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ABSTRACT

INTRODUCTION

A large-scale comparison of essential dynamics (ED) modes from molecular dynamic simulations and normal modes from coarsegrained normal mode methods (CGNM) was
performed on a dataset of 335 proteins. As
CGNM methods, the elastic network model
(ENM) and the rigid cluster normal mode
analysis (RCNMA) were used. Low-frequency
normal modes from ENM correlate very well
with ED modes in terms of directions of
motions and relative amplitudes of motions.
Notably, a similar performance was found if
normal modes from RCNMA were used, despite a higher level of coarse graining. On average, the space spanned by the first quarter
of ENM modes describes 84% of the space
spanned by the five ED modes. Furthermore,
no prominent differences for ED and CGNM
modes among different protein structure
classes (CATH classification) were found. This
demonstrates the general potential of CGNM
approaches for describing intrinsic motions of
proteins with little computational cost. For
selected cases, CGNM modes were found to
be more robust among proteins that have the
same topology or are of the same homologous
superfamily than ED modes. In view of recent
evidence regarding evolutionary conservation
of vibrational dynamics, this suggests that ED
modes, in some cases, might not be representative of the underlying dynamics that are
characteristic of a whole family, probably due
to insufficient sampling of some of the family
members by MD.

Macromolecules are dynamic, and their motions are critical for their
functions.1 For example, conformational changes are required for the
functioning of transport and motor proteins,2–5 catalytic processes of
enzymes,6,7 and molecular mechanisms of protein regulation.8–10 Conformational changes of proteins have also been observed upon ligand
binding, as seen in the cases of HIV-1 protease,11 aldose reductase,12
adenylate kinase,13–15 tyrosine phosphatase,16,17 and calmodulin.18,19
These conformational changes range from side chain fluctuations to reorientations of domains and partial unfolding and refolding.20,21
Different computational approaches targeting the modeling of protein dynamics are available. Molecular dynamics (MD)22–24 simulation
is the most widely applied and accurate computational technique currently used for this. However, despite an immense increase in computational power and significant methodological improvements, MD simulations are still computationally expensive for exploring conformational
space due to slow barrier crossing on rugged energy landscapes of macromolecules.25,26
As a result, there have been efforts to develop alternative approaches
that are computationally more efficient for describing conformational
changes of a protein structure. Among those, coarse-grained normal mode
(CGNM) approaches, such as the elastic network model (ENM)27–30 and
the rigid cluster normal mode analysis (RCNMA),31 are promising in that
they provide the directions of intrinsic mobility of biomolecules in terms
of harmonic modes.29,31 The modes can be viewed as possible deformations of proteins and can be sorted by their energetic cost of deformation.
More importantly, in agreement with the conformational selection
model,32–35 the conformational changes on ligand binding of many proteins have been found to occur usually along a few low-energy modes
of unbound proteins calculated with CGNM approaches.29–31,36,37
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Furthermore, the calculation of modes only takes seconds
for normal-sized proteins and, therefore, can be applied also
to large macromolecules. Realizing the potential of these
CGNM approaches, different approaches have utilized the
directional information provided by them for steering MD
simulations,38–40 incorporating receptor flexibility in
docking approaches,41–43 flexible fitting of molecular
structures,44–47 and efficient generation of pathways of
conformational changes.48–50
Several applications have demonstrated the successful
use of CGNM approaches in describing protein conformational changes.31,51,52 Still, a recent study37 has
shown that the success of ENM in describing experimental conformational changes from unbound to bound protein conformations strongly depends on the collectivity of
the conformational changes. Hence, a large-scale comparison between the essential dynamics (ED) of proteins
derived from MD simulations53,54 and the dynamics computed by CGNM approaches appears in order to investigate the validity and applicability of CGNM approaches.
Different studies have previously53,55–58 shown striking similarities between normal modes derived from allatom force-field potentials59,60 and ED modes from MD
simulations. These early studies have used one or a few
proteins with limited simulation lengths and have
focused on the comparisons of frequency spectra.56,59,61
For example, Hayward et al.56 have used a 200 ps MD
trajectory of bovine pancreatic trypsin inhibitor for such
a study. For ENM, however, it has been argued52 that information on the directionality of biologically relevant
conformational changes provided by the eigenvectors has
wider applications than information on the magnitude of
motions provided by the eigenvalues. This is also
reflected by the applications and developments of ENMbased approaches in recent years.45,46,48,62,63
Along these lines, this study aims to compare ED modes
of proteins observed in MD simulations with normal
modes obtained from CGNM methods (ENM and
RCNMA) for a large dataset of 335 diverse proteins. To the
best of our knowledge, a similar study64 has been reported
recently; however, it was limited to a dataset of only 30
proteins. As for MD simulations, the first five ED modes
for each protein were obtained from the Molecular Dynamics Extended Library database (MoDEL).64,65 There,
the modes were extracted from MD trajectories of 10 ns in
length. Normal modes were calculated using in-house
implementations of the ENM and RCNMA models31 as
detailed below. The three sets of modes were compared in
terms of overlap of directions, correlation of relative magnitudes of motions, and spanning coefficients. The
CATH66 classification of protein structures was used to
investigate the influence of protein structure similarity/dissimilarity on mode similarity/dissimilarity. Finally, for a
smaller protein subset, ED and CGNM modes were also
compared against experimentally observed conformational
changes.
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MATERIALS AND METHODS
Essential dynamics modes and protein
data set

ED modes were obtained from the MoDEL database
(http://mmb.pcb.ub.es/MODEL, version as of May
2006).64,65 This version of the MoDEL database stores
information derived from MD simulations for more than
400 proteins. The MD simulations were performed with
the Amber8 suite of programs at 300 K in the NPT ensemble, and the parm99 force field was used together
with TIP3P as a water model. The length of each MD
trajectory was 10 ns.
The first five available ED modes of 418 proteins were
downloaded from the MoDEL database. ED modes were
calculated using all atoms of snapshots extracted every
picosecond from trajectories of 10 ns lengths. For reasons
of comparison with CGNM results, only Ca atom directions were used in this study. Corresponding experimental structures were obtained from the RCSB Protein
Data Bank.67 For the sake of compatibility, heavy atoms
in the ED modes files were compared with heavy atoms
in the PDB files using the PDBParser module of Biopython.68 Where possible, inconsistencies between the two
sets were corrected manually. However, 83 of 418 cases
were removed from the dataset due to deviating numbers of atoms/residues, empty or corrupt ED modes
files, Ca-only structures, bad structural quality or inconsistency with the standard amino acid library, or problems in processing by FIRST.69 This resulted in a final
dataset of 335 protein structures. The PDB structures
were then protonated using ‘‘tleap’’ from the Amber
suite. Disulfide-bridges involving cysteine residues and
protonation states of histidines were adopted from the
ED mode files. All structures were then aligned with
their respective MD average (reference) structure using
Ca atoms. Before this, the average MD structures were
minimized in the gas phase to circumvent stereochemical inaccuracies obtained by the averaging process. For
the minimization, the conjugate-gradient method with a
distance-dependent dielectric of 4r was used until the
root-mean square of the elements of the gradient vector
is <1024 kcal/mol/Å.
The dataset of 335 protein structures is diverse with
respect to protein size, function, origin, subcellular localization, and structure determination method. The proteins contain, on average, 121 residues, with a minimum
of 20 and a maximum of 349 residues. The size distribution of the dataset is shown in Figure 1. The distribution
is positively skewed with a peak in the range of 60 to 80
residues.
Elastic network model

The ENM model has been successfully applied in
CGNM calculations.51,52,70 In the ENM model, the
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Figure 1
Frequency distribution of the protein size, in terms of the number of
residues, for the dataset of 335 proteins.

proteins are described as 3D elastic networks based on a
simplified representation of the potential energy.71–73
Usually, each Ca atom of an amino acid acts as a junction in the network. Interactions between these particles
are modeled by Hookean springs based on a harmonic
pairwise potential,71 resulting in a total potential energy
of the system given by
gXX
V ¼
uðrc  rij0 Þðrij  rij0 Þ2
2 i j

ð1Þ

rij and rij0 are the instantaneous and equilibrium distances
between atoms i and j. y(x) is the Heaviside step function;
it is 1 if x > 0 and 0 otherwise; g is a phenomenological
force constant assumed to be the same for all pairwise
interactions; it is set to 1 kcal/mol/Å2. rc 5 10 Å is the cutoff up to which interactions between the Ca atoms are
taken into account. These values of g and rc are identical to
the ones used in a previous study by us.31
According to the ENM,29 the elements of a 3N 3 3N
Hessian matrix H (where N is the number of Ca atoms)
are obtained from the second derivatives of V with
respect to the Cartesian coordinates of atoms i and j.
H is diagonalized to get the normal modes.
Rigid cluster normal mode analysis

The RCNMA approach31 adds another level of coarsegraining to ENM by first identifying rigid clusters and flexible regions within protein structures. In a subsequent
step, dynamical properties of the molecule are revealed by
the rotations-translations of blocks approach74 using an
ENM representation of the coarse-grained protein. In this
step, only rigid body motions are allowed for rigid clusters
while links between them are treated as fully flexible. This
considerably reduces the dimensionality of H. In this
study, RCNMA is performed as previously described.31

Flexible and rigid regions of proteins are identified by
FIRST,69 which identifies and counts the bond-rotational
degrees of freedom in a molecular framework of atoms
connected by covalent and noncovalent constraints
(hydrogen bonds, salt bridges, and hydrophobic interactions) based on rigidity theory.69,75,76 Parameters used
for FIRST analysis, that is, a hydrogen bond energy cutoff
Ecut 5 21.0 kcal/mol and a distance cutoff for hydrophobic interaction dHC 5 0.25 Å, were consistent with our previous study.31 No profound change in the results was
observed by changing these parameters (data not shown).
The all-atom representation of proteins needed for the
FIRST analysis is reduced to a Ca-only representation in
the next step of RCNMA. Each rigid cluster forms a
block in the subsequent rotations and translations of
block74,77 approach, and flexible regions are modeled on
a one-residue-per-block basis (in which case only translational motion of the ‘‘block’’ is considered). Interactions
between these particles are modeled as in ENM [Eq. (1)],
and the same parameters are used, that is, rc 5 10 Å and
g 5 1 kcal/mol/Å2. The 3N 3 3N matrix H is, therefore,
reduced to a 6n 3 6n dimensional matrix Hsub by projecting H into the subspace spanned by translation/rotation
basis vectors of n blocks according to:
Hsub ¼ P t HP

ð2Þ

with P being an orthogonal 3N 3 6n projection matrix
of the infinitesimal translation/rotation eigenvectors of
each block. This leads to a reduction of the memory
requirement proportional to (N/n)2 and the computational time proportional to (N/n)3. Diagonalization of
the resulting matrix Hsub yields the normal modes Usub
and eigenvalues L:
Hsub Usub ¼ Usub K

ð3Þ

Atomic displacements can be obtained by expanding
back the normal modes Usub from the subspace spanned
by the translation/rotation eigenvectors of the blocks to
the Cartesian space (U 5 PUsub).
ED and CGNM comparison

The directions and relative magnitudes of motions
described by the first five ED modes were compared with
results from CGNM analyses. As done previously,30,31
the overlap of mode directions and the correlation of
magnitudes of motions [see (i) and (ii)] between two
sets of modes were calculated for each structure in the
protein dataset. Distributions of maximal overlap, maximal correlation, and the mode number involved in maximal overlap between the two sets of modes were analyzed
for the dataset. It was further analyzed how well the subspace spanned by each ED mode is described by the 10%
and 25% lowest frequency CGNM modes by calculating
the ‘‘spanning coefficient’’ [see (iii)]. To analyze the level
PROTEINS
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of coarse-graining for RCNMA based on the rigid cluster
decomposition from FIRST, the dimensionality reduction
of H [see (iv)] was calculated.
*

(i) The overlap Iin78 of the ith CGNM mode ui with the
*
nth ED mode v n (n 5 1, 2, . . . 5) was calculated
according to:
*

Iin ¼

*

jui  v n j
*

*

*

*

ðui  ui Þ1=2  ðv n  v n Þ1=2

ð4Þ

An overlap of 1 indicates that the directions of the
collective atom displacements along the ED mode and
the CGNM mode are identical. From a comparison
*
*
of all pairs of modes (ui , v n ), the CGNM mode
with maximal overlap was selected for further analysis.
(ii) Similarly, a correlation coefficient Cin30 of the ith CGNM
*
*
mode ui with the nth ED mode v n (n 5 1, 2, . . . 5)
was calculated according to:
*

Cin ¼
*

*

Ai  B n
*

*

*

*

ðAi  Ai Þ1=2 ðB n  B n Þ1=2

ð5Þ

*

where Ai and B i are the vectors of mean centered
amplitudes of atomic displacements as determined
*
*
from vectors ui and v n.AA correlation coefficient of 1
indicates that the relative magnitudes of atomic displacements along the ED mode and the CGNM mode
are identical. From a comparison of all pairs of modes
* *
(ui ,v n ), the CGNM mode with maximal correlation
was selected for further analysis.
(iii) The ‘‘spanning coefficient’’ Snk79 was computed as
the sum of the square of the expansion coefficients:
Snk ¼

k
X

*

*

ðui  v n Þ2

ð6Þ

the Hsub matrix and are decomposed instead into two
blocks, each of size one)A
. A dimensionality reduction
of 1 indicates that all Ca atoms are in one rigid block,
whereas 0 indicates that every block is of size 1. In
that case, RCNMA becomes equal to ENM.
Similarity of motions in protein classes and
folds: ED versus CGNM modes

To analyze the similarity of the dynamics within different
protein classes or folds, the dataset of proteins was classified
according to CATH. Of 335 proteins in our dataset, 320
proteins were found in the CATH database.66 Overlap and
correlation results were sorted for these proteins according
to different protein classes or folds, and mean values and
standard deviations were calculated accordingly.
In addition, to analyze the locality or collectivity of motion
within different classes, the collectivity index [Eq. (8)] was
used, which describes the number of atoms that are affected
by a mode or conformational change. The collectivity index
proposed by Bruschweiler80 is calculated according to:
!
N
X
1
*2
*2
j ¼ exp 
Dr i log Dr i
ð8Þ
N
i¼1
*

where N is the number of atoms, and Dr i is the relative
displacement of the mode or the difference in Cartesian
coordinates of atom i if an experimentally determined conformational change of the protein is considered. All values
*
of
PN Dr i*2 have been scaled consistently such that
i¼1 Dr i ¼ 1. A value of j 5 1 indicates a mode or con*
formational change of maximal collectivity, that is, all Dr i
are identical. Conversely, if only one atom is affected by
the mode or conformational change, j reaches the minimal value of 1/N.

i

Here, the sum over the first k nonzero CGNM modes
was computed to determine the percentage of CGNM
modes needed for describing each of the first five ED
modes. A spanning coefficient of 1 indicates that the
subspace spanned by the nth ED mode can be completely described by the subspace considered by the k
CGNM modes. The ‘‘mean spanning coefficient’’ is
the average of spanning coefficients of the first five
ED modes of all proteins in the dataset.
(iv) The dimensionality reduction D was calculated
based on the reduction of the H matrix dimension
due to considering rigid blocks in RCNMA:


6n þ 3m  6
D ¼1
ð7Þ
3N  6
where n is the number of blocks of size >2 and m is
the number of blocks of size 1 (note that for simplicity blocks of size of two are not considered per se in
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Comparison of ED and CGNM modes
with experimentally observed
conformational changes

To compare ED and CGNM modes with experimentally observed conformational changes, MolmovDB81 was
searched for alternate conformations to the structures in
the dataset. Only those pairs of alternate conformations
that have at least 99% sequence similarity and have an
RMSD > 1 Å were selected. Pairs of alternate conformations were visually inspected and rejected if the conformational change only occurred in the N- or C-terminal
region. This leads to a subset of 13 pairs of proteins,
which are listed in Table IV.
The maximal overlap [Eq. (4)] and maximal correlation
[Eq. (5)] between the experimentally observed conforma*
*
*
tional change, Dr ¼ r 0  r c , and ED and CGNM modes,
*
*
respectively, were computed for the dataset. The r o and r c
are vectors of Ca atom coordinates of a structure in the
dataset and its alternate conformation, respectively.

Protein Essential Dynamics

Table I
Comparison of ED Modes With ENM and RCNMA Results

Maximal overlapa

Mean spanning
coefficientb

Maximal correlationa

Methods

Meanc

<0.4d (%)

>0.5d (%)

Meanc

<0.4d (%)

>0.5d (%)

10%

25%

ENM
RCNMA

0.65 (0.31–0.93)
0.64 (0.34–0.95)

3
3

83
80

0.73 (0.22–0.98)
0.74 (0.26–0.98)

3
2

94
94

0.68 (30)
0.59 (20)

0.84 (85)
0.78 (58)

a

Maximal overlap [Eq. (4)] or maximal correlation [Eq. (5)] between ENM or RCNMA modes and ED modes.
Average of spanning coefficients [Eq. (6)] of the first five ED modes of all proteins in the dataset using 10% and 25% of all available ENM modes. The average number
of modes used in each case is given in parentheses.
c
Average over all 335 proteins in the dataset with lowest and highest values given in parentheses.
d
Percentage of maximal overlap or maximal correlation values <0.4 and >0.5.
b

RESULTS AND DISCUSSION
Influence of the reference structure:
average versus open

ED modes53 are based on a reference structure, that
is, the structure obtained by averaging all conformations
along the trajectory, which can be conformationally different from the experimental starting structure (termed
‘‘open’’ structure here) and can have stereochemical inaccuracies. In contrast, CGNM analyses are usually based
on experimental structures.71 To analyze the influence of
using different reference structures, average or open, in
CGNM analysis, ED modes were compared with CGNM
modes computed from either structure. Expectedly, ED
modes correlate better with CGNM modes in both,
directions and amplitudes of motions, if the average
structure is used for CGNM. For example, for ENM the
mean maximal overlap [Eq. (4)] and mean maximal correlation [Eq. (5)] values are 0.65 and 0.73, respectively,
using the average structure. These values decrease by 0.10
and 0.08 if the open structure is used instead. The lower
values are mainly due to those proteins that show large
conformational differences between the open and the average structures. For example, the 49 of 335 protein
structures for which the maximal overlap decreases by at
least 0.2 have a mean RMSD between open and average
structure of 3.11 Å. For comparison, the mean RMSD
over all proteins is 2.06 Å.
As a further test, average structures were minimized (see
Materials and Methods) to remove stereochemical inaccuracies obtained by the averaging process. The mean maximal overlap and correlation values between ED and
CGNM modes were found to be almost unaffected compared to the use of nonminimized average structures,
which can be explained51,82 by the coarse-grained nature
of CGNM. Given that in general very similar results are
obtained for CGNM from both the open and average
structures, and for the sake of a fair comparison with ED
modes, the average structure will be used henceforth as a
reference in this study. The average structure has also been
used previously in ENM for the sake of comparison.64
As for the decomposition of the structure into rigid
clusters and flexible regions by FIRST, however, the MD

average structures generally result in more flexible decompositions than the open ones. This can be explained by the
fact that FIRST requires input at an atomic level, which
makes FIRST more sensitive to the accuracy of the input
structure.69 It will be discussed in more detail below to
what extent RCNMA results are influenced by this.
Influence of the level of coarse-graining:
ENM versus RCNMA

FIRST69 decomposes a protein structure into rigid
clusters and flexible regions based on rigidity
theory.69,75,76,83 RCNMA utilizes this information and
considers each rigid cluster as a single node with six
degrees of freedom in an elastic network representation
of the protein. This not only reduces the dimensionality
of the problem, and hence, the memory requirements
and computational times, but also simplifies and emphasizes important movements of mobile regions.31 When
applying RCNMA, caution is required as an overly rigid
representation of a protein might lead to an underestimation of motion. Average structures obtained from MD
trajectories, which are used here as reference structures,
generally result in more flexible decompositions than the
respective open structures: on average, the largest rigid
cluster comprises 16% of the residues of the average
structure, whereas it comprises 25% of the residues of
the open structure. As a more general measure for the
level of coarse-graining, the dimensionality reduction
[Eq. (7)] has been introduced. Here, a dimensionality
reduction of, on average, 0.26 for the average structures
is found, whereas it is 0.32 for the open structures, which
is in agreement with our previous results.31 For larger
proteins, the dimensionality reduction is even more pronounced. For example, for proteins with >200 residues
in the dataset, this value amounts to 0.45.
Compared with ED modes, both ENM and RCNMA
perform, on average, similar in terms of the maximal
overlap of mode directions and correlation of amplitudes
of motions (Table I). However, there are some differences
on the level of individual proteins. Figure S1 in Supporting Information shows differences between the maximal
overlap values for modes either obtained from ENM or
PROTEINS
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Figure 2
Frequency distribution of maximal overlap values of ENM modes with
ED modes.

RCNMA with ED modes as a function of the dimensionality reduction. Differences in overlap values occur in
both negative and positive directions and are mainly in
the range between 0.05 and 0.2, indicating that using a
coarse-grained protein representation does not deteriorate the agreement largely. This is also corroborated by
the fact that there is no correlation between dimensionality reduction and overlap difference values and that both
positive and negative overlap differences are observed
even for the highest levels of coarse graining. Finally, no
difference between ENM and RCNMA results were found
if the average structures were used. For simplicity, we,
thus, present ENM results from here onward unless
stated otherwise. Details on RCNMA results are provided
in the Supporting Information (Figs. S2–S5 in Supporting Information).

jectories can likewise be obtained from a CGNM method,
albeit at a much lower computational expense. Furthermore, good overlap values on such a large and diverse
dataset support the argument that the CGNM approaches
are useful in describing motions of proteins with different and complex architectures, as long as they describe
collective motions.51,52,84 These collective modes,
derived from either ED or ENM, have been shown previously to relate to biologically important conformational
changes.30,51,57,85–87
In addition, the frequency distribution of ENM modes
involved in the maximal overlap (Fig. 3) shows that these
modes are among the lowest-frequency ones. Around
94% of the overlapping modes are among the first five
nonzero modes of ENM. Interestingly, the probability of
maximal mode involvement with ED decreases exponentially among the first five nonzero ENM modes, that is,
the first (fifth) nonzero lowest-frequency modes are
considered in 45% (3%) of all cases. This result can be
helpful in designing approaches that make use of the
directional information provided by normal modes.
Interestingly, a similar trend is reported for experimental
conformational changes on a large dataset of 4,000 proteins.88 Contrary to ENM, the frequency distribution of
the first five ED modes involved in the maximal overlap
does not show any single mode dominance, that is, the
first (fifth) nonzero lowest-frequency modes are considered in 21% (18%) of all cases. This is probably due to
the presence of anharmonic modes in ED, which are
associated with crossing energy barriers during MD simulation and reside among the first few modes.55,56
Correlations of the amplitudes of motions described
by ED and ENM modes are even higher than overlap values (Table I), with a mean value around 0.73, more than
94% of the cases with a correlation value >0.5, and still

COMPARISON BETWEEN ED
AND ENM MODES
The first five ED modes of each protein of the dataset
were compared with ENM modes in terms of overlap,
correlation, and spanning coefficient between the two
sets of modes. Despite underlying differences between ED
and normal mode methods, high maximal overlap and
maximal correlation values between the two sets of
modes were observed. Table I shows maximal overlap
and maximal correlation values averaged over 335 proteins of ED modes with ENM modes. Only 3% of the
proteins have overlap values <0.4, indicating an unsatisfactory agreement of mode directions, whereas 83% of
the proteins have maximal overlap values >0.5, and
more than 30% of the proteins have maximal overlap
values >0.7 (Fig. 2). These high overlap values demonstrate that the essential motions extracted from MD tra-
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Figure 3
Frequency distribution of ENM mode numbers involved in the maximal
overlap with ED modes. Mode 1 is the first nonzero frequency mode.
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results emphasize that the two methods, which differ considerably in their underlying techniques and the level of
coarse graining, show not only a high mean maximal overlap of 0.65 but also a good overlap between the two important subspaces defined by the first five ED modes and, on
average, 30 (10% of all) or 85 (25% of all) ENM modes.
Furthermore, it shows how much dynamic information a
single protein structure can provide with almost no computational cost. For normal mode-based approaches, this
result is helpful in deciding on the number of modes to be
considered to explore the essential conformational space.
Similarity of motion in protein classes
and folds: ED versus ENM modes

Figure 4
Frequency distribution of maximal correlation values of ENM modes
with ED modes.

more than 40% of the cases with a correlation value
>0.80 (Fig. 4). The finding that the correlations of the
amplitudes of motions are higher than the overlap of the
directions of collective atom displacements is rooted in
the fact that an individual mode is only a single piece of
the overall motion of a molecule. As such, it may be
deceiving when it comes to characterizing motional correlations of structurally mobile regions: positive correlation ascribed to one pair of residues from one low-frequency mode can be negated or even reversed by a group
of modes that display a negative correlation.89 Thus,
positive or negative motional correlations observed in a
single ENM mode need not necessarily coincide perfectly
with those observed in a single ED mode. Still, in comparison with ED modes, the above results emphasize that
low-frequency modes of ENM do describe well not only
magnitudes of motions but also directions of motions.
To analyze how well each of the five modes of ED can be
described by ENM modes collectively and to explore the
minimal set of the most contributing ENM modes in the
low-frequency range, the spanning coefficient [Eq. (6)] was
calculated with a varying mode number (Fig. 5). The number of ENM modes used in Eq. (6) is given in percent of all
available ENM modes for a protein. It was found that only a
relatively small number of normal modes are needed to
describe the space spanned by low-frequency ED modes: the
space spanned by the first 10% and 25% of the ENM modes
describes, on average, around 68% and 84% of all five
modes of ED, respectively (Table I). If calculated separately,
almost no difference in the mean spanning coefficients for
each of the five ED modes were found (Table S2 in Supporting Information). This again shows that these ED modes,
on average, exhibit comparable behavior when compared
with ENM modes. In the case of 10% (on average, 30) of
the modes, a rather broad distribution of points shows that
not all of the five ED modes are well represented. Still, the

To analyze the dynamic similarities or dissimilarities
within different protein classes and folds based on ED and
ENM modes, the proteins in the dataset were classified
according to CATH. Maximal overlap and correlation of
amplitudes of motions described by ED and ENM were
sorted for these proteins according to different classes and
folds, and the mean and the standard deviation values
were calculated (see Table S1). With respect to the maximal
overlap and the correlation of amplitudes between ED and
ENM modes, no prominent differences among different
classes, that is, ‘‘mainly-a,’’ ‘‘mainly-b,’’ ‘‘a-b,’’ and ‘‘low
secondary structure content,’’ were found (Table II) when
considering standard deviations of 0.1 for all classes. This
is in agreement with a recent study on a smaller dataset.64
This finding shows that, on average, ED and ENM analyses
are equally applicable to proteins of different classes.
In addition, the collectivity of the modes involved in
maximal overlap between ED and ENM methods were

Figure 5
Spanning coefficients [Eq. (6)] of the first five ED modes of all proteins
in the dataset using 10 (green points) and 25% (red line) of all
available ENM modes. Abscissa values 1 to 5 relate to the first five ED
modes of the first protein in the dataset, values 6 to 10 to the second
protein, and so forth.
PROTEINS
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Table II
Mean Results for Different Protein Classes
Collectivity indexb

Class
No.a
1
2
3
4

(90)
(103)
(122)
(5)

ED
0.41
0.35
0.35
0.42

(0.11)
(0.10)
(0.10)
(0.13)

ENM
0.34
0.32
0.30
0.38

(0.14)
(0.16)
(0.13)
(0.05)

Maximal
overlapc

Maximal
correlationc

0.64/0.65
0.64/0.65
0.62/0.63
0.65/0.67

0.73/0.72
0.75/0.73
0.74/0.75
0.75/0.76

a
Protein classes ‘‘mainly-a,’’ ‘‘mainly-b,’’ ‘a-b,’’ and ‘‘some secondary structure
content’’ are numbered 1 to 4. The numbers of domains in the respective class
are given in parentheses.
b
Mean collectivity index [Eq. (8)] of modes involved in maximal overlaps between
ED and ENM modes with standard deviations in parentheses.
c
Mean of the maximal overlap [Eq. (4)] or correlation values [Eq. (5)] of
RCNMA/ENM with ED modes.

sorted according to CATH classes. Notably, lower collectivity indices of ED modes for mainly-b and a-b classes
were found compared to the other two classes (Table II).
The higher collectivity indices in the mainly-a class are
probably due to a lower packing as compared with
mainly-b or a-b classes.90 The lower packing provides
the required space for collective motions of atoms. Similarly, the high collectivity index in the low secondary
structure content class could be attributed to the underlying flexibility of the structures due to the lack of secondary structure, such that motions again involve many
atoms.
As for the topology level, proteins of the same topology show, in general, a similar maximal overlap [Eq. (4)]
between ED and ENM modes with a standard deviation
of around 0.1 (see Table S1). However, for some members with the same topology or of the same homologous
superfamily, much lower overlap values were observed
compared with the remaining topology or family members. To investigate whether this denotes a limitation of
ED or ENM, three pairs of proteins, one of each of the
three main CATH classes, were selected such that each
protein in the pair differs highly from the other in the
maximal overlap or correlation values (values are highlighted in bold in Table S1), although both proteins have
the same topology and belong to the same homologous
superfamily. These selected pairs are listed in Table III.
Assuming that proteins with the same topology and
residing in the same superfamily have similar dynamics,91 the modes derived from either ED or ENM of the
two selected proteins in each pair were compared in
terms of maximal overlap and maximal correlation.
Interestingly, in all three cases the maximal overlaps and
correlations in amplitudes of motions obtained
from ENM were found to be higher than those of ED
(Table III). As such, the mean maximal overlap (correlation) values are 0.31 (0.57) and 0.56 (0.84) using ED and
ENM, respectively.
It is worth mentioning here that functional modes are
usually among the most robust modes,92 even if the
sequence varies.93 Along these lines, Leo-Macias et al.94
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have concluded that, to a significant extent, the structural
response of a protein topology to sequence changes takes
place by means of collective deformations along combinations of a small number of low-frequency modes.
Recently, it has also been argued that dynamics and
functional promiscuity are building blocks of protein
evolvability.95 In accordance with this view, the results
presented here for three selected proteins show that
ENM better describes these robust and evolutionary conserved modes than ED. This very likely is due to underlying MD simulations of only 10 ns length, which are too
short to capture these modes due to slow barrier crossing
on rugged energy landscapes.25,26

Comparison of ED and ENM modes with
experimentally observed
conformational changes

So far, ED and ENM modes have been compared with
respect to each other. From an application point of view,
however, it is interesting to investigate which of the methods better describe experimentally observed conformational changes. For this, 13 proteins were selected from the
dataset for which alternate conformations were available in
the MolmovDB81 (see Materials and Methods). Maximal
overlap values [Eq. (4)] were then calculated between the
experimental conformational changes and ED or ENM
modes (Fig. 6). In general, smaller maximal overlap values
are observed for both, ED and ENM, when compared with
the experimental conformational changes, than if ED and
ENM are compared with each other. This may be attributed to the nature of the conformational changes observed
for the 13 proteins, which are mainly loop movements and
helix deformations (Table IV) and, hence, rather localized
motions. Still, ENM performs better than ED in describing
experimentally observed conformational changes: in 7 of
13 cases ENM outperforms ED, whereas the reverse is true
in only three cases (in the remaining three cases ED and
ENM only differ negligibly, that is, by less than 0.04 in
their maximal overlap values). An identical trend is
Table III
Comparison of ED and CGNM Modes for Selected Protein Pairs
Maximal
Correlationc

Maximal overlapb
PDB codesa

ED

ENM

ED

ENM

1ahq/1cof (43%)
1ccr/1co6 (50%)
1idi/1ntn (66%)

0.28
0.26
0.38

0.59
0.46
0.64

0.58
0.41
0.72

0.92
0.72
0.87

a
PDB codes of selected protein pairs in which both proteins have the same topology and are of the same homologous superfamily66 but strongly differ in their
maximal overlap values between ED and ENM. In parentheses, the sequence identities of the protein pairs are given.
b
Highest overlap [Eq. (4)] between two sets of modes of each pair of proteins
using either ED or ENM modes.
c
Highest correlation [Eq. (5)] between two sets of modes of each pair of proteins
using either ED or ENM modes.
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macromolecules.25,26 Hence, there have been efforts to develop alternative approaches that are computationally more
efficient. Among these are CGNM approaches, in particular
the ENM and the RCNMA, which provide directions of
intrinsic motions in terms of harmonic modes.29,31

Figure 6
Maximal overlap [Eq. (4)] between ED (1) or ENM (3) modes and
the conformational change vectors obtained from two alternate
conformations of the selected proteins (Table IV).

observed for RCNMA results (Fig. S5 in Supporting Information), corroborating previous observations by us31 and
others.96 This shows that experimentally observed conformational changes are better described by low frequency
modes of CGNM than by ED modes, which confirms that
CGNM modes are in general robust,82,92 even to high levels of coarse-graining,97 in describing functional modes.
In general, no correlation between the types of experimentally observed motions (Table IV) and overlap values
between ED and ENM can be observed. In the only case
that is governed by global collective conformational
changes (PDB ID 1mix/1miz), the overlap between ED and
ENM is 0.65 and, hence, close to average. However, this is
also the case where ED shows a considerably worse overlap
with the experimental conformational change than ENM
(Fig. 6). Although this single observation must be interpreted with caution, it may point to the fact that global
collective conformational changes are better described by
ENM than by ED. Finally, the ENM and ED performance
in terms of describing experimentally observed conformational changes does not depend on the size of the protein:
the correlation coefficient between protein size, measured
in terms of the number of residues, and the overlap value
is r 5 0.17 (0.04) for ENM (ED). This is in agreement with
a previous study by Yang et al.37
CONCLUSION
Specific functions of biological systems often require conformational transitions of macromolecules. Of the different
computational approaches targeting the modelling of protein motions, MD simulation is one of the most widely
applied and accurate computational techniques currently
being used. However, MD simulations are computationally
expensive and explore limited conformational space due to
slow barrier crossing on the rugged energy landscape of

To explore the validity and the applicability of CGNM
approaches, a large-scale comparison of ED modes from
MD simulations and normal modes from CGNM was
performed on a dataset of 335 proteins. Low-frequency
normal modes from ENM correlate very well with ED
modes in terms of directions of motions (average maximal overlap: 0.65) and relative amplitudes of motions
(average maximal overlap: 0.73). Notably, a similar performance has been found if normal modes from RCNMA
are used, despite a higher level of coarse graining. On average, the space spanned by the first quarter of ENM
modes describes 84% of the space spanned by the five
ED modes. Furthermore, no prominent differences for
ED and CGNM modes among different protein structure
classes (CATH classification) were found. These findings
demonstrate the general potential of CGNM approaches
for describing intrinsic motions of proteins with little
computational cost. For selected cases, CGNM modes are
even more robust among proteins that have the same topology or are of the same homologous superfamily than
ED modes. In view of recent94,98,99 evidence regarding evolutionary conservation of vibrational dynamics,
this suggests that ED modes, in some cases, might not
be representative of the underlying dynamics that is
Table IV
Selected Dataset With Experimentally Observed Conformational
Changes
PDB
codesa

No.
residues

RMSDb

Collectivity
indexc

1cbs/1blr

137

2.84/3.33

0.37

1idi/1idg

74

5.64/6.73

0.42

1b1a/1be1

137

3.28/5.09

0.51

1buy/1eer

156

2.43/2.58

0.30

1pir/1fx9
2hgf/1bht
1mix/1miz

124
91
186

2.27/2.54
1.38/1.38
1.21/2.73

0.41
0.37
0.43

1pru/1prv

56

1.14/5.98

0.52

1j2m/1j2n
3ezm/2ezm
1hks/1hkt
1d8v/1cf5

89
97
97
243

3.65/5.30
16.06/12.47
1.28/2.31
1.48/2.26

0.58
0.76
0.17
0.53

1cz4/1cz5

176

1.01/3.24

0.23

Description of motiond
Helix deforms;
loops move
Change everywhere;
uncorrelated
Helixes rearrange;
loops move
Helix deforms;
loops move
Loops move
Small loop moves
Domain moves;
correlated
Change everywhere;
uncorrelated
Helix turns; loop moves
Scramble/folding
Loop moves
Change everywhere;
uncorrelated
Loop moves

a
Selected PDB codes from the dataset of 335 proteins for which an alternate conformation is available in the MolmovDB.
b
RMSD of starting experimental/MD average structure with the target experimental structure, in Å.
c
Collectivity index [Eq. (8)] of the conformational change of both proteins.
d
Description of the conformational change obtained by visual inspection.

PROTEINS

3349

A. Ahmed et al.

characteristic for a whole family, probably due to insufficient sampling of some of the family members by MD.
Intrinsic motions of a protein relate to its function
according to the conformational selection model32–35
and to allosteric regulation100,101 and evolvability94,95
of the structure. Being able to predict intrinsic motions
of proteins with little computational cost will be very
helpful in the development of computational approaches
that allow efficient conformational sampling of biomacromolecules for both understanding biological processes
at the molecular level and applications in macromolecular complex prediction and structure-based drug design.
CGNM approaches are promising in that sense.
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