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RNAStructuromeDB: A genome-
wide database for RNA structural 
inference
Ryan J. Andrews1, Levi Baber  2 & Walter N. Moss1

RNA plays important roles in almost every aspect of biology, and every aspect of RNA biology is 
influenced by its folding. This is a particularly important consideration in the era of high-throughput 
sequencing, when the discovery of novel transcripts far outpaces our knowledge of their functions. 
To gain a comprehensive picture of biology requires a structural framework for making functional 
inferences on RNA. To this end we have developed the RNA Structurome Database (https://
structurome.bb.iastate.edu), a comprehensive repository of RNA secondary structural information 
that spans the entire human genome. Here, we compile folding information for every base pair of 
the genome that may be transcribed: coding, noncoding, and intergenic regions, as well as repetitive 
elements, telomeres, etc. This was done by fragmenting the GRCh38 reference genome into 
154,414,320 overlapping sequence fragments and, for each fragment, calculating a set of metrics 
based on the sequence’s folding properties. These data will facilitate a wide array of investigations: 
e.g. discovery of structured regulatory elements in differential gene expression data or noncoding RNA 
discovery, as well as allow genome-scale analyses of RNA folding.

Once thought to be solely an intermediary between the genome and proteome, RNA is now known to be a key 
player in the biology of all living things (as well as viruses, viroids and transposable elements). In addition to 
carrying the genetic information needed to generate proteins, RNA can also act as a catalyst1,2, encode signals 
for subcellular localization3–5, and regulate gene expression6. RNA’s gene regulatory roles can occur in-cis, via 
sequence/structure elements embedded within messenger (m)RNAs: e.g. regulatory elements in untranslated 
regions (UTRs) and introns can affect translation5,7 alternative splicing8, and mRNA lifetime/abundance9 
Additionally, RNA can regulate gene expression in-trans via intermolecular base pairing between mRNAs and 
noncoding (nc)RNAs such as micro (mi)RNAs10,11, as well as through interactions that mediate the epigenetic 
control of gene expression: e.g. the Xist long (l)ncRNA that associates with one of two X chromosomes in mam-
malian females and leads to chromosomal condensation and inactivation. A great deal of work has gone into 
identifying, understanding, and archiving cis- and trans-regulatory sites on human mRNAs. For example, the 
regulatory (reg)RNA12 web server contains a large repository of data on various motifs, such as splicing reg-
ulatory motifs, polyadenylation signals, and mRNA degradation elements; drawing from additional databases 
of cis-regulatory elements: e.g. ERPIN13, fRNAdb14, and Rfam15. The RBPMap web tool allows users to deduce 
primary sequence binding motifs on RNAs for a wide array of regulatory proteins16.

The list of new ncRNAs and novel functions of ncRNAs grows daily: however, this is likely only the “tip of the 
iceberg”. The current release of the human genome reference sequence (GRCh38.p10) is 3,088,269,832 base pairs 
(bp) long (Genome Reference Consortium). Approximately 90% of our genome is transcribed into RNA17 yet, 
only 1.5% encodes protein. This results in a staggering amount of potentially functional RNA to be characterized. 
Although some of this pervasively transcribed RNA may be “junk”, many of these sequences are differentially 
expressed (compiled within the NRED database18) in diseases such as cancer19–21, or under conditions of cellular 
stress22. Considerable effort is underway to identify and elucidate the functions of ncRNAs. A number of labs 
have been recording and annotating sequences recovered from high-throughput sequencing and more traditional 
molecular and cell biology approaches. Collections of ncRNA sequences are being built into databases such as 
Rfam15,23, lncRNAdb24,25, LNCipedia26,27, mirBASE28–32 and RNAcentral33–35. These important projects are com-
piling well-annotated and, in many cases, functionally validated ncRNAs alongside other valuable data. The RNA 
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families (Rfam) database, for example, contains entries for families of ncRNAs linked by homology. Rfam entries 
contains information describing ncRNA biosynthesis, localization, phylogenetic distribution and functional roles, 
as well as evolutionary conservation of primary sequence and, importantly, secondary structure. Conservation of 
secondary structure is a defining feature of ncRNAs and is used in essentially all ncRNA prediction programs36.

A powerful, and popular, program for genome-wide ncRNA prediction is RNAz37–40. This program is based 
on a support vector machine (SVM) that is trained on data from known ncRNAs contained within Rfam. Two 
primary training parameters are used for ncRNA classification: a structure conservation index (SCI), which 
measures conservation of secondary structure and a thermodynamic z-score, which measures the propensity of 
a particular sequence to form a defined and energetically stable structure. Typical ncRNAs have structures with 
high conservation and propensity to form structure. RNAz was previously used to scan through whole genome 
alignments comparing human vs. animal genomes (ranging in similarity down to zebrafish) to identify putative 
ncRNAs. This yielded >30,000 high-confidence predictions with ~1,000 that were conserved throughout all ver-
tebrates41. The identification of so many deeply conserved structured RNAs highlights their likely ubiquity and 
importance.

In both coding and noncoding RNAs, secondary structure plays key roles throughout their functions. The 
diversity of RNA functions and potential for physiological impact (much like with proteins) is made possible by 
the ability of RNA to fold into unique functional structures. Functional RNA structures form thermodynam-
ically stable base pairs that have been selected for by evolution42. This is the key principle behind the thermo-
dynamic z-score implemented in RNAz: functional RNAs have a more stable folding energy than randomized 
sequences. Specific folds can be recognized by regulatory proteins43, occlude/present functional motifs44, or alter 
the distance between functional sites45.The impact of RNA structure on alternative splicing, for example, has 
been particularly well-studied46,47. Additionally, awareness of the importance of non-specific RNA structure (e.g. 
regions that do not form particular folds or adopt dynamic structures) is growing. For example, thermodynam-
ically stable regions within open reading frames are proposed to modulate the speed of translation and thus 
affect protein folding48,49. RNA intramolecular thermodynamic stability is important in mediating its accessibility 
for intermolecular interactions: e.g. stable regions in UTRs are less accessible to miRNA binding, thus affecting 
miRNA-mediated gene silencing50. Dynamic RNA structure also has significance to disease: single nucleotide 
polymorphisms (SNPs) can affect RNA folding in ways that impede healthy function by disrupting specific motifs 
or altering conformational equilibria51,52.

Advances in sequencing technology will continue to massively expand the list of interesting RNA sequences 
and, excitingly, also provide information on secondary structure. Several in-vivo RNA structure probing tech-
niques have been developed to acquire transcriptome-wide folding information53. Snapshots of the human “RNA 
structurome” (ranging across tissue/cell types, disease states, and treatments with drugs) will become more 
common in the near future; informing our knowledge of human biology and advancing our understanding of 
pathogenesis. For this reason, and the reasons discussed above, it is critical to have a knowledge framework 
in place to understand the roles of RNA structure in human biology. This is the motivation for the creation of 
the RNAStructuromeDB. Here, we have compiled computed RNA folding information across the entire human 
genome, irrespective of whether or not it is known to be transcribed. The RNAStructuromeDB is a web-accessible 
(https://structurome.bb.iastate.edu) repository for investigators to obtain structural metrics for any RNA 
sequence originating from the human genome. To further aid investigators we have put the data into context 
by incorporating comprehensive Gencode annotations54 using the biological database schema Chado55. This 
allows the rapid comparison of differential gene expression data (e.g. to identify regulatory RNA structures) or 
transcriptome-wide RNA biochemical probing data against the RNAStructuromeDB facilitating these, and other 
types of studies.

Results and Discussion
The RNAStructuromeDB holds the results of a genome-wide computational analysis in which we folded the entire 
human genome. The results of this analysis are comprised of folding metrics which indicate every region of the 
genome’s propensity to generate structured RNA molecules. Tools have been built by which users can quickly 
download these metrics or use them to search for novel RNA structural elements or to assess the global folding 
properties of a transcript. Here we present the metrics that will aid in the investigation of RNA structure/function, 
and the tools which have been developed to view these metrics effectively.

Data types. To analyze a genome as large as the human genome requires fragmenting the sequence data into 
smaller pieces that are both computationally tractable, as well as biologically meaningful. The fragmentation 
approach taken in the construction of the RNAStructuromeDB is similar to those that were successfully used for 
the analysis of RNA structure in the human and other genomes39–41,56–58 as well as in specific lncRNAs59. Here 
we consider discrete, overlapping windows whose size was selected based on several considerations. Due to the 
kinetics of RNA folding, RNAs typically fold into structures composed of smaller motifs; for example, lncR-
NAs like HOTAIR (2,421 nt) are comprised of locally folding domains (4 domains), each containing many local 
substructures (e.g. RNA hairpins60). Additionally, the majority of known RNA sequences/structures archived in 
Rfam are short (<200 nt long). Incidentally, a window size spanning 100 to 150 nt was shown to be most accu-
rate at predicting base pairs in known cis-regulatory structures of large mRNA molecules (>85,000 nts long)61. 
Finally, folding algorithms scale O(N3) in time and O(N2) in memory, where N is the sequence length62; thus, 
shorter sequences, in addition to yielding more accurate predictions, can be folded more quickly and efficiently. 
With these factors in mind, a window size of 120 nt was selected to maximize the chance of encapsulating struc-
tured elements, while also optimizing prediction accuracy and computational resources. A step size of 40 nt was 
selected to ensure the entire genome is canvassed with multiple frames, increasing the likelihood of capturing all 
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structured elements. This window and step size resulted in the generation of 154,414,320 windows which were 
analyzed in both strand orientations.

For each window, five folding metrics were calculated and archived. The Gibb’s minimum free energy (MFE) 
of folding (ΔG), which estimates the thermodynamic stability of the most stable 2D conformation of an RNA 
given Turner nearest neighbor energy parameters63,64 (a set of experimentally measured values taken from the 
analysis of many small RNA motifs). The ΔG was calculated using the program RNAfold, which is a component 
of the ViennaRNA package63; predictions were made at 37 °C (human body temperature) and values are reported 
in kcal/mol. 2D structures associated with window MFE predictions were captured and archived in “dot-bracket" 
notation; here, paired nt are represented by matched brackets “()” and single stranded nt by dots “.”. To determine 
if the MFE ΔG depends on the nt order or composition, we compared the native sequence ΔG vs. in silico rand-
omized sequences with the same nt composition. In general, structured ncRNA molecules have lower (more 
stable) MFE values than random sequences of the same nucleotide composition65; a property which can be 
exploited for structured RNA motif discovery66. For each window, we report the thermodynamic z-score. The 
z-score is calculated by taking the difference between native MFE (ΔGnative) and the mean MFE of random 
sequences (ΔG )random , then normalizing by the standard deviation, as described in equation (1) in the Materials 
& Methods section. The z-score sign indicates if the native MFE is either lower (negative) or higher (positive) than 
ΔGrandom and its magnitude indicates the standard deviations ΔGnative is from ΔGrandom. A z-score less than −1, 
for example, indicates a ΔGnative which is one standard deviation lower than random. Negative z-score suggests 
that a sequence’s order was selected by evolution to fold into a stable structure42: e.g. if the order is important, 
shuffling nt will lead to less stable folds by disrupting native (evolved) pairing contacts that give the RNA thermo-
dynamic stability. Positive z-scores are harder to interpret, however, they could suggest regions of RNAs that are 
evolved to be more accessible/unstructured59. The z-score can also be qualified using the p-value, which is calcu-
lated as the fraction of ΔGrandom values with more thermodynamic stability than ΔGnative. This provides a measure 
of the z-score quality, where p-values close to zero indicate higher prediction confidence: few or no randomized 
sequences are more stable than the native sequence; this also indicates if the randomization number is high 
enough to yield reliable z-scores.

Two values are recorded which measure statistical properties of the RNA 2D folding ensemble: the ensemble 
diversity (ED) and the frequency of the MFE (fMFE) metrics. Structured RNAs have rough folding landscapes 
(with many “suboptimal” folds that are near in energy to the native MFE fold) and, in some cases, are capable of 
occupying several conformations. The probably of finding any of these structures within the Boltzmann ensem-
ble is mathematically described by the partition function67, which was calculated using RNAfold63. From this 
partition the ED is calculated by taking the average base-pair “distance” between all structures in the ensemble, 
where distance is defined as the number of base pairs different between structures65. The ED then, is a metric to 
mathematically signify the variety of folding structures within the ensemble (a low ED implies a small number 
of similar structures are present, while a high ED suggests several alternative folds or a lack of overall structure 
in the ensemble68). The fMFE metric is the probability of finding the MFE within the Boltzmann distribution of 
structures, where a high probability suggests the MFE structure is more likely to be the dominant fold.

The five archived metrics each suggest regions of the human genome that may generate RNAs with interesting 
folding properties. The MFE ΔG defines the thermodynamic stability, while the z-score suggests whether or not 
that stability is unusual (given the sequence composition). A region can have a very stable ΔG, but mediocre (or 
positive) z-scores because the order is unimportant vs., for example, the GC content. The p-value estimates the 
quality of the z-score. If almost every randomized sequence is less stable than native, then the likelihood of the 
order being significant is higher. The ED and fMFE indicate the diversity of the RNA folding ensemble in a region 
and how well-represented the MFE prediction is in the 2D structural ensemble, respectively. These can suggest 
which regions have well-defined folds (e.g. with low ED and high fMFE) or where folding may be diverse (e.g. 
dynamic regions or regulatory structural switches that have higher ED and low fMFE). Taken together, these 
metrics can also suggest which regions may be harboring functional structures. Overlapping windows with inter-
esting folding metrics can be concatenated to define larger regions of interest, which can then be used for com-
parative sequence/structure modeling69 or ncRNA prediction (e.g. using approaches such as RNAz37–40. Examples 
of how the metrics contained in the RNAStructuromeDB can be used are discussed below in the “Examples” 
subsections.

Data accessibility. There are three main methods for accessing the data: flat files, data tables, and via an 
interactive genome browser. Users can freely download raw data as flat files in generic feature format version three 
(GFF3) directly from the download page (https://structurome.bb.iastate.edu/downloads). GFF3 is a standardized 
file format developed by The Sequence Ontology70 for the sharing of genomic information in a unified manner 
and is compatible with several bioinformatics programs. This file contains each window’s sequence, coordinates, 
strand orientation (forward or reverse), MFE, z-score, p-value, ED, fMFE and dot-bracket 2D structure. This data 
format will allow interested end-users to parse out trends using their preferred methods or protocols; however, 
users may want to filter the metrics, downloading only information relevant to their needs/interests. Therefore, 
we have also created an interface where a user can filter and search for data based on any combination of genomic 
coordinates, Ensembl IDs, gene symbols, or folding metrics—facilitating varied inquiries. Investigators interested 
in multiple genes can quickly search for, populate, and download folding metrics coinciding with each gene as a 
single consolidated CSV (comma-separated values) file. Conversely, a user may have discovered an RNA mole-
cule lacking any established annotations; as long as coordinates are supplied, this user will find folding metrics 
for their novel transcript as well. This genome-wide analysis provides the freedom to obtain data from any known 
or novel transcript.

https://structurome.bb.iastate.edu/downloads
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The JBrowse genome browser provides significant insights into the structural landscape of each chromosome 
via a customizable visual interface. Within the JBrowse interface, folding metrics have been adapted to allow for 
rapid structural inferences to be made: they are displayed as bar graphs canvasing each chromosome sequence. 
Each folding metric (MFE, z-score, p-value, ED, and fMFE) has been split into separate graphical tracks that can 
be displayed parallel to genomic annotations. A user interested in a specific transcript will be able to observe the 
folding metrics of its constitutive features (exons, introns, and UTRs are all displayed with unique visualizations), 
while at the same time be able to see the folding metrics of the entire gene within greater genomic context. The 
human eye is very good at identifying patterns (e.g. within the structure of the data represented in the JBrowse 
tracks) and visualizing the genome, transcriptome and predicted RNA structurome simultaneously can facilitate 
discovery. Examples are given below.

Example 1: The MALAT1 lncRNA. Currently, thousands of lncRNAs have been discovered in the human 
transcriptome and a growing list has been assigned functions and are implicated in diseases such as cancer71–73; 
however, most lncRNAs and their functions remain uncharacterized73. One aspect of lncRNA function that 
remains controversial, is the role played by RNA secondary structure. Many reports describe extensive local 
or global folding for lncRNAs59,60,74; yet, statistical evidence of structure conservation remains tenuous75. It is 
worth noting that, even in the absence of high structural conservation, RNA folding can play functional roles76. 
Analyzing lncRNA folding landscapes and building 2D structural models of these molecules will aid in under-
standing their mechanisms of action (e.g. in detecting regulatory structural motifs) and, possibly, in developing 
therapeutic strategies77 to modulate function. lncRNAs tend be modular in structure, consisting of multiple struc-
tured domains78. Sliding window approaches for RNA structure detection are able to roughly define the extent 
of these domains59. The RNAStructuromeDB suggests these domains for all potential human lncRNAs with the 
folding metrics and local structural models necessary to begin to decipher the structure and function of these 
transcripts.

For example, MALAT1 (metastasis-associated lung adenocarcinoma transcript 1) is a highly conserved 
(throughout 20 mammalian species, including mouse and human79) lncRNA, which is involved in numerous cel-
lular processes (e.g. transcriptional regulation80, alternative splicing81, and cellular localization82) and implicated 
in disease states: such as cancer83 and diabetes84. Here, the RNAStructuromeDB data table interface is used to 
define the structured domains of MALAT1 (summarized in Fig. 1). Upon inputting the MALAT1 target (specified 
by genomic coordinates, gene symbol, or Ensembl ID), all overlapping folding metric windows are extracted from 
the DB. These can be browsed on the website or downloaded as a single CSV file. With these data, investigators 
can use any method to define structured regions; in this example, regions with overlapping windows having 
z-scores 1 σ more negative (< −1.70) than the average MALAT1 z-score (−0.51) were concatenated into domains 
(similar to previous work on the Xist lncRNA59). This resulted in seven domains (labeled I–VII in Table 1) likely 
to generate structured RNAs and 11 individual windows with z-scores less than −1.70. Concatenated domains 
range from 160 to 280 nt (comprising two to six overlapping windows). Interestingly, in addition to their low 
z-scores, the defined domains also have lower than average ΔGnative (in all but domain II) and ED scores (Table 1), 
suggesting stable folding with one (or few) dominant conformations in the structural ensemble. Structure mod-
els for individual windows can be analyzed directly from the RNAStructuromeDB. For example, domain VII 
contains a window (positions chr11:65,506,081–65,506,200) that contains a known structured element impor-
tant to MALAT1 maturation and that also has independent functions in the cell: the MALAT1-associated small 
cytoplasmic (masc)RNA85. The terminal window in this domain contains the predicted model of the mascRNA 
(highlighted in Fig. 1d), which correctly predicts the mascRNA tRNA-like folding this is essential to its function. 
Sequences corresponding to each longer domain can be used for structure modeling: e.g. using RNAfold locally 
or through the RNAfold web server86, be used for BLAST87 searches to identify homologs, aligned to related 
sequences, and used for consensus folding, comparative sequence/structure analyses and ncRNA prediction (e.g. 
using the RNAz server38–40). Links to all of these tools can be found on the RNAStructuromeDB website.

Example 2: The VEGFA gene. In 2008, the first human riboswitch was discovered in the mRNA of vascu-
lar endothelial growth factor-A (VEGFA)44. Within this mRNA, is a region of the 3′ UTR which can adopt two 
structural conformations, each of which leads to different translational levels of VEGFA. The adoption of either 
conformation is mediated by protein binding which occurs as a result of hypoxic signaling. When expressed in 
high abundance (under hypoxic conditions) the regulatory protein hnRNP L binds to the VEGFA riboswitch 
causing two sequences, known as the GAIT (gamma interferon inhibitor of translation) element and the stem sta-
bility sequence (Fig. 2d), to anneal to each other: inhibiting association with the GAIT complex and stimulating 
VEGFA expression. When hnRNP L is not highly expressed (under normoxic conditions), these elements form 
their own discrete hairpins (Fig. 2d) and the GAIT element is able to bind the GAIT complex repressing VEGFA 
expression.

Figure 2 shows the basic pipeline involved in using the genome browser. Upon opening the JBrowse tool, a 
user is able to input genomic coordinates or Ensembl ID and navigate to their region of interest. In the case of 
VEGFA, the Ensembl ID (ENSG00000112715.21) was entered to navigate to the genome coordinates. Graphical 
representations of folding metrics are displayed as tracks, which flank the VEGFA transcript model (Fig. 2a). 
Transcript models display exons (yellow), introns (black line), and UTRs (blue) as separate entities, allowing for 
quick visual analyses. VEGFA has a multitude of low z-score windows (197 windows below average), the majority 
of which (85%) lie within introns and UTRs. The lowest z-score window in the VEGFA gene resides in the 3′ 
UTR; excitingly, this window fully encompasses the VEGFA riboswitch, highlighting the utility of the metrics 
archived in the RNAStructuromeDB as well as the ease of picking out regions of interest visually using JBrowse. 
Users can highlight this region to “zoom in” to investigate that particular window (Fig. 2b).
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Individual windows can be selected to view a “pop-up” window (Fig. 2c) containing: folding metrics, RNA 
sequence, and a dot-bracket structure model (dot-bracket structures can be conveniently represented in 2D using 
the VARNA java applet88). Using VARNA, we annotated the 2D image with the key riboswitch elements (Fig. 2d). 
The model MFE structure archived in the RNAStructuromeDB recapitulates the translation permissive (TP) con-
formation that dominates under hypoxia, where the GAIT element and stem stability sequence are annealed to 
each other. The differences in the MFE model and the TP conformation described in the literature occur primarily 
at the hnRNP L binding site. The literature model is based on enzymatic probing of an in vitro generated construct 
that terminates 5 nt upstream of the hnRNP L interaction site. The MFE model, however, includes 13 additional 
upstream nt because of the window size used. These additional nt allow for the formation of a short hairpin stem 
that sequesters part of the hnRNP L binding site in a short hairpin loop (Fig. 2d). It is worth noting that the in 
vitro model for the TP conformer is poorly defined in this region: high reactivity spans the 5′ end and a strong 

Figure 1. Pipeline for defining “structural regions of interest” in MALAT1 lncRNA. (a) Folding metrics can be 
obtained by inputting a desired target in a data table interface and downloading a corresponding CSV file from 
a link at the bottom of the page. (b) Here, the CSV file is analyzed in excel to find windows with one standard 
deviation lower than average z-scores; implying their likelihood to contain structured RNA sequences. (c) These 
windows were concatenated to define larger regions of interest within the MALAT1 lncRNA (labeled I-VII).  
(d) One of these regions (VII*) contains a window which encompasses the mascRNA of MALAT1. The JBrowse 
popup of this window is shown; directly adjacent is the window’s sequence and MFE dot-bracket structure as 
visualized in VARNA (with annotation highlighting the mascRNA sequence shown in red).
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cleavage site occurs within one of the proposed helices in this model44. The MFE model posits novel interactions 
of the hnRNP L binding nt that may be biologically significant.

Example 3: Hyperedited regions. In addition to the most well-known RNA post-transcriptional modifi-
cations (splicing, capping, polyadenylation, tRNA base modifications, etc.) RNA molecules can undergo endog-
enous enzyme-mediated chemical modifications; a process known as RNA editing89. The most common editing 
event in the human cell, is that performed by the adenosine deaminase acting on RNA (ADAR) enzyme family: 
Adenosine to Inosine (A-to-I) deamination. These editing events are ubiquitous throughout the body90 and likely 
play a role in regulating gene expression91 and establishing disease states92. Inosine is recognized by most cellular 
machinery (as well as the enzymes used in RNA sequencing) as guanosine; indeed it is the A-to-G transitions 
observed as variants in sequencing reads that allows one to quantify the percent A-to-I editing at a nt93. Efforts 
towards creating an “inosinome Atlas” (by conducting whole genome and transcriptome sequencing of human 
cells to detect A-to-I editing events) resulted in the identification of ~3 million A-to-I editing sites90. Given their 
quantity, likely roles in regulating gene expression, and their implication in disease states it is important to gain 
insight into the structural features of A-to-I “hot-spots”.

ADAR enzymes have a strong preference for double stranded (ds)RNA regions94. ADAR editing was first 
described in helical regions of very long hairpins found in 3′ UTRs95,96 Subsequently, many editing sites were 
found; for example, within regions containing Alu elements97 whose inverted repeat structure facilitates hairpin 
formation. This structure-preference for ADAR makes the folding metrics within the RNAStructuromeDB par-
ticularly useful for interpreting patterns of A-to-I editing data. We utilized the customizability of JBrowse to visu-
alize A-to-I editing sites alongside folding metrics in order to examine the structural landscape corresponding to 
edited regions. We prepared tracks using data from a study which looked at RNA editing in human B cells91 where 
several transcripts were discovered to be hyperedited. For example, the formin binding protein 1 (FNBP1) tran-
script was found to have the most editing events (291) of any gene, and when viewed alongside folding metrics it 
was clear that predicted structured regions aligned well to editing sites (Fig. 3). A particularly striking example 
is the window with metrics shown in Fig. 3b (as well as the genome browser tracks shown in Fig. 3c and d); this 
window has not only a highly-negative z-score (almost five standard deviations more stable than random), but 
low (favorable) MFE, ED and high fMFE values as well. This window overlaps a cluster of five highly-edited sites, 
which are annotated on the predicted structure shown in Fig. 3e. Interestingly, in addition to the highly-stable 
hairpin in the individual window, concatenating adjacent windows which overlap editing sites (or are within 40 nt 
and have a less than average z-score) can define a larger hairpin structure (677 nt long) where this particular win-
dow forms the terminal hairpin stem loop (Figure S1). Nine out of the 15 windows overlapping this region had 
z-scores lower than the transcript average (Supplementary Table 1) showing how the sliding window approach 
can still be used to define domains > the window size used (120 nt in this case). In this particular region there 
have been two inverted Alu element insertions (Fig. 3d), which provide the complementarity for forming such a 
large stem structure. As this whole region is transcribed as part of an intron, it is possible for it to fold as predicted 

region

Position z-score (ΔGnative) ED

start end average minimum average minimum average minimum

— 65497841 65497960 — −2.27 — −47.4 — 18.51

I 65497961 65498240 −2.61 −2.94 −34.34 −42.7 14.24 5

— 65498201 65498320 — −2.14 — −32.6 — 16.36

— 65498281 65498400 — −2.56 — −53.9 — 7.34

II 65499361 65499600 −2.38 −2.49 −24.42 −25.9 11.37 8.23

— 65499961 65500080 — −2.06 — −21 — 12.38

III 65500161 65500320 −2.66 −2.7 −24.76 −26.2 12.08 12

IV 65501841 65502000 −2.57 −2.86 −28.26 −35.5 11.84 4.25

— 65502001 65502120 — −2.54 — −37.5 — 19.23

— 65502881 65503000 — −2.2 — −18 — 12.84

— 65503081 65503200 — −3.28 — −40.1 — 5.03

V 65503201 65503400 −2.72 −3.07 −33.49 −38.1 12.56 10.02

— 65504041 65504160 — −2.26 — −35 — 14.03

— 65504921 65505040 — −1.87 — −31.1 — 13.72

— 65505081 65505200 — −2.17 — −38.5 — 12.31

VI 65505281 65505560 −2.72 −3.08 −37.26 −44.3 21.44 17.56

— 65505601 65505720 — −2.23 — −38.4 — 7.1

VII* 65505961 65506200 −2.79 −3.25 −34.45 −36.1 16.02 12.72

full 65497681 65506600 −0.51 −3.28 −24.52 −59.6 24.99 4.25

Table 1. Low z-score windows and regions of MALAT1. Each region was defined as a low z-score region if 
it contained two or more consecutive windows with z-scores 1 σ lower (< −1.71) than the MALAT1 average 
(−0.50). Also reported is each region’s minimum and average ΔGnative (kcal/mol) and ensemble diversity (ED) 
value. Single windows with low z-scores (< −1.71) are also shown. Region names (I-VII) correspond to those 
shown in Fig. 1.
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into the long hairpin, which is structurally similar and similar in length to the long 3′ UTR hairpins described in 
earlier studies of ADAR editing95,96.

In addition to helping define the extent of structured domains recognized by ADAR (which could facili-
tate the design of assays to study editing, by removing/adding domains to reporters, etc.) the information in 
the RNAStructuromeDB can also offer insights into the detailed structural contexts of A-to-I editing sites. The 
primary sequence context of these editing sites is being investigated, with insights being made into flanking 
nucleotide preferences90 and tools have been created that predict editing sites based on these primary sequence 
rules98; the RNAStructuromeDB may enhance these investigations by providing secondary structure context. For 
example, we can compare the percent editing at an individual site to its structural context. In Fig. 3e, three editing 
sites occur in AU pairs (two flanked by Watson-Crick pairs, and the other at the end of a helix upstream of a 3 
nt bulge-loop) and two occur in internal loops opposite to cytosine residues. In all cases the inosine substitution 
would be expected to minimally disrupt folding energy (AU to IU pairs) or enhance stability (AC mismatch to IC 
pair). Additionally, the flanking nearest-neighbor nt can also affect stability. Thus, the folding information in the 
RNAStructuromeDB might be able to help discern sequence/structural features of editing hot spots that can help 
predict sites of editing as well as the effect of editing on RNA folding.

Conclusion
The RNAStructuromeDB is a repository of useful RNA folding metrics and a powerful vehicle for exploring the 
human genome via RNA structure. It allows users to browse, access, and retrieve the data quickly and flexibly, 
which will facilitate a wide array of researches. We presented three examples of how this database can be used: 
to generate a map of RNA folding throughout the MALAT1 lncRNA, VEGFA gene, and FNBP1 transcript. In 
each example, global properties of folding (e.g. the enrichment for stable folding in intronic or UTR regions), as 
well as the identification of functional motifs (e.g. the identification and modeling of the VEGFA riboswitch and 
stable hairpin in FNBP1) could be quickly deduced. We anticipate that this tool will have many applications both 
in basic research and in the therapeutic targeting of disease-associated human RNAs.

Materials and Methods
Overview. Our database is housed on a Red Hat Enterprise Linux (RHEL7) server (provided by the Research 
IT group at Iowa State University http://researchit.las.iastate.edu) running Postgres 9.2, with all computational 

Figure 2. JBrowse target identification pipeline. (a) The general JBrowse interface is shown with all five forward 
strand metrics shown as bigWig tracks. The z-score and ensemble diversity tracks have been set to pivot in color 
around their global mean values. The “Human transcript models” track visualizes transcripts from the Gencode 
comprehensive set (v26) showing UTRs in blue, exons in yellow, and introns in black. Here we have collapsed 
all transcripts in the area into a single entity via the JBrowse user interface. (b) The lowest z-score window of the 
region has been highlighted and focused on to identify and select the corresponding window (yellow rectangle 
which we have outlined with a thick black border). (c) Upon clicking this window in JBrowse, a pop-up is 
generated which reports all corresponding metrics. (d) The sequence and MFE dot-bracket structure were 
viewed and annotated in VARNA to show where the predicted structure overlaps with the previously described 
VEGFA riboswitch. Functional sites are color annotated and labeled.

http://researchit.las.iastate.edu
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and genomic data stored within the Chado schema. Folding metrics were calculated on Iowa State University’s 
High Powered Compute cluster using RNAfold (version 2.2.10) and Perl (version 5). The website pages were built 
using Iowa State University’s Luggage platform (http://luggagedocs.info/), which is constructed on an underlying 
Drupal 7 framework. Tripal99,100 (version 2.1) was used to upload all data into the Chado schema and populate 
page “views” by later pulling relevant data from the Chado schema. JBrowse API (https://github.com/isubit/tri-
pal_jbrowse_api) was used to generate JBrowse tracks directly from the Chado schema. An overview of this 
procedure is indicated in Fig. 4.

Genomic sequence and annotations files. This analytical approach utilizes FASTA chromosomal DNA 
sequence files as input. For the human genome, the standardized reference sequence is generated by the Human 
Genome Reference Consortium. The latest major release of this human genome reference sequence (GRCh38/
hg38) was acquired from Ensembl FTP server (ftp://ftp.ensembl.org/pub/release-90/fasta/homo_sapiens/dna/) 
as 24 separate chromosomal FASTA files (consisting of unmasked DNA sequence). Regions of sequence ambi-
guity and/or difficult to sequence nucleotides are depicted as the character “N” and were not considered in any 
calculations, but remain as placeholders within corresponding windows. Comprehensive Gencode genome anno-
tations54 (release 26) were acquired from Gencode directly in the form of GFF3 files (ftp://ftp.sanger.ac.uk/pub/
gencode/Gencode_human/release_26/gencode.v26.annotation.gff3.gz).

RNA structure, partition function and z-score calculations. Each chromosomal FASTA file supplied 
the underlying sequence for metric calculations, and was analyzed every 40 nt using 120 nt windows. Each win-
dow fragment is run through RNAfold to calculate its MFE (value and fold) and partition function at 37 °C. 

Figure 3. Mapping A-to-I editing events in the FNBP1 transcript. (a) A-to-I editing event frequencies (0 to 1) 
observed in ref.88 were converted to bigWig tracks and added to JBrowse via the native user interface; editing 
frequencies are shown (in-blue) directly above nine transcript models of FNBP1 from Gencode annotations 
(v26). Transcript model models depict individual transcripts with their UTRs in blue, exons in yellow, and 
introns as black lines. (b) A detailed pop-up of an interesting window located within this region is pictured. 
(c) This window then is highlighted in yellow and shown in greater detail using JBrowse. (d) Further zooming 
towards this window (yellow rectangle outlined in black) we can see that it overlaps five A-to-I editing sites, and 
spans the region between two inverted Alu elements. (e) The folding structure of this window is shown with its 
A-to-I editing sites and editing frequencies shown in red.

http://luggageocs.info/
https://github.com/isubit/tripal_jbrowse_api
https://github.com/isubit/tripal_jbrowse_api
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To account for the reverse strand, each fragment is also converted to its reverse complement and run through 
the same process in a parallel script. Partition function calculations output an ensemble diversity score and an 
fMFE in the ensemble value for each window. Each “native” window sequence is then scrambled to produce 30 
randomized versions which are run through RNAfold to calculate their MFE values as well. The MFE values of 
the native sequences are then compared to the MFE values of random sequences to generate a thermodynamic 
z-score, calculated with a method adapted from Clote et al.66 as illustrated in the following equation:

σ
− =

Δ − Δz score G G
(1)

native random

The randomization number was optimized to yield converged z-score values using the minimal randomization 
number. As a measure of z-score quality, we also calculate the fraction of MFE values that were lower than the 
native (the p-value) using Perl operations.

Figure 4. Overview of RNAStructuromeDB construction. (a) The human genome was fragmented into 154 
million windows, with each scrambled thirty times using a Perl script. (b) This resulted in over 4.5 billion 
sequences to be folded in RNAfold and utilized in the creation of all folding metrics. (c) Folding metrics, 
chromosomal fasta files, and genomic annotations were all uploaded to the Chado schema using the Tripal API. 
Each set of data references the same underlying human genome sequence (hg38/GRCh38), a fact which allows 
Tripal to relate all data sets based on their respective coordinates. (d) This data (now related within the Chado 
schema) is pulled from the Chado schema on demand via the Tripal JBrowse API and used to generate tracks 
on the JBrowse genome browser. (e) In a separate process, Tripal is also able to populate tables for our data-table 
interface by acting as an interface between Chado and Drupal/Luggage.
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Database web development. Web-based interfaces were prepared to put folding metric output into 
genomic context. An example of the pipeline used to generate the RNAStructuromeDB is shown in Fig. 4. Data 
tables were constructed by linking genome annotations to folding metrics based on genomic coordinates (when-
ever such relationships existed) and made available as searchable and downloadable CSV files; a preview of the 
data can be found alongside download links on the “Data Search” and “Gene Search” web pages, where users 
can view the data from individual windows and find links to view the corresponding MFE structures in forna101. 
Folding metric windows and Gencode annotations were also prepared as feature tracks for the JBrowse genome 
browsing interface; each folding metric window is displayed as a feature with directionality and each gene was visu-
alized as “processed transcripts” (in order to visualize directionality, underlying exons, and UTRs when appropriate). 
Additionally, each folding metric (MFE, z-score, p-value, ED, and fMFE) was extracted and prepared as separate big-
Wig tracks for both forward and reverse strands – with each folding metric window trimmed to span only its initial 
40 nt, allowing for proper visualization of each metric as a bar graph. We have left JBrowse customizable: users are 
given the option to upload tracks (in BAM, BED, bigWig, VCF, or FASTA formats) alongside RNAStructuromeDB 
metrics. Users are also able to download data from every track (whole sets or selected regions).

MALAT1 Example. MALAT1 metrics were obtained from https://structurome.bb.iastate.edu/folding-metric- 
feature-search by filtering using Ensembl ID (ENSG00000251562.7) and downloading via the CSV link in the 
webpage. Statistical analyses were performed and graphs/tables were generated in Excel.

VEGFA Example. VEGFA was navigated to at https://structurome.bb.iastate.edu/jbrowse/ by inputting its 
Ensembl ID (ENSG00000112715.21). All data was gathered from the JBrowse interface directly. All structures 
were generated using VARNA and annotated as described in Ray, et al.

FNBP1 Example. A-to-I editing sites were obtained from ref.88 supplemental table five. Genomic coordi-
nates were converted from human genome reference version hg18 to version hg38 using the UCSC reference 
conversion tool: https://genome.ucsc.edu/cgi-bin/hgLiftOver. Converted coordinates were then used to create 
bigWig tracks for each nucleotide site. These tracks were uploaded directly to JBrowse from the user interface for 
visualization along with folding metrics.

Data availability. The datasets generated during the current study are available in the RNAStructuromeDB 
downloads repository, https://structurome.bb.iastate.edu/downloads or from corresponding author on reason-
able request.

References
 1. Serganov, A. & Patel, D. J. Ribozymes, riboswitches and beyond: regulation of gene expression without proteins. Nat Rev Genet 8, 

776–790, https://doi.org/10.1038/nrg2172 (2007).
 2. Kruger, K. et al. Self-splicing RNA: autoexcision and autocyclization of the ribosomal RNA intervening sequence of Tetrahymena. 

Cell 31, 147–157 (1982).
 3. Kloc, M., Zearfoss, N. R. & Etkin, L. D. Mechanisms of subcellular mRNA localization. Cell 108, 533–544 (2002).
 4. Belmont, B. J. & Niles, J. C. Inducible control of subcellular RNA localization using a synthetic protein-RNA aptamer interaction. 

PLoS One 7, e46868, https://doi.org/10.1371/journal.pone.0046868 (2012).
 5. Ossenbuhl, F. & Nickelsen, J. cis- and trans-Acting determinants for translation of psbD mRNA in Chlamydomonas reinhardtii. 

Mol Cell Biol 20, 8134–8142 (2000).
 6. Lee, N., Yario, T. A., Gao, J. S. & Steitz, J. A. EBV noncoding RNA EBER2 interacts with host RNA-binding proteins to regulate viral 

gene expression. Proc Natl Acad Sci USA 113, 3221–3226, https://doi.org/10.1073/pnas.1601773113 (2016).
 7. Matoulkova, E., Michalova, E., Vojtesek, B. & Hrstka, R. The role of the 3′ untranslated region in post-transcriptional regulation of 

protein expression in mammalian cells. RNA Biol 9, 563–576, https://doi.org/10.4161/rna.20231 (2012).
 8. Graveley, B. R. Mutually exclusive splicing of the insect Dscam pre-mRNA directed by competing intronic RNA secondary 

structures. Cell 123, 65–73, https://doi.org/10.1016/j.cell.2005.07.028 (2005).
 9. Brown, J. T. & Johnson, A. W. A cis-acting element known to block 3′ mRNA degradation enhances expression of polyA-minus 

mRNA in wild-type yeast cells and phenocopies a ski mutant. RNA 7, 1566–1577 (2001).
 10. Farh, K. K. et al. The widespread impact of mammalian MicroRNAs on mRNA repression and evolution. Science 310, 1817–1821, 

https://doi.org/10.1126/science.1121158 (2005).
 11. Georges, M., Coppieters, W. & Charlier, C. Polymorphic miRNA-mediated gene regulation: contribution to phenotypic variation 

and disease. Curr Opin Genet Dev 17, 166–176, https://doi.org/10.1016/j.gde.2007.04.005 (2007).
 12. Chang, T. H. et al. An enhanced computational platform for investigating the roles of regulatory RNA and for identifying 

functional RNA motifs. BMC Bioinformatics 14(Suppl 2), S4, https://doi.org/10.1186/1471-2105-14-S2-S4 (2013).
 13. Lambert, A. et al. The ERPIN server: an interface to profile-based RNA motif identification. Nucleic Acids Res 32, W160–165, 

https://doi.org/10.1093/nar/gkh418 (2004).
 14. Kin, T. et al. fRNAdb: a platform for mining/annotating functional RNA candidates from non-coding RNA sequences. Nucleic 

Acids Res 35, D145–148, https://doi.org/10.1093/nar/gkl837 (2007).
 15. Griffiths-Jones, S., Bateman, A., Marshall, M., Khanna, A. & Eddy, S. R. Rfam: an RNA family database. Nucleic Acids Res 31, 

439–441 (2003).
 16. Paz, I., Kosti, I., Ares, M. Jr., Cline, M. & Mandel-Gutfreund, Y. RBPmap: a web server for mapping binding sites of RNA-binding 

proteins. Nucleic Acids Res 42, W361–367, https://doi.org/10.1093/nar/gku406 (2014).
 17. Dinger, M. E., Amaral, P. P., Mercer, T. R. & Mattick, J. S. Pervasive transcription of the eukaryotic genome: functional indices and 

conceptual implications. Brief Funct Genomic Proteomic 8, 407–423, https://doi.org/10.1093/bfgp/elp038 (2009).
 18. Dinger, M. E. et al. NRED: a database of long noncoding RNA expression. Nucleic Acids Res 37, D122–126, https://doi.org/10.1093/

nar/gkn617 (2009).
 19. Zhang, J., Fan, D., Jian, Z., Chen, G. G. & Lai, P. B. Cancer Specific Long Noncoding RNAs Show Differential Expression Patterns 

and Competing Endogenous RNA Potential in Hepatocellular Carcinoma. PLoS One 10, e0141042, https://doi.org/10.1371/
journal.pone.0141042 (2015).

 20. Li, C. et al. Differential expression profiles of long non-coding RNAs reveal potential biomarkers for identification of human gastric 
cancer. Oncol Rep 35, 1529–1540, https://doi.org/10.3892/or.2015.4531 (2016).

https://structurome.bb.iastate.edu/folding-metric-feature-search
https://structurome.bb.iastate.edu/folding-metric-feature-search
https://structurome.bb.iastate.edu/jbrowse/
https://genome.ucsc.edu/cgi-bin/hgLiftOver
https://structurome.bb.iastate.edu/downloads
http://dx.doi.org/10.1038/nrg2172
http://dx.doi.org/10.1371/journal.pone.0046868
http://dx.doi.org/10.1073/pnas.1601773113
http://dx.doi.org/10.4161/rna.20231
http://dx.doi.org/10.1016/j.cell.2005.07.028
http://dx.doi.org/10.1126/science.1121158
http://dx.doi.org/10.1016/j.gde.2007.04.005
http://dx.doi.org/10.1186/1471-2105-14-S2-S4
http://dx.doi.org/10.1093/nar/gkh418
http://dx.doi.org/10.1093/nar/gkl837
http://dx.doi.org/10.1093/nar/gku406
http://dx.doi.org/10.1093/bfgp/elp038
http://dx.doi.org/10.1093/nar/gkn617
http://dx.doi.org/10.1093/nar/gkn617
http://dx.doi.org/10.1371/journal.pone.0141042
http://dx.doi.org/10.1371/journal.pone.0141042
http://dx.doi.org/10.3892/or.2015.4531


www.nature.com/scientificreports/

1 1Scientific REPORtS | 7: 17269  | DOI:10.1038/s41598-017-17510-y

 21. Peng, F. D. et al. Differential expression analysis at the individual level reveals a lncRNA prognostic signature for lung 
adenocarcinoma. Molecular Cancer 16, ARTN 98, https://doi.org/10.1186/s12943-017-0666-z (2017).

 22. Vilborg, A., Passarelli, M. C., Yario, T. A., Tycowski, K. T. & Steitz, J. A. Widespread Inducible Transcription Downstream of 
Human Genes. Mol Cell 59, 449–461, https://doi.org/10.1016/j.molcel.2015.06.016 (2015).

 23. Nawrocki, E. P. et al. Rfam 12.0: updates to the RNA families database. Nucleic Acids Res 43, D130–137, https://doi.org/10.1093/
nar/gku1063 (2015).

 24. Amaral, P. P., Clark, M. B., Gascoigne, D. K., Dinger, M. E. & Mattick, J. S. lncRNAdb: a reference database for long noncoding 
RNAs. Nucleic Acids Res 39, D146–151, https://doi.org/10.1093/nar/gkq1138 (2011).

 25. Quek, X. C. et al. lncRNAdb v2.0: expanding the reference database for functional long noncoding RNAs. Nucleic Acids Research 
43, D168–D173, https://doi.org/10.1093/nar/gku988 (2015).

 26. Volders, P. J. et al. An update on LNCipedia: a database for annotated human lncRNA sequences. Nucleic Acids Res 43, 4363–4364, 
https://doi.org/10.1093/nar/gkv295 (2015).

 27. Volders, P. J. et al. LNCipedia: a database for annotated human lncRNA transcript sequences and structures. Nucleic Acids Res 41, 
D246–251, https://doi.org/10.1093/nar/gks915 (2013).

 28. Kozomara, A. & Griffiths-Jones, S. miRBase: integrating microRNA annotation and deep-sequencing data. Nucleic Acids Res 39, 
D152–157, https://doi.org/10.1093/nar/gkq1027 (2011).

 29. Griffiths-Jones, S., Saini, H. K., van Dongen, S. & Enright, A. J. miRBase: tools for microRNA genomics. Nucleic Acids Res 36, 
D154–158, https://doi.org/10.1093/nar/gkm952 (2008).

 30. Griffiths-Jones, S., Grocock, R. J., van Dongen, S., Bateman, A. & Enright, A. J. miRBase: microRNA sequences, targets and gene 
nomenclature. Nucleic Acids Res 34, D140–144, https://doi.org/10.1093/nar/gkj112 (2006).

 31. Kozomara, A. & Griffiths-Jones, S. miRBase: annotating high confidence microRNAs using deep sequencing data. Nucleic Acids 
Research 42, D68–D73, https://doi.org/10.1093/nar/gkt1181 (2014).

 32. Griffiths-Jones, S. The microRNA Registry. Nucleic Acids Res 32, D109–111, https://doi.org/10.1093/nar/gkh023 (2004).
 33. The, R. C. RNAcentral: a comprehensive database of non-coding RNA sequences. Nucleic Acids Res 45, D128–D134, https://doi.

org/10.1093/nar/gkw1008 (2017).
 34. Consortium, R. N. RNAcentral: an international database of ncRNA sequences. Nucleic Acids Res 43, D123–129, https://doi.

org/10.1093/nar/gku991 (2015).
 35. Bateman, A. et al. RNAcentral: A vision for an international database of RNA sequences. RNA 17, 1941–1946, https://doi.

org/10.1261/rna.2750811 (2011).
 36. Panwar, B., Arora, A. & Raghava, G. P. S. Prediction and classification of ncRNAs using structural information. Bmc Genomics 15, 

Artn 127 https://doi.org/10.1186/1471-2164-15-127 (2014).
 37. Gruber, A. R., Neuboeck, R., Hofacker, I. L. & Washietl, S. The RNAz web server: prediction of thermodynamically stable and 

evolutionarily conserved RNA structures. Nucleic Acids Research 35, W335–W338, https://doi.org/10.1093/nar/gkm222 (2007).
 38. Gruber, A. R., Findeiss, S., Washietl, S., Hofacker, I. L. & Stadler, P. F. RNAz 2.0: improved noncoding RNA detection. Pac Symp 

Biocomput, 69–79 (2010).
 39. Washietl, S. & Hofacker, I. L. Identifying structural noncoding RNAs using RNAz. Curr Protoc Bioinformatics Chapter 12, Unit 12 

17, https://doi.org/10.1002/0471250953.bi1207s19 (2007).
 40. Washietl, S. Prediction of structural noncoding RNAs with RNAz. Methods Mol Biol 395, 503–526 (2007).
 41. Washietl, S. et al. Structured RNAs in the ENCODE selected regions of the human genome. Genome Res 17, 852–864, https://doi.

org/10.1101/gr.5650707 (2007).
 42. Qu, Z. & Adelson, D. L. Evolutionary conservation and functional roles of ncRNA. Front Genet 3, 205, https://doi.org/10.3389/

fgene.2012.00205 (2012).
 43. Battle & Doudna.. The stem-loop binding protein forms a highly stable and specific complex with the 3′ stem-loop of histone 

mRNAs (vol 7, pg 123, 2001). Rna-a Publication of the Rna Society 7, 642–643 (2001).
 44. Ray, P. S. et al. A stress-responsive RNA switch regulates VEGFA expression. Nature 457, 915–919, https://doi.org/10.1038/

nature07598 (2009).
 45. Buratti, E. & Baralle, F. E. Influence of RNA secondary structure on the pre-mRNA splicing process. Molecular and Cellular Biology 

24, 10505–10514, https://doi.org/10.1128/Mcb.24.24.10505-10514.2004 (2004).
 46. Lin, C. L., Taggart, A. J. & Fairbrother, W. G. RNA structure in splicing: An evolutionary perspective. RNA Biol 13, 766–771, 

https://doi.org/10.1080/15476286.2016.1208893 (2016).
 47. Plass, M., Codony-Servat, C., Ferreira, P. G., Vilardell, J. & Eyras, E. RNA secondary structure mediates alternative 3′ss selection in 

Saccharomyces cerevisiae. RNA 18, 1103–1115, https://doi.org/10.1261/rna.030767.111 (2012).
 48. Faure, G., Ogurtsov, A. Y., Shabalina, S. A. & Koonin, E. V. Adaptation of mRNA structure to control protein folding. RNA Biol, 0, 

https://doi.org/10.1080/15476286.2017.1349047 (2017).
 49. Faure, G., Ogurtsov, A. Y., Shabalina, S. A. & Koonin, E. V. Role of mRNA structure in the control of protein folding. Nucleic Acids 

Res 44, 10898–10911, https://doi.org/10.1093/nar/gkw671 (2016).
 50. Minguzzi, S., Selcuklu, S. D., Spillane, C. & Parle-McDermott, A. An NTD-associated polymorphism in the 3′ UTR of MTHFD1L 

can affect disease risk by altering miRNA binding. Hum Mutat 35, 96–104, https://doi.org/10.1002/humu.22459 (2014).
 51. Salari, R., Kimchi-Sarfaty, C., Gottesman, M. M. & Przytycka, T. M. Sensitive measurement of single-nucleotide polymorphism-

induced changes of RNA conformation: application to disease studies. Nucleic Acids Res 41, 44–53, https://doi.org/10.1093/nar/
gks1009 (2013).

 52. Halvorsen, M., Martin, J. S., Broadaway, S. & Laederach, A. Disease-associated mutations that alter the RNA structural ensemble. 
PLoS Genet 6, e1001074, https://doi.org/10.1371/journal.pgen.1001074 (2010).

 53. Bevilacqua, P. C., Ritchey, L. E., Su, Z. & Assmann, S. M. Genome-Wide Analysis of RNA Secondary Structure. Annu Rev Genet 50, 
235–266, https://doi.org/10.1146/annurev-genet-120215-035034 (2016).

 54. Harrow, J. et al. GENCODE: the reference human genome annotation for The ENCODE Project. Genome Res 22, 1760–1774, 
https://doi.org/10.1101/gr.135350.111 (2012).

 55. Mungall, C. J. & Emmert, D. B. A Chado case study: an ontology-based modular schema for representing genome-associated 
biological information. Bioinformatics 23, I337–I346, https://doi.org/10.1093/bioinformatics/btm189 (2007).

 56. Moss, W. N., Priore, S. F. & Turner, D. H. Identification of potential conserved RNA secondary structure throughout influenza A 
coding regions. RNA 17, 991–1011, https://doi.org/10.1261/rna.2619511 (2011).

 57. Moss, W. N. & Steitz, J. A. Genome-wide analyses of Epstein-Barr virus reveal conserved RNA structures and a novel stable intronic 
sequence RNA. BMC Genomics 14, 543, https://doi.org/10.1186/1471-2164-14-543 (2013).

 58. Kavanaugh, L. A. & Dietrich, F. S. Non-coding RNA prediction and verification in Saccharomyces cerevisiae. PLoS Genet 5, 
e1000321, https://doi.org/10.1371/journal.pgen.1000321 (2009).

 59. Fang, R., Moss, W. N., Rutenberg-Schoenberg, M. & Simon, M. D. Probing Xist RNA Structure in Cells Using Targeted Structure-
Seq. PLoS Genet 11, e1005668, https://doi.org/10.1371/journal.pgen.1005668 (2015).

 60. Somarowthu, S. et al. HOTAIR forms an intricate and modular secondary structure. Mol Cell 58, 353–361, https://doi.
org/10.1016/j.molcel.2015.03.006 (2015).

 61. Lange, S. J. et al. Global or local? Predicting secondary structure and accessibility in mRNAs. Nucleic Acids Res 40, 5215–5226, 
https://doi.org/10.1093/nar/gks181 (2012).

http://dx.doi.org/10.1186/s12943-017-0666-z
http://dx.doi.org/10.1016/j.molcel.2015.06.016
http://dx.doi.org/10.1093/nar/gku1063
http://dx.doi.org/10.1093/nar/gku1063
http://dx.doi.org/10.1093/nar/gkq1138
http://dx.doi.org/10.1093/nar/gku988
http://dx.doi.org/10.1093/nar/gkv295
http://dx.doi.org/10.1093/nar/gks915
http://dx.doi.org/10.1093/nar/gkq1027
http://dx.doi.org/10.1093/nar/gkm952
http://dx.doi.org/10.1093/nar/gkj112
http://dx.doi.org/10.1093/nar/gkt1181
http://dx.doi.org/10.1093/nar/gkh023
http://dx.doi.org/10.1093/nar/gkw1008
http://dx.doi.org/10.1093/nar/gkw1008
http://dx.doi.org/10.1093/nar/gku991
http://dx.doi.org/10.1093/nar/gku991
http://dx.doi.org/10.1261/rna.2750811
http://dx.doi.org/10.1261/rna.2750811
http://dx.doi.org/10.1186/1471-2164-15-127
http://dx.doi.org/10.1093/nar/gkm222
http://dx.doi.org/10.1002/0471250953.bi1207s19
http://dx.doi.org/10.1101/gr.5650707
http://dx.doi.org/10.1101/gr.5650707
http://dx.doi.org/10.3389/fgene.2012.00205
http://dx.doi.org/10.3389/fgene.2012.00205
http://dx.doi.org/10.1038/nature07598
http://dx.doi.org/10.1038/nature07598
http://dx.doi.org/10.1128/Mcb.24.24.10505-10514.2004
http://dx.doi.org/10.1080/15476286.2016.1208893
http://dx.doi.org/10.1261/rna.030767.111
http://dx.doi.org/10.1080/15476286.2017.1349047
http://dx.doi.org/10.1093/nar/gkw671
http://dx.doi.org/10.1002/humu.22459
http://dx.doi.org/10.1093/nar/gks1009
http://dx.doi.org/10.1093/nar/gks1009
http://dx.doi.org/10.1371/journal.pgen.1001074
http://dx.doi.org/10.1146/annurev-genet-120215-035034
http://dx.doi.org/10.1101/gr.135350.111
http://dx.doi.org/10.1093/bioinformatics/btm189
http://dx.doi.org/10.1261/rna.2619511
http://dx.doi.org/10.1186/1471-2164-14-543
http://dx.doi.org/10.1371/journal.pgen.1000321
http://dx.doi.org/10.1371/journal.pgen.1005668
http://dx.doi.org/10.1016/j.molcel.2015.03.006
http://dx.doi.org/10.1016/j.molcel.2015.03.006
http://dx.doi.org/10.1093/nar/gks181


www.nature.com/scientificreports/

1 2Scientific REPORtS | 7: 17269  | DOI:10.1038/s41598-017-17510-y

 62. Venkatachalam, B., Gusfield, D. & Frid, Y. Faster algorithms for RNA-folding using the Four-Russians method. Algorithm Mol Biol 
9, Artn 5 https://doi.org/10.1186/1748-7188-9-5 (2014).

 63. Lorenz, R. et al. ViennaRNA Package 2.0. Algorithms Mol Biol 6, 26, https://doi.org/10.1186/1748-7188-6-26 (2011).
 64. Mathews, D. H., Sabina, J., Zuker, M. & Turner, D. H. Expanded sequence dependence of thermodynamic parameters improves 

prediction of RNA secondary structure. J Mol Biol 288, 911–940, https://doi.org/10.1006/jmbi.1999.2700 (1999).
 65. Freyhult, E., Gardner, P. P. & Moulton, V. A comparison of RNA folding measures. BMC Bioinformatics 6, 241, https://doi.

org/10.1186/1471-2105-6-241 (2005).
 66. Clote, P., Ferre, F., Kranakis, E. & Krizanc, D. Structural RNA has lower folding energy than random RNA of the same dinucleotide 

frequency. RNA 11, 578–591, https://doi.org/10.1261/rna.7220505 (2005).
 67. McCaskill, J. S. The equilibrium partition function and base pair binding probabilities for RNA secondary structure. Biopolymers 

29, 1105–1119, https://doi.org/10.1002/bip.360290621 (1990).
 68. Martin, J. S. Describing the Structural Diversity within anRNA’s Ensemble. Entropy-Switz 16, 1331–1348, https://doi.org/10.3390/

e16031331 (2014).
 69. Moss, W. N. Computational prediction of RNA secondary structure. Methods Enzymol 530, 3–65, https://doi.org/10.1016/B978-0-

12-420037-1.00001-4 (2013).
 70. Eilbeck, K. et al. The Sequence Ontology: a tool for the unification of genome annotations. Genome Biol 6, R44, https://doi.

org/10.1186/gb-2005-6-5-r44 (2005).
 71. Qiu, M. T., Hu, J. W., Yin, R. & Xu, L. Long noncoding RNA: an emerging paradigm of cancer research. Tumour Biol 34, 613–620, 

https://doi.org/10.1007/s13277-013-0658-6 (2013).
 72. Batista, P. J. & Chang, H. Y. Long noncoding RNAs: cellular address codes in development and disease. Cell 152, 1298–1307, 

https://doi.org/10.1016/j.cell.2013.02.012 (2013).
 73. Iyer, M. K. et al. The landscape of long noncoding RNAs in the human transcriptome. Nat Genet 47, 199–208, https://doi.

org/10.1038/ng.3192 (2015).
 74. Novikova, I. V., Hennelly, S. P. & Sanbonmatsu, K. Y. Structural architecture of the human long non-coding RNA, steroid receptor 

RNA activator. Nucleic Acids Res 40, 5034–5051, https://doi.org/10.1093/nar/gks071 (2012).
 75. Rivas, E., Clements, J. & Eddy, S. R. A statistical test for conserved RNA structure shows lack of evidence for structure in lncRNAs. 

Nat Methods 14, 45–48, https://doi.org/10.1038/nmeth.4066 (2017).
 76. Mao, Y. H., Li, Q., Wang, W. T., Liang, P. Q. & Tao, S. H. Number Variation of High Stability Regions Is Correlated with Gene 

Functions. Genome Biology and Evolution 5, 484–493, https://doi.org/10.1093/gbe/evt020 (2013).
 77. Parasramka, M. A., Maji, S., Matsuda, A., Yan, I. K. & Patel, T. Long non-coding RNAs as novel targets for therapy in hepatocellular 

carcinoma. Pharmacol Therapeut 161, 67–78, https://doi.org/10.1016/j.pharmthera.2016.03.004 (2016).
 78. Mercer, T. R. & Mattick, J. S. Structure and function of long noncoding RNAs in epigenetic regulation. Nat Struct Mol Biol 20, 

300–307, https://doi.org/10.1038/nsmb.2480 (2013).
 79. Ma, X. Y. et al. Malat1 as an evolutionarily conserved lncRNA, plays a positive role in regulating proliferation and maintaining 

undifferentiated status of early-stage hematopoietic cells. Bmc Genomics 16, ARTN 676 https://doi.org/10.1186/s12864-015-1881-x 
(2015).

 80. Engreitz, J. M. et al. RNA-RNA interactions enable specific targeting of noncoding RNAs to nascent Pre-mRNAs and chromatin 
sites. Cell 159, 188–199, https://doi.org/10.1016/j.cell.2014.08.018 (2014).

 81. Tripathi, V. et al. The nuclear-retained noncoding RNA MALAT1 regulates alternative splicing by modulating SR splicing factor 
phosphorylation. Mol Cell 39, 925–938, https://doi.org/10.1016/j.molcel.2010.08.011 (2010).

 82. Yang, L. Q. et al. ncRNA- and Pc2 Methylation-Dependent Gene Relocation between Nuclear Structures Mediates Gene Activation 
Programs. Cell 147, 773–788, https://doi.org/10.1016/j.cell.2011.08.054 (2011).

 83. Ji, P. et al. MALAT-1, a novel noncoding RNA, and thymosin beta4 predict metastasis and survival in early-stage non-small cell 
lung cancer. Oncogene 22, 8031–8041, https://doi.org/10.1038/sj.onc.1206928 (2003).

 84. Wu, Y., Huang, C., Meng, X. & Li, J. Long Noncoding RNA MALAT1: Insights into its Biogenesis and Implications in Human 
Disease. Curr Pharm Des 21, 5017–5028 (2015).

 85. Wilusz, J. E., Freier, S. M. & Spector, D. L. 3′ end processing of a long nuclear-retained noncoding RNA yields a tRNA-like 
cytoplasmic RNA. Cell 135, 919–932, https://doi.org/10.1016/j.cell.2008.10.012 (2008).

 86. Gruber, A. R., Bernhart, S. H. & Lorenz, R. The ViennaRNA web services. Methods Mol Biol 1269, 307–326, https://doi.
org/10.1007/978-1-4939-2291-8_19 (2015).

 87. Altschul, S. F., Gish, W., Miller, W., Myers, E. W. & Lipman, D. J. Basic local alignment search tool. J Mol Biol 215, 403–410, https://
doi.org/10.1016/S0022-2836(05)80360-2 (1990).

 88. Darty, K., Denise, A. & Ponty, Y. VARNA: Interactive drawing and editing of the RNA secondary structure. Bioinformatics 25, 
1974–1975, https://doi.org/10.1093/bioinformatics/btp250 (2009).

 89. Gott, J. M. & Emeson, R. B. Functions and mechanisms of RNA editing. Annu Rev Genet 34, 499–531, https://doi.org/10.1146/
annurev.genet.34.1.499 (2000).

 90. Picardi, E. et al. Profiling RNA editing in human tissues: towards the inosinome Atlas. Sci Rep 5, 14941, https://doi.org/10.1038/
srep14941 (2015).

 91. Wang, I. X. et al. ADAR regulates RNA editing, transcript stability, and gene expression. Cell Rep 5, 849–860, https://doi.
org/10.1016/j.celrep.2013.10.002 (2013).

 92. Slotkin, W. & Nishikura, K. Adenosine-to-inosine RNA editing and human disease. Genome Med 5, 105, https://doi.org/10.1186/
gm508 (2013).

 93. Ramaswami, G. & Li, J. B. RADAR: a rigorously annotated database of A-to-I RNA editing. Nucleic Acids Res 42, D109–113, https://
doi.org/10.1093/nar/gkt996 (2014).

 94. Yi-Brunozzi, H. Y., Easterwood, L. M., Kamilar, G. M. & Beal, P. A. Synthetic substrate analogs for the RNA-editing adenosine 
deaminase ADAR-2. Nucleic Acids Res 27, 2912–2917 (1999).

 95. Morse, D. P., Aruscavage, P. J. & Bass, B. L. RNA hairpins in noncoding regions of human brain and Caenorhabditis elegans mRNA 
are edited by adenosine deaminases that act on RNA. Proc Natl Acad Sci USA 99, 7906–7911, https://doi.org/10.1073/
pnas.112704299 (2002).

 96. Morse, D. P. & Bass, B. L. Long RNA hairpins that contain inosine are present in Caenorhabditis elegans poly(A)(+) RNA. P Natl 
Acad Sci USA 96, 6048–6053, https://doi.org/10.1073/pnas.96.11.6048 (1999).

 97. Athanasiadis, A., Rich, A. & Maas, S. Widespread A-to-I RNA editing of Alu-containing mRNAs in the human transcriptome. 
PLoS Biol 2, e391, https://doi.org/10.1371/journal.pbio.0020391 (2004).

 98. Eggington, J. M., Greene, T. & Bass, B. L. Predicting sites of ADAR editing in double-stranded RNA. Nat Commun 2, 319, https://
doi.org/10.1038/ncomms1324 (2011).

 99. Sanderson, L. A. et al. Tripal v1.1: a standards-based toolkit for construction of online genetic and genomic databases. Database 
(Oxford) 2013, bat075, https://doi.org/10.1093/database/bat075 (2013).

 100. Ficklin, S. P. et al. Tripal: a construction toolkit for online genome databases. Database (Oxford) 2011, bar044, https://doi.
org/10.1093/database/bar044 (2011).

 101. Kerpedjiev, P., Hammer, S. & Hofacker, I. L. Forna (force-directed RNA): Simple and effective online RNA secondary structure 
diagrams. Bioinformatics 31, 3374–3376, https://doi.org/10.1093/bioinformatics/btv372 (2015).

http://dx.doi.org/10.1186/1748-7188-9-5
http://dx.doi.org/10.1186/1748-7188-6-26
http://dx.doi.org/10.1006/jmbi.1999.2700
http://dx.doi.org/10.1186/1471-2105-6-241
http://dx.doi.org/10.1186/1471-2105-6-241
http://dx.doi.org/10.1261/rna.7220505
http://dx.doi.org/10.1002/bip.360290621
http://dx.doi.org/10.3390/e16031331
http://dx.doi.org/10.3390/e16031331
http://dx.doi.org/10.1016/B978-0-12-420037-1.00001-4
http://dx.doi.org/10.1016/B978-0-12-420037-1.00001-4
http://dx.doi.org/10.1186/gb-2005-6-5-r44
http://dx.doi.org/10.1186/gb-2005-6-5-r44
http://dx.doi.org/10.1007/s13277-013-0658-6
http://dx.doi.org/10.1016/j.cell.2013.02.012
http://dx.doi.org/10.1038/ng.3192
http://dx.doi.org/10.1038/ng.3192
http://dx.doi.org/10.1093/nar/gks071
http://dx.doi.org/10.1038/nmeth.4066
http://dx.doi.org/10.1093/gbe/evt020
http://dx.doi.org/10.1016/j.pharmthera.2016.03.004
http://dx.doi.org/10.1038/nsmb.2480
http://dx.doi.org/10.1186/s12864-015-1881-x
http://dx.doi.org/10.1016/j.cell.2014.08.018
http://dx.doi.org/10.1016/j.molcel.2010.08.011
http://dx.doi.org/10.1016/j.cell.2011.08.054
http://dx.doi.org/10.1038/sj.onc.1206928
http://dx.doi.org/10.1016/j.cell.2008.10.012
http://dx.doi.org/10.1007/978-1-4939-2291-8_19
http://dx.doi.org/10.1007/978-1-4939-2291-8_19
http://dx.doi.org/10.1016/S0022-2836(05)80360-2
http://dx.doi.org/10.1016/S0022-2836(05)80360-2
http://dx.doi.org/10.1093/bioinformatics/btp250
http://dx.doi.org/10.1146/annurev.genet.34.1.499
http://dx.doi.org/10.1146/annurev.genet.34.1.499
http://dx.doi.org/10.1038/srep14941
http://dx.doi.org/10.1038/srep14941
http://dx.doi.org/10.1016/j.celrep.2013.10.002
http://dx.doi.org/10.1016/j.celrep.2013.10.002
http://dx.doi.org/10.1186/gm508
http://dx.doi.org/10.1186/gm508
http://dx.doi.org/10.1093/nar/gkt996
http://dx.doi.org/10.1093/nar/gkt996
http://dx.doi.org/10.1073/pnas.112704299
http://dx.doi.org/10.1073/pnas.112704299
http://dx.doi.org/10.1073/pnas.96.11.6048
http://dx.doi.org/10.1371/journal.pbio.0020391
http://dx.doi.org/10.1038/ncomms1324
http://dx.doi.org/10.1038/ncomms1324
http://dx.doi.org/10.1093/database/bat075
http://dx.doi.org/10.1093/database/bar044
http://dx.doi.org/10.1093/database/bar044
http://dx.doi.org/10.1093/bioinformatics/btv372


www.nature.com/scientificreports/

13Scientific REPORtS | 7: 17269  | DOI:10.1038/s41598-017-17510-y

Acknowledgements
We would like to thank the Research IT department and College or Liberal Arts and Sciences for its help in 
constructing and housing the RNAStructuromeDB. This work was supported by startup funds from the Iowa 
State University College of Agriculture and Life Sciences and the Roy J. Carver Charitable Trust, as well as grant 
4R00GM112877-02 from the NIH/NIGMS.

Author Contributions
W.N.M. conceived of the project. R.J.A. generated and curated folding metric data. L.B. was involved in web 
development. W.N.M. and R.J.A. wrote the manuscript.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-017-17510-y.
Competing Interests: The authors declare that they have no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2017

http://dx.doi.org/10.1038/s41598-017-17510-y
http://creativecommons.org/licenses/by/4.0/

	RNAStructuromeDB: A genome-wide database for RNA structural inference
	Results and Discussion
	Data types. 
	Data accessibility. 
	Example 1: The MALAT1 lncRNA. 
	Example 2: The VEGFA gene. 
	Example 3: Hyperedited regions. 

	Conclusion
	Materials and Methods
	Overview. 
	Genomic sequence and annotations files. 
	RNA structure, partition function and z-score calculations. 
	Database web development. 
	MALAT1 Example. 
	VEGFA Example. 
	FNBP1 Example. 
	Data availability. 

	Acknowledgements
	Figure 1 Pipeline for defining “structural regions of interest” in MALAT1 lncRNA.
	Figure 2 JBrowse target identification pipeline.
	Figure 3 Mapping A-to-I editing events in the FNBP1 transcript.
	Figure 4 Overview of RNAStructuromeDB construction.
	Table 1 Low z-score windows and regions of MALAT1.




