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ABSTRACT: Viral RNA structure prediction is a valuable tool for development of drugs
against viral disease. This work discusses different approaches to predicting encapsidated
viral RNA and highlights satellite tobacco mosaic virus (STMV) RNA as a model system
with excellent crystallography data. Fundamentally important issues for debate include
thermodynamic versus kinetic control of virus assembly and the possible consequences of
quasi-species in the primary structure on RNA secondary structure prediction of a single
structure or an ensemble of structures. Multiple computational tools and chemical reagents
are now available for improved viral RNA structure prediction. Two different predicted
structures for encapsidated STMV RNA result from differences in three main areas: a
different approach and philosophy to studying encapsidated viral RNA, an emphasis on
different RNA motifs, and technical differences in computational methods and chemical
reagents. The experiments with traditional chemical probing and SHAPE reagents are
compared in terms of chemistry, results, and interpretation for STMV RNA as well as other

RNA protein assemblies, such as the S"UTR of HIV and the ribosome. This discussion of the challenges of viral RNA structure
prediction will lead to new experiments and improved future predictions for viral RNA.

he prediction of RNA structure, function, and drug targets

from sequence is currently a grand challenge in RNA
biology. The need for accurate computational and chemical
tools to predict RNA structures from sequence is increasing as a
deluge of RNA sequence information is generated from
transcriptome projects and next-generation sequencing tech-
nology. The application of such predictions holds promise for
treating diseases caused by viruses with RNA genomes. Critical
assessment and discussion of the strengths and weaknesses of
different tools and approaches can move the field forward in
developing the prediction tools that will help realize the full
potential of new sequencing technology.

This concept paper uses satellite tobacco mosaic virus
(STMV) as an example to contrast different approaches to viral
RNA structure prediction and to compare traditional chemical
probing reagents and SHAPE reagents. RNA structure
prediction involves interpretation of chemical probing data.
STMV is an excellent model because STMV has been
experimentally studied by sequencing,' ™ chemical probing,4_6
and crystallography.”® The crystal structure of STMV provides
the first evidence of well-ordered RNA inside a virus particle
and an amazing 1.8 A resolution view of the RNA and RNA—
protein interactions”® (Figure 1). At each of the 30 2-fold axes
of the T = 1 virus particle, an RNA helix of nine pairs interacts
with two coat protein subunits. The icosahedral averaging used
to determine the structure, however, obscures the details of
which nucleotides in the STMV RNA genome form helices and
the connections between helices. McPherson et al. proposed a
cotranscriptional folding and virus assembly model based on
the crystallography structure.” An ensemble model of STMV
RNA secondary structure proposed by Schroeder et al. uses
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Figure 1. Electron density at 1.8 A resolution for 30 helices of nine
pairs in STMV RNA projected onto a T = 1 icosahedron.””” The
identities of the nucleotides in the helices and the density for
nucleotides connecting the helices are obscured by icosahedral
averaging.

crystallographic data, traditional chemical probing data, and the
cotranscriptional folding and virus assembly model to define a
region of RNA conformational space that satisfies the
experimental data on encapsidated STMV RNA.® The best
scoring secondary structure from this ensemble provides the
basis for the first all-atom model of a virus particle.'®
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Recently, two alternative secondary structures were proposed
on the basis of SHAPE reactivities in the in vitro transcribed®
and encapsidated STMV RNA.* The structures for a viral RNA
genome in capsa and in vitro are expected to be different.
Different RNA structures are likely to occur from in vivo or in
vitro assembly mechanisms and in the presence or absence of
capsid proteins. Chemical probing for cucumber satellite
mosaic virus clearly shows differences in the structure of the
RNA genome in planta, in capsa, and in vitro."" Similarly,
poliovirus RNA changes patterns of SHAPE reactivities in capsa
and in vivo."” Differences across the transcriptome RNA
structures in Arabidopsis thaliana were observed in vitro and
in vivo for both DMS and SHAPE probing."> On the other
hand, the substantial differences in the predicted structures for
encapsidated STMV RNA presented by Schroeder et al. and
Archer et al. lie in three main areas: a fundamentally different
approach and philosophy to studying encapsidated viral RNA,
an emphasis on different RNA motifs, and technical differences
in computational methods, chemical reagents, and handling of
viral particles. This work explores the data and different
assumptions used in these models.

B PHILOSOPHICALLY DIFFERENT APPROACHES TO
PREDICTING ENCAPSIDATED VIRAL RNA
STRUCTURE

Two fundamentally different approaches have been employed
for interpreting chemical probing results in STMV. In one case,
a single, minimum free energy structure is assumed. In the
other case, an ensemble that is not based on free energy is
assumed. These assumptions are considered below. Thermody-
namic parameters and free energy minimization have been an
integral part of RNA structure prediction and form the core of
many widely used Web server tools."*™'® However, a growing
body of experimental evidence demonstrates the importance of
kinetics and cotranscriptional folding in the determination of
RNA structure.'” > Figure 2 shows a cartoon comparing
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Figure 2. Cotranscriptional folding and virus assembly model. A
thermodynamically driven path is shown above. A kinetically
determined path in which coat proteins bind cotranscriptionally and
stabilize helices in a kinetic trap is shown below. The final state is the
three-dimensional model of STMV with the RNA colored red and the
coat proteins colored green.'®

possible thermodynamic and kinetic folding pathways for
STMV. Free energy minimization has been a very successful
strategy and predicts approximately 73% of base pairs correctly
on average for RNAs known to have essentially single
secondary structures.”® The Contrafold program estimated
nearest-neighbor parameters for Watson—Crick pairs from
known three-dimensional RNA structures in the Protein Data
Bank.** The rank order of nearest-neighbor parameters in
Contrafold matched the order of stabilities for experimentally
determined thermodynamic parameters for Watson—Crick
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pairs.”® This result suggests that many known structures do
fold to the lowest-free energy structure and validates one of the
fundamental assumptions in free energy minimization
approaches, ie., that the lowest-free energy structure will be
the functional in vivo structure. Protein chaperones may also
facilitate RNA folding to the lowest-energy state by overcoming
kinetic barriers.”**’

On the other hand, thermodynamic equilibrium rarely occurs
in vivo,”® and the assumptions of free energy minimization may
not hold true for all RNA. In the case of viral genomic RNA,
the RNA sequence encodes multiple functional structures that
fold and unfold during the virus life cycle. If a viral RNA folded
into a very stable minimum free energy structure, then another
source of energy or a protein chaperone would be required to
unfold the RNA before moving onto the next stage of the viral
life cycle. The absence of covariation patterns in viral genomic
phylogenies may be a consequence of selection for multiple
functional structures during the stages of the virus life cycle, a
kinetically driven and irreversible process to which the
assumptions of free energy minimization may not apply.
Thus, new tools, new approaches, and new ideas are necessary
to evaluate the contributions of thermodynamics and kinetics in
the determination of viral RNA structure.

Viral RNA May Be Different from Other RNA Types in
Sequence, Structure, and Folding Pathway. Viral RNA
may be very different at many levels of sequence, structure, and
function from other RNA such as rRNA or tRNA that have
been studied well by structural biologists. rRNA and tRNA have
predominantly one function, one structure, and one sequence
within an organism, while viral RNAs have multiple sequences,
structures, and functions. Although sequences vary for tRNAs
carrying different amino acids and vary for tRNA in different
species, these sequence variations are consistent within a
species and have a functional role in molecular recognition and
specificities of tRNA aminoacylation.”® In the case of viral
RNA, the sequence variation is very high even within a single
infection due to low-accuracy polymerases. The consensus
sequence is really an ensemble average of sequences, or a quasi-
species.30 New sequencing technology is just beginning to
probe the wide range of sequence variation in viral RNA such as
poliovirus,®" and the impact of the quasi-species character of
viral RNA sequences on secondary and tertiary structures is
only beginning to be understood. Whether multiple sequence
variants fold into similar structures or into different structures
with similar functional features is an exciting area of future
research in viral RNA.

Viral RNA differs from tRNA or rRNA in several key aspects,
such as the number of functional folds, the regulation of
ribonucleoprotein complex assembly, and the lifetime of a
folded functional structure. These differences may create
different evolutionary selective criteria for favorable RNA
conformations and different dependencies on thermodynamic
stability. The single sequence for tRNA or rRNA folds into
predominantly one structure with a primary function in protein
translation. The recent discovery of an alternate functional fold
of tRNA** and the ability of tRNA to unfold and act as a primer
for some viral replication strategies® are exceptions to the
predominant cloverleaf tRNA structure and its primary roles in
reading the genetic code and catalyzing peptide bond
formation.”* The complex multicomponent folding and
assembly pathways for rRNA are highly regulated and result
in one ribonucleoprotein complex. tRNA and rRNA are among
the most abundant cellular RNAs and have long-lived stable
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structures. After folding into a functional structure, tRNA and
rRNA do not unfold to perform another function. In this case,
thermodynamic stability may be a favorable characteristic in
natural selection. In contrast, the consensus viral RNA
sequence encodes multiple structures and functions throughout
the viral infectious cycle. The structures of viral RNA cannot
remain the same as the RNA genome replicates, translates,
encapsidates, and escapes host defense strategies. Viral RNA
must repeatedly fold and unfold into different transient
structures during the virus life cycle. Thus, in this case,
thermodynamic stability may be a disadvantage in natural
selection. An ensemble of metastable structures that rapidly
change conformations when different protein binding partners
are present may be more advantageous for viral RNA genomes.

One consequence of the different characteristics of tRNA or
rRNA versus viral RNA sequence variation is the existence of
covariation patterns. tRNA and rRNA have clear patterns of
covariation when sequences from different species are
compared.®® This covariation is used to determine the single
conserved functional structure that the tRNA or rRNA
sequence encodes. In contrast, viral RNA shows little or no
nucleotide covariation, even in noncoding regions. The lack of
covariation patterns in viral RNA may be a consequence of
several factors, such as a high degree of sequence variation,
conservation of the protein sequence code, and multiple
metastable, functional RNA structures during the virus life
cycle. An ensemble model may better accommodate the viral
sequence diversity.® A lack of covariation may also be an
indicator of the existence of multiple functional structures and
signal that free energy minimization assumptions may not
apply.

In the case of STMV RNA, nucleotides 53—642 encode the
coat protein, and there is no covariation among the
approximately 20 different natural consensus sequences."”
Although the 3’ end of STMV RNA has been proposed to fold
into a tRNA-like structure, this proposed secondary structure
is not consistent with either DMS or SHAPE chemical probing
in the encapsidated state.*® There is not yet any experimental
evidence to support the assumption that STMV folds into a
single structure in a way that is similar to that of tRNA or
rRNA. The assumption that viral RNA folds into domains of
<600 nucleotides like rRNA domains*?” also has not yet been
supported experimentally. Thus, the motifs observed and
assumptions for tRNA or rRNA folding may or may not
apply to the way in which STMV and viral genomes fold.

Different Prediction Tools for a Single Minimum
Energy Structure, an Ensemble, or Kinetically Deter-
mined Structures. Different computational tools for RNA
structure prediction will generate an ensemble, a subset of
suboptimal structures, or a single RNA structure. The
characteristics of some common prediction approaches are
discussed first (Table 1), and then the different approaches
used to predict structures of encapsidated STMV RNA are
compared. Thermodynamic parameters and other kinds of
experimental data can be used in the scoring function of
different prediction programs. Because there are only four
different nucleotides, many RNA sequences have more than
one possible secondary structure if only Watson—Crick pairing
rules are applied with a minimum number of nucleotides for a
hairpin turn and the exclusion of pseudoknots. The number of
possible structures increases exponentially with the length of
the sequence. The Zuker algorithm generates the single lowest-
free energy structure and a subset of suboptimal structures in
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Table 1
algorithm refs key features
Free Energy Minimization Approaches
Zuker 38,39  calculates the minimum free energy structure
(MFE), samples suboptimal structures
McCaskill 40 computes base pairing probabilities
Ding and 76 generates a centroid structure and cluster analysis
Lawrence
spectral 42 identifies clusters in an ensemble
clustering
Contrafold 24 incorporates data from a structural database
Combinatorially Complete Enumeration Approaches
Pipas and 44 first method for complete enumeration of structures
McMahon
Wuchty 43 computes all structures within a free energy window
Crumple 4S enumerates all structures independently of free
energy
Kinetic Approaches
Zhao et al. 49 predictions use a cotranscriptional folding model
that iteratively folds a growing sequence
Kinwalker S0 computes a folding pathway to the MFE
CoFold S1 considers cotranscriptional folding using pairing

distance parameters

addition to the lowest-energy structure.”®* Considering
suboptimal structures helps identify other functional structures
that may not be the lowest-energy structure because protein
binding and RNA tertiary structure are not accounted for in the
thermodynamic parameters used for free energy minimization.
The McCaskill algorithm considers an ensemble of structures
and calculates the probabilities of base pairing, which facilitates
interpretation of the likliehood of different regions of a
structure.** For longer RNA, many possible structures exist
within a narrow range of free energy. To address this challenge,
the sfold algorithm by Ding and Lawrence calculates a
Boltzman centroid, which best represents a cluster of similar
structures.*' Very recently, a spectral clustering approach has
been developed to define RNA structural clusters with DMS
chemical probing.*

The Wuchty algorithm,* the algorithm by Pipas and
McMahon,* and the Crumple algorithm™ calculate all possible
non-pseduoknotted structures for a given RNA sequence. The
Wuchty algorithm calculates all possible structures within a
given free energy window, the size of which depends on the
length of the sequence. The Crumple algorithm can use
thermodynamics as a filter to reduce the possible number of
structures but does not require thermodynamic parameters.
The advantage of the Crumple algorithm is the ability to
modulate the importance of thermodynamic parameters in
RNA structure predictions.”> Chemical probing and other
experimental constraints can reduce the possible number of
structures and improve the accuracy of free energy
minimization predictions.23 However, chemical probing con-
straints do not necessarily define a single structure,” and
consideration of suboptimal structures or ensembles of
structures provides additional insight for biological RNA
structure and function. The abundance of computational
tools to address the RNA folding problem highlights the
problem that a single minimum free energy structure is often
insufficient to describe or predict biologically relevant RNA
secondary structures.

In the case of STMYV, the sequence space is not a folding
funnel with a sharp point at a single lowest-free energy
structure. Rather, the sequence space for STMV resembles a
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low broad basin with many diverse low-energy secondary
structures. For example, the STMV sequence can form 42768
different structures with energies within 1 kcal/mol as predicted
by using the Wuchty algorithm as implemented in RNAS-
tructure,”® and two different STMV structures have $60
nucleotides paired differently and yet differ by only 0.2 kcal/
mol.*” The McCaskill algorithm as implemented in both
RNAStructure and the Vienna suite™ reveals that the majority
of the base pairs in these STMV structures have less than 50%
probability. A modified Wuchty algorithm implemented in the
context of the Vienna suite computes more than 4 billion
structures without multibranch loops and more than 1 billion
structures with multibranch loops that all satisfy the DMS,
CMCT, and kethoxal chemical probing data and crystallog-
raphy constraints for encapsidated STMV RNA but have up to
306 of 1058 nucleotides paired differently (J. W. Stone, S.
Bleckley, S. Lavelle, and S, J, Schroeder, unpublished
observations). Thus, there are many different possible folds
with similar predicted free energies for the STMV sequence.

Archer et al.* and Schroeder et al.’ used chemical probing in
different ways to identify a single structure and an ensemble of
structures, respectively. Archer et al. expanded the RNAS-
tructure program to incorporate SHAPE constraints into RNA
structure prediction and thus used SHAPE constraints and the
Zuker algorithm to identify a single lowest-energy structure. In
contrast, Schroeder et al. developed the Crumple algorithm and
the Sliding windows and Assembly programs to include global
constraints such as the length and minimum number of helices
as a constraint in RNA structure prediction. Schroeder et al.
used these tools to generate a set of hairpins that satisfy the
crystallographic data; DMS, kethoxal, and CMCT chemical
probing data; and the hypothesis of cotransciptional folding
and assembly. Any nonoverlapping set of 30 of these hairpins
would be a reasonable solution to the STMV RNA folding
problem. Schroeder et al. also used both the sfold algorithm
and the Zuker algorithm in RNAStructure with constraints
from traditional chemical probes to generate alternative
structures that had lower predicted free energies but satisfied
the crystallographic data less well.® Schroeder et al.
demonstrated multiple possible structures using several differ-
ent computational tools. Both groups developed new computa-
tional tools to incorporate new kinds of experimental
constraints into RNA structure prediction.

Recently, deterministic computational methods for predict-
ing RNA structures with consideration of a cotranscriptional
folding process such as the kinetic model by Zhao et al,*
Kinwalker,*® and CoFold®' have been developed. The program
based on the kinetic model of Zhao et al. can compute a
cotranscriptionallly folded RNA secondary structure only for
sequences of approximately <100 nucleotides and thus requires
further development to tackle challenges such as the STMV
folding problem. Kinwalker in the Vienna package generates a
folding pathway to the minimum free energy structure. The
minimum free energy structure for STMV RNA as computed in
the Vienna package does not generate a structure with 30
helices of nine pairs that is consistent with the crystallographic
data. Folding the STMV RNA sequence with the CoFold
program, which also calls the Vienna package tools, generates a
structure of 30 helices of nine pairs but is not consistent with
either the traditional chemical probing data or SHAPE data and
does not yet include an option to allow chemical probing data
as constraints. Developing methods for computing or
simulating RNA  cotranscriptional folding accurately is an
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important area of active research that will have many
applications for viral RNA genomes.

Experimentally Testing Computational Predictions
with Sequence Mutations. Secondary structure predictions
are often tested with site-directed mutagenesis and recovery of
compensating Watson—Crick base pair changes.*>** In the case
of STMV RNA, initial predictions from RNAStructure were
tested by site-directed mutagenesis of helices with high
probabilities. Care was taken to make silent mutations or
minimal changes to the capsid protein sequence and to avoid
any mutations in the polymerase binding site. Although the
mutations, such as G436C, C466G, C206U, and G219A,
predicted a significant change in the minimum free energy
secondary structure, all mutated STMV RNA sequences
replicated in planta without any noticeable phenotype.>* This
result is consistent with an ensemble model of hairpins that use
imperfect helices. When STMV RNA sequences with the site-
directed mutations or naturally occurring sequence variations
are computationally folded,"* a single-nucleotide change can
completely change the predicted minimum free energy
structure in Vienna’s RNAfold or RNAStructure. However,
the same mutations cause at most one or two helices to change
in the predictions from Crumple, Sliding Windows, and
Assembly. The mutations cause a change in score for only
the hairpin that contains the mutation; thus, the ensemble view
of STMV RNA changes only in the score of one helix (J.-W.
Liu and S. J. Schroeder, unpublished observations). Thus, an
ensemble view is more robust with respect to single-nucleotide
changes that occur at relatively high rates in viral RNA. These
in planta and in silico analyses of STMV mutations support the
ensemble view of encapsidated STMV RNA.

B DIFFERENT EMPHASIS ON RNA MOTIFS

The two different secondary structure models for encapsidated
STMV RNA emphasize different structural motifs, either
consecutive terminal mismatches or multibranch loops. The
consecutive terminal mismatches in the model by Schroeder et
al. have a score that is higher and more favorable than the
scores of internal mismatches in the scoring function for STMV
RNA in the Crumple program because the B factors in the
crystal structure are higher for nucleotide bases at the end of
the helix.” Higher B factors indicate less well-defined electron
density that could be explained by the effects of icosahedral
averaging electron densities for Watson—Crick pairs and a few
noncanonical pairs. Consecutive terminal mismatches are
thermodynamically stable®>*® and can form A-form RNA
helices (X. Gu, J. Malone, L. Thomas, S. Harris, B. H. M.
Mooers, and S. J. Schroeder, unpublished observations) that
would fit well into the electron density observed in the crystal
structure. The thermodynamic parameters for consecutive
terminal mismatches are not yet incorporated into the database
for RNAstructure, which was used to generate the model of
Archer et al.

The Crumple, Sliding Windows, and Assembly approach®
explicitly focuses on a series of 30 hairpin loops and makes no
attempt to predict additional base pairs that might occur in
multibranch loops or provide additional thermodynamic
stability. The model by Schroeder et al. was intentionally
underpredicted to facilitate three-dimensional modeling. As
stated in the article, “no predictions beyond the best 30 helices
are attempted at this point because such interactions are likely
convoluted with the tertiary and quaternary structure of the
STMV RNA and capsid proteins.”® The three-dimensional
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Figure 3. Models of STMV RNA secondary and tertiary structure. (A) Secondary structure model with the best score from the ensemble® labeled
with points of tertiary base pairs in the three-dimensional model of STMV."® Nucleotides 54—53:1052—1053 are depicted as blue dots, nucleotides
332—334:691—693 as purple dots, nucleotides 567—568:909—908 as gold dots, nucleotides 592—594:929—927 as green dots, and nucleotides 707—
708:747—746 as red dots. (B) Two-dimensional projection of the symmetry for a T = 1 virus particle.”” The green lines are axes of 2-fold symmetry
and are labeled with the RNA helix number from panel A as modeled in ref 10. Each green triangle is a face of the icosahedron, and the blue lines
show points of 3-fold symmetry. (C) Three-dimensional structure of STMV RNA from the model proposed in ref 10. The RNA is colored from red
to blue from the 5’ to 3’ end, respectively. The two ends of the RNA do come close in three-dimensional space in this model. All proteins were

deleted from the structure for the sake of clarity.

model of STMV'® reveals several potential pairing interactions,
such as kissing hairpins and pseudoknots, as well as multibranch
loops. For example, nucleotides 592—594:929—927 can form
pairs that would create a multibranch loop, nucleotides 54—
53:1052—1053 and 332—334:693—691 could form pseudo-
knots, and nucleotides 707—708:747—746 and 567—568:909—
908 could form kissing hairpins in the model by Yingying et al.
(Figure 3). These long-range stacked pairs could easily form to
stabilize the encapsidated state but also would not require a
large amount of energy to unfold. There are many possible
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additional pairing interactions that depend on how the 30
helices are placed in the 3D model. Currently, predicting such
long-range pseudoknot interactions directly from a sequence of
1058 nucleotides is beyond the abilities of current computa-
tional methods that consider non-nested pairing.”’ >’

In contrast, the model by Archer et al. focuses on very stable,
long-range multibranch loop motifs in the initial secondary
structure prediction of the 30 helices observed in the electron
density. The thermodynamic parameters for multibranch loops
are difficult to measure experimentally, and different RNA
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folding programs implement the prediction rules for multi-
branch loops in different ways. For example, the 3’ end of the
model by Archer et al. has a junction of seven helices, a very
complicated motif for which no experimental observations have
been previously made and no measurements could be made by
optical melting. Thus, it is difficult to accurately calculate the
additional thermodynamic stability for forming a multibranch
structure. The helices that create multibranch loops in the
Archer et al. model are much longer (up to 20 bp) than the two
or three pair stacks that potentially form tertiary interactions in
the model of Yingying et al. Thus, the long-range tertiary
interactions in the model of Yingying et al. could possibly
facilitate folding and unfolding transitions with lower energy
barriers. The approach of Schroeder et al. predicted only 30
helices of nine pairs and left the remaining nucleotides
unassigned to provide flexibility in modeling the three-
dimensional structure and assembly pathways. In contrast, the
inclusion of many stable long-range multibranch loops will
restrict the number of possible ways to form a three-
dimensional structure.

B TECHNICAL DIFFERENCES IN VIRUS PARTICLE
PREPARATION, REAGENTS, ANALYSIS, AND
CHEMICAL PROBING RESULTS

Differences in Biochemical Protocols. The differences
between the two proposed structures for encapsidated STMV
RNA also result from distinctly different protocols in virus
preparation, chemical reagents, and computational tools. Both
studies began with STMYV viral particles purified from infected
Nicotiana tabacum leaves following procedures developed in the
Dodd laboratory.>® The particles used in the studies by
Schroeder et al. were stored at 4 °C and never frozen or
partially deproteinated prior to chemical analysis. In contrast,
the STMV particles in the study by Archer et al. were frozen,
and some were partially deproteinated. Freezing can damage
virus particles and reduce infectivity. The consistency of the
SHAPE results of Archer et al. between frozen and partially
protein-degraded particles suggests that the freezing did indeed
damage the virus particles rather than providing support for the
partial protein degradation protocols. The atomic force
microscopy studies presented by Archer et al.* do not provide
sufficient resolution on the nucleotide level to assess differences
in structure caused by freezing conditions or partial protein
degradation. The intimate RNA—protein interactions observed
in the high-resolution crystal structures suggest that any partial
protein degradation would also disrupt the local RNA structure.

Traditional chemical probes and SHAPE reagents have
different chemistries, different correlations with solvent
accessibility, and different quenching requirements. Traditional
chemical probing reagents, such as dimethyl sulfate (DMS),
kethoxal (KX), and I-cyclohexyl-3-(2-morpholinoethyl)-
carbodiimide metho-p-toluene sulfonate (CMCT), react at
the Watson—Crick face of nucleotide bases (Figure 4). SHAPE
reagents, such as N-methylisotoic anhydride (NMIA) and 1-
methyl-7-nitrosatoic anhydride (1M7), react with the 2'-
hydroxyl group on the ribose (Figure 4). Unlike traditional
chemical probes, the SHAPE reagents require some dimethyl
sulfoxide in the solution. DMS, CMCT, and KX require
quenching by another reagent. In contrast, SHAPE reagents are
quenched by water over time and do not require additional
quenching reagents, which can be an advantage of this reagent
in some experiments. Thus, the different reagents utilize
different chemistries and probe different parts of the RNA. The
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SHAPE (1M7)

Figure 4. Site of the chemical modification for traditional chemical
probes, including DMS, kethoxal, CMCT, and SHAPE reagents, such
as NMIA and 1M7.

chemical accessibility of traditional chemical probes correlates
well with solvent accessibility in rRNA and ribosome crystal
structures with only a few exceptions explained by proteins
quenching the reagent.’" In contrast, hits from SHAPE reagents
do not correlate with solvent accessibility in ribosome crystal
structures,® leaving the mechanism of action for SHAPE
probes not yet fully understood. One possible explanation for
the low correlation with solvent accessibility is that SHAPE
reagents may be probing partially unfolded or partially
degraded RNA—protein interactions. Partially unfolded RNA
would presumably have flexible ribose groups susceptible to
SHAPE reactivity. If any unquenched SHAPE reagent remains
active during the purification of RNA from the RNA—protein
complex (including proteinase K digestion, phenol extraction,
and ethanol precipitation), then SHAPE hits that do not
correlate with solvent accessibility in crystal structures could
occur. This is one possible explanation for the low signal-to-
noise ratio observed in SHAPE reactions compared to DMS
reactions in STMV RNA in the experiments of Schroeder et al.’
(Figure 2 of the Supporting Information of ref 6).

The two approaches also employ different control reactions
for reading chemical probing data on capillary electrophoresis.
Schroeder et al. performed additional controls with dideoxy
sequencing reactions on encapsidated STMV RNA that had
been treated with buffers and no probing reagent and then
purified with the same protocols. With increasing proteinase K
digestion times, no additional peaks were observed in dideoxy
sequencing reactions of unmodified encapsidated STMV RNA,
thus demonstrating that RNA degradation did not occur during
the purification process and the capsid protein was completely
degraded before reverse transcription. No additional peaks
occurred during increasing protinease K digestion times in
chemically modified STMV RNA reverse transcription
reactions, which suggests that the chemical probes were fully
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Table 2. Comparison of Traditional Chemical Probes and SHAPE Reagents

SHAPE traditional probes
strong medium strong medium same strong same strong and medium

RNA nucleotide hits hits hits hits hits hits ref
STMV RNA in virus particles 10s8 127 251 160 - 30 94 4,6
16S rRNA in 30S subunits 1542 255 269 38 82 13 71 67, 68
HIV S'UTR in vivo® 340 27 24 62 27 27 49 37, 69
RNase P transcribed” 155 30 16 46 14 27 40 73
influenza A M1 mRNA transcribed 97 S 15 15 8 3 18 72

“The HIV 5'UTR was probed in vivo with only DMS in ref 69, and thus, only SHAPE hits for adenine and cytosine nucleotides are counted. The
RNase P hits were compared for the buffer condition of 135 mM KCl, 25 mM NaCl, and 50 mM HEPES without magnesium. This condition
showed the most hits, and other buffer conditions showed changes in chemical reactivities at some nucleotides.

quenched (Supporting Information of ref 6). In contrast,
Archer et al. performed different controls that focused on
control reactions with in vitro-transcribed STMV RNA in
dideoxy sequencing reactions as a reference ladder and did not
perform additional control reactions to test for RNA
degradation, incomplete capsid degradation, or unquenched
chemical probes during purification.

Differences in Computational Analyses. The two
approaches also used very different computational tools for
analysis of chemical probing data, inclusion of chemical probing
results, and RNA secondary structure prediction. Archer et al.
used sophisticated SHAPEFinder software® to normalize
signals and correct for signal decay in individual capillary
electrophoresis traces. Signal levels are adjusted manually, and
traces are subtracted to correct for background noise. Primers
with different dye labels are used to generate traces for dideoxy
sequencing, reagent probing, and no-reagent controls, and the
signal processing and background corrections are done
independently for each trace. The no-reagent control trace is
subtracted after signal processing, and data are then averaged
from multiple replicates. In contrast, Schroeder et al. used
minimal computational processing in the Beckman Fragment
Analysis equipment software to overlay results from capillary
electrophoresis with no normalization, correction for signal
decay, or background subtraction. Traces were aligned with
Beckman size standards and dideoxy sequencing traces. All
primers for reverse transcription used the same CyS dye label.
A qualitative, simplistic, very conservative, manual process
identified only the strongest, reproducible hits from chemical
probing. Strong hits were observed at the lowest chemical
probe concentration, could be reproduced at several chemical
probe concentrations, and were consistently higher in intensity
than other local signals. Any ambiguous hits were simply not
used as constraints. The DMS experiments were analyzed by
both traditional **P-labeled gel electrophoresis and capillary gel
electrophoresis, which gave matching results from both
independent analyses of “strong” hits. Thus, the data processing
in the two studies was completely different and reflects different
philosophies of si§nal processing, which is still a topic of debate
in the literature.**~¢

Differences in Chemical Probing Data. The chemical
probing data and the way chemical probing data were used
differ significantly in the two approaches. Schroeder et al. used
only the strongest hits from chemical probing because, in an
ensemble of structures, it is not possible to distinguish a weak
hit in the majority of structures from a strong hit in a minority
of structures. The strongest hits were then used as constraints
in the Crumple, Vienna, RNAStructure, and Sfold programs.
An ensemble was generated using the Crumple, Sliding

Windows, and Assembly programs, and any nonoverlapping
combination of 30 helices would be an experimentally valid
structure. All hairpins in the ensemble and the best scoring
structure are completely consistent with the defined rules for
chemical probing hits. Chemical probing hits are allowed to
occur in unpaired nucleotides and also in nucleotides in
Watson—Crick pairs at the end of a helix, adjacent to a loop, or
adjacent to GU pairs.”

In contrast, Archer et al. used all strong and weak hits for all
nucleotides and thus used more total constraints for structure
prediction. Only the RNAStructure software program specifi-
cally incorporates SHAPE data, so this was the program
selected to generate a single minimum free energy secondary
structure. As a result of the way RNAStructure incorporates
SHAPE data as a pseudoenergy term, the lowest-energy
structure may not be entirely consistent with the chemical
probing rules that RNAStructure uses for other chemical
probing reagents. The rules for DMS, CMCT, and kethoxal
probing in RNAStructure allow chemical probing hits to occur
in single strands, in pairs at the end of a helix, and in pairs
adjacent to GU pairs but not in Watson—Crick pairs between
two other Watson—Crick pairs.”> For example, in the structure
of Archer et al, three nucleotides, 217, 650, and 999, show
strong SHAPE reactivities in the range of 0.7—1 and also occur
in a Watson—Crick pair between two other Watson—Crick
pairs in stable RNA helices. An additional 28 nucleotides show
SHAPE reactivities in the range of 0.3—0.7 and also occur in a
Watson—Crick pair between two other Watson—Crick pairs.
Archer et al. also computed a minimum free energy structure
with a maximum distance for pairing to generate a series of
hairpins. This structure with a series of hairpins is more
consistent with the SHAPE data, with only 15 violations of
SHAPE reactivities in the range of 0.3—0.7. Archer et al. argued
in favor of the multibranch loop model over the hairpin model
because the multibranch loop model had a more favorable free
energy. From an alternative viewpoint, perhaps structures that
satisfy the SHAPE data very well can be generated if less
emphasis is placed on minimizing the free energy.

The different approaches to STMV RNA structure prediction
generated structures that have different levels of consistency
with experimental chemical probing data. The free energy
minimized structures proposed by Archer et al. are not fully
self-consistent with the SHAPE data. The multibranched loop
model* is not consistent with 31 strong and medium SHAPE
hits* or 26 strong hits from chemical probing previously
reported.’ In contrast, the best scoring structure from the
ensemble model® is entirely consistent with the traditional
DMS, CMCT, and kethoxal chemical probing data and violates
only five of the strong hits observed in subsequent SHAPE
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studies.* There are multiple possible combinations of 30 helices
from the possible hairpins in the ensemble model® that would
satisfy all the traditional chemical probing and SHAPE data.
Thus, the STMV structures from the ensemble model® are
more consistent with the reported data*® than the multibranch
STMV RNA model.*

The nucleotides that react with traditional chemical probes
form a set very different from that of the nucleotides that react
with SHAPE reagents in STMV RNA and also other RNA
(Table 2). In the case of STMV RNA, only 30 nucleotides
share the same strong hits in both traditional chemical probes
and SHAPE reagents. Similar differences in chemical probing
results occur in 16S rRNA in 30S subunits®”*® and the S'UTR
in HIV in vivo.””* The differences between traditional probes
and SHAPE reagents would affect not only structure
predictions but also identification of functional sites. For
example, in a comparison of traditional chemical probing of 23S
rRNA in 50S subunits and SHAPE data, 4 of 12 nucleotides
that change intensities of reactivities and thus report on
antibiotic binding, 14 of 26 nucleotides that report on A and P
site tRNA bincling,70 10 of 16 nucleotides that report on E site
tRNA binding,”® and 8 of 27 nucleotides that report on 30S
subunit bindingﬁ/'1 were not reactive at all to SHAPE reagents.67
Surprisingly, even A2451 at the Escherichia coli peptidyl
transferase center was not reactive to SHAPE reagents.67
Many of the differences in the ribosome probing involve flexible
nucleotides on the surface whose conformation and dynamics
change upon substrate binding. Thus, these are both cases in
which the nucleotide base is reactive to traditional probes while
the ribose is not reactive to SHAPE reagents and vice versa.

There are several possible explanations for the different
results in traditional chemical probes and SHAPE reagents.
Differences in sample preparation and methods of partial
protein digestion as discussed above may account for some of
the differences. In support of this source of differences, the
match between traditional chemical probes and SHAPE
reagents is better for two in vitro transcribed RNAs probed
with both traditional and SHAPE reagents in the same
laboratory’>”® (Table 1). Additionally, a recent comparison
of SHAPE and traditional chemical probes in the same
laboratory in three riboswitches, tRNA Phe, and the P4—P6
group I intron reveals many sites of different reactivities for
different reagents, some of which also correlate with specific
three-dimensional structures, such as certain conformations of
sheared GA pairs.**

The physical basis of SHAPE reactivities remains to be fully
explained. SHAPE reactivity does not correlate with solvent
accessibility®>”* but does show some correlation to NMR order
parameters for the C1’ atom with r values ranging from 0.73 to
0.89.”* SHAPE data do not report directly on base pairing but
can be parametrized to improve RNA structure prediction. Of
course, structure predictions with different sets of constraints
will generate different structures using any computational
approach. Thus, understanding the physical basis for SHAPE
reactivities will be important for integrating SHAPE data with
other experimental constraints to predict structures of
unknown RNA.

Bl CONCLUSIONS AND FUTURE DIRECTIONS

The structures of viral RNA genomes will continue to be a
challenging area of active research and debate. Improvements in
experimental chemical probes, next-generation sequencing for
chemical probing readout,"*”® and computational tools will
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undoubtedly yield more insight into these potential drug
targets. In future transcriptome projects and viral RNA studies,
using all available chemical probes that give good signal-to-
noise ratios will provide the most information about RNA
conformations. Information from multiple chemical probes may
also provide constraints for three-dimensional structural
motifs.** Using multiple computational tools provides more
confidence in the common features from different predictions.
Computational tools for modeling cotranscriptional folding are
a key focus for future development. Ensemble models may
further develop to better describe mixed populations of RNA
conformations and RNA shapeshifters. As more RNAs are
probed under cellular conditions and single-cell and single-
virion sequencing develops, we will gain even more detailed
insight into the vast and varied landscape of RNA
conformations. Future research on the folding pathways of
viral RNA could test these assumptions about viral RNA and its
similarity to other well-structured RNA. The goals of RNA
structure prediction from sequence may shift from calculating a
single lowest-energy structure to identifying the common
functional structural features of an ensemble of RNA
conformations.
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(2-morpholinoethyl)carbodiimide metho-p-toluene sulfonate;
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anhydride and 1-methyl-7-nitrosatoic anhydride; SHAPE,
selective 2'-hydroxyl acylation analyzed by primer extension;
STMV, satellite tobacco mosaic virus; UTR, untranslated
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