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Abstract 

Single nucleotide polymorphisms (SNPs) can alter RNA str uct ure by changing the proportions of existing conformations or leading to new 

conformations in the str uct ural ensemble. Such str uct ure-changing SNPs, or riboSNitches, ha v e been associated with diseases in humans and 
climate adaptation in plants. While se v eral computational tools are a v ailable f or predicting whether an SNP is a riboSNitch, these tools w ere 
generally de v eloped to analyz e individual RNAs and are not optimized for genome-wide analyses. To fill this gap, we developed VariantFoldRNA, a 
fle xible, containeriz ed, and automated pipeline for genome-wide prediction of riboSNitches. Our pipeline automatically installs all dependencies, 
can be run locally or on high-performance clusters, and is modular, enabling the user to customize the analysis for the research question of 
interest. VariantFoldRNA can predict riboSNitches genome-wide at user-specified temperatures and splicing conditions, opening the door to 
no v el analy ses. T he pipeline is an open-source command-line tool that is freely a v ailable at https:// github.com/ T he-B e vilacqua-Lab/v ariantf oldrna . 
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cross all domains of life, RNAs are vital to cellular functions,
ncluding gene expression, condensate formation, translation,
nd catalysis. These diverse functions are possible in part be-
ause RNA can fold into complex structures through both
ntramolecular interactions, such as hydrogen bonding and
ase stacking, and intermolecular interactions with proteins,
etal ions, other RNAs, and metabolites [ 1–3 ]. Rather than

dopting single structures, RNAs, particularly long ones such
s messenger RNAs (mRNAs), tend to use the above interac-
ions to fold into multiple conformations, collectively known
s the structural ensemble [ 4 , 5 ]. The weight of a particular
onformation in the ensemble is a function of the relative free
nergy of that conformation. Free energies of an RNA fold
an be affected by single-nucleotide changes to the sequence,
hifting proportions of particular conformations in the ensem-
le, or even leading to new conformations [ 6 ]. Such structure-
ltering single nucleotide polymorphisms (SNPs), known as
iboSNitches, can alter RNA function and regulation. For in-
tance, some riboSNitches are associated with genetic disease
n humans [ 7–9 ], while for sessile organisms, such as plants,
ome riboSNitches may be climate-adaptive, altering the sta-
ility of a particular RNA conformation to favor functionality
nder local climate conditions [ 10 ]. Thus, riboSNitches repre-
ent a significant class of sequence variation that could under-
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lie mechanisms of disease and adaptation across all domains
of life. 

It is currently challenging to experimentally identify ri-
boSNitches from among the many SNPs detected across a
population. This difficulty arises because determining whether
each SNP alters RNA structure requires data on the structure
of the respective RNA with the reference nucleotide and with
the alternative nucleotide. While methods such as X-ray crys-
tallography , cryogenic electron microscopy , and nuclear mag-
netic resonance can measure RNA structure with near-atomic-
level resolution, their low throughput makes them unsuitable
for large-scale analyses, typically involving millions of SNPs.
By contrast, structure-probing methods such as parallel anal-
ysis of RNA structure [ 11 ], Structure-seq [ 12 ], SHAPE-MaP
[ 13 ], and DMS-MaPseq [ 14 ] can produce measurements of
RNA structure genome-wide. While the throughput of these
wet-bench methods allows whole-genome assessment, iden-
tifying riboSNitches population-wide would require probing
of hundreds to thousands of genomes, which is prohibitive.
The above experimental limitations, combined with the large-
scale nature of current SNP datasets comprised of thou-
sands of genomes, such as the 3K Rice Genomes project [ 15 ]
and gnomAD [ 16 ], underscore the need for a pipeline that
provides efficient computational identification of candidate
riboSNitches. 
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Existing computational tools for riboSNitch prediction,
such as SNPfold [ 7 ], remuRNA [ 17 ], RNAsnp [ 18 ], and
Riprap [ 19 ], predict whether an SNP affects RNA struc-
ture and have been valuable for identifying candidate ri-
boSNitches for experimental validation. These methods use
thermodynamic-based predictions of RNA secondary struc-
ture ensembles to estimate whether introducing an SNP would
alter the ensemble of the RNA, although each method employs
a different metric for scoring the structural change. Specifi-
cally, the scores for both SNPfold and remuRNA are calcu-
lated using local RNA sequence flanking the SNP since struc-
ture is typically influenced more by local than long-range in-
teractions [ 20 ]; moreover, experimental data also support a
model in which riboSNitches tend to alter local rather than
global structure [ 21 ]. The scoring metric for SNPfold is the
Pearson correlation coefficient between the base-pairing prob-
abilities of the RNA with and without the alternative nu-
cleotide, where a lower correlation coefficient reflects changes
in pairing probabilities and, thus, changes to RNA structure
[ 7 ]. On the other hand, remuRNA uses relative entropy as
the scoring metric, where a higher relative entropy predicts
a greater structural change introduced by the SNP [ 17 ]. While
the scores from both SNPfold and remuRNA quantify the pre-
dicted structural effect of the alternative nucleotide on the en-
tire user-defined local region of the RNA, RNAsnp and Riprap
find and use the subregion within a user-defined local region
where the base-pairing probabilities differ the most between
the reference and alternative alleles. For RNAsnp, the default
scoring metric is the Euclidean distance [ 18 ], while in Riprap
the score is derived from a combination of the fold change be-
tween the reference and alternative pairing probabilities and
the significance of the fold change based on the Kolmogorov–
Smirnov test [ 19 ]. For both RNAsnp and Riprap, higher scores
predict larger SNP-induced effects on RNA structure. Thus,
one has to be mindful that changes to RNA structure can be
indicated by lower (SNPfold) or higher (remuRNA, RNAsnp,
and Riprap) scores. Regardless of the scoring metric, all of
these tools require users to provide the local reference se-
quence of the RNA surrounding the SNP; this sequence is
kept the same for the reference and alternative nucleotides.
While manually providing these inputs is manageable for a
few SNPs, it becomes overwhelming when the number of SNPs
is large. At large scales, SNPs are often defined in variant call
format (VCF), which details the positions of SNPs relative to
the genome. However, VCF format is not currently incorpo-
rated in any of the above tools, and we are currently not aware
of a pipeline that allows users to go directly from SNPs in a
VCF file to predictions of the effects of those SNPs on RNA
structure. Additionally, the computing time needed to run the
thermodynamic calculations that underlie riboSNitch predic-
tion can be prohibitively long at such large scales. 

Here, we introduce VariantFoldRNA, a user-friendly
pipeline for computationally predicting riboSNitches genome-
wide across any species of interest, starting from a VCF file, or
from user-designated sequences, starting with a CSV file. Our
automated pipeline annotates SNPs, extracts the local flank-
ing sequence, and predicts the impact of each SNP on RNA
structure, all from a single command. The pipeline is also
flexible, allowing users to choose from the aforementioned
riboSNitch prediction tools (SNPfold, remuRNA, RNAsnp,
and Riprap), to designate the temperature for RNA folding,
which is particularly important for poikilothermic organisms,
and to select whether the sequence surrounding the SNP is in
the context of spliced or unspliced transcripts. We also added 

the ability to split or “chunk” the input files. Because of the 
underlying Snakemake [ 22 ] architecture and our addition of 
the ability to chunk the input files, VariantFoldRNA is par- 
allelizable. This parallelization allows VariantFoldRNA to be 
scaled to as many cores as the user has available, facilitating 
riboSNitch prediction at the genome-wide scale. An overview 

of the pipeline is shown in Fig. 1 . We demonstrate the utility 
of VariantFoldRNA by predicting riboSNitches genome-wide 
in thousands of Arabidopsis thaliana and Oryza sativa (rice) 
genomes over a range of biologically relevant temperatures. 

Materials and methods 

Automatic handling of dependencies 

Table 1 shows versions of the software discussed herein. Vari- 
antFoldRNA manages all software dependencies internally us- 
ing predefined Conda environments [ 23 ]. Our Conda environ- 
ments contain specific versions of the software dependencies,
ensuring reproducibility for the future even as new versions 
of these dependencies are released. The Conda environments 
are automatically created the first time the pipeline is run by 
the user, removing the burden to install the software depen- 
dencies manually. Users have the option to run the pipeline 
inside a Docker [ 24 ] container, which provides a consistent 
operating system regardless of the user’s host system and thus 
further increases reproducibility. The Docker option requires 
only one additional command-line flag. 

Pipeline overview 

The following sections describe the components of the 
pipeline shown in Fig. 1 . Steps 1, 2, 6, and 7 are com- 
mon to the VCF and CSV modules, while steps 3–5 are 
unique to the VCF module. All command-line flags are de- 
fined in the VariantFoldRNA documentation ( https://github. 
com/The- Bevilacqua- Lab/variantfoldrna/wiki ). 

1. Pipeline inputs (VCF and CSV modules) 
Users can input SNPs to the pipeline in either a VCF 

or CSV file. The VCF option is intended for naturally 
occurring SNPs, while the CSV option also allows 
the user to test sequences from other sources, such as 
synthetic sequences. When using SNPs from a VCF file,
users must provide three inputs: SNPs of interest, gene 
annotations (in GFF format), and a reference genome 
(in FASTA format). For the CSV option, users need to 

include the reference sequence and the position and 

nucleotide identities of the reference and the alternative 
variants. Sample input files for running the pipeline in 

both VCF and CSV modes are provided in the GitHub 

repository ( https:// github.com/ The- Bevilacqua- Lab/ 
variantfoldrna/ tree/ main/ example _ input ). 

2. Split the VCF / CSV file into chunks (VCF and CSV mod- 
ules) 
Computational prediction of riboSNitches from many 
SNPs is time-consuming since riboSNitch prediction 

tools rely on thermodynamic predictions of RNA sec- 
ondary structure partition functions. Moreover, this is- 
sue with runtime is amplified since the partition func- 
tion needs to be computed for both the reference and 

alternative sequences. To enable the later steps in the 
pipeline, including those in the riboSNitch module 
(steps 6 and 7), to be performed in parallel, this step 

https://github.com/The-Bevilacqua-Lab/variantfoldrna/wiki
https://github.com/The-Bevilacqua-Lab/variantfoldrna/tree/main/example_input
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Figure 1. Ov ervie w of the VariantFoldRNA pipeline. T he pipeline is comprised of three modules: the VCF (lighter green shading) and CSV (lighter blue 
shading) input modules and the riboSNitch prediction (lighter gray shading) output module. Corresponding bo x es f or VCF (dark er green shading) and CSV 
(darker blue shading) indicate parameter choices, while dashed orange boxes indicate riboSNitch prediction method choices. For the VCF module, 
VariantFoldRNA first splits the input VCF file into chunks. Users can specify the number of chunks, or it will be automatically determined. Then, the 
sequences of RNAs that are defined in the GFF file are retrie v ed from the reference genome in FASTA format with GffRead [ 25 ]. SNPs are then 
annotated with class (e.g. synonymous) and position in the transcript using the Ensembl Variant Effect Predictor (VEP) [ 27 ]. Next, the sequence flanking 
the SNP is extracted using Samtools faidx [ 28 ]. For the CSV module, users provide the flanking sequences and the position and identities of the SNP in 
the RNA, so chunking of the CSV file is the only step performed before riboSNitch prediction. Finally, the SNPs and flanking sequences from both the 
VCF and CSV modules are passed to the riboSNitch prediction module, and the user-selected riboSNitch prediction tool(s) (SNPfold [ 7 ], remuRNA [ 17 ], 
RNAsnp [ 18 ], and / or Riprap [ 19 ]) is used to predict the impact of each SNP on the str uct ural ensemble of the RNA. Three of the four tools allow 

riboSNitch prediction at a user-defined temperature(s), as indicated by the thermometer icon. 
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Table 1 . Sof tw are v ersions of the primary tools used in VariantFoldRNA. 
R ele v ant references are indicated 

Software Version Reference 

AGAT 1.4.1 [ 26 ] 
GffRead 0.12.1 [ 25 ] 
remuRNA 1.0 [ 17 ] 
Riprap Our Golang implementation [ 19 ] 
RNAsnp 1.2 [ 18 ] 
Samtools 1.16.1 [ 28 ] 
Snakemake 7.24.2 [ 22 ] 
Snk 0.22.2 [ 30 ] 
SNPfold Our Golang implementation [ 7 ] 
VEP 112.0 [ 27 ] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

splits or “chunks” the input VCF file using a custom
Python script. Users can specify the number of chunks
or allow the number to be determined automatically
based on the size of the input file. For large files, it is
often helpful to use more chunks than available cores as
this prevents a greater number of predictions from need-
ing to be repeated in the case of a failed run. The Snake-
make [ 22 ] architecture underlying VariantFoldRNA en-
ables parallelization on desktop computers with multi-
ple cores and on high-performance computing (HPC)
systems with job management systems like Slurm. Par-
allelization from both chunking and Snakemake itself
can significantly reduce the runtime of the pipeline, es-
pecially as the size of the SNP dataset increases. 

3. Get transcript sequences (VCF module) 
With VariantFoldRNA, users can set the splicing flag
on or off to predict riboSNitches in either spliced or un-
spliced transcripts as extracted from the GFF file with
GffRead [ 25 ]. Since a gene may have many annotated
isoforms in the GFF, users can focus their analysis on
the single canonical transcript per gene identified by An-
other GTF / GFF Analysis Toolkit (AGAT) [ 26 ] by acti-
vating the canonical flag. [Canonical transcripts are de-
fined for a given gene as the transcript with the longest
coding sequence (CDS) or, if the gene has no CDS, the
longest transcribed RNA [ 26 ].] As compared to using
all isoforms annotated in the provided GFF file, using
the single canonical transcript decreases the complexity
of the analysis and reduces the runtime. 

4. Annotate SNPs with their RNA position and class (VCF
module) 
Any class of SNPs in RNA has the potential to be
riboSNitches. For instance, in mRNAs such classes
include missense and synonymous SNPs, and those
in noncoding regions (5 

′ UTR (untranslated region),
3 

′ UTR, and intronic SNPs). VariantFoldRNA allows the
user to focus on any one of these classes as annotated by
the Ensembl VEP (e.g. only SNPs in 5 

′ UTRs or only syn-
onymous SNPs [ 27 ]) by specifying the “variant annota-
tion type”flag. Users can also choose to focus their anal-
ysis on SNPs in a particular chromosome(s), by speci-
fying the “chromosome” flag. VEP also annotates the
nucleotide position in the RNA where the SNP occurs,
which is needed for extracting the flanking sequence. 

5. Extract the local sequence context around SNPs (VCF
module) 
To extract the local RNA sequence surrounding an SNP
with a user-defined flanking length, VariantFoldRNA
uses faidx from Samtools [ 28 ] within a custom Python 

script. Here, flanking length is defined as the length of 
one of the two symmetric flanks. The default flanking 
length is 50 nt on either side of the SNP (total length of 
101 nt), as in previous work by Corley and colleagues 
[ 29 ]. It is important to consider that for each prediction 

tool, especially remuRNA, a choice of increasing flank- 
ing length will exponentially increase runtime. In the 
VCF module, SNPs are excluded from analysis if their 
distance from the 5 

′ or 3 

′ end of the RNA is less than 

the chosen flanking length. However, these SNPs can be 
handled by SNPfold, remuRNA, and Riprap in the CSV 

module because the user provides the exact flanking se- 
quence. 

6. Predict the impact of each SNP on the RNA structural 
ensemble (riboSNitch prediction module) 
Next, the SNPs and flanking sequences from either 
the VCF or the CSV module are passed to the ri- 
boSNitch prediction module. As mentioned, VariantFol- 
dRNA incorporates four tools for riboSNitch predic- 
tion: SNPfold [ 7 ], remuRNA [ 17 ], RNAsnp [ 18 ], and 

Riprap [ 19 ]. Users can select one or more of these tools 
when running the pipeline. Since SNPfold and Riprap 

were only available as Python implementations, they 
were re-implemented in the compiled language Golang 
to increase computational efficiency and thus decrease 
runtime. Additionally, VariantFoldRNA can perform ri- 
boSNitch prediction at any temperature or range of 
temperatures for SNPfold, remuRNA, and Riprap. (This 
is not possible with RNAsnp since the distributions un- 
derlying the P -value calculations are based on predic- 
tions at 37 

◦C [ 18 ].) 
7. Pipeline output (riboSNitch prediction module) 

The pipeline output is a tab-separated text file with 

a row for each SNP. Example output files for both 

VCF and CSV modules can be found in the GitHub 

repository ( https:// github.com/ The- Bevilacqua- Lab/ 
variantfoldrna/ tree/ main/ example _ output ). When mul- 
tiple riboSNitch prediction tools are selected, the results 
from each tool are combined into a single output file.
Since Riprap and RNAsnp find the subregion with the 
greatest structural change, for those two tools Vari- 
antFoldRNA also outputs the position of that region 

for each SNP. After the pipeline has finished running,
intermediate files from the pipeline run are retained.
Since Snakemake can recognize these intermediate files,
their retention can prevent steps in the pipeline from 

being unnecessarily repeated when the pipeline is run 

with new command-line flags or when re-running after 
a failed run. 

Example command-line usage 

VariantFoldRNA is made accessible to those unfamiliar with 

Snakemake using the Snk workflow management system [ 30 ].
With Snk, parameters that would be included in the Snake- 
make config file are instead turned into command-line argu- 
ments, removing the need to manually edit a config file. The 
command below demonstrates this simplicity, as it is all that 
is needed to predict riboSNitches from canonical spliced tran- 
scripts in a genome-wide dataset of SNPs from the 3024 dis- 
tinct inbred cultivars of rice ( O. sativa ) that comprise the rice 
3K dataset [ 15 ]. 

https://github.com/The-Bevilacqua-Lab/variantfoldrna/tree/main/example_output
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variantfoldrna run –vcf rice_3k_snps.vcf \ 
–gff Oryza_sativa.IRGSP-1.0.60.gff3 \ 
–ref-genome Oryza_sativa.IRGSP-1.0.dna.toplevel.fa \ 
–spliced –canonical 
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evelopment and optimization of the 

ariantFoldRNA pipeline 

o improve the throughput of riboSNitch identification in
enome-wide datasets, we developed a flexible, containerized,
nd automated pipeline for riboSNitch prediction that we call
ariantFoldRNA. As shown in Fig. 1 , this pipeline is com-
rised of three modules. Two are input modules, which han-
le the VCF and CSV file formats, and one is an output mod-
le. The output module is flexible in allowing analysis by four
iboSNitch prediction programs, three of which (all except
NAsnp) can perform this analysis as a function of tempera-

ure. 
In addition to ease of use, a major advance in our pipeline

s its parallelization, made possible by Snakemake and chunk-
ng. Parallelization markedly reduces the runtime, especially as
he size of the SNP dataset increases. For instance, as shown
n Supplementary Fig. S1 , going from one to five cores with
ust 1000 SNPs decreased the runtime by 1 min (from 2 to
 min), but the same change in core number with 50 000
NPs decreased the runtime by nearly an hour (from 70 to 20
in, as quantified in Supplementary Fig. S1 ). We note that, for

ach prediction tool, especially remuRNA, increasing flanking
ength exponentially increases runtime ( Supplementary Fig.
2 ), further emphasizing the importance of parallelization.
ore details on pipeline performance can be found in the

Runtime analyses” section of the Supplementary data, where
e describe the effects of parallelization ( Supplementary 
ig. S1 and Supplementary Table S1 ) and flanking length
 Supplementary Fig. S2 and Supplementary Table S2 ) on run-
ime, and report the average runtime per SNP for each of the
ools included in V ariantFoldRNA ( Supplementary T able S3 ).

ffects of temperature on predicted riboSNitches 

ariantFoldRNA can be used to uncover genome-wide trends
n predicted riboSNitches. To illustrate its utility, we tested the
mpacts of temperature on the distributions of predicted ri-
oSNitches in two plant species. To this end, we obtained SNP
atasets from A. thaliana ( Arabidopsis ) and O. sativa (rice)
opulations. Arabidopsis is the premier model plant species,
nd rice is a globally important food crop. For Arabidopsis ,
e used the SNPs detected in 1135 distinct accessions that
ere part of the 1001 Genomes Project [ 31 ], while for rice,
e used the SNPs identified from 941 landraces that were se-
uenced as part of the 3K Rice Genomes Project [ 15 ]. We ap-
lied VariantFoldRNA to these SNP datasets and obtained ri-
oSNitch predictions on ∼2.85M SNPs for Arabidopsis and
1.30M SNPs for rice. When running VariantFoldRNA, we

aried the folding temperatures in 5 

◦C increments within bi-
logically relevant temperature ranges for each species. The
emperature range used for Arabidopsis was −35 

◦C to 40 

◦C,
hile the range for rice was −15 

◦C to 40 

◦C. (see Supplemen-
ary data and Supplementary Fig. S3 for details on the choice
f temperature ranges). For these analyses, the SNPfold and
iprap riboSNitch prediction tools were chosen as illustrative
f the two approaches used to quantify predicted structural ef-
ects: SNPfold (and remuRNA) calculates a score for the entire
input region, while Riprap [and RNAsnp (at 37 

◦C only)] cal-
culates the score for the subregion that the algorithm finds to
have the most significant predicted structural effect. 

For both Arabidopsis and rice populations, we found that
as folding temperature decreased, the distributions of SNPfold
scores tended toward lower values (i.e. greater riboSNitch ten-
dency). Most notably, with decreasing temperature, the lower
whiskers of the boxplots of SNPfold scores shifted downward,
while the medians and the top whiskers remained relatively
similar (Fig. 2 A and B). Therefore, the boxplots indicate that
more SNPs are predicted to be riboSNitches at low tempera-
tures for both Arabidopsis and rice. Likewise, we found that
the upper whiskers of the Riprap score boxplots increased (i.e.
greater riboSNitch tendency) with decreasing temperatures in
both plant species (Fig. 2 C and D), in accordance with the
SNPfold predictions. Studies from Mathews and coworkers
have tested the impact on RNA structure prediction of tem-
perature extrapolation from 37 

◦C, and their results suggest
that predictions hold between 10 

◦C and 60 

◦C [ 32 ]. We note
that if we limit our data to this temperature range, the conclu-
sions remain unchanged (Fig. 2 ). 

Discussion 

Herein, we developed VariantFoldRNA, a computational
pipeline to facilitate riboSNitch prediction at scale, which in-
corporates the tools SNPfold [ 7 ], remuRNA [ 17 ], RNAsnp
[ 18 ], and Riprap [ 19 ]. We are aware of two other pipelines,
SNIPPER and RNA-stability, that perform riboSNitch predic-
tion, but these were designed for very specific applications
in human genomics [ 33 , 34 ]. Neither pipeline accepts VCF
or CSV files as input nor incorporates any of the four tools
that are incorporated in V ariantFoldRNA. V ariantFoldRNA
is a user-friendly command-line tool that simplifies the com-
plex process of generating riboSNitch predictions for millions
of SNPs of interest to just a single command. All software
dependencies are managed internally through Conda envi-
ronments, which are automatically created the first time the
pipeline is run. Additionally, the underlying Snakemake ar-
chitecture, along with the option for “chunking” the input
VCF / CSV files, allows VariantFoldRNA to be parallelized
on resources ranging from a desktop computer with multi-
ple cores to a large HPC system. Parallelization can signifi-
cantly reduce the runtime. For example, on a computer with
32 GB of RAM, running the full pipeline with 50 000 in-
put SNPs and SNPfold as the riboSNitch prediction tool
takes over an hour on one core while running it with five
cores takes only ∼20 min ( Supplementary Fig. S1 ). This com-
bination of usability, automatic dependency handling, and
scalability poises VariantFoldRNA for large-scale riboSNitch
prediction. 

Users can customize VariantFoldRNA for a specific re-
search question due to its built-in flexibility. The VCF op-
tion is designed for identification of riboSNitches genome-
wide and across many genotypes, making it optimal for as-
sessing the properties of naturally occurring SNPs in popula-
tions, wherein there are typically many millions of SNPs. The
CSV option is ideal for evaluation of designed RNAs or se-
quences from species lacking whole-genome sequencing data.
In addition, because the CSV option does not require symmet-
ric flanking sequences, it can be applied to assess riboSNitch
propensities of SNPs in the context of asymmetric flanks, in-
cluding SNPs occurring near the ends of mRNAs or present

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf066#supplementary-data
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Figure 2. Increasing temperature decreases the o v erall e xtent of SNP-induced str uct ural changes for both A. thaliana and O . sativ a . B o x and whisk er 
plots of SNPfold scores across all SNPs calculated at different temperatures for ( A ) A. thaliana and ( B ) O. sativa . ( C , D ) Same as for panels (A) and (B) but 
for Riprap scores. SNPfold [ 7 ] and Riprap [ 19 ] were chosen as representative of the four riboSNitch prediction tools included in VariantFoldRNA. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

in short transcripts such as transfer RNAs, microRNAs, and
other functional small RNAs. 

Moreover, users can choose one or more of four riboSNitch
prediction tools incorporated in the pipeline: SNPfold [ 7 ], re-
muRNA [ 17 ], RNAsnp [ 18 ], and Riprap [ 19 ]. In one analysis
[ 9 ], SNPs predicted to be riboSNitches by several tools were
found to have increased reliability of prediction, as bench-
marked by comparison with experimental data. With Vari-
antFoldRNA, users can additionally perform riboSNitch pre-
dictions in the context of either spliced or unspliced tran-
scripts. Because splicing can change the sequences flanking an
SNP, this could uncover “splicing-conditional” riboSNitches.
Another tunable parameter of VariantFoldRNA is tempera-
ture. Most work on riboSNitches has focused on humans,
who tightly regulate internal temperature within a few de-
grees; however, poikilothermic organisms like plants can har-
bor SNPs that are riboSNitches only at certain tempera-
tures (another type of “conditional riboSNitch”) [ 10 ]. Thus,
the ability of VariantFoldRNA to predict riboSNitches at
multiple temperatures could aid in predicting temperature-
conditional riboSNitches genome-wide in plants, fungi, and
non-homeothermic animal species of Eukarya, as well as in
Bacteria and Archaea. 

Overall, our pipeline considerably reduces computational
barriers for genome-wide riboSNitch prediction and thus fa-
cilitates discovery of genome-wide trends in predicted ri-
boSNitches that are not apparent when studying riboSNitches 
individually. To illustrate the beneficial aspects of Variant- 
FoldRNA, we predicted riboSNitches in Arabidopsis and rice 
over a range of biologically relevant temperatures. For both 

species, SNPs were predicted to be more likely to alter RNA 

structure at lower temperatures. This trend may occur be- 
cause unfolded conformations, which are similar between the 
reference and alternative sequences, populate the ensembles 
more at higher temperatures, especially for weak structures 
[ 5 ]. Future work could test for differing selective pressures 
on riboSNitches between genotypes of the same species that 
experience different temperatures or occupy different climate 
niches. 

In summary, VariantFoldRNA is a resource for those inter- 
ested in predicting riboSNitches genome-wide. Based on the 
output predictions from VariantFoldRNA, specific putative ri- 
boSNitches can be identified for experimental validation. Ad- 
ditionally, VariantFoldRNA provides a platform to increase 
the usability and scalability of future riboSNitch prediction 

tools. 
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