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Gaussian network model (GNM) is an efficient method to investigate the structural dynamics of biomolecules. How-
ever, the application of GNM on RNAs is not as good as that on proteins, and there is still room to improve the model. In
this study, two novel approaches, named the weighted GNM (WGNM) and the force-constant-decayed GNM (fcdGNM),
were proposed to enhance the performance of ENM in investigating the structural dynamics of RNAs. In wGNM, the
force constant for each spring is weighted by the number of interacting heavy atom pairs between two nucleotides. In
fcdGNM, all the pairwise nucleotides were connected by springs and the force constant decayed exponentially with the
separate distance of the nucleotide pairs. The performance of these two proposed models was evaluated by using a non-
redundant RNA structure database composed of 51 RNA molecules. The calculation results show that both the proposed
models outperform the conventional GNM in reproducing the experimental B-factors of RNA structures. Compared with
the conventional GNM, the Pearson correlation coefficient between the predicted and experimental B-factors was improved
by 9.85% and 6.76% for wGNM and fcdGNM, respectively. Our studies provide two candidate methods for better revealing

the dynamical properties encoded in RNA structures.

Keywords: Gaussian network model (GNM), B-factor, RNA molecules
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1. Introduction

RNA is one of the important biological macromolecules
in the cell. For a long time, RNA is considered to be only
served as a messenger that intermediates the transmission of
the genetic information from DNA to protein sequence.!!]
However, in recent decades more and more evidences have
revealed that the biological functions carried out by RNA are
much broader than we previously believed. It is increasingly
realized that RNA can perform various functions including
catalysis of biochemical reactions, regulation of biological
processes, transduction of cellular signals, synthesis of pro-
teins, post-translational modification of proteins, regulation of
gene expressions, and so on.['* Similar to proteins, RNA
can fold into subtle tertiary structures, and the biological func-
tions of RNA are essentially determined by its specific three-
dimensional structure and the intrinsic dynamics encoded into
the structure.>°! How to effectively extract the dynamical
properties from the tertiary structure of RNA is critical for our
understanding of RNA functions.

Elastic network model (ENM) describes a biomacro-
molecule as a group of nodes connected by springs, which is a
simple and efficient method to investigate the intrinsic dynam-
ics of biological macromolecules based on their native struc-
tures. ENM has been extensively used to analyze the con-

formational dynamics of proteins.!'*-14] Many studies have
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proved that the residue fluctuations in proteins calculated by
ENM are well consistent with the B-factors measured by x-ray
crystallographic experiments as well as the results obtained
by molecular dynamics (MD) simulations.!'>! In addition,
ENM has also been successfully applied in investigating the
function-related collective motions, predicting folding cores
and functional hotspots, identifying allosteric signaling path-
ways, enhancing conformational sampling in MD simulations,
and realizing protein—protein soft docking.!'2!! In recently
years, ENM has been extended to study the structure-encoded
dynamic properties for RNA. Yang et al. constructed ENM for
DNA/RNA-containing systems and the computed nucleotide
fluctuations by ENM exhibit a quite good positive correlation
with the experimental B factors.!??! Pinamonti et al. system-
atically assessed the performance of ENM by using different
types of RNA structures, and they found that this simple model
can properly reproduce the structural fluctuations obtained
by all-atomistic MD simulations and SHAPE experiments. [>3]
The study of Zimmermann and Jernigan showed that the low
frequency normal modes computed by ENM are capable of
capturing the principal components of the structural flexibil-
ity determined by NMR experiments for dense-packed RNA
molecules.?*! ENM was also utilized by Wang et al. to study
the functional cooperative motions for large RNA-containing
systems, and the results showed that ENM can provide valu-
able insights into RNA functional dynamics.>! The study of
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Afonin et al. indicated that ENM can characterize the ex-

perimentally observed dynamic behaviors of large RNA cubic
nanoscaffolds. 6!

Although the usefulness of ENM in characterizing RNA
dynamics has been validated, some studies also pointed out
that the correlation between the ENM-computed and exper-
imental residue fluctuations is lower for RNAs than that of
proteins.>”) Tt is believed that the lower fluctuation corre-
lation for RNA should be attributed to its loosely-packed
tertiary structure compared with the well-packed protein

27-291 1 the conventional ENM, the interactions be-

structure. !
tween residues are simplified as springs with a uniform force
constant, and the existence of springs between residues is de-
termined by their pairwise distance less than a given cutoff
value.!1518:22.29.301 Several improved strategies in construct-
ing ENM have been proposed to enhance the performance
of the model for RNA. For the nucleotide representation in
ENM, the research work of Pinamonti et al. showed that the
all-atomistic and three-nodes-per-nucleotide models are bet-
ter than the single-node-per-nucleotide model in investigating

s.[23 Diggins et al. further explored

RNA structural dynamic
that the coarse-grained site selection in nucleotide representa-
tion also influences the performance of the ENM.*! For the
inter-nucleotide interactions in ENM, Mailhot et al. adopted
a sequence-dependent potential function, which takes into ac-
count the chemical properties of the residues, to construct the
elastic network contact model (ENCoM). It is found that EN-
CoM can better simulate the dynamics of RNA compared with
the conventional ENM. 32l Moreover, the study of Wang et al.
illustrated that a multiscale ENM, in which the multiscale har-
monic interactions with variable force constants were adopted,
distinctly improves the characterization of the dynamical prop-
erties of RNA. However, in the multiscale ENM, the force
constants need to be optimized by using the experimental B-
factors for each studied RNA molecule separately, and thus
the optimized model for one RNA molecule is not generally
applicable for other RNA systems. 33!

In the present work, two novel approaches are proposed to
improve the performance of the ENM in describing the struc-
tural flexibility of RNA molecules. As mentioned above, in
the conventional ENM the interaction strength is assumed to
be identical for all the nucleotide pairs. In this study, the dif-
ference in the inter-nucleotide interaction strength is taken into
account to build a weighted ENM (WENM), in which the force
constant for each spring is weighted by the number of inter-
acting heavy atom pairs between the two related nucleotides.
Besides that, another simplification in the conventional ENM
is that the inter-nucleotide interactions are neglected for the
nucleotide pairs beyond a given cutoff distance. However, the

nucleotides in RNA molecules are negatively charged, and the

long-range electrostatic interactions are important for RNA
structural dynamics. The construction of ENM based on a
cutoff distance in the conventional method for proteins may
be not suitable for RNA molecules. Aimed at this problem,
another new ENM-building method, named force-constant-
decayed ENM (fcdENM), is proposed. In our method, the
distance cutoff is removed and all residue pairs are connected
by springs with the force constant decayed exponentially with
the separate distance. The performance of these two proposed
models (WENM and fcdENM) is tested by using a large non-
redundant RNA structure dataset. Our calculation results show
that both the proposed models outperform the conventional
ENM in prediction of the experimental B-factors.

2. Materials and methods

2.1. The conventional Gaussian network model

Gaussian network model (GNM) is one type of the ENM,
which is built based on the coordinates of RNA structures
downloaded from the Protein Data Bank (PDB). In GNM, each
nucleotide in RNA structure is treated as a node located on its
P atom. The inter-nucleotide interactions are represented by
a linear harmonic potential, where each node in the model is
connected by springs to other nodes within a given cutoff dis-
tance and the force constant for all the springs is identical. 34!
The potential function of the GNM for a RNA molecule is the
sum of the harmonic potential energies of all the springs in the
model, which can be written as

1 1
V= EYZ(ARUV = §YZ(AR]'—AR1')2
ij ij
_ 1 T
= 2y(AR T'AR), (1)

where AR;; = R;; — R?j = AR; — AR;; R;; and R?j are respec-
tively the instantaneous and the equilibrium distances between
the i and j nucleotides; AR; and AR ; are the displacements
from the equilibrium position for the i and ;™ nucleotides,
respectively; AR;; is the change in the distance of the pair-
wise nucleotides; 7 is the force constant of the springs in the
model; AR = {AR;}, i = 1,2,...,N, which represents the N-
dimensional displacement vector and N is the nucleotide num-
ber in the RNA system; The superscript T denotes the trans-
pose of the column vector; and I" is a N x N symmetric matrix

X,[34

named as Kirchhoff matri ! which can be built based on

the inter-nucleotide contacts in the RNA structure as follows:

_17 lfl#]aleSRCa

0, if i j, Ri; > Re,
r=4%, TRk @

_ZI;IH lfl:.]7

kk#i

here R. is the cutoff distance, which is used to determine
whether or not there exist inter-node springs.
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According to the normal mode analysis theory, the dy-
namical properties of the RNA system are fully determined
by the Kirchhoff matrix I". The normal modes of the sys-
tem can be calculated through diagonalization of the matrix
I', and the details of the calculation can be found in the
references. [15:18:22.29:30.34] Baged on the statistical thermody-
namic theory, the mean-square fluctuation for each nucleotide
can be computed as

[ (AR:AR;) exp (kaLT) d{AR}

(AR)?) =
Jexp (—,{BLT) d{AR}
= kBl -1 = kBl 3 —1 IARIAR
- y [F ]ii_ y kglzkk [k]z[ k]n 3)

where V is the potential function of the system given in Eq. (1);
kg is the Boltzmann constant; 7 is the temperature; u; and Ay
are the k' eigenvector as well as the corresponding eigenvalue
of I', which represent the k™ normal mode and the square of
the frequency of the mode, respectively. Then, the B-factor for
each nucleotide can be obtained by using the Debye—Waller
formula

8n? _ 8m%kpT

B; = T<(ARL')2> 3y ];;Lk_l[uk]i[uk]i' @

In the present work, the theoretical B-factors calculated by
Eq. (4) are compared with the experimental data obtained by
x-ray crystallographic method to assess the performance of the
conventional GNM as well as our proposed new models. The
Pearson correlation coefficient (PCC) is used to evaluate the
accuracy of the predicted B-factors relative to the experimen-
tal data. The PPC between the predicted and experimental B-

factors can be expressed as

g ( B?red _ Bpred) ( B?XP _ Bexp)
PCC= ——=!

N pred  ppred 2 N eXp  ReXp 2,
L (B -5 L (B -B7)
i= i=

where B”*® and BS™ are respectively the predicted and exper-
imental B-factors of the i™ nucleotide; BP? and B*P are the

average values of the predicted and experimental B-factors of

&)

all the nucleotides in the RNA structure, respectively; and N is
the total number of nucleotide in the RNA structure.

2.2. Weighted Gaussian network model

In the conventional GNM, the same force constant is
adopted for all the springs in the model. However, RNA struc-
ture and dynamics are controlled by various inter-nucleotide
interactions, in which the covalent interactions as well as

the base—base paring and stacking are much stronger than

other interactions.!3-38! The various interactions with differ-
ent intensities play different roles in controlling RNA struc-
tural stability and dynamics.[>>=38] For better characterizing
RNA structural dynamics, the variation of interaction strength
should be considered. In the present work, a weighted
GNM (wGNM) was proposed, in which the differences in the
strength of the inter-nucleotide interactions was taken into ac-
count by using different weights. In our model, the force con-
stant for each spring was weighted simply by the number of
atom-atom contacts between the corresponding pairwise nu-
cleotides.

The proposed wGNM was built according to the follow-
ing procedure.

(1) Based on the coordinates of all the heavy atoms in the
RNA structure, the atom—atom contacts were determined by
a given atomistic cutoff distance. An atom was considered to
form a contact with another atom if their distance is less than
the cutoff value. Otherwise, no contact exists between them.

(2) Similar to the conventional GNM, each nucleotide in
the RNA structure was simplified as a node located on its P
atom to construct the nucleotide-level coarse-grained model.
But different from the conventional GNM, whether or not a
spring exists between pairwise nucleotides was determined by
the atomistic contacts between them, instead of the nucleotide-
level distance cutoff. If a heavy atom in a nucleotide forms
contact with any heavy atom of another nucleotide, these two
nucleotides were considered to be interacted with each other
and they were connected by a spring. Besides that, in WGNM,
the force constant specific to each spring was weighted by the
total number of atom-atom contacts between the correspond-
ing nucleotides.

(3) Based on the above model-construction method, the
Kirchhoff matrix I" for wGNM can be computed as

_nilj\'; if i # J,
=3 - n iti=j, ©
kot

where n;; is the total number of heavy atom contacts between
the i and j™ nucleotides. Then, the normal modes of the sys-
tem can be calculated through diagonalizing the matrix I", and
the nucleotide B-factors of the RNA structure can be computed
by using Eqgs. (3) and (4). In this study, the computed B-factors
were compared with the experimental data by using the PCC
calculated with Eq. (5) to evaluate the accuracy of wGNM.

2.3. Force-constant-decayed Gaussian network model

As noted in our previous discussion, a distance cut-
off was used to determine whether an interaction exists be-
tween two nucleotides, and the force constant for all the inter-
nucleotide interactions was assumed to be identical in the con-

ventional GNM. However, the nucleotides in RNAs are nega-
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tively charged, and the conventional cutoff-based GNM con-
struction method may lead to the neglect of the long-range
electrostatic interactions that are weak but important for RNA
structural dynamics. In the present study, another new GNM
construction method was proposed, in which the distance cut-
off was removed and all the pairwise nucleotides were con-
nected by springs with the force constant decayed exponen-
tially with their separate distance.

In our proposed force-constant-decayed GNM
(fcdGNM), the Kirchhoff matrix I" can be calculated as

R); )
eXP<6), if i j,
Ljj = (M

N
- X I,
fJeti

if i=j,

where R?j is the equilibrium distance between the i and j"
nucleotides; o is a variable parameter that controls the decay
rate of the force constant with increasing distance. The diago-
nalization of I" gets the motion modes and the associated fre-
quencies of the studied system. Then, the nucleotide B-factors
were calculated with Egs. (3) and (4), and the computed results
were compared with the x-ray crystallographic experimental
data to assess the performance of our FcdGNM approach in
B-factors prediction. The PPC between the computed and ex-
perimental B-factors was calculated by using Eq. (5).

2.4. Dataset of the non-redundant RNA tertiary structures

In this study, the proposed new models, i.e., wGNM and
fcdGNM, were tested by using a non-redundant RNA struc-
ture dataset, and the calculation results were compared with
those computed by the conventional GNM to evaluate the per-
formance of these models. The non-redundant RNA tertiary
structures were obtained from the representative sets of RNA
3D structures collected by Leontis and Zirbel.[*”! The accu-
racy of the experimental B-factors largely depends on the reso-
lution of RNA structures determined by x-ray crystallography.
Higher resolution generally implies more precise of B-factor
values. Therefore, the RNA crystal structures with 3.0 A reso-
lution or better were chosen in our study. In addition, the GNM

is more applicable to the well-packed micromolecular struc-
tures. However, the RNA structures with small size are usually
loosely-packed and also generally complexed with proteins or
other RNAs. The binding partners may have significant in-
fluences on the dynamics of the small-size RNA. Thus, in the
present work, only the large-size RNA structures were con-
sidered. Based on the above considerations, the following fil-
ter criteria were used to get the RNA structure dataset for our
studies from the representative set 3.128 of RNA 3D structures
released on May 27 in 2020: (1) structural determination by x-
ray crystallographic experiments; (2) structural resolution bet-
ter than 3.0 A; (3) the number of nucleotides in RNA structure
larger than 122; (4) the nucleotide B-factor data having been
measured. According to the above criteria, a total of 51 RNA
structures were obtained as the database for the present work.
The PDB codes of these RNA structures are listed in Table S1
in the supplementary materials.

3. Results and discussion

3.1. The optimization of the variable parameters in the
models

In the conventional GNM, the cutoff distance R, is the
only adjustable parameter. In order to investigate the effect of
the cutoff value on the calculation results, the PCC between
the predicted and experimental B-factors was computed for
different discrete values of R.. Figure 1(a) shows the change
of the average PCC for all the RNA structures in the non-
redundant dataset with the value of R, increasing from 9 A
to 23 A with an interval of 1 A. The PCC values with differ-
ent cutoff distances for each individual RNA molecule in the
dataset are given in Table S2 in the supplementary materials. It
is found that the cutoff value has obvious influence on the com-
putation results, where the average PCC between the predicted
and experimental B-factors is in the range of 0.463-0.518. The
maximum average PCC value is 0.518, which corresponds to
the cutoff distance of 12 A. In the present study, the cutoff of
12 A was used in our calculation for the conventional GNM.

o 0.510f o o 0-950r
O O © 0.540}
£ 0.500f o 0.
[ o e L
% 0.490( : % 0.5%0
© 0.480+ 8 ¢ 0.520f
< Z <

0.470 } 0.510}

10 12 14 16 18 20 22 40 4.4 4.8 52 56 6.0 6 8 10 12 14 16

Cutoff distance (A)

Atomistic distance cutoff (A)

o value (A)

Fig. 1. The change of the average PCC between the predicted and experimental B-factors for the RNA structures in the non-redundant dataset
calculated with different discrete values of the variable parameters in the models. (a) The change of the average PCC computed by the
conventional GNM with different values of the cutoff distance R.. (b) The change of the average PCC calculated by the wGNM with different
values of the atomistic distance cutoff. (c) The change of the average PCC with the variation of the o value computed by the fcdGNM.
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For the proposed wGNM, the only variable parameter is
the atomistic distance cutoff, which is used to determine the
formation of contacts between heavy atoms. To explore the
impact of the atomistic cutoff value on the performance of
wGNM, the PCC between the predicted and experimental B-
factors was calculated with twelve discrete cutoff values of
38A,40A,42A,44A,46A,48 A,50A,524,54A,
56 A,58A,6.0A, respectively. The calculation results are
shown in Fig. 1(b) and Table S3 in the supplementary mate-
rials. From Fig. 1(b), it is found that the average PCC of the
RNAs in the database was varied from 0.553 to 0.569 when
the above different cutoff values were adopted. For the cutoff
value of 4.2 A, the average PCC reached the highest value of
0.569. Thus, in this study, 4.2 A was adopted as the atomistic
distance cutoff value for the wGNM.

In the proposed fcdGNM, o is the only adjustable param-
eter as discussed in Eq. (7). The influence of the o value on
the calculation results was studied, in which the value of o
increased from 5 A to 16 A with a step of 1 A and the PCCs
between the predicted and experimental B-factors were calcu-
lated for each o value. Figure 1(c) displays the change of the
average PCC with the variation of the o value. The detailed
PCC values for each RNA molecule in the non-redundant
database can be found in Table S4 in the supplementary mate-
rials. From Fig. 1(c), the maximum value of the average PCC
is 0.553 with the parameter o to be 16 A. Therefore, the pa-
rameter G was set to be 16 A for the fcdGNM.

3.2. The improved performance in reproduction of the ex-
perimental B-factors by our proposed models

For each RNA in the non-redundant database, the con-
ventional GNM as well as the proposed wGNM and fcdGNM
were respectively constructed based on the RNA crystal struc-
ture. The nucleotide B-factors were calculated by these three
models, respectively, where the optimal value of the adjustable
parameters in the models was used in the calculations as dis-
cussed in the previous section. Then, the PCCs between the
predicted and the experimental B-factors were computed for
wGNM, fcdGNM, and the conventional GNM, respectively,
to evaluate their performance in reproducing the experimental-
observed RNA structural dynamics. The PCC values obtained
by the three models for all the 51 RNA structures in the non-
redundant database are given in Table 1. The results show that
the average PCC value is increased from 0.518 to 0.569 for the
wGNM compared with the conventional GNM. The proposed
new model, i.e., wGNM, obviously raises the B-factor predic-
tion accuracy by 9.85%. For the other new model fcdGNM,
the average value of PCCs is also improved from 0.518 to
0.553, with the increase rate of 6.76%. These results indicate
that both our proposed models exhibit better performance in
prediction nucleotide fluctuations than the conventional GNM.

Our non-redundant dataset contains different types of RNA in-
cluding ribosome, ribozyme, riboswitch, and other types. The
performance of our proposed methods for different types of
RNA was also evaluated separately. For ribosomal RNAs, the
average PCC is improved from 0.579 to 0.657 and 0.645 for
wGNM and fcdGNM, respectively. For ribozyme RNAs, the
average PCC is increased from 0.507 to 0.547 and 0.524 for
wGNM and fcdGNM, respectively. For riboswitch RNAs, the
value is improved from 0.382 to 0.562 and 0.503 for wGNM
and fcdGNM, respectively. These results indicate that our pro-
posed methods outperform the conventional GNM for all these
different RNA types.

From Table 1, it is found that the nucleotide B-factors of 8
RNA systems cannot be calculated by the conventional GNM
due to more than one mode with zero frequency. The reason is
that these RNA structures are not well packed and the number
of springs connected to some nucleotides in these systems is
too little. Several studies have also pointed out that the GNM
is more applicable for tightly packed structures rather than the
loosely packed structures. *°) Our fcdGNM method can effec-
tively overcome this defect in the conventional GNM, where
all the pairwise nucleotides were connected by springs in the
fcdGNM and the force constant decayed exponentially with
the pairwise separate distance. The results in Table 1 exhibit
that the B-factors for these 8 RNA molecules can be effec-
tively predicted by using our fcdGNM method. It should also
be noted that the PPC values predicted by the conventional
GNM for two RNA systems, i.e., chian B of 5T2A and chain
E of 5ST5H, are negative. The crystal structure of these two sys-
tems was checked manually, and it is found that the calculated
RNA chain is packed tightly with other surrounding chains. In
our calculation, only the studied RNA chain was considered
separately, and the impacts of the surrounding chains were not
taken into account, which may be responsible for the negative
value of PCC. For the remaining 41 RNA structures, the PCC
values predicted by the conventional GNM are positive and the
average PCC is 0.557.

The 41 RNA structures with positive PCC values in the
conventional GNM were also calculated with the new pro-
posed wGNM and fcdGNM, as listed in Table 1. The aver-
age PCC is 0.631and 0.612 for wGNM and fcdGNM, respec-
tively. Compared with the conventional GNM, the average
PCC improved respectively by 13.3% and 9.87% for wGNM
and fcdGNM, which indicates that the proposed models can
obviously enhance the performance of GNM in describing
RNA structural dynamics. From Table 1, it is also found that
most of the RNAs with negative PCC values in the conven-
tional GNM also exhibit negative PCC values in the wGNM
and fcdGNM. This result implies that our proposed models
have little effect on the RNA systems that are not suitable for
the application of GNM.
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Table 1. The PCC values for all the 51 RNA structures in the non-redundant
database obtained by the conventional GNM, wGNM, and fcdGNM, respec-
tively.

PDB code  Chain Category GNM wGNM fcdGNM
6QZP L54+L8 ribosomal RNA  0.597 0.538 0.758
6SGC 54484  ribosomal RNA  0.642 0.715 0.808
5TBW 1+4 ribosomal RNA  0.596 0.610 0.698
6S0Z A ribosomal RNA  0.702 0.916 0.721

5J7L DA ribosomal RNA  0.814 0.881 0.785
6SPB A ribosomal RNA 0.727 0.754 0.768
6V3A AN1 ribosomal RNA 0.741 0.761 0.731
4Y40 2A ribosomal RNA  0.766 /) 0.815
4VI9F 0 ribosomal RNA 0.713 0.760 0.745
5DM6 X ribosomal RNA  0.740 0.836 0.743
6ERI AA ribosomal RNA  0.588 0.841 0.744
4V88 A6 ribosomal RNA  0.716 0.740 0.747
6AZ1 1 ribosomal RNA / / 0.748
6QZP S2 ribosomal RNA  0.747 0.836 0.773
6SGC Al ribosomal RNA  0.727 0.874 0.791
6AZ3 1+7 ribosomal RNA 0.571 0.667 0.630
6S0X a ribosomal RNA 0.262 0.413 0.414
5J7L AA ribosomal RNA  0.668 0.880 0.768
6SPC a ribosomal RNA  0.587 0.714 0.567
6V3A sN1 ribosomal RNA  0.483 0.536 0.595
4Y40 la ribosomal RNA  0.562 0.710 0.684
6TMF A ribosomal RNA  0.542 0.670 0.538
6ERI BA ribosomal RNA  0.603 0.777 0.770
5TSH A+C ribosomal RNA / / 0.461
5T2A B ribosomal RNA  -0.569  -0.502 -0.184
6AZ3 2 ribosomal RNA / 0.675 0.757
5TSH B ribosomal RNA / / 0.381
4FAR A ribozyme RNA 0.624 0.677 0.633
4P95 A ribozyme RNA  0.432 0.598 0.453
3JCS 3 ribosomal RNA  0.170 0.094 0.245
6AZ3 4 ribosomal RNA 0.788 0.797 0.764
6AZ3 3 ribosomal RNA  0.572 0.586 0.576
3DIL A riboswitch RNA  0.326 0.454 0.496
3DOU A riboswitch RNA  0.245 0.323 0.198
3PDR X riboswitch RNA  0.284 0.478 0.359
6UFG A riboswitch RNA  0.461 0.505 0.582
2R8S R ribozyme RNA 0.599 0.791 0.747
1U9S A ribozyme RNA 0.545 0.425 0.439
47DO E tRNA / -0.140 -0.081
5T5H E srtRNA -0.026 -0.247 0.016
3G9C Q ribozyme RNA 0.330 0.320 0.364
61CZ H+F snRNA / / 0.454
3NDB M SscCRNA 0.659 0.651 0.487
3HHN E ribozyme RNA 0.293 0.311 0.399
6ID1 H+F snRNA / / 0.337
6KC8 B sgRNA 0.244 0.008 0.377
3V7TE C riboswitch RNA  0.639 0.751 0.717
6NSP A riboswitch RNA  0.336 0.862 0.663
6QW6 4 snRNA / / 0.244
1L9A B scRNA 0.489 0.493 0.363
27775 B ribozyme RNA  0.724 0.707 0.634
average 0.518 0.569 0.553

4)The symbol “/” in the table means that the theoretical B-factor cannot be
calculated because there is more than one normal mode with zero frequency.

It should be noted that the most time and memory con-
suming operation in the calculation of GNM is the diagonal-
ization of the Kirchhoff matrix. For the proposed wGNM, the

atomistic information was implicitly taken into account, and
the size of the Kirchhoff matrix in wGNM is the same as that
of the conventional GNM. For the fcdGNM, each nucleotide
in the RNA structure is simplified as a node and the dimen-
sion of the Kirchhoff matrix is also same as that of the con-
ventional GNM. Therefore, compared with the conventional
GNM, these two new models have improved performance but
do not increase the calculation burden.

3.3. Case study

In order to illustrate the improved performance of wWGNM
and fcdGNM relative to the conventional GNM in extract-
ing the nucleotide fluctuations in RNA structures, the “AA”
chain of the chloroplast ribosome (PDB code:6ERI) was in-
vestigated as a case study.*!! The nucleotide B-factors of the
studied RNA structure were theoretically predicted by using
the conventional GNM as well as the proposed wGNM and
fcdGNM, respectively, and the predicted results were com-
The “AA” chain of the
chloroplast ribosome is a large-size RNA structure composed

pared with the experimental data.

of 2696 nucleotides, which forms a well-packed tertiary struc-
ture, as shown in Fig. 2(a). The PCC between the predicted
and experimental B-factors calculated by the conventional
GNM is 0.588. For the wGNM and fcdGNM, the PCC value
is obviously improved to 0.841 and 0.744, respectively. These
two new models are superior to the conventional GNM.

The exact calculation results of the B-factors by the
wGNM and fcdGNM were compared with those by the con-
ventional GNM in Figs. 2(b) and 2(c), respectively. It is found
that the flexibility of a subdomain composed of 1079-1137
nucleotides, highlighted in red in Fig. 2(a), predicted by the
conventional GNM is much lower than the experimental re-
sults. This may be caused by the large value of the distance
cutoff adopting in the model. The large cutoff value may in-
troduce non-existing interactions between this subdomain with
the remain part of the RNA structure, which reduces the fluc-
tuation of the subdomain. While for most of other flexible
nucleotides, which correspond to the peaks in the B-factor
curves, the fluctuations predicted by the conventional GNM
are obviously higher than the experimental observations, as
shown in Figs. 2(b) and 2(c). These flexible nucleotides are
usually loops and protrude out from the RNA structure. This
result indicates that the distance cutoff in the conventional
GNM is insufficient to restrict the dynamics of these flexi-
ble nucleotides. However, for wGNM, the predicted results
are significantly improved. The flexibility of the 1079-1137
subdomain calculated by wGNM agrees well with the exper-
imental data, which is higher than the flexibility predicted by
the conventional GNM, as shown in Fig. 2(b). In addition,
for other flexible nucleotides corresponding to B-factor profile
peaks, the fluctuations predicted by wGNM are also more con-
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sistent with the experimental results, which are usually lower
than the fluctuations predicted by the conventional GNM, as
displayed in Fig. 2(b). These results imply that the wGNM
can better capture the interaction distributions in RNA struc-
tures than the conventional GNM. For fcdGNM, the predicted
results are also better than the conventional GNM. The fluctu-

ations of the flexible nucleotides in protruding loops predicted
by fcdGNM are lower than those calculated by the conven-
tional GNM, and they better agree with the experimental re-
sults, as shown in Fig. 2(c). But for the 1079-1137 subdo-
main, the fluctuations predicted by fcdGNM are similar with
those predicted by the conventional GNM.

Nucleotide index
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Fig. 2. The calculation results for the “AA” chain of the chloroplast ribosome (PDB code:6ERI). (a) The tertiary structure of the “AA” chain
of the chloroplast ribosome, where the subdomain composed of 1079-1137 nucleotides is highlighted in red. (b) The nucleotide B-factors
predicted by the wGNM (blue color) compared with the results obtained by the conventional GNM (green color) as well as the experimental
data (red color). (c) The nucleotide B-factors predicted by the fcdGNM (yellow color) compared with the results obtained by the conventional

GNM (green color) as well as the experimental data (red color).

4. Conclusion

More and more evidences have revealed that RNA
molecules can fold into subtle three-dimensional structures as
proteins and carry out various important functions in many bi-
ological processes. The exertion of the biological functions of
RNAs depends on their structure-encoded conformational dy-
namics. How to effectively predict the dynamical properties
from the tertiary structure of RNA molecules is important for
the understanding of the molecular mechanism of RNA func-
tions. The Gaussian network model (GNM), as one type of
the elastic network model (ENM), is an efficient method to ex-
plore the intrinsic dynamics of biomacromolecules, which has
been widely applied for proteins. In recent years, GNM has
also been extended to study the structural dynamics of RNA.
However, owing to the more loosely packed tertiary structure,
the performance of the conventional GNM on RNAs is not as
good as that on proteins. It is a valuable problem worth study-
ing to improve the performance of GNM applied to RNAs.

In the conventional GNM, a cutoff distance was used to
construct the model and a uniform force constant was applied
for all the nucleotide pairs. Considering the structural char-
acteristics and the various forces distribution properties spe-
cific to RNAs, the above simplifications in the conventional
GNM may not work well for RNAs. In the present work,
aiming at these simplifications, two approaches, i.e., wGNM
and fcdGNM, were proposed to improve the application of
GNM in investigating the structural dynamics of RNAs. In
wGNM, the force constant is specific to the corresponding
pairwise nucleotides, which is weighted by the number of
atom—atom contacts between them. In fcdGNM, the force con-

stant decays exponentially with the separate distance between
the pairwise nucleotides. These two new models were tested
by using a non-redundant RNA structure dataset composed of
51 RNAs, and the calculation results show that the proposed
two models can better reproducing the experimental B-factors
than the conventional GNM. Compared with the conventional
GNM, the average PCC between the predicted and experimen-
tal B-factors improved by 9.85% and 6.76% for wGNM and
fcdGNM, respectively. It is also found that GNM is more ap-
plicable for the RNA structures with large size, and 41 out of
51 RNA structures exhibit positive PCC values. For these 41
RNAs, the average PCC computed by wGNM and fcdGNM
is improved respectively by 13.3% and 9.87% compared with
the conventional GNM. The improved performance of wWGNM
and fcdGNM was illustrated by using the chain “AA” of the
chloroplast ribosome as a case study.

The improved models outperform the conventional GNM
Besides that, the
nucleotide-specific information was introduced implicitly into

in prediction nucleotide fluctuations.

the model, which does not increase the calculation burden.
Our studies provide two promising candidate models for better
revealing the dynamical properties encoded in RNA structures.
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