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and Modesto Orozco1,2,3,*

Although chemically close to DNA, RNA can adopt a wide range of structures
from regular helices to complex globular conformations, showing a complexity
similar to that of proteins. The determination of the structure of RNA molecules,
crucial for functional understanding, is severely handicapped by their size and
flexibility, which makes the systematic use of experimental approaches difficult.
Simulation techniques are also suffering from very severe problems related to
the accuracy of the methods and their ability to sample a large and complex
conformational landscape. Here, we systematically review recent approaches
created to reduce the shortcoming of the current generation of simulation
methods—from highly accurate models able to deal with small systems to
coarse-grained approaches that are less accurate but applicable to dealing
with large models.

WHAT HAVE WE LEARNED ABOUT RNA STRUCTURE FROM QM AND
QM/MM METHODS?
Physics teaches us that ab initio quantum mechanics (QM) can represent with high
accuracy any biomolecular system, among them RNA. Unfortunately, because of
their computational cost, the practical application of ab initio QM formalisms to
large systems such as RNA is often impossible. In fact, even simpler QM methods
such as those based on density functional theory (DFT) fail to treat systems larger
than 102 atoms, several orders of magnitude less than the size required to study
RNAs in solution.1 Further simplifications of the basic QM formalism, such as those
implicit in semiempirical (SE) methods, can extend the range of applicability of QM
theory but at the expense of an expected loss of accuracy.2

The Bigger Picture
RNAs are the ultimate frontier of
structural biology. They are large
and complex molecules that can
adopt complex structures
displaying a wide variety of
functions from carriers of genetic
information to regulators of gene
expression or even catalysis.
Understanding 3D structure will
be crucial to understanding RNA
function and to creating RNAs
with new functionalities. A
revolution similar to that of
protein engineering might be
possible if enough structural
information on RNA is obtained.
Here, we analyze how the latestgeneration theoretical models can
contribute to such a revolution.

High-level QM and DFT calculations have had a central role in the development and
validation of recent RNA force fields (FFs; see below). A recent example is the
B97D3/AUG-CC-PVTZ study of the backbone and glycosidic torsions by Aytenfisu
et al.,3 who highlighted systematic errors in current RNA FFs that might lead to incorrect molecular dynamics (MD) trajectories. Different conclusions were reached by

the group led by Sponer,
who again used DFT calculations as a reference, namely
that the errors in current RNA FFs are related to imbalanced hydration and not to
intrinsic errors in the classical gas phase Hamiltonian.4 The same group recently
studied 46 different backbone conformations of the UpU dinucleotide step (see Figure 1) by using a variety of QM methods from the state-of-the-art CCSD(T) to the
latest-generation SE algorithms,5 providing the community with an invaluable dataset for refinement of RNA FFs. Very recently our group used DFT/MM (density functional theory and molecular mechanics) calculations to fit some dihedrals directly for
QM calculations in solution, opening a new approach to using DFT calculations in
the refinement of RNA FF (see the next section).6

Chem 5, 1–23, January 10, 2019 ª 2018 Elsevier Inc.

1

Please cite this article in press as: Dans et al., Modeling, Simulations, and Bioinformatics at the Service of RNA Structure, Chem (2018), https://
doi.org/10.1016/j.chempr.2018.09.015

Figure 1. Representation of the 46 Conformers Present in the UpU46 Benchmark Set
The set consists of the 46 uracil dinucleotides (UpU), representing all known 46 RNA backbone
conformational families described by the RNA Ontology Consortium. The conformers are given
two-character names that reflect the seven-angle (dεzabgd) combinations empirically found
favorable for the sugar-to-sugar ‘‘suite’’ unit within which the angle correlations are strongest. Note
that all conformers were aligned to a common reference coordinate.

Hobza and co-workers have led the use of high-level QM methods for the description of non-covalent interactions in biomolecules, including nucleobases. The latest
contributions from the group include the construction of reference databases of
interaction energies computed at very high QM level. These databases are very
useful for the parameterization and validation of lower-level methods, including
FFs. To obtain a deeper insight into this benchmark calculation, we recommend
the last review published by this group.7,8 On the other hand, focusing on the
last couple of years we should cite the DFT study by Rypniewski et al.9 of the
C-U and U-U pairings, wherein the authors suggest that unusual tautomeric forms,
or even anionic states of pyrimidines, can play a role in stabilizing certain forms of
RNA. Similarly, Preethi et al.10,11 used high-level DFT methods to study the impact
of post-transcriptional modifications in the base pairings occurring in different
RNA motives (interface, rRNA, and the intron-exon complexes). In another
elegant study, Wilson et al.12 analyzed the 154 non-redundant RNA-protein p interactions observed in PDB with the M06-2X13 functional, finding that these p-p interactions provide huge stabilization to the protein-RNA complex. Unusual interactions affecting RNA nucleobases have been also studied by means of high-level
QM theory. For example, Chawla et al.14 used high-level QM theory (up to
CCSD(T)) to explore the interactions between the O40 atom and the p cloud of
the nucleobase, finding that this apparently irrelevant interaction can, in fact, significantly affect the packing of RNA. Cation-RNA interaction has been another traditional field for the use of QM theory. A recent example of this family of studies
was published by Casalino et al.,15 who used DFT calculations to study typical
Mg2+-RNA binding motifs, providing a useful benchmark set to develop next-generation Mg2+-adapted FFs.
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Catalysis is another field where the use of QM is strictly necessary, since it typically
implies the restructuration of bonds and electronic effects that classical FFs cannot
handle. In that sense, QM/MM (quantum mechanics and molecular mechanics) calculations have become the standard approach for the study of ribozymes.16–27
Several of these studies focused on the role of metallic ions or cofactors in catalysis.21–27 Other studies focused on the use of QM methods to understand complex
experiments such as those based on the measurement of kinetic isotope effects.28
Very interestingly, other non-ribozyme RNAs can also exhibit catalytic properties,
as has been described for unpaired nucleotides in non-catalytic RNAs.29 Mlynsky
and Bussi29 published a study whereby they used QM(DFTB330)/MM calculations
in the context of enhanced sampling methods characterized the pattern of reactivity
of specific RNA motifs such as the uGAAAg tetraloop.
It is difficult to predict the impact of QM calculations on RNA in the next decade, but
the expectation exists that a new generation of QM methods using new partitioning
schemes would allow the representation of more realistic segments of RNA. For
example, Jin et al.31 have shown good representations of 15-mer RNAs using an
electrostatically embedded generalized molecular fractionation with the conjugated
caps (i.e., EE-GMFCC) method. Additional expectations arise from the generation of
simplified QM approaches, such as density functional tight binding (DFTB) or RNAadapted SE approaches. As an example, Huang et al.32 recently introduced a multidimensional B-spline correction map (BMAP) to the sugar puckering in the AM1/
d-PhoT33 semiempirical Hamiltonian, which was successfully applied to reproduce
different RNA transesterification reactions. Similarly, York’s group has presented
exciting results on RNA systems using quantum mechanical force fields (QMFFs),34
which scale linearly with system size and are then much faster than fully coupled
QM methods.

STRUCTURE AND DYNAMICS OF RNA MOLECULES AS SEEN FROM
THE CLASSICAL WORLD: WHAT IS IN CHARGE?
Despite recent advances in computers and simulation tools, there is no expectation
that QM methods will be able to deal (at least in the next decades) with even medium-size (102 nt) RNAs in solution. This has fueled the development of MM methods
(such as MD) based on atomistic classical FFs. The most popular RNA FFs are those
originating from the AMBER (Assisted Model Building with Energy Refinement) and
CHARMM (Chemistry at Harvard Macromolecular Mechanics) communities.
Although both rely grossly on the same formulation of the potential energy functional, they differ in the parameterization strategy (see Vangaveti et al.35 and references therein). The four decades of healthy competition between CHARMM and
AMBER developers have promoted a dramatic advance in the field. Nevertheless,
it would be highly desirable that other communities also join the race, which seems
to be the case for the OPLS (Optimized Potentials for Liquid Simulations)—one of
which has recently published a careful calibration of the torsions of nucleosides
and nucleotides from high-level DFT calculations and nuclear magnetic resonance
(NMR) observables.36
During the last decades, the evolution of both AMBER and CHARMM RNA FFs has
been fueled by the ever-growing computational power, pushing the time-length
boundaries of MD trajectories. The extension of trajectories has made evident errors
not visible in shorter simulations. For example, in the case of the AMBER community
(Figure 2) the 94 and 99 FFs (AMBER-ff94 and AMBER-ff99) were used for almost two
decades, until significant errors emerged in long-scale simulations. This forced the
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Figure 2. Time Line of the Evolution of the CHARMM (Top) and AMBER (Bottom) Force Fields for RNA
Corrections to each original version are indicated, and their main characteristics are commented upon. The region highlighted in gray corresponds to
the latest period during which several efforts to eliminate artifacts in the current available version have been made. This period is particularly addressed
in the present work. The current standard versions are indicated in blue.
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development of new parameters aimed mainly at refining specific torsion angles
(AMBER-ff99-BSC0-cOL3,37,38 AMBER-ff99-cYIL,39 and AMBER-ff99-TOR40), and
certain non-bonded terms.41 The CHARMM community has mainly focused on the
representation of proteins and lipids for many years, and the evolution of the nucleic
acids version has been slower (Figure 2). CHARMM36 RNA parameters42 were a major advance for this community, as it corrected major caveats of previous versions
(CHARMM2243 and CHARMM2744), allowing more reliable simulations of different
types of RNAs. Worth mentioning is that both AMBER and CHARMM FFs have
been extended to account for non-coding nucleotides (more than 100 variants are
available),45,46 opening the possibility to study epigenetic changes in RNA and extending FF-based calculations to the study of non-natural nucleic acids.
Despite the titanic efforts of the CHARMM and AMBER communities, several errors
in FF-based simulations still persist, for example, high populations of non-native
stacking conformations47 or significant thermodynamic imbalances between the
folded and unfolded states.48 These difficulties might point toward fundamental
problems in current RNA FFs, for example, unbalanced p stacking49 and/or
hydrogen bond interactions,47,50 improper hydration of RNA functional groups,50
or even fundamental problems in the pairwise additive potential formalism. This
has boosted yet another round of parameterization efforts (highlighted in gray on
the timeline of Figure 2), using in some cases renewed methodological approaches.
The field is now in an exciting, but also turbulent phase, and it is not trivial, even for
an expert, to decide the combination of patches to add to the default FFs. We will
use the next paragraphs to provide the reader with some clues for selecting the
best FF for his or her particular problem.
The Water Model
Improving the water model is one possible way to change the balance between
hydrogen bonding and stacking of the bases and to correct some of the known caveats of current RNA FFs. Advances in this direction were presented in 2015 by
Bergonzo and Cheatham,50 who combined AMBER-ff99-BSC0-cOL3 FF with four
different water models (TIP3P,51 SPC/E,52 TIP4P-Ew,53 and OPC54) to study the
conformational landscape of the rGACC tetramer. The standard water model in
CHARMM is TIP3PCHARMM (TIP3P modified to include non-zero LJ terms for
hydrogen atoms), which has been explicitly used in the FF charge parameterization.
As a consequence, CHARMM-based simulations are, in principle, restricted to the
TIP3PCHARMM model. However, recent efforts in protein FF development55 suggest
that changing off-diagonal LJ interactions (mainly the dispersion component) between water hydrogen atoms and the protein (without affecting water-water interactions) improves the protein compaction and folding compared with experimental
data. These results suggest a possible pathway for RNA FF improvement focused
on the water model.
In any case, the modification of the water model is always a risky decision, as current
water models have been validated in thousands of studies (just the TIP3P model collects more than 24,000 citations). An RNA-tuned water model might lead to very
strong links between RNA FF and water model and to potential problems in the
transferability of the resulting water model.
Scaling the Phosphate LJ Parameters
A further step to improve nucleic acid interactions was the modification of the LJ parameters of charged phosphates. On the basis of the work of Steinbrecher et al.56 on
bio-organic phosphates, a 5% increase of the van der Waals (vdW) radii in RNA
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phosphate oxygen atoms (OP1/2, O50 , and O30 ) was proposed, which (when combined with the OPC model) improved the representation of the conformational
ensemble of the rGACC tetramer.50 Unfortunately, the improvement was not transferable to rCCCC.50 Pak and co-workers suggested that the previous correction
(named vdWbb) could artifactually weaken phosphate hydration and developed an
alternative LJ correction (vdWYP) based on differential pair-dependent Lorentz-Berthelot combination rules.57 More precisely, the vdW radii of the OP1/2 phosphate
atoms and the O20 were scaled up by 5%, but only for intramolecular interactions,
whereas the original unscaled vdW radii were used for the interaction with water.
This parameterization, combined with the OPC water model, was tested in four tetramers: rGACC, rCCCC, rAAAA, and rCAAU, showing good results for rCCCC and
rAAAA, whereas for rGACC the minor conformation reported in NMR was not reproduced and artifactual non-native structures were obtained for rCAAU.57 The FF variation suggested by Pak and co-workers failed also to correct the problem of the low
melting temperature of the UUCG tetraloop hairpin.56 Altogether, it is clear that the
correction of phosphate non-bonded potential is useful but is unable to correct all of
the problems of latest generation of RNA FFs.
Scaling the Nucleobases LJ Parameters
A recent study from Pak and co-workers58 suggests a correction to the LJ parameters
of the nucleobase nitrogen and oxygen atoms: the vdW radii are scaled down by
2.5% for intramolecular interactions while keeping the unscaled parameters for nucleobase-solvent interactions. This approach, which reinforces base pairing, was
successfully applied to fold the thrombin-binding DNA aptamer G-quadruplex,58
and we might expect that the patch would be transferable to RNA. Focusing in
the recalibration of p-stacking interactions, Chen and Garcia41 modified heavy
atom LJ parameters by a slight (5%) reduction in the vdW radii combined with a
20% and 10% reduction in the vdW well for nucleobase/nucleobase and nucleobase/water, respectively. By using this scaling strategy, they reported reasonable
agreements to CCSD(T) stacking energies in the gas phase, and with aggregation
constants and CD spectra in solution. This LJ modification, combined with a reparameterized glycosidic torsion, allowed the authors to fold, for the first time, two
hyperstable tetraloops (rUUCG and rGCAA). However, it failed to fold the rCUUG
tetraloop41 and presents problems in tetraloop/tetramer conformational preferences47 and kissing loop structural stability,59 showing again that RNA FF recalibration is more complex than anticipated.
Refitting RNA Backbone Dihedral Angles
As an extension to AMBER-ff99-cYIL,39 Wales and Yildirim recently focused on
refitting the a/g torsion pair by generating an upgraded version called AMBERff99-c+a/g60 (homologous to AMBER-ff99-BSC0-cOL3 regarding the identity of
the refined torsions). The substantial difference between this parameterization
approach and BSC0 (a/g correction for AMBER-ff99) resides in the molecular model
used to generate the QM and MM potential energy profiles. Wales and Yildirim’s
model consisted of an RNA dinucleotide where the nucleobase was substituted
with a methyl group, and in two possible conformations, one where both sugar rings
were in 30 -endo and another where the 50 sugar was in 30 -endo and the 30 sugar was in
20 -endo (the rest of the torsions were kept in the canonical A-form). This parameterization substantially improved the conformational preferences of several tetramers
by strongly suppressing the occurrence of non-native stacked conformations. However, major errors were visible for other tetramers, such as rCAAU and rAAAA, as well
as for the UUCG loop, where sampled structures were incompatible with NMR
data.60 Following a more disruptive approach, Aytenfisu et al.3 simultaneously
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refined a, b, g, 3, z, and c torsions by taking as reference DFT(B97D3/aug-CC-PCTZ)
potential energies of a database of nucleosides and dinucleotides, extracted from
X-ray structures and supplemented with dihedral scans to sample barriers
(>31,000 structures). This approach combines enhanced conformational diversity
and torsion correlations. The obtained parameterization, which represents a step
forward toward the implementation of automatic approaches for FF calibration, reduces artifact conformations, favoring A-form-like structures for several tetramers
(rGACC, rCCCC, rAAAA, and rCAAU), but fails for others, leading for example to
bad geometries and stabilities for the rUUCG hairpin loop.
Small Details Matter
Contrary to DNA, RNA samples a wide range of non-canonical conformations where
unexpected details can bias the conformational ensemble, breaking the block-transferability principle implicit in FF development. An example was recently reported by
Darré et al.,6 who, combining QM/MM calculations and database analysis,
described the existence of an unexpected coupling between the 20 OH conformation
and sugar puckering. The results highlighted a potential mechanism for proteininduced sugar repuckering in RNA and demonstrated the need to recalibrate the
C20 -O20 torsion and to treat in a different way central and terminal nucleotides.
Empirical Potentials
A remarkable shift from canonical RNA FF refinement has recently been proposed by
Bussi and co-workers, who used experimental data not only for validation but
directly in the fitting of parameters. One example is the elegant combination of
enhanced sampling simulations with NMR experimental data, in the framework of
the maximum entropy principle with explicit treatment of experimental uncertainties.61 In their approach, they simultaneously used nucleosides (A and C) and
dinucleotides (ApA, ApC, CpA, and CpC) J3-couplings to generate chemically
consistent perturbations to AMBER-ff99-BSC0-cOL3. The corrected potential was
shown to be portable to rAAAA and rCCCC because it notably reduced the occurrence of artifacts in previous simulations. Another example from the same group is
the use of torsion preferences taken from high-resolution (<3 Å) X-ray structures in
the PDB as reference distributions for RECT-Target-Metadynamics (T-MetaDyn) simulations, from which corrections to AMBER-ff99-BSC0-cOL3 potentials were suggested.62 Such corrections work well in reproducing NMR observables for rGACC
and rCCCC, but fail for example for rAAAA, highlighting potential problems in FF
transferability. In any case, irrespective of the success or failure rate, Bussi’s work
represents a proof of concept of a novel FF refinement approach departing from
the pure QM-based parameterization strategy that has dominated the area for a
couple of decades.
Reformulating the Electrostatics?
Until very recently, the electrostatic component of the FF was considered a taboo,
and no group wanted to modify the set of charges appearing in the 1990s versions
of the FF. The reasons are multiple: (1) whereas for other parameters, improving the
level of the reference QM calculation typically leads to better parameters, this is not
the case for charges, where for not well-known reasons, the HF/6-31G(d) level provides the best ‘‘effective charges;’’ (2) changing the charges should lead to a complete reparameterization of all the torsional terms in the FF (something most groups
try to avoid); and (3) the modification of the charges can modify in an unpredictable
way the RNA-solvent interactions. Very recently Shaw’s group has presented a new
RNA FF63 that includes a minimum alteration of AMBER nucleobase charges which,
along recalibration of LJ and several torsion terms, aims at improving nucleobase
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stacking, base pairing, and key torsional conformers. This upgraded FF in combination with the TIP4P-D water model64 seems to work quite well for several RNAs. However, caveats of this FF are clear, such as certain overstabilization of helical regions,
which possibly contribute to the deviation from NMR data observed for rUUUU and
to the higher melting temperatures of the rU40 hairpin, the RNA duplexes, and the
tetraloops.63
More disruptive approaches explicitly introducing polarization in the FF have been
followed by other authors. MacKerell and the CHARMM group were pioneers in
this field, suggesting the first nucleic acids polarizable FF,65 which has been recently
revised66 and works well, at least for DNA.67 Very recently, the Ponder and Ren
groups published a nucleic acid version of the AMEBA FF,68 which may also be useful
for the study of RNAs. Most importantly, both groups have dedicated important
efforts to making polarization models computationally efficient by pushing for a
widespread use of such FFs in the future.69 We speculate that when they are fully
refined, these FFs will become the default for the simulation of medium-sized
RNA structures.
The Risk of Overtraining
The description presented in the previous paragraphs highlights the problems of FF
modifications performed to improve a given RNA system, as the fitted parameters
can fail to represent many others. This is a well-known risk in bioinformatics named
‘‘overtraining,’’ which in classical FF appears as a lack of transferability. The standard
approach in FF development to achieve transferability and then reduce overtraining
has been to focus on small model systems, but experimental data on small RNA
models is scarce and often of poor quality. Even for medium-sized systems, the reference experimental data that FF developers can use is insufficient; for example, we
have NMR data in solution of only a small number of 4-mers and the data collected
from them are quite limited (mostly sugar J-couplings and a few nuclear Overhauser
effects [NOEs]). These data might be enough to determine whether an FF-based
simulation is incorrect, but are unable to guide a full parameterization process. An
effort from experimentalists providing data useful to guide FF parameterization
would be extremely useful and highly appreciated in the field.
Finally, we should note that the use of QM data as reference (the default in the last
decades of FF refinement) is suffering the problems of sampling solvent-relevant
conformations at the QM level. Current QM procedures implement continuum
SCRF descriptions of the solvent,70 which are known to be not accurate enough
when solvent-solute boundary is not well defined (for example in the case of systems
with potential intramolecular hydrogen bonds).70 Most FF developers have faced
this problem by limiting the region of the QM-explored conformational space to
the biologically relevant one, an approach that has been extremely successful for
DNA FF parametrization.71 However, for a conformationally promiscuous molecule
such as RNA this is another source of overtraining, as canonical structures might be
too prevalent and unusual conformations might be poorly described. Clearly, the
use of MD simulations based on QM/MM Hamiltonians seems a good choice for
future FF refinements,6 but here the QM level (typically DFT) needs to be well
calibrated to guarantee that complex interactions such as dispersion are well reproduced and QM/MM simulation should be long enough to guarantee correct sampling of all degrees of freedom.
Clearly RNA FFs need to be improved, but despite their caveats they have allowed a
significant advance in our understanding of RNA. We discuss next a few recent
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examples of the successful use of RNA FFs, addressing the reader to recent reviews

by Bussi and co-workers72 and Sponer
and co-workers73 for a more comprehensive
revision of RNA FF applications. One area where FFs have shown certain degree of
success is in the study of particular RNA motifs. One example of this type of work was
recently published by Yildirim et al.74 who predicted the structure and thermodynamics of the 1 3 1 internal loop in CUG repeats based on MD and discrete path
sampling calculations, finding a complex conformational scenario characterized by
a dual base-pair scheme explaining the binding mode of drugs active against myotonic dystrophy.75 Similar techniques were used to determine the stability of the
bioactive form of anticodon stem loops of tRNAGLY iso-acceptors when the specific
modification G/C344A34 (first position in the anticodon loop) is introduced.76 MD
simulations complemented with experimental measurements demonstrated that
the presence of A34 kills tRNA functionality, explaining the emergence of ADAT
(adenosine deaminases that catalyze the conversion of A34 to I34). The latter is prevalent in eukaryotes and explains the promiscuity (C, U, and A) in the recognition of
the last position in the codon.76 Another remarkable study is the thorough analysis
of the binding of Mg2+ to RNA presented by Cunha and Bussi.77 In this work, accurate binding affinities of Mg2+ to all possible sites on an RNA duplex is obtained by
means of a trapping-penalized version of the bias-exchange metadynamics
approach78 using AMBER-ff99-BSC0-cOL3. Worth noting, restraints were applied
to both double- and single-stranded RNA segments, aimed partially at avoiding
FF artifacts. The effects of ion competition and hybridization were well reproduced
and, furthermore, RNA conformational entropy was shown to affect cation binding in
a site-specific (phosphate or nucleobase) manner. Lemkul et al.79 also addressed the
distribution of Mg2+ cations around RNA by using a novel technique that concatenates explicit solvent grand canonical Monte Carlo simulations with short MD
simulations, allowing the determination and refinement of Mg2+-binding sites.
Application of this method, in combination with the CHARMM36 FF (using harmonic
restraints on the phosphorus atoms), to four challenging RNA structures—a pseudoknot, a ribozyme stem loop, a 23S rRNA, and a Mg2+ riboswitch—predicted both inner- and outer-shell Mg2+ coordination in agreement with the experimental data.
Another study focusing on ion-RNA interactions is that of Havrila et al.,80 who evaluated the effect of different Na+ and K+ parameterizations on the structure of guanine quadruplexes (GQ) and the interchange between ions within the GQ channel
and the bulk. Also worth mentioning is a very recent paper from the group of Cheatham, who proposed a reference protocol to address conformational variability in the
smallest RNA units, i.e., dinucleotide monophosphates.81 The authors prove that
sampling convergence is achieved at the half-microsecond timescale for such systems when T-REMD is used with 18 replicas spanning the 280–396 K range. This
approach—in combination with different RNA FFs, namely AMBER-ff99-BSC0-cOL3
(with and without vdWbb phosphate corrections), Chen and Garcia, CHARMM36,
and several water models (TIP3P, TIP4PEW, TIP3PCHARMM, and OPC)—revealed a
consensus of five main conformers from the structural sampling of all possible dinucleotides. These conformers and their associated torsional and non-bonded interaction characteristics constitute a reference for future experiments and FF refinements.
Also worth mentioning is the protocol for identifying SHAPE reactivity nucleobases
in RNA proposed very recently by Mlýnský et al.82 The work not only provided atomistic detail of the dependence between SHAPE reactivity and RNA flexibility but also
holds potential for RNA 3D structure prediction and validation using SHAPE data.
The known shortcomings of current RNA FFs have encouraged several groups to
supplement theoretical calculations with experimental restraints. A recent example
is the elegant work of Vendrusculo and co-workers,83 who revisited TAR (HIV-1
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protein trans-activator of transcription) dynamics, in the TAR-Tat complex (Tat: transactivation response RNA element). The authors were able to characterize for the first
time a low-population intermediate structure by performing replica-averaged metadynamics simulations biased by NMR residual dipolar couplings. Another nice
example is a recent contribution from the group of Al-Hashimi, who used a combination of NMR, UV-melting, QM calculations, and MD simulations to study the occurrence of WC4HG transitions in A-RNA.84 Their results clearly demonstrate that the
WC4HG transition is much more difficult in A-RNA than in B-DNA and that although
m1A (a common post-transcriptional modification in adenine) is easily accommodated in B-DNA through Hoogsteen pairing, it leads to the disruption of the duplex
in RNA. Finally, Bottaro et al.85 recently proposed a method for accurately reconstructing RNA conformational ensembles by using the maximum entropy and
Bayesian approach to reweighting MD simulation ensembles in order to fit NMR
experimental data (i.e., NOEs and scalar couplings). This elegant approach not
only notably reduced FF artifacts but also improved the interpretation of the NMR
data, providing a better picture of RNA tetranucleotides conformational landscape.

WHAT ARE WE LOSING AND WHAT ARE WE GAINING ON COARSE
GRAINING RNA?
Coarse grain (CG) is an ambiguous term used to label a family of models, which allow
overstepping the practical limits of the atomistic models by simplifying the representation of the model and/or the complexity of the potential energy functional. Contrary to the situation found for DNA, most CG models for RNA are particle based
(pbCG), simplifying the description of the nucleosides by fussing several atoms
into a single bead.73,86–88 The energy functional used to reproduce bead-bead interactions can be defined based on physical or statistical considerations. In the first
case, the energy is computed as the addition of terms accounting for pseudo-bonds,
pseudo-angles, and pseudo-dihedral (and in some cases pseudo-non-bonded) interactions. IFoldRNAv2,89–91 TOPRNA,92 HIRE-RNA,93 and the MARTINI FFs94 are
examples of this type of potentials, which in all cases are calibrated to reproduce
known experimental observables. In the second case, the statistical (knowledgebased) potentials rely on the statistical analysis of the PDB or related databases
to derive the frequencies of occurrence of particular interactions from which an inverse Boltzmann transformation yields effective ‘‘energies.’’ NAST,95,96 oxRNA,97
simRNA,98 and RNAkb99 are popular examples of methods implementing such statistical potentials. Methods such as YUP,100 RACER,101 or NARES-2P102 combine
both physical and statistical potentials. In any case, irrespective of the method
used to define the energy functional, sampling of the conformational space needs
to be obtained to explore potential conformations of the RNA. For this purpose,
most models (NAST, NARES-2P, iFoldRNAv2, TOPRNA, RACER, RNAkb, HIRERNA, and MARTINI) use MD machinery, others implement Monte Carlo (MC) algorithms (YUP, FARNA,103 and oxRNA), Dokholyan’s group uses discrete MD
(Dmd,89 iFoldRNAv2,90 and iFoldNMR104), and finally the authors of simRNA implement a variety of sampling engines in their codes.
Beside the generality that all these models could share, each of them has been
developed for a given purpose and potential users must be aware of their intrinsic
limitations before applying them. The following is devoted to summarizing the characteristics of some of the most popular CG models (see Figure 3 and Table 1 for a
summary). To facilitate the discussion, the models are ordered from the most
detailed ones, i.e., the closest to all-atom representations, to the coarsest ones.
The widely used MARTINI94 CG-FF has now an RNA version created to integrate
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Figure 3. Mapping Strategies Used for Coarse Graining RNA in Different Models, as Illustrated by the Corresponding Authors
(A) The NAST model uses one bead per residue. Reprinted from Jonikas et al. 95 under the CC BY 4.0 license.
(B) The FARNA model uses one bead per residue to reduce the complexity. Adapted with permission from Das and Baker. 105 Copyright 2007 National
Academy of Sciences, USA.
(C) simRNA uses five beads per residue. The mapping scheme and a hairpin are shown. Reprinted from Boniecki et al. 98 under the CC BY 4.0 license.
(D) The model for the MARTINI coarse-grain force field. A representation of a hairpin and a complete ribosome containing mRNA and tRNA are shown.
Reprinted from Uusitalo et al. 94
(E) The RNAkb model uses five beads per residue. Reprinted from Bernauer et al.99 under the CC BY 4.0 license.
(F) The RACER model, which uses five beads per residue, was used to fold short RNA oligomers. Reprinted from Bell et al. 101 under the CC BY 4.0 license.
(G) iFoldRNAv2 uses three beads per residue to fold a tRNA molecule. Reprinted from Krokhotin et al.90 under the CC BY 4.0 license.
(H) TOPRNA uses three pseudoatoms to represent the phosphate, sugar, and base. Adapted with permission from Mustoe et al. 92 Copyright 2014
American Chemical Society.
(I) The oxRNA model uses a single rigid body with five interaction sites to represent a nucleotide. A representation of a pseudoknot is shown. Reprinted

from Sulc
et al. 97 with the permission of AIP Publishing.
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Figure 3. Continued
(J) YUP-rrRNAv1 uses one bead per residue. A representation of the tRNAPHE hierarchy is shown. Adapted with permission from Tan et al. 100 Copyright
2006 American Chemical Society.
(K) The HIRe-RNA model uses six or seven beads per residue. The folding pathway of a triple helix is shown. Adapted with permission from Cragnolini
et al. 93 Copyright 2015 American Chemical Society.
(L) The NARES-2P for RNA developed by He et al.102 with two beads per residue. Adapted with permission from He et al. 106 Copyright 2013 American
Physical Society.
(M) iFoldNMR uses three beads per residue coupled to sparse NMR restraints data. Reprinted from Williams et al. 104 under the CC BY 4.0 license.
(N) The SPlit-and-conQueR (SPQR) model uses two beads per residue (one anisotropic). A representation of a CG tetraloop is shown. Reprinted from
Poblete et al. 107 under the CC BY 4.0 license.

with CG descriptions of proteins, carbohydrates, and lipids. In the RNA MARTINI
model, each base is represented by either six (pyrimidines) or seven (purines) beads.
The model assumes knowledge of the secondary structure and has demonstrated
good ability to reproduce the structure of a variety of ribosomal and tRNAs. HIReRNA93 is a high-resolution model that also uses six or seven pyridimine or purine
beads, respectively, per base and physical potentials including base pairing, stacking, and electrostatics terms. Using their latest version (HIRE-RNA v3), the authors
were able to obtain reliable trajectories for many small RNAs. simRNA98 is a medium-resolution model using five beads per residue and statistical interaction potentials. The model has been able to reproduce structure and dynamics of medium (up
to 190 nt) RNAs, especially when secondary structure is fixed by experimentally
derived restraints.108 Three other models used five beads per base: RNAkb, RACER,
and oxRNA. RNAkb99 is based on a statistical potential and was trained to distinguish between folded RNAs and decoy conformations, showing good results for
small RNAs. RACER101 also uses a hybrid statistical-physical potential, which includes terms accounting for excluded volumes, electrostatic, and H-bonding of
the bases. The method works well for short (<30 nt) RNAs and when experimental
data are supplemented, good results are also obtained for medium-sized RNAs
(<100 nt). oxRNA97 also uses five beads for each residue and a dual potential function (different for neighbor and non-neighbor pairs) that was calibrated to reproduce
well not only the structure but also the thermodynamics of folding of short RNA motifs. Contrary to most of the previous methods that are coupled to MD, oxRNA relies
on an MC algorithm for sampling. iFoldRNAv289–91 is a coarser model that uses a
three-bead representation per residue and a physical potential including electrostatic, hydrogen bonding, and stacking terms. When experimental data are incorporated to the MD sampling methods, the model provides good results for RNA
segments up to 200 nt long.90 iFoldNMR is the latest published model from
Dokholyan’s group.104 It uses three pseudo-beads per residue, with bead interactions described by statistical potentials, and taking advantage of sparse NMR constraints to guide the 3D folding of small to medium RNA fragments in discrete MD
simulations. TOPRNA92 also considers three beads per residue with CHARMM109
equations parameterized to reproduce known structures. The method assumes previous knowledge of secondary structure and works well for small RNAs when coupled
to an MD engine. NARES-2P uses two interaction sites and a dipole moment for each
nucleotide.102 In this model the backbone conformation is governed by a statistical
potential fitted to reproduce experimental conformational ensembles and heat-capacity curves. The model uses MD simulations to explore the conformational space,
and was quite accurate in reproducing properties of small RNAs. Very recently, Bussi
and co-workers developed another CG model using two beads per residue
(choosing an anisotropic particle to represent the nucleoside), called SPQR.107
The method uses a knowledge-based potential plugged into an MC algorithm,
and successfully folds small to medium RNA molecules. Finally, the lower-resolution
models (NAST, FARNA, YUP-rrRNAv1, and RS3D) use only one bead per residue.
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Table 1. Summary of Available Coarse-Grained Methods
CG Force Field
Name

Sampling Method

Potential Energy
Function

Compatible
Molecules

Experimental
Complementation

Sequence Length
Range

No. of Beads

Particle-Based Coarse-Grain Models
MARTINI

molecular dynamics
(MD)

physical principles

water, ions, lipids,
carbohydrates,
polymers,
proteins, DNA

knowledge of
secondary and
tertiary structure is
required

tested on
5,000 nt

7 (Pur), 6 (Pyr)
per nt

HIRE-RNA v3

molecular dynamics

hybrid (statistical
and physical)

DNA, proteins
(combines with
OPEP FF)

no

76 nt tested

7 (Pur), 6 (Pyr)
per nt

3dRNA

simulated annealing
Monte Carlo
algorithm

physical principles

–

could be combined
with secondary and
tertiary contacts
from co-evolution
data

up to 377 nt

6 per nt

simRNA

variety of sampling
engines (MD
and MC)

statistical,
knowledge based

–

good results with
secondary structure
fixed with restraints

up to 190 nt

5 per nt

RNAkb

molecular dynamics

statistical,
knowledge based

–

–

76 nt tested

5 per nt

RACER

molecular dynamics

hybrid (statistical
and physical)

Mg2+

could be
complemented with
SAXS and NMR data

122 nt tested

5 per nt

oxRNA

Monte Carlo (MC)

statistical,
knowledge based

DNA

–

103 nt

5 per nt

iFoldRNA v2

discrete molecular
dynamics

physical principles

–

could be
complemented with
base pairing and
hydroxyl-radical
probing

up to 200 nt

3 per nt

iFoldNMR

discrete molecular
dynamics

physical principles

–

sparse NMR data

up to 56 nt

3 per nt

TOPRNA

molecular dynamics

physical principles

–

knowledge of
secondary structure
is required

12 nt tested

3 per nt

NARES-2P

molecular dynamics

hybrid (statistical +
physical)

DNA, proteins
with UNRES

–

59 nt tested

2 per nt + dipole
moment

SPQR

Monte Carlo

statistical,
knowledge based

–

–

12 nt tested

2 per nt, one
anisotropic

NAST

molecular dynamics

statistical,
knowledge based

–

could be combined
with secondary and
tertiary contacts
from co-evolution
data and SAXX

up to 160 nt

1 per nt

FARNA

Monte Carlo

statistical,
knowledge based

–

could be
complemented with
secondary structure
data

up to 23 nt

1 per nt

YUP-rrRNAv1

Monte Carlo

hybrid (statistical +
physical)

DNA

–

76 nt tested

1 per nt

RS3D

Monte Carlo

statistical,
knowledge based

–

SAXS data

up to 387 nt

1 per nt

Abbreviations are as follows: Pur, purine; Pyr, pyrimidine.

NAST95,96 locates the bead at the C30 by using statistical potentials supplemented
with information on secondary structure, with tertiary contacts derived from co-evolution analysis, and eventually with information derived from SAXS (small angle X-ray
scattering) or chemical probing experiments. Despite its simplicity, the method
coupled to MD simulations works well in the prediction of medium-sized RNA.
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FARNA103 uses a fragment library of trinucleotides and a statistical potential
coupled to an MC algorithm, showing a good ability to reproduce short RNA motifs.
YAMMP/YUP-rrRNAv1100 locates the bead at the center of mass of each residue using simple harmonic terms for bonds, angles, dihedrals, and non-bonded vdW interactions, showing a good ability to reproduce tRNAs. Finally, R3SD from Wang and
collaborators is applicable to a wide range of RNA folding motifs for which experimental data are available,110 being based on SAXS and solvent accessibility data
to build models with a resolution of one bead per residue. Sampling is achieved
by coupling the potential to a Metropolis Monte Carlo algorithm that must also
satisfy secondary structure constraint, in addition to any tertiary structure restraint.
R3SD is able to reproduce with good accuracy common RNA folds in small- to medium-sized RNA molecules.
As noted above, most of the CG methods include the possibility to introduce experimental restraints to avoid the sampling of artifactual conformations. For example,
hydroxyl cleavage76 or chemical probing techniques such as SHAPE (Selective 20 -Hydroxyl Acylation analyzed by Primer Extension) have been used to derive restraints
to fix secondary structure elements,111 and gain some information about long-range
contacts.112–114 Recently, SHAPE has been coupled with mutational profiling in live
cells115 or with single-molecule Förster resonance energy transfer in single cells,116
showing very good ability to guide the sampling of CG models toward experimental
structures.116 SAXS is also used to guide CG models117 as in the case of NAST and
R3SD.95,96,110 Recently, Lipfert et al. used samples labeled with gold nanoparticles
together with SAXS to provide a fine-grained 3D structure of an RNA kink-turn
motif.118 Very recently, SAXS and NMR data were combined to supplement RACER
(RnA CoarsE-gRained),101 accomplishing the folding of a long sequence of RNA such
as the 5S ribosome, and sparse NMR data alone were used in iFoldNMR to derive
high-quality models of medium-sized RNA.104 Light-activated structural examination of RNA (LASER) is another novel experimental technique that provides solvent
accessibility inside cells at the nucleotide level for medium-sized RNA molecules.119
Also recently and already in the frontier between bioinformatics and modeling,
different groups have used co-evolutionary data to bias CG models to establish
3D contacts, as in the case of NAST, or the newest 3dRNA from Xiao and
collaborators.120
Beyond the evident progress, CG RNA models still face many challenges. One of the
most important is the development of parameters for partner biomolecules. Large
RNA molecules (one of the aims of coarse graining) such as ribosome are usually associated with several proteins, and in other cases the description of RNA-DNA complexes
is needed to understand the replication and transcription machinery of cells. Ions such
as Mg2+ are also known to be crucial for the stability of certain RNA motives or the
folding of tertiary structures.73,87 This is why models like oxRNA and HIRE-RNA that
can combine DNA and RNA molecules, NARES-2P and MARTINI that can also include
proteins, or RACER with its explicit treatment of Mg2+ ions, have the advantage of
consolidating themselves in the near future as the reference for RNA coarse graining.

BIOINFORMATICS: AN INESCAPABLE COMPLEMENT TO RNA
STRUCTURE PREDICTION?
Even the most efficient CG models face severe problems in dealing with large RNA
structures, which have fueled the development of bioinformatics methods taking
profit from the lessons learned from protein structural prediction. These methods
(see Table 2 for a summary) have been traditionally classified into two families: (1)
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Table 2. Summary of Stand-Alone Bioinformatics Tools for Modeling RNA 3D Structure
Software Name

Sampling Method

Scoring Function

Source of Knowledge

Sequence Length
Range

Language

Bioinformatics Tools Based on Structure Conservation and Comparative Analyses
ModeRNA

template global structure
and sequence mutation
according to alignment;
for indel regions, fragment
assembly is applied

based on input
sequence alignment

based on homologous
3D template and
fragment database

more than 70 nt

Python

Macro Molecule Builder
(formerly RNABuilder)

torsions and interatomic
distances are taken from
template and further
refinement is done with
a multi-resolution
modeling approach

force field based on
user-defined constraints
and secondary structure

based on homologous
3D template

more than >200 nt

C++

Galvanek and co-workers
(unnamed)

transference of template
global structure and Rosetta
de novo prediction (see
below) for non-conserved
and indel regions

–

based on homologous
3D template

from 50 to >500 nt

–

RNA123

template global structure
and sequence mutation
according to alignment
and BUILDER algorithm
based on fragment
assembly

RNA123 force field

based on homologous
3D template and
Motifs database

up to 1,500 nt

C++

Bioinformatics Tools Based on Hierarchical Folding and Interactive Modeling
ERNA-3D

user driven

–

user experience

–

–

MANIP

fragment assembly and
manual manipulation

none declared (user
decides)

3D modules database
and user experience

–

C

RNA2D3D

first model automatic
and then user-driven
modifications

molecular mechanics
minimizations

3D representations of
base pairs and singlestranded nucleotides
and user experience

no limits (user
defined)

C

S2S, Assemble, and
Assemble2

fragment assembly and
manual manipulation

convergence to predicted
secondary structure

3D modules database
and user experience

no limits (user
defined)

Java and
Python

Bioinformatics Tools Based on Hierarchical Folding and Automated Methods
MC-Sym

fragment assembly with
Las Vegas algorithm

knowledge-based energy
function

3D NCM database and
energy function

up to 50 nt

–

RNAComposer

fragment assembly from
RNA FRABASE structural
elements

satisfaction of input
sequence and 2D
structure

provided secondary
structure and RNA
FRABASE database

tested between 31
and 161 nt; server
limited to 500 nt

–

RSIM

Monte Carlo fragment
assembly with closed moves

satisfaction of input 2D
structure

provided secondary
structure and 3D
fragment database

tested between 17
and 46 nt

C++

3dRNA

fragment assembly of SSEs

3dRNAscore

provided secondary
structure and 3D SSE
database

tested between 12
and 101 nt

–

Ernwin

Markov chain Monte
Carlo simulation

knowledge-based
scoring function

provided secondary
structure and 3D
fragment database

tested between 66
and 417 nt

Python

Vfold

template match or fragment
assembly of multiple
motif templates

free-energy estimation

3D structural template
database

server restricted
to 200 nt

–

VfoldLA

fragment assembly of
multiple loop templates

sequence based

3D structural template
database

tested up to 84 nt

–

GARN and GARN2

game algorithm

knowledge-based
scoring function

provided secondary
structure and set of
RNA molecules with
available 3D and
2D structures

tested between 49
and 172 nt

Java

(Continued on next page)
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Table 2. Continued
Software Name

Sampling Method

Scoring Function

Source of Knowledge

Sequence Length
Range

Language

Bioinformatics Tools Based on Local Structural Variability
Rosetta (FARNA and
FARFAR)

Monte Carlo fragment
assembly

full atom high-resolution
refinement guided by a
force field for atom
interactions

trinucleotide 3D
database and scoring
function

up to 40 nt

Python

BARNACLE

dynamic Bayesian network
combined with directional
statistics for continuous
conformational sampling

satisfaction of input 2D
structure

probabilistic model
based on available
non-redundant set of
3D RNA structures

tested between
12 and 46 nt

Python

TreeFolder

tree-guided conformation
sampling algorithm, based
on conditional random fields

satisfaction of input 2D
structure

conditional random
fields model trained
on a representative set
of 3D RNA structures

tested between
12 and 46 nt

–

Abbreviations are as follows: NCM, nucleotide cyclic motif; SSE, smallest secondary elements.

homology (comparative) modeling techniques,121,122 which are based on the idea
that RNA structure is more conserved than sequence; and (2) approaches based
on the assumption that RNA is hierarchically assembled from small structural elements.123 However, the partition between the two predictive paradigms is nowadays somehow artificial as the most recent pipelines of RNA structural prediction
are based on hybrid methods combining homology modeling, hierarchical folding,
and CG simulation engines.
Methods based on the structure conservation principle use techniques based on homology (or comparative) modeling,121,122 and more recently include evolutionary
couplings96 to capture conserved 3D contacts. ModeRNA,121 Macro Molecule
Builder,122 and RNA123124 are examples of currently available homology modeling
programs. Homology modeling has been extremely fruitful in the protein field and
has the advantage of being easily scaled up with no general size limit, but in the
RNA field they suffer caveats derived from the scarcity of non-redundant RNA structural data. Again, involvement of the experimental community would seem necessary in the development of more reliable tools. Methods based on the hierarchical
folding hypothesis can use as building blocks either secondary structures123 (experimentally known or predicted125,126) or local mini-motifs (<4 nt) whose geometries
are arranged in space to minimize some scoring function.127,128 Such functions are
generally statistical potentials based on pairwise interactions either at atomic or
coarse-grained levels and focus on an ever-evolving play-off between computational efficacy and accurate energetic description.129–131 This method has been approached in several ways, and here we distinguish between the semi-automated
(graphics-based) and the fully automated methods, each category comprising
different approaches.
Semi-automatic (graphics-based) modeling consists of interactive software allowing
the user to integrate secondary information on RNA into a graphical interface to
generate a 3D model. Early examples of this type of software are MANIP132 and
ERNA-3D.133 More recent programs such as RNA2D3D134 or Assemble/
Assemble2135 allow the manipulation and assembly of RNA 3D constructs even
when they are complexed with other macromolecules. Furthermore, they integrate
databases of structural motifs and multiple sequence alignments and facilitate the
incorporation of explicit manual annotation of base pairs and stacking interactions.
Graphics-based methods can be used to build large 3D structures in a very simple
way, but their performance depends heavily on user experience. Automated
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Table 3. Integrated Tools and Methods for RNA 3D Structure Prediction Starting from
Sequences Implemented in Pipelines
Software Name

Sampling

Scoring Function

Sequence
Length Range

Improvements Using Evolutionary Information
Evolutionary couplings (EC)

guided NAST
sampling

K-means clustering
with lowest energy-percontact using EC

tested between
70 and 120 nt

Direct coupling analysis

guided Rosetta
sampling

Rosetta function with
additional terms based
on predicted tertiary
contacts

tested between
50 and 100 nt

3dRNA

fragment assembly
of SSEs (smallest
secondary elements)
guided by coevolutionary signals

3dRNAscore

tested between
12 and 101 nt

MC-Fold j MC-Sym

fragment assembly
with Las Vegas
algorithm

knowledge-based
energy function

up to 50 nt

RNA-MoIP (RNAsubopt j
RNA-MoIP j MC-Sym)

guided MC-Sym
sampling

objective function
based on minimum
entropy

tested between
50 and 128 nt

F-RAG j RAGTOP j
RAG-3D

Monte Carlo
simulated annealing

knowledge-based
scoring function

tested between
17 and 111 nt

Hierarchical Folding Pipelines

algorithms such as RNAComposer,136 RSIM,137 MC-Sym,138 and 3dRNA139 require a
2D structure input and sample different 3D models by taking a fragment assembly
approach. RNAComposer splits the 2D structure in stems, hairpins, loops, and
n-way junctions and then finds matching elements using the RNA FRABASE database.140 RSIM assembles the 3D models by using a fragment database of trinucleotides and a Monte Carlo approach with biased moves preserving secondary structure. MC-Sym uses nucleotide cyclic motifs for the assembly and was optimized to
work in a pipeline with MC-Fold, a secondary structure predictor.135 Reinharz and
co-workers141 further expanded the capabilities of MC-Sym by developing RNAMoIP (Table 3), which identifies RNA motifs in the 2D structure and enhances the
MC-Sym sampling process, thus allowing the modeling of bigger oligonucleotides.
3dRNA builds its models from smallest secondary elements (SSEs; defined as base
pair, hairpins, i-loops, etc.)120 (see Table 3). Vfold142 combines a CG physics- and
knowledge-based approach with a hierarchical folding approach, predicting 2D
structure from sequence and then constructing the 3D models with a motif assembly
method based on entropy and free-energy estimations. Very recently the same
group launched VfoldLA143 by using loop fragments as building blocks (instead of
whole motifs). With a faster scoring function (based on template sequence similarity), VfoldLA allows the prediction of more structures than its predecessor, but
with slightly higher root-mean-square deviation values on average. Recent methods
such as F-RAG/RAGTOP144 and Ernwin’s predictor76 rely on graph theory for guiding
the assembly of 3D constructs. Graph representation of secondary structure elements is taken one step further in the GARN and GARN2 packages,145 in which
the minimization of an energy function is replaced with a regret minimization algorithm using a knowledge-based scoring potential.
Some authors have tried to skip the need for secondary structure annotation by
working with smaller (<4 nucleotides) RNA segments. Thus, Rosetta FARFAR103 assembles experimental tri-residue fragments iteratively (starting from an initially

Chem 5, 1–23, January 10, 2019

17

Please cite this article in press as: Dans et al., Modeling, Simulations, and Bioinformatics at the Service of RNA Structure, Chem (2018), https://
doi.org/10.1016/j.chempr.2018.09.015

Figure 4. RNA-Puzzles Determined in the Collective and Blind Experiments in 3D RNA Structure
Prediction
(A) Structures assessed in RNA-Puzzles round II (from left to right): Lariat capping ribozyme
(PDB: 4P95), adenosylcobalaminriboswitch (PDB: 4GXY), and the T-box-tRNA complex structure
(PDB: 4LCK).
(B) The six 3D RNA structures predicted in the RNA-Puzzles round III (from left to right and top to
bottom): SAM-I riboswitchaptamer (PDB:3V7E), SAM-I/IV riboswitch (PDB: 4L81), c-di-AMP bound
to ydaOriboswitch (PDB: 4QLM), the ZTP riboswitch (PDB: 4XW7), apo form of L -glutamine
riboswitch (PDB: 5DDO), and the Varkud satellite ribozyme (PDB: 4R4P).

extended chain) in a Monte Carlo simulation directed by a knowledge-based energy
function, which can be further refined by atomistic FF simulations. BARNACLE127
uses a dynamic Bayesian network to model RNA structures, using a maximumlikelihood estimation of dinucleotide parameters. TreeFolder128 uses a conditional
random fields method trained with trinucleotide data, combined with a tree-guided
conformation sampling scheme. These methods are applicable in cases where no
secondary structure annotation exists, but their performance is still limited when
dealing with long RNAs.
Finally, it is worth mentioning the existence of integrated tools for the complete RNA
3D structure prediction starting from the sequence (see Table 3 for a summary). In
many cases, they add a layer of analysis with the quantification of non-canonical interactions or evolutionarily conserved 3D contacts. RMDetect146 was one of the first
of such packages combining different technologies based on the identification of 3D
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structural modules. The metaRNAmodule pipeline147 exploits and extends the capabilities of RMDetect, completely automating the extraction of putative modules from
the FR3D database to perform tertiary structure prediction. JAR3D148 is a probabilistic model that can also find 3D motifs from the sequence and has the advantage of
continuous self-training as new structures are deposited in the RNA 3D Motif
Atlas.149 As noted above, the introduction of co-evolutionary data has revolutionized the field because it allows the introduction of non-local restraints in the derivation of RNA models, and several programs such as FARNA and FARFAR150 and,
more recently, NAST95,96 take advantage of such information (see the previous section and Figure 3).
We are far from being able to predict the structure of complex RNA motifs, but
recent theoretical methods, either alone or coupled with experimental restraints,
are providing very encouraging results,125 visible in the latest rounds of the RNAPuzzles competition (Figure 4).151 For example, Pyle’s group152 recently modeled
domains D2 and D3 of RepA (long non-coding RNA of 1,600 nt) with a variety of
experimental restraints using RNAComposer and came up with reasonable results,
and Bujnicki’s group (the developers of ModeRNA121) extracted structural fragments
corresponding to evolutionarily conserved regions and successfully used this information to constrain the geometry of conserved residues when folding large RNA
constructs.

CONCLUSIONS
RNA is a complex molecule with a chemical structure resembling DNA but with a
conformational richness similar to that of proteins. RNA molecules are usually large
and flexible, and show a large conformational landscape that makes difficult its
experimental characterization, making theoretical methods often the only approach
to gain structural information. Unfortunately, development of theoretical methods
to deal with RNA structure is handicapped by the multi-scale nature of the system,
which has forced the development of a myriad of modeling and simulation techniques we have reviewed herein. Compared with proteins, RNA structural characterization is still in its infancy, but advances are evident, even for the most agnostic
scientist. With a more coordinated effort and the involvement of experimentalists
providing more comprehensive data for method calibration, we may soon see a
new generation of methods able to make quantitative predictions on the structure
and physical properties of RNA.
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88. Kerpedjiev, P., Höner zu Siederdissen, C., and
Hofacker, I.L. (2015). Predicting RNA 3D
structure using a coarse-grain helix-centered
model. RNA 21, 1110–1121.
89. Ding, F., Lavender, C.A., Weeks, K.M., and
Dokholyan, N.V. (2012). Three-dimensional
RNA structure refinement by hydroxyl radical
probing. Nat. Methods 9, 603–608.
90. Krokhotin, A., Houlihan, K., and Dokholyan,
N.V. (2015). iFoldRNA v2: folding RNA with
constraints. Bioinformatics 31, 2891–2893.
91. Ding, F., Sharma, S., Chalasani, P., Demidov,
V.V., Broude, N.E., and Dokholyan, N.V.
(2008). Ab initio RNA folding by discrete
molecular dynamics: from structure
prediction to folding mechanisms. RNA 14,
1164–1173.
92. Mustoe, A.M., Al-Hashimi, H.M., and Brooks,
C.L. (2014). Coarse grained models reveal
essential contributions of topological
constraints to the conformational free energy
of RNA bulges. J. Phys. Chem. B 118, 2615–
2627.
93. Cragnolini, T., Laurin, Y., Derreumaux, P., and
Pasquali, S. (2015). Coarse-grained HIRE-RNA
model for ab initio RNA folding beyond
simple molecules, including noncanonical
and multiple base pairings. J. Chem. Theor.
Comput. 11, 3510–3522.
94. Uusitalo, J.J., Ingólfsson, H.I., Marrink, S.J.,
and Faustino, I. (2017). Martini coarse-grained
force field: extension to RNA. Biophys. J. 113,
246–256.
95. Jonikas, M.A., Radmer, R.J., Laederach, A.,
Das, R., Pearlman, S., Herschlag, D., and
Altman, R.B. (2009). Coarse-grained modeling
of large RNA molecules with knowledgebased potentials and structural filters. RNA
15, 189–199.
96. Weinreb, C., Riesselman, A.J., Ingraham, J.B.,
Gross, T., Sander, C., Marks, D.S., Adachi, A.,
Gendelman, H.E., Koenig, S., Folks, T., et al.
(2016). 3D RNA and functional interactions
from evolutionary couplings. Cell 165,
963–975.

97. Sulc,
P., Romano, F., Ouldridge, T.E., Doye,
J.P.K., and Louis, A.A. (2014). A nucleotidelevel coarse-grained model of RNA. J. Chem.
Phys. 140, 235102.
98. Boniecki, M.J., Lach, G., Dawson, W.K.,
Tomala, K., Lukasz, P., Soltysinski, T., Rother,
K.M., and Bujnicki, J.M. (2016). SimRNA:
a coarse-grained method for RNA folding

22

Chem 5, 1–23, January 10, 2019

simulations and 3D structure prediction.
Nucleic Acids Res. 44, e63.
99. Bernauer, J., Huang, X., Sim, A.Y.L., and
Levitt, M. (2011). Fully differentiable coarsegrained and all-atom knowledge-based
potentials for RNA structure evaluation. RNA
17, 1066–1075.
100. Tan, R.K.Z., Petrov, A.S., and Harvey, S.C.
(2006). YUP: a molecular simulation program
for coarse-grained and multi-scaled models.
J. Chem. Theor. Comput. 2, 529–540.
101. Bell, D.R., Cheng, S.Y., Salazar, H., and Ren, P.
(2017). Capturing RNA folding free energy
with coarse-grained molecular dynamics
simulations. Sci. Rep. 7, 45812.
102. He, Y., Liwo, A., and Scheraga, H.A. (2015).
Optimization of a nucleic acids unitedRESidue 2-point model (NARES-2P) with a
maximum-likelihood approach. J. Chem.
Phys. 143, 243111.
103. Das, R., Karanicolas, J., and Baker, D. (2010).
Atomic accuracy in predicting and designing
noncanonical RNA structure. Nat. Methods 7,
291–294.
104. Williams, B., Zhao, B., Tandon, A., Ding, F.,
Weeks, K.M., Zhang, Q., and Dokholyan, N.V.
(2017). Structure modeling of RNA using
sparse NMR constraints. Nucleic Acids Res.
45, 12638–12647.
105. Das, R., and Baker, D. (2007). Automated de
novo prediction of native-like RNA tertiary
structures. Proc. Nat. Acad. Sci. USA 104,
14664–14669.
106. He, Y., Maciejczyk, M., Ołdziej, S., Scheraga,
H.A., and Liwo, A. (2013). Mean-field
interactions between nucleic-acid-base
dipoles can drive the formation of a double
helix. Phys. Rev. Lett. 110, 098101.
107. Poblete, S., Bottaro, S., and Bussi, G. (2018).
A nucleobase-centered coarse-grained
representation for structure prediction of
RNA motifs. Nucleic Acids Res. 46, 1674–1683.
108. Magnus, M., Boniecki, M.J., Dawson, W., and
Bujnicki, J.M. (2016). SimRNAweb: a web
server for RNA 3D structure modeling with
optional restraints. Nucleic Acids Res. 44,
W315–W319.
109. MacKerell, A.D., Bashford, D., Bellott, M.,
Dunbrack, R.L., Evanseck, J.D., Field, M.J.,
Fischer, S., Gao, J., Guo, H., Ha, S., et al.
(1998). All-atom empirical potential for
molecular modeling and dynamics studies of
proteins y. J. Phys. Chem. B 102, 3586–3616.
110. Bhandari, Y.R., Fan, L., Fang, X., Zaki, G.F.,
Stahlberg, E.A., Jiang, W., Schwieters, C.D.,
Stagno, J.R., and Wang, Y.-X. (2017).
Topological structure determination of RNA
using small-angle X-ray scattering. J. Mol.
Biol. 429, 3635–3649.
111. Tan, Z., Sharma, G., and Mathews, D.H. (2017).
Modeling RNA secondary structure with
sequence comparison and experimental
mapping data. Biophys. J. 113, 330–338.
112. Low, J.T., and Weeks, K.M. (2010). SHAPEdirected RNA secondary structure prediction.
Methods 52, 150–158.

113. Lorenz, R., Luntzer, D., Hofacker, I.L., Stadler,
P.F., and Wolfinger, M.T. (2015). SHAPE
directed RNA folding. Bioinformatics 32,
btv523.
114. Hajdin, C.E., Bellaousov, S., Huggins, W.,
Leonard, C.W., Mathews, D.H., and Weeks,
K.M. (2013). Accurate SHAPE-directed RNA
secondary structure modeling, including
pseudoknots. Proc. Natl. Acad. Sci. U S A 110,
5498–5503.
115. Smola, M.J., and Weeks, K.M. (2018). In-cell
RNA structure probing with SHAPE-MaP. Nat.
Protoc. 13, 1181–1195.
116. Vieweger, M., and Nesbitt, D.J. (2018).
Synergistic SHAPE/single-molecule
deconvolution of RNA conformation under
physiological conditions. Biophys. J. 114,
1762–1775.
117. Cantara, W.A., Olson, E.D., and MusierForsyth, K. (2017). Analysis of RNA structure
using small-angle X-ray scattering. Methods
113, 46–55.
118. Zettl, T., Mathew, R.S., Shi, X., Doniach, S.,
Herschlag, D., Harbury, P.A.B., and Lipfert, J.
(2018). Gold nanocrystal labels provide a
sequence-to-3D structure map in SAXS
reconstructions. Sci. Adv. 4, 1–10.
119. Feng, C., Chan, D., Joseph, J., Muuronen, M.,
Coldren, W.H., Dai, N., Corrêa, I.R., Furche, F.,
Hadad, C.M., and Spitale, R.C. (2018). Lightactivated chemical probing of nucleobase
solvent accessibility inside cells. Nat. Chem.
Biol. 14, 276–283.
120. Wang, J., Mao, K., Zhao, Y., Zeng, C., Xiang,
J., Zhang, Y., and Xiao, Y. (2017). Optimization
of RNA 3D structure prediction using
evolutionary restraints of nucleotidenucleotide interactions from direct coupling
analysis. Nucleic Acids Res. 45, 6299–6309.
121. Rother, M., Rother, K., Puton, T., and Bujnicki,
J.M. (2011). ModeRNA: a tool for comparative
modeling of RNA 3D structure. Nucleic Acids
Res. 39, 4007–4022.
122. Flores, S.C., Wan, Y., Rusell, R., and Altman,
R.B. (2010). Predicting RNA structure by
multiple template homology modeling. Pac.
Symp. Biocomput. 216–227.
123. Miao, Z., and Westhof, E. (2017). RNA
structure: advances and assessment of 3D
structure prediction. Annu. Rev. Biophys. 46,
483–503.
124. Sijenyi, F., Saro, P., Ouyang, Z., DammGanamet, K., Wood, M., Jiang, J., and
SantaLucia, J., Jr. (2012). The RNA folding
problems: different levels of sRNA structure
prediction. In RNA 3D Structure Analysis and
Prediction. Nucleic Acids and Molecular
Biology, vol. 27, N. Leontis and E. Westhof,
eds. (Springer), pp. 91–117.
125. Magnus, M., Matelska, D., Łach, G.,
Chojnowski, G., Boniecki, M.J., Purta, E.,
Dawson, W., Dunin-Horkawicz, S., and
Bujnicki, J.M. (2014). Computational
modeling of RNA 3D structures, with the aid
of experimental restraints. RNA Biol. 11,
522–536.
126. Mathews, D.H., Moss, W.N., and Turner, D.H.
(2010). Folding and finding RNA secondary

Please cite this article in press as: Dans et al., Modeling, Simulations, and Bioinformatics at the Service of RNA Structure, Chem (2018), https://
doi.org/10.1016/j.chempr.2018.09.015

structure. Cold Spring Harb. Perspect. Biol. 2,
a003665.

Science, https://doi.org/10.1109/VARMS.
2015.7151721.

127. Frellsen, J., Moltke, I., Thiim, M., Mardia, K.V.,
Ferkinghoff-Borg, J., and Hamelryck, T. (2009).
A probabilistic model of RNA conformational
space. PLOS Comput. Biol. 5, e1000406.

136. Popenda, M., Szachniuk, M., Antczak, M.,
Purzycka, K.J., Lukasiak, P., Bartol, N.,
Blazewicz, J., and Adamiak, R.W. (2012).
Automated 3D structure composition for
large RNAs. Nucleic Acids Res. 40, e112.

145. Boudard, M., Barth, D., Bernauer, J., Denise,
A., and Cohen, J. (2017). GARN2: coarsegrained prediction of 3D structure of large
RNA molecules by regret minimization.
Bioinformatics 33, 2479–2486.

137. Bida, J.P., and Maher, L.J., 3rd (2012).
Improved prediction of RNA tertiary structure
with insights into native state dynamics. RNA
18, 385–393.

146. Cruz, J.A., and Westhof, E. (2011). Sequencebased identification of 3D structural modules
in RNA with RMDetect. Nat. Methods 8,
513–521.

138. Parisien, M., and Major, F. (2008). The MC-fold
and MC-Sym pipeline infers RNA structure
from sequence data. Nature 452, 51–55.
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