. 

Timing 

The length of time needed to complete a single 

simulation was dependent on two factors: the size 

of the protein and the resolution. Adenylate kinase 

(214 residues) was the fastest simulation at 5Å, 

which took 7 minutes on a single processor. The 

20Å simulation for the same protein took 23 

minutes. The longest simulation was RNA 

polymerase II (3558 Residues). The 5 Å resolution 

took 5 hours 18 minutes while the 20 Å resolution 

lasted for 8 hours 40 minutes.  

CONCLUSIONS 

We introduced a method for the flexible fitting of 

high-resolution structures into low-resolution 

electron density maps from cryo-EM based on 

molecular dynamic simulations and coarse-grained 

representation, Go-model, of the molecule. This 

method can be applied to higher-resolution cryo-

EM maps for which more structural details are 

available (8 Å and higher) but it is also applicable 

to lower resolution data. The results on simulated 

data have shown that it is a robust algorithm 

because of its ability to work on a multitude of 

systems with the same parameters with very short 

computational time. Results presented in this 

paper are in agreement with previous works using 

different approaches.  

 

We show also its success in predicting 

conformational changes from experimental data. 

The models obtained for the RNA polymerase and 

EF-G are in agreement with other computational 

studies. This paper also demonstrates the necessity 

to employ computational tools to interpret 

experimental data. Comparisons of several 

computational models with a manual build model 

reveal significant difference. Indeed, in general 

computational tools provide robust ways to 

flexibly fit proteins while maintaining the overall 

architectural integrity.  Due to the use of MD 

simulation or normal mode analysis for fitting 

with an all-atom or coarse-grained representation 

of the protein, only feasible deformations are 

possible, i.e. correlated motions between distant 

parts of the biological system are taken into 

account. Such correlated motions need to be taken 

into account for accurate flexible fitting. 
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TABLE LEGENDS 

 

Table 1: A list of the proteins that will be simulated along with the PDB files that will be used. 

The total number of residues is also listed for each protein. The initial RMSD value between the 

two conformation was calculated by aligning the two PDB files in VMD. 

 

Table 2: The folding temperatures of the proteins.   

 

Table 3: The correlation coefficient between the C and and full atom maps at five different 
resolutions: 5, 8, 10, 15 and 20 angstroms. 

Table 4: Summarizes the results of the successful simulations by providing the initial PDB for 

each protein and then the best correlation coefficient and RMSD value for each resolution. The 

table is divided into two sections: one for the two force iteration (k=1000 and k=10,000) and one 
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for the three force iteration (k=1000, k=10,000 and k=100,000). All of the RMSD values were 

determined using VMD, whereas the correlation coefficient was obtained from the Go-model‟s 

output file. The timing column refers to the computation time required by the Go-model at each 

resolution.  

Table 5: A comparison of the results provided by the Go-Model and NMA (31).  

 

FIGURE LEGENDS 

 

Figure 1: a. Acetyl CoA Synthase‟s RMSD and c.c. results at T=500 and using a single force 

iteration of k=1,000. b. Acetyl CoA Synthase‟s RMSD and c.c. results at T=500 and using a single 

force iteration of k=10,000. The 5Å resolution is represented by ο, 8 Å is represented by □, 10Å is 

represented by ×, 15Å is represented by Δ and 20Å is represented by +. The RMSD was calculated 

using the RMSD Trajectory Tool plug-in in VMD. The correlation coefficient was taken from the 

Go-model‟s output file. 

Figure 2: a. Ca
2+

-ATPase‟s RMSD and c.c. results at T=500 and using a single force iteration of 

k=10,000. b. Ca
2+

-ATPase‟s RMSD and c.c. results at T=500 when using three force iterations: 

k=1,000 for the first 5,000 steps, k=10,000 for steps 5,000 to 10,000 and k=100,000 for steps 

10,000 to 15,000. The 5Å resolution is represented by ○, 8Å is represented by □, 10Å is 

represented by ×, 15Å is represented by Δ and 20Å is represented by +. The RMSD was calculated 

using the RMSD Trajectory Tool plug-in in VMD. The correlation coefficient was taken from the 

Go-model‟s output file. 

 

Figure 3: Adenylate kinase‟s RMSD and correlation coefficient results at T=500 when using three 

force iterations: k=1,000 for the first 5,000 steps, k=10,000 for steps 5,000 to 10,000 and 

k=100,000 for steps 10,000 to 15,000. The 5Å resolution is represented by ○, 8Å is represented by 

□, 10Å is represented by ×, 15Å is represented by Δ and 20Å is represented by +. The RMSD was 

calculated using the RMSD Trajectory Tool plug-in in VMD. The correlation coefficient was taken 

from the Go-model‟s output file. 

 

Figure 4: a. The solid surface is the target structure of transglutaminase and it is superimposed by 

the initial structure which is defined by a tube. The blue tube corresponds to the blue surface and 

the red tube corresponds to the red surface. b. The same target structure is now superimposed on 

the final structure after the GO-Model simulation at T=500 and using three force iterations. Again 

the chains are color coded to show that the red domain moved to where the blue domain should 

have been. c. The final C backbone of transglutaminase as it fits into the cryo-EM target map. 

 

Figure 5: a. E. coli RNA Polymerase‟s initial C backbone (PDB:1HQM) in the cryo-EM map 

provided by the target experimental X-ray chromatography data. b. E. coli RNA Polymerase‟s C 
backbone fit into the cryo-EM map produced by the two force iteration at T=500. 

 

Figure 6: a. Elongation Factor G‟s initial Cbackbone (PDB:1FNM) in the cryo-EM map 

provided by the target experimental X-ray chromatography data. b. Elongation Factor G‟s 

Cbackbone fit into the cryo-EM map produced by the two force iteration at T=500. 
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Figure 7: A comparison multiple final structures for Elongation Factor G. The cyan is the Go-

Model MD simulation as it is fit to the experimental X-ray chromatography data using two force 

iterations, the NMA fitted EF-G is colored silver, the all atom MD simulation is ice blue and the 

manual docked structure (PDB: 1PN6) is in red. The domain of interest is zoomed in on and 

rotated to show the distortion of the manually docked structure with respect to the others. It is clear 

by the position of the two alpha helices. 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



19 

 

TABLES 

 

Table 1 

 

Protein Initial PDB Target PDB 
Number of 
Residues RMSD (Å) 

Adenylate Kinase 1AKE 4AKE 214 7.2 
Lactoferrin 1LFG 1LFH 691 6.4 

Elongation Factor 2 1N0V 1N0U 819 14.5 
Ca2+-ATPase 1IWO 1SU4 994 14.0 

Acetyl CoA Synthase 
1OAO (Chain 

C) 1OAO (Chain D) 728 7.0 
Transglutaminase 1KV3 2Q3Z 651 28.8 
RNA Polymerase II 1I50 1I6H 3558 4.8 
Elongation Factor G 1FNM N/A 655 N/A 

E. coli RNA 
Polymerase 1HQM N/A 2650 N/A 
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Table 2 

 

Protein Folding Temperature 

1AKE 800 

1N0V 960 

1LFG 960 

1IWO 940 

1KV3 920 

1OAO.C 1040 

1I50 1000 
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Table 3 

 

C 
Resolution Full atom Resolution 

 5 8 10 15 20 

5 0.911 0.859 0.821 0.746 0.694 

8 0.956 0.966 0.948 0.894 0.846 

10 0.948 0.984 0.981 0.947 0.907 

15 0.896 0.965 0.985 0.996 0.98 

20 0.844 0.924 0.954 0.991 0.999 
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Table 4 

PDB 
Resolution 

(Å) 
Best 
C.C. 

RMSD 
(Å) 

Best 
C.C. 

RMSD 
(Å) 

  Three Forces Two Forces 

1AKE 5 0.93 0.9 0.91 0.9 
 8 0.99 3.9 0.97 1.5 
 10 0.99 3.4 0.98 1.8 
 15 1.00 1.9 1.00 1.7 
 20 1.00 1.7 1.00 1.9 

      

1N0V 5 0.92 3.3 0.89 3.3 
 8 0.97 1.1 0.96 1.2 
 10 0.99 1.2 0.98 1.3 
 15 1.00 1.4 0.99 1.5 
 20 1.00 1.4 1.00 1.9 

      

1LFG 5 0.92 0.7 0.90 0.9 
 8 0.98 1.2 0.96 1.1 
 10 0.99 1.4 0.98 1.3 
 15 1.00 1.2 0.99 1.4 
 20 1.00 1.3 1.00 1.7 

      

1IWO 5 0.92 2.0 0.89 2.2 
 8 0.97 2.1 0.96 2.2 
 10 0.99 2.1 0.97 2.8 
 15 1.00 2.5 0.99 3.0 
 20 1.00 2.6 0.99 3.9 

      

1OAO.C 5 0.92 0.7 0.90 0.8 
 8 0.97 1.1 0.96 1.0 
 10 0.99 1.1 0.98 1.2 
 15 1.00 1.1 0.99 1.3 
 20 0.95 1.1 0.95 1.4 

      

1I50 5 N/A N/A 0.88 2.7 
 8 N/A N/A 0.96 2.9 
 10 N/A N/A 0.98 3.0 
 15 N/A N/A 0.99 3.1 
 20 N/A N/A 1.00 3.2 

      

EFG 10.8 0.94 11.2 0.88 8.6 

      

RNAP 15 0.96 10.8 0.89 5.1 
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Table 5 

 

PDB Resolution (Å) 
      Final  RMSD 
(Å) 

    NMA Go-Model 

1N0V 10 1.8 1.3 

1LFG 10 1.0 1.3 

1IWO 10 5.1 2.8 
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