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ABSTRACT: RNAs are increasingly recognized as promising drug
targets, as both coding and noncoding RNAs act as key regulators
in disease-related biological processes. However, a significant gap
persists between the number of known RNA sequences and the
solved RNA structures, posing a major bottleneck for RNA-
targeted drug discovery. RNA secondary structure prediction offers
the potential to facilitate the identification of druggable sites in
novel RNA sequences by rapidly predicting base pairing patterns.
In this study, we benchmarked widely used RNA secondary
structure prediction tools against a newly curated dataset of ligand-
bound RNA structures. We found that most tools achieve
reasonable accuracy for RNAs with short sequences and simple
motifs, but their performance declines for longer RNAs and those
containing pseudoknots. Notably, prediction accuracy is reduced within ligand binding sites, where noncanonical base pairs and
complex secondary structure elements are prevalent yet consistently unrecognized by the tools. Consequently, RNA ligand binding
sites are poorly reconstructed by secondary structure predictions. This work provides the first comprehensive assessment of RNA
secondary structure prediction for ligand-bound RNAs and demonstrates the challenges for integrating these methods into RNA-
targeted drug discovery pipelines.

■ INTRODUCTION
RNA has attracted increasing research interest due to its
diverse cellular roles.1−5 It has been widely recognized that
small molecules can target RNAs as therapeutics since RNAs
are involved in different biological processes, including
molecular mechanisms underlying human diseases.6,7 Several
categories of RNAs and RNA-associated complexes have been
identified as therapeutic targets for small molecules, such as
rRNAs, riboswitches, and splicing modulators.8−11 Notably,
the FDA approval of Risdiplam�the first RNA-targeting small
molecule drug, which regulates pre-mRNA splicing activ-
ity12,13�has spurred significant interest from the pharmaceut-
ical industry in developing RNA-targeted therapeutics.8,14−21

Approximately 70% of the genome encodes RNAs, compared
to 1.5% for proteins, and many of these transcripts are linked
to key biological processes and diseases.1,18 Therefore, it is
prospective to expand the space of druggable targets by taking
RNAs into account.
Structure-based drug discovery depends on detailed target

structures to identify binding pockets and guide the design of
compounds. While the Protein Data Bank (PDB) contains
extensive structural information for proteins, it includes only
about 1,000 RNA-small molecule complexes.22,23 This scarcity
of RNA structural data represents a major challenge for RNA-

targeted drug design. When presented with a target RNA
sequence of unknown structure, RNA structure prediction
offers a rapid means to gain primary structural insights. Among
the available approaches, RNA secondary structure predictions
emerged as a valuable computational tool in this context.24

The secondary structure of RNA describes its base pairing
patterns within RNAs (A-U, G-C, G-U, and noncanonical base
pairs), determining the molecule’s overall folding. Accurately
predicting secondary structure from sequence can locate
complex secondary structure elements, such as bulge loops,
internal loops, hairpin loops, etc., on the sequence, which often
form the compound binding pockets.8,24,25 Thus, the RNA
secondary structure prediction can serve as a critical
component of RNA-targeted drug discovery pipelines.
RNA secondary structure prediction methodologies have

evolved over the past 40 years, employing a variety of
strategies. Classical prediction tools, such as RNAfold26,27 and
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RNAstructure,28,29 rely on thermodynamic parameters of base
pairs from Turner’s nearest-neighbor model and use Zuker’s
dynamic programming algorithm to search for the optimal
secondary structure.24,30,31 With the advent of artificial
intelligence, machine learning (ML)-based prediction meth-
ods, such as MXfold2 and UFold, further expanded the field,
demonstrating improved prediction accuracy.32−36 More
recently, language model (LM)-based approaches have
captured secondary structure information from RNA sequen-
ces and achieved competitive performance compared with
classical and ML-based methods.37−39 Over time, advance-
ments have also enabled the prediction of complex RNA
features, including pseudoknots (PKs) and noncanonical base
pairs. The enriched details given by PK and noncanonical base
pair predictions improved reconstruction of ligand binding
sites. PKs are characterized by non-nested base pairing (Figure
1A)40,41 and are often found in functionally important regions,
likely contributing to ligand binding site formation.29,42,43

Accurate PK prediction is thereby essential for drug discovery
purposes, and various secondary structure prediction methods
and PK-specialized tools are available for PK-containing RNAs,
such as RNAstructure-ProbKnot,28,44 iPKnot,45,46 SQUAR-
NA,47 and CParty.48 On the other hand, noncanonical base
pairs are also pivotal in stabilizing complex RNA structures and
in forming ligand interaction surfaces.49,50 To date, only a few
ML-based methods are capable of noncanonical base pair
prediction.33,51,52 However, the accuracy of noncanonical base
pair predictions remains limited. Beyond traditional single-
sequence-based approaches, multiple sequence alignment-
based methods leveraging evolutionary information for RNA
secondary structure prediction have been developed and can
yield improved prediction accuracy.53,54 Additionally, speci-
alized tools such as RNAprobe and RNAthor integrate
experimental data, particularly from chemical probing, to
achieve improved accuracy of secondary structure predic-
tions.55−60 However, both alignment-based and experimentally
driven prediction approaches are constrained by the availability
of homologous sequences or experimental data. As a result,
traditional single-sequence-based tools continue to serve as the
primary choice for most RNA secondary structure predictions.
RNA secondary structure prediction tools have been

benchmarked across diverse datasets, presenting acceptable
full-length prediction accuracy on relatively short RNAs (less

than 1000 nucleotides).33,51,53,61 However, it remains unclear
whether these tools can be reliably integrated into an RNA-
targeted drug discovery pipeline to accurately reconstruct
compound binding pockets and thereby enable downstream
applications (e.g., virtual screening for hit finding). Critically,
evaluation must also focus on performance within complex
secondary structure elements at binding sites, such as helices,
hairpin loops, bulge loops, and so on (Figure 1B).
Furthermore, RNA structures may significantly alter upon
ligand binding; for instance, riboswitches adopt distinct
secondary structures depending on ligand presence.62−64

Secondary structure predictions were not developed to account
for ligand binding. Whether secondary structure prediction
tools capture RNA topologies corresponding to ligand-bound
or -unbound states remains an important question for drug
discovery researchers.
In this work, we benchmarked a range of RNA secondary

structure prediction tools, focusing specifically on ligand-
bound RNAs with 3D structures. For this purpose, we
constructed a dataset that includes entries from HARIBOSS,23

the RNA-ligand complexes collected by Nithin et al.,65 and
newly released complexes in PDB.22 The high-resolution data
enable a detailed assessment of the prediction performance at
ligand binding sites. We benchmarked tools representing a
variety of approaches, including those based on thermody-
namic parameters as well as ML methods. The tools include:
RNAfold,26,27 RNAstructure-Fold,28,29 RNAstructure-MaxEx-
pect,28,66 RNAstructure-ProbKnot,28,44 LinearFold,67 iP-
Knot,45,46 SPOT-RNA2,52,53 CentroidFold-CONTRAfold,68,69

CentroidFold-McCaskill,68,70 CONTRAfold,69 KnotFold,51

REDfold,71 E2Efold,72 UFold, UFold_nc (UFold with non-
canonical base pairing prediction activated),33 MXfold2,32,36

and SQUARNA.47 We did not include LM-based approaches
in our benchmarking because they have not reached a broad
user base, do not outperform classical or ML-based methods,
and remain in early development. To evaluate the contribution
of RNA secondary structure prediction to structure-based drug
discovery pipelines, the methods listed above are sufficient.
Our analyses provide a comprehensive assessment of
prediction performance for both overall RNA secondary
structures and ligand binding sites. The evaluation of
secondary structure element prediction within ligand binding
sites offers a complementary view of tool performance in drug

Figure 1. (A) Schematic representation of pseudoknots (PKs). An RNA structure contains a PK when it has at least two base pairs, bi:bj and bp:bq,
that satisfy the index condition i < p < j < q, representing non-nested base pairing. The “orders of PKs” refer to the number of distinct bracket types
(other than “()”) required to annotate PK base pairs in dot-bracket format. (B) Secondary structure elements that are derived from canonical base
pairs.
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Figure 2. F1-score (A) and ACC value (B) distributions on the ligand-bound RNAs given by all prediction tools (top). Average values are
indicated by dots, with the blue error bars representing the standard error of the mean. The tools are reordered by the averaged F1-score and ACC
values, respectively. U-test was conducted to evaluate the statistical significance of the F1-score and ACC value differences, which are shown by p-
values (bottom). Distributions of F1-score (C) and ACC value (D) versus sequence lengths of predicted RNAs.
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discovery. Additionally, the availability of 3D RNA-ligand
complex structures enabled us to evaluate noncanonical base
pair prediction for tools with this functionality (e.g.,
KnotFold,51 UFold_nc,33 SPOT-RNA252,53).
Our results indicate that most prediction tools achieved

satisfactory overall accuracy on ligand-bound RNAs. However,
accurate base pairing prediction at ligand binding sites remains
challenging for all of the tools. The situation is further
complicated by the limited recognition of structure elements
and the concentrated noncanonical base pairs in these regions.
Consequently, although RNA secondary structure prediction
can offer primary structure insights for target RNAs, extensive
downstream computational and experimental efforts are
needed to validate and refine the predicted models.
Interestingly, although secondary structure prediction tools
are not designed to model ligand-bound conformations, their
outputs may provide hints regarding the ligand-induced
structural dynamics of RNAs.

■ RESULTS
To evaluate the capability of RNA secondary structure
prediction in identifying RNA ligand binding sites, we curated
a dataset comprising 203 RNA-ligand complexes, organized
into 84 clusters according to Rfam families. For benchmarking
purposes, RNA sequences and their experimentally determined

secondary structures were extracted. We evaluated 17
prediction tools, representing diverse methodological catego-
ries, by applying each tool to every RNA in the dataset. The
predicted base pairing patterns were first analyzed at the level
of overall RNA topology, followed by a focused assessment of
the predictions in RNA ligand binding sites. Details for dataset
curation, selected prediction tools, and benchmarking metrics
are provided in the Materials and Methods.
Benchmarking of the Secondary Structure Prediction
Tools at Full-Length Level

We evaluated overall RNA topology prediction against the
FR3D-annotated reference secondary structure using F1-score
and accuracy (ACC) (see Materials and Methods for details).
The F1-score is the harmonic mean of precision and sensitivity
for base pair prediction, providing a single metric that balances
both. In contrast, ACC takes the correct identification of
unpaired bases into account and thus gives equal importance
to predictions of paired and unpaired bases, including various
loop elements. Overall, almost all evaluated prediction tools
show comparable F1-scores and ACC, with average values
generally ranging from 0.70 to 0.90, except for E2Efold and
REDfold, which perform significantly worse than the others
(Figure 2A,B). Among all tools, SPOT-RNA2 appears to be
the best-performing one in terms of metrics; however, its

Figure 3. Comparisons of F1-score (A) and ACC value (B) distributions on protein-bound and unbound RNAs are given by all prediction tools.
Average values are indicated by dots, with error bars representing the standard error of the mean. No significant difference was observed for either
F1-score or ACC between predictions for protein-bound and nonprotein-bound RNAs. (C) Correlation between RNA length and protein binding;
the difference in sequence length distributions is significant. (D) Comparisons of F1-score and ACC value distributions on data being or not being
part of the training set of each machine learning-based prediction tool. Average values are indicated by dots, with error bars representing the
standard error of the mean. The significant differences are labeled by the red asterisk. (E) The numbers of data being and not being part of the
training set of each machine learning-based prediction tool. (F) Correlation between RNA length and RNAs containing different combinations of
structure motifs. The numbers of RNAs with different combinations of motifs are listed at the top of the figure.
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performance does not differ statistically from those of some
other competitive tools, such as UFold_nc and MXfold2. We
also assessed the F1-score and ACC values with secondary
structure annotations generated by x3dna-dssr. The results are
consistent with the analysis above, as only a small proportion
of base pairs were annotated differently between the two
annotation methods (Figure S1). The multiple sequence
alignment-based tool SPOT-RNA2 shows clear advantages in
accurately predicting RNA secondary structures in our ligand-
bound RNA dataset. However, since SPOT-RNA2 relies on
evolutionary information that is not available for artificial RNA
aptamers, its prediction accuracy on these RNAs is lower than
that of MXfold2 and SQUARNA (Figure S2).
Several structural features contribute to the folding

complexity of RNAs and challenge secondary structure
prediction tools. The distributions of both F1-score and
ACC values decrease noticeably for all evaluated tools as RNA
length increases (Figure 2C,D). Similarly, the prediction
accuracies for protein-bound RNAs are lower compared to
those for nonprotein-bound RNAs (Figure 3A,B), while those
protein-bound RNAs are generally longer than their counter-
parts (Figure 3C). Regarding the machine learning-based
prediction tools, we compared the prediction accuracies for
RNAs redundant with their training sets or not. Surprisingly,
only CONTRAfold and MXfold2 show significantly better
performance on the sequences present in their training sets
(Figure 3D). Note that only four clusters in our dataset are
redundant with the CONTRAfold training set (Figure 3E).
The evaluated tools also display varied prediction perform-
ances across different combinations of RNA motifs. For most
tools, RNAs with a hairpin (HP)-only topology are more likely
to be accurately predicted. In contrast, RNAs containing
multiway-junction (MWJ), pseudoknot (PK), or G-quadruplex
(GQ) motifs present greater challenges for secondary structure
predictions than HP-only RNAs (Figure S3). Although long
RNAs are more likely to contain non-HP motifs (Figure 3F),
this tendency persists when considering only RNAs with
lengths between 50 and 100 nucleotides (Figure S3). It should
be noted that the distribution of motif combinations in the
dataset is highly imbalanced; especially, there is only one RNA
with GQ-only topology and one containing all motif types. The
averaged values of the metrics of different prediction tools
discussed above are summarized in Table S2.
Pseudoknot Predictions Remain Challenging

Among the 84 RNA clusters in our dataset, 38 contain PKs
(refer to 88 RNAs). Accurate identification of base pairs in PK
regions and correct assignment of PK order�evaluated by
strict PK base pair hit rates (see Materials and Methods)�are
fundamental for capturing the correct RNA topology. Several
of the evaluated prediction tools�namely, RNAstructure-
ProbKnot, iPKnot, SPOT-RNA2, KnotFold, REDfold,
E2Efold, UFold, UFold_nc, and SQUARNA�were designed
to consider PK prediction. The strict PK base pair hit rates for
these tools vary widely, from 0 to 1, across RNAs containing
PKs (Figure 4). Based on average hit rate values, SPOT-RNA2,
KnotFold, UFold, and UFold_nc are the top performers in
recognizing base pairs within PK regions. However, even the
best-performing tool, SPOT-RNA2, achieves an average hit
rate of less than 0.5, indicating that accurate PK recognition
remains a challenge for RNA secondary structure prediction.
Although many tools were not designed to predict PKs, certain
methods enable hierarchical identification of PK base pairs

from non-PK outputs. We applied CParty to predict PKs using
the secondary structures predicted by MXfold2, which was the
best-performing tool among those not specifically designed for
PK prediction.48 However, the strict PK hit rates achieved by
MXfold2+CParty did not outperform those of the dedicated
PK prediction tools (Figure 4). We also noticed that all
evaluated prediction tools may predict base pairs in PK regions
without assigning them to the correct PK orders (Figure S4).
In other words, although base pairs in PK regions are
identified, the tools missed the base pairs outside the PK
regions that are necessary to form the non-nested base pairs.
Consequently, the overall PK topology is either not predicted
at all or assigned incorrectly.
Less Prediction Accuracy on RNA Ligand Binding Pockets
Accurate prediction of base pairing patterns in ligand-
contacted nucleotides is crucial for subsequent 3D modeling
of ligand binding pockets, docking, and any structure-based
design (e.g., free energy perturbation). The ligand-contacted
nucleotides contain atoms within 6 Å from the ligands,
according to HARIBOSS criteria.23 When comparing ACC
values between ligand-contacted and nonligand-contacted
regions, we found that all prediction tools except E2Efold
have generally lower accuracy in ligand-contacted regions.
These differences are generally small, and only CONTRAfold,
KnotFold, SPOT-RNA2, SQUARNA, UFold, and UFold_nc
exhibit significantly lower accuracy in these regions (Figure
5A). The ligand-contacted regions typically comprise a small
number of nucleotides, which may introduce bias into the
results (Figure 5B). Nonetheless, our findings suggest an
increased difficulty in predicting the base pairing patterns
within ligand-contacted regions.
Poor Recognitions of Complex Local Secondary Structure
Elements at Ligand Binding Sites
RNAs frequently adopt various secondary structure ele-
ments�referred to as “structure elements” below�within
ligand binding sites to shape binding pockets. According to
Turner’s nearest-neighbor model,30,31 structure elements,
based on canonical base pairs, are classified as helices, bulge

Figure 4. Distribution of strict PK base pair (BP) hit rates on ligand-
bound RNAs as predicted by different tools. Orange dots represent
the average hit rates among all clusters, and black dots are the hit rates
for individual RNA clusters. Prediction tools incapable of pseudoknot
prediction have a strict PK base pair hit rate of zero; therefore, their
results are not shown.
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loops, internal loops, multibranch loops, multiway junction BP
(“BP” refers to “base pair”) and exterior loops. We further
expand this set by including pseudoknot loops and linkage
loops, which are not covered by Turner’s model. Pseudoknot
loops connect helical stems comprising non-nested base pairs
and capture the structure complexity of pseudoknots. Linkage
loops are loops not encompassed by any previously defined
element and are not enclosed by base pairs or other loops
(Figure 1B). Notably, “pseudoknot” structure element in
Turner’s model is labeled as helices, since they do not differ
from helices at the 3D level.
We annotated structure elements across RNAs in our dataset

and quantified the occurrence probability of each element
within ligand-contacted regions. Helices are the most common
structural elements in those regions. Among the loop elements,
internal loops are the most prevalent, with an occurrence rate
exceeding 50%. Intriguingly, pseudoknot loops are the most
frequent loop type in ligand-contacted regions of PK-
containing RNAs, highlighting the need for a specific definition
for this loop class (Figure 6A). In contrast, multibranch loops
and multiway junction BPs are less likely to occur within
ligand-contacted regions among RNAs that contain MWJ.
Accurate recognition of these elements is, therefore, a critical

prerequisite for identifying RNA ligand binding sites. We
examined whether prediction tools can correctly reconstruct
secondary structure elements beyond merely achieving
accurate prediction of base pairing patterns in those regions.
For all clusters, we counted the number of ligand-contacted
nucleotides that were correctly assigned to each structure
element by the prediction tools (Figure 6B). The top-
performing tools, SPOT-RNA2, UFold, and UFold_nc,
exhibited high accuracy for the helix element, correctly
assigning nearly 400 out of approximately 500 ligand-contacted
nucleotides to helices across the dataset. Most tools also
accurately reconstruct bulge loops and hairpin loops within
these regions. Despite internal loops being common within
ligand-contacted regions, only MXfold2 correctly assigned
more than half of the relevant bases to this category.
Recognition of minor elements, such as exterior loops and
multibranch loops, was generally poor. For tools capable of
pseudoknot prediction, the accurate assignment of pseudoknot
loops within ligand-contacted regions remained limited,
consistent with the generally modest performance of
pseudoknot prediction. Collectively, the evaluated secondary

structure prediction tools demonstrate inadequate accuracy in
identifying local secondary structure elements within ligand-
contacted regions.
Low Reliability in Noncanonical Base Pair Prediction

Historically, the field of RNA secondary structure prediction
focused only on canonical base pairs, A-U, C-G, and the
wobble pair G-U. However, noncanonical base pairs (e.g., A-A,
G-A, and pairs that involve non-cis-Watson−Crick inter-
actions) are common in RNAs and play significant roles in
RNA folding.73−77 Among the ligand-bound RNAs in our
dataset, only 7 RNAs (from 4 different clusters) lack
noncanonical base pairs. More importantly, the proportion of
noncanonical base pairs among all pairing interactions is
generally higher in ligand-contacted regions than in nonligand-
contacted regions (Figure 7A).
Noncanonical base pairing interactions occur as single pairs

and as triplexes, G-quartets, and other types of multiplexes at
ligand-interacting surfaces. We identified all bases involved in
noncanonical base pairing and annotated relevant bases as
additional structure elements: GQ-loop, G-quartet, single
noncanonical base pair, triplex, and multiplex (Figure 7B).
Interestingly, both the single noncanonical base pair and triplex
exhibit occurrence rates above 50% within ligand-contacted
regions, underscoring a substantial contribution of non-
canonical base pairing�in multiple forms�to RNA ligand
binding pocket formation. Therefore, accurate prediction of
noncanonical base pairs is as important as prediction of
canonical base pairs for reconstructing RNA ligand binding
sites.50,78,79

We evaluated several tools designed to predict noncanonical
base pairs, assessing their ability to identify these interactions.
All prediction tools capable of such analysis can report
noncanonical base pairs in various base−base combinations
(e.g., A-A, A-G) (Figure S5). However, unlike the high
prediction accuracy observed for canonical base pairs, these
tools rarely succeeded in identifying noncanonical base pairs
(Figures 7D and S6). For instance, although UFold_nc
achieved the highest hit rate for noncanonical base pairs, its
rates were below 40% for most RNAs, as indicated by the
upper quartile. Hit rates for other tools dropped to 30% or less.
Notably, tools incapable of predicting noncanonical base pairs
still showed some hits, as several predicted base pairs in

Figure 5. (A) Comparison of ACC values between ligand-contacted and nonligand-contacted regions across all prediction tools. Average values are
indicated by dots, with error bars representing the standard error of the mean. Significant differences in performance between the two regions are
indicated by asterisks. (B) Distribution of the number of ligand-contacted nucleotides per binding site.
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canonical combinations correspond to non-cis-Watson−Crick
A-U, C-G, and G-U pairs in the reference structures.
Within ligand-contacted regions, the hit rates of non-

canonical base pairs are even lower. The top-performing tools,
UFold_nc and SPOT-RNA2, showed decreased accuracy
compared with their predictions on the full RNA sequences,
with most RNAs having hit rates below 25%. Other tools
designed for noncanonical base pair prediction identified fewer
than 5% of such base pairs in most RNAs. Many noncanonical
base pairs are found as parts of triplexes, G-quartets, or other
multiplexes in binding pockets, yet most tools predicted only a
single pair and missed all these structure elements involving
over two bases (Figure 7E). Generally, secondary structure
prediction tools restrict each base to pair with one other base;
some newer tools, such as UFold_nc, allow multiplex

prediction. We found that UFold_nc predicted 20 triplexes
across the dataset, but none matched those in the reference
structures. As a result, the limited prediction accuracy on
noncanonical base pairs highlights a major challenge for de
novo modeling of RNA ligand binding sites with current
secondary structure prediction methods.
WC-Edge Base-Ligand Contact
Within ligand-binding pockets, the WC-edge of RNA
nucleobases is often involved in hydrogen-bonding interactions
with ligands, which are critical for ligand recognition (Figure
8A).80,81 If these bases are incorrectly assigned as paired by the
prediction tools, then the interaction surface of the ligand-
binding pocket will be disrupted. Among the collected 203
ligand-bound RNA structures, more than half of the PDB
entries (114) present one or more nucleobases that interact

Figure 6. (A) Possibility of observing different secondary structure elements within ligand-contacted regions. The occurrence possibilities of
pseudoknot or multiway junction-associated structure elements are calculated only for RNAs containing pseudoknots or multiway junctions,
respectively. (B) Number of bases correctly assigned to each secondary structure element compared with the total number for that element in
ligand-contacted regions (overlapped). Results for pseudoknot loops are only shown for tools capable of pseudoknot prediction.
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with the bound ligand through their WC-edges (Figure 8B).
This highlights the importance of correctly predicting these
bases as unpaired in order to reconstruct ligand-binding
pockets. Therefore, we evaluated whether secondary structure
prediction tools can correctly identify WC-edge ligand-
contacted bases as unpaired.
We measured the rate at which different prediction tools

incorrectly assigned WC-edge ligand-contacted bases as paired;
see Figure 8C. Such bases are likely to be predicted as
unpaired, as indicated by the averaged buried rate of around
25% across all tools. Therefore, the WC-edges of these bases
are likely to be exposed in predicted secondary structures for
ligand contacting. However, it is important to note that H-
bonding interactions between ligands and nucleobases critically
influence binding affinity and specificity; therefore, exposing
the WC-edges of all WC-edge ligand-contacted bases within an
RNA ligand binding site is critical. The evaluated tools
assigned all these bases as unpaired, correctly leaving their
WC-edges available for ligand contacts in 50% to 80% of

ligand-bound RNA cases in our dataset (Figure 8D). The
prediction tools, particularly SPOT-RNA2 and UFold_nc,
which demonstrated competitive prediction performance, tend
to overpredict base pairing for WC-edge ligand-contacted
bases. Overall, WC-edge ligand-contacted bases further
complicate the secondary structure prediction within ligand
binding sites.
Which Conformation Is Captured by the Prediction, Apo-
or Holo-Conformation?
RNA can adopt different base pairing patterns when binding to
a ligand. When using secondary structure prediction tools to
predict ligand-bound RNAs, it is important to remember that
these tools were not designed to specifically predict ligand-
bound structures. It is still unclear whether these tools capture
the ligand-bound or unbound state of the RNAs. Because
corresponding ligand-unbound RNA structures for the ligand-
bound RNAs in our dataset are scarce, we focus on four
representative examples. These RNAs differ in the levels of
conformational change upon ligand binding: (1) the SAM-III

Figure 7. (A) Proportions of noncanonical base pairs among all base pairs in ligand-contacted and nonligand-contacted regions; each dot
represents an individual RNA. (B) Scheme of structure elements defined by noncanonical base pairs. (C) Possibility of observing noncanonical
base pair-associated elements within ligand-contacted regions. G-quadruplex (GQ)-relevant elements were analyzed only among RNAs containing
GQs. (D) Distributions of hit rates for noncanonical base pairs in three regions: the full length, ligand-contacted, and nonligand-contacted regions.
(E) Number of bases correctly assigned to each noncanonical base pair-associated element versus the total number for that element in ligand-
contacted regions (overlapped). Only machine learning-based tools are included.
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riboswitch undergoes substantial changes in canonical base
pairing upon ligand binding; (2) the Internal Ribosome Entry
Site (IRES) domain of Enterovirus A71 experiences a single
canonical base pair change; and (3) the preQ1-I riboswitch
aptamer and the THF riboswitch aptamer display changes only
in noncanonical base pairs.
The SAM-III riboswitch recognizes S-adenosyl methionine

(SAM) and undergoes a conformational change to regulate the
translation of its target gene. In the unbound state, the Shine−
Dalgarno (SD) sequence at the 3′ side is unpaired, but it pairs
with the upstream anti-SD sequence upon SAM binding
(Figure 9A). The ligand-bound structure in PDB entry 3e5c
does not include the complete sequence upstream of the anti-
SD sequence, so we took the SAM-III riboswitch sequence
fromEnterococcus faecalis, which contains the complete
sequence, for our predictions. Seven tools, such as UFold_nc,
predicted the bound state of the riboswitch by pairing anti-SD
and SD sequences. Five tools, represented by MXfold2, paired
the anti-SD sequence with the upstream 5′ side region and
exposed the SD sequence, which is more consistent with the
unbound state. Tools such as iPKnot predicted intermediate
conformations with base pairs from both the bound and
unbound states. This indicates the complexity of the possible

base pairing patterns in riboswitches. Overall, different
conformations of the Enterococcus faecalis SAM-III riboswitch
were captured by applying multiple secondary structure
prediction tools.
The ligand-bound (PDB ID: 6xb7)82 and unbound (PDB

ID: 5v16)83 structures of the Enterovirus A71 IRES domain
differ by a single canonical base pair at the ligand binding site
(Figure 9B). Specifically, the A6-U36 base pair is present in the
apo structure but is disrupted upon compound binding. All
prediction tools, however, assigned the A6-U36 base pair,
thereby predicting the secondary structure corresponding to
the apo state of the IRES domain.
The ligand-bound preQ1-I and THF riboswitch aptamers

(PDB ID: 6vui and 4lvv) have corresponding unbound
structures (PDB ID: 6vuh and 7kd1), but these only include
the aptamer regions without the expression platform region
resolved.84−86 The unbound structures retain the canonical
base pairing pattern of the bound state, and differences are
limited to noncanonical base pairs at the binding sites. We
evaluated the predicted noncanonical base pairs for these
aptamers given by the tools capable of this function. In the
preQ1-I riboswitch aptamer, a triplex is present in the unbound
structure, and a quartet is present in the bound structure at the

Figure 8. (A) Bases that interact with ligands via hydrogen bonds from their Watson−Crick edges are termed WC-edge ligand-contacted bases
throughout this work. (B) Distribution of the number of WC-edge ligand-contacted nucleobases per PDB entry across the dataset. (C) Violin plot
showing the buried rate of WC-edge ligand-contacted bases, defined as the percentage of those bases that are incorrectly predicted as paired by
each method on the x-axis. A value of 0% indicates that all such bases are correctly predicted as unpaired, while 100% indicates that all are
incorrectly predicted as paired. The rates for individual ligand-bound RNAs are shown as black dots, and orange circles denote the mean buried rate
for each method. (D) Percentage of RNAs for which all WC-edge ligand-contacted bases are predicted as unpaired by each prediction tool.
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ligand binding site (Figure 9C). However, none of the tools
identified any of these noncanonical base pairs. For the THF
riboswitch aptamer, A8 forms a long-distance contact with
A34-G44 as a triplex in the bound structure, while in the
unbound state, A8 pairs with G78 on the opposite strand. Only

UFold_nc and SPOT-RNA2 made predictions involving these
noncanonical base pairs: UFold_nc correctly predicted A8-
G44 in the bound state, and SPOT-RNA2 identified A8-G78
in the unbound structure as well as A34-G44 in the bound
structure (Figure 9D). Further inspection of the 3D structure

Figure 9. Secondary structure schemes of the discussed RNAs showing conformational changes upon ligand binding. (A) SAM-III riboswitch from
Enterococcus faecalis, including expression platform with Shine−Dalgarno sequence (green). Base pairing patterns in SAM-unbound and SAM-
bound states are shown on the left and the representative predicted structures on the right. (B) Enterovirus A71 IRES domain, where a single
canonical base pair (A6-U36) is disrupted upon ligand binding. All prediction tools assigned the A6-U36 pair. (C) PreQ1-I riboswitch aptamer
shows noncanonical base pair changes upon ligand binding. (D) THF riboswitch aptamer in ligand-unbound and bound states (top panel), with
predicted structures from SPOT-RNA2 and UFold_nc (lower panel). Only noncanonical base pairs present in ligand-contacted regions are
annotated.
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of the ligand-bound THF riboswitch revealed possible
hydrogen bonding between the Hoogsteen edge of A8 and
the sugar edge of G78, an interaction not annotated as a
noncanonical base pair by FR3D. As a result, SPOT-RNA2
predicted a base pairing pattern for the THF riboswitch
aptamer that more closely matches its ligand-bound structure.

■ DISCUSSION AND CONCLUSIONS
RNA secondary structure prediction provides primary
structural insights for novel RNA sequences, which is crucial
for RNA-targeted drug discovery. Our work benchmarked
widely used RNA secondary structure prediction tools against
ligand-bound RNAs. Most evaluated tools achieved a high level
of global folding accuracy, with recent methods, UFold,
UFold_nc, MXfold2, SPOT-RNA2, and SQUARNA, showing
slightly better performance. Interestingly, while machine
learning (ML)-based approaches have brought advances to
the field,32−36 those evaluated here did not consistently
outperform non-ML-based methods. RNAs with long
sequences often adopt multiple base pairing possibilities and
complex motifs such as pseudoknots (PK), multiway junctions
(MWJ), and G-quadruplexes (GQ).40,41,44 The accurate
prediction of the complex secondary structure motifs from
RNA sequence remains challenging for both RNA secondary
and 3D structure predictions.65 Protein binding potentially
adds further complexity to secondary structure prediction in
these RNAs.87−89 Consequently, predicting secondary struc-
ture�and especially reconstructing ligand binding sites�is
challenging for longer RNAs. It is important to note that our
benchmarking focused on ligand-bound RNAs with available
3D structures, predominantly short RNAs comprising only 84
clusters based on Rfam families. Therefore, the prediction
accuracy observed in our study is generally good and may differ
from results reported in previous benchmarking studies using
larger and more diverse datasets.
PKs are common RNA motifs that determine the global

folding and can contribute to ligand binding site forma-
tion.29,42,43 However, even the best-performing prediction
tools struggle to accurately identify PKs. This limitation is
partly due to insufficient thermodynamic data for PKs and the
algorithmic challenges inherent to their prediction. Accurate
recognition of PKs depends on correct prediction of the global
base pairing pattern, since it must capture non-nested base
pairing rather than just the pairs within PK regions.
Collectively, current RNA secondary structure prediction
tools are generally unable to reconstruct ligand binding sites
in PK-containing RNAs.
Although secondary structure prediction tools can some-

times successfully reconstruct RNA ligand binding sites, it is
generally impractical to rely on a single tool for this purpose.
Prediction accuracy at ligand binding sites is lower than that
for the entire RNA length. More critically, the tools rarely
capture the local complex secondary structure elements that
are key to shaping the binding pockets. Ligand-contacted
nucleotides in double helices and hairpin loops are identified
with reasonable accuracy. However, internal loops frequently
contribute to the formation of ligand binding sites; yet, they
are rarely predicted correctly. Similarly, poor recognition of
PKs results in inaccurate prediction of pseudoknot loops,
which commonly dominate ligand binding sites in PK-
containing RNAs.
Noncanonical base pairs are important for RNA folding and

shaping ligand binding sites and frequently occur in ligand-

contacted regions in various forms, i.e., single noncanonical
base pairs, triplexes, G-quartets, and other multiplexes.49,50

Traditional prediction tools do not account for noncanonical
base pairs, and those developed to identify them demonstrate
low overall prediction accuracy; recognition of associated
structural elements within ligand-contacted regions is even less
reliable. Several specialized prediction tools, such as BayesPair-
ing 2 and RNAMoIP, have also been developed to learn and
identify RNA modules with noncanonical base pairs that share
local sequence similarity.90−92 However, the accuracy for
noncanonical base pair prediction remains much lower than for
canonical base pairs. Current secondary structure prediction
methods are far from providing accurate details of non-
canonical base pairing at ligand binding sites.61,93 This is
largely due to the scarcity of annotated noncanonical base
pairs�such knowledge requires resolved RNA 3D structures,
which remain limited.94−96 Consequently, it is currently
impractical to train computational models that can reliably
predict noncanonical interactions. Although 3D structure
prediction from sequence and secondary structure can
sometimes recover noncanonical base pairs, resolved RNA
structures are needed to enrich noncanonical base pair
annotation.97,98

Lastly, it is critical to assign Watson−Crick (WC) edge
ligand-contacted bases as unpaired to expose their WC edge
for ligand interactions. Although prediction tools rarely block
the WC edges of these bases, any such errors can further
hinder the accurate reconstruction of RNA ligand binding sites.
The inherent flexibility of RNA permits alternative base

pairing possibilities within its sequence. Upon ligand binding,
RNAs may remain mostly static or undergo conformational
changes ranging from subtle shifts in noncanonical base pairs
to major rearrangements of canonical base pairing. In
particular, riboswitches and RNA aptamers vastly change
their base pairings in response to ligand binding.62−64

Unfortunately, RNA secondary structure prediction tools
were designed to predict the RNA structure without any
concern of ligand binding. As illustrated by the predictions of
the full-length SAM-III riboswitch sequence�including both
its aptamer and expression platform regions�it is possible to
apply different prediction tools to sample both ligand-bound
and unbound conformations. Utilizing multiple secondary
structure prediction tools can be a strategy to explore
alternative base pairing patterns contributing to RNA
dynamics. However, selecting the biologically relevant
conformations from the predictions is a follow-up challenge.
Additional computational and experimental validations are
needed to determine whether any of the predicted models
resemble the ligand-bound state. According to our limited
examples of ligand-bound and unbound RNA, we find that
prediction tools fail to capture small yet functionally relevant
changes in both canonical and noncanonical base pairs induced
by ligand binding. This underscores the risks of relying solely
on secondary structure prediction methods for identifying
druggable sites in RNA, which may compromise downstream
RNA-targeted drug discovery efforts.
Our study provides a comprehensive overview of the

strengths and limitations of incorporating secondary structure
prediction tools into RNA-targeted drug discovery pipelines.
While certain evaluated tools showed advances for some
ligand-bound RNAs, a universally reliable predictor does not
exist for predicting the global folding of all of them. Beyond
classical and ML-based prediction methods, integrating
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evolutionary information and experimental data into the
secondary structure is recommended to improve prediction
accuracy for these RNAs.59,60 Recently, language model (LM)-
based RNA secondary structure prediction tools have shown
competitiveness with classical and ML-based approaches.
Some can capture homologous information from single
sequence input, avoiding the time-consuming multiple
sequence alignment step. Nevertheless, the accuracy of both
ML-based and LM-based approaches generally depends the
homology between the predicted sequence and their training
datasets.32,38,99 Identification and reconstruction of ligand
binding sites from novel RNA sequences need high prediction
accuracy. Currently, secondary structure prediction tools show
inadequate performance in ligand binding site reconstruction.
Ideally, specialized prediction tools that can identify
pseudoknots, noncanonical base pair modules, or locate ligand
binding sites based on either sequence or secondary structures
can be integrated to improve the structural detail of RNA
models.100,101 However, RNA structures are stabilized not only
by maximizing base pairings but also largely by a 3D context,
such as tertiary contacts. Therefore, downstream computa-
tional strategies that leverage 3D information, such as RNA 3D
structure prediction, virtual screening, and molecular dynamics
simulations, are essential to evaluate and refine the secondary
structure prediction outputs. Such techniques may improve the
reconstruction of both canonical and noncanonical base
pairing patterns within ligand binding sites.98,102−104 Besides,
continued efforts to resolve new RNA 3D structures are critical
for expanding RNA structural dataset and deepening our
understanding of RNA folding principles. Ultimately, this will
support the development of new prediction tools capable of
identifying a more complete network of canonical and
noncanonical base pairs. In parallel, ongoing advances in
artificial intelligence, including both cutting-edge deep

learning-based and LM-based methods, may further strengthen
the role of RNA secondary structure prediction in the rapid
screening of druggable RNA sites.

■ MATERIALS AND METHODS

Ligand-Bound RNA Structure Dataset Curation
This study benchmarked RNA secondary structure prediction tools
against ligand-bound RNAs and aimed to investigate the predictions
on the ligand binding sites. For these purposes, we collected PDBs of
ligand-bound RNAs from HARIBOSS,23 the dataset curated for
ligand-bound RNA 3D structure prediction benchmarking work from
Nithin et al.,65 and newly submitted PDBs in EMBL PDBe until 4
September 2024.22,105 The ligand-RNA complexes that fall into the
following categories were discarded: (1) the RNA molecule has more
than 1 chain or has a broken chain where multiple nucleotides are
missing; (2) sequence length is over 1000 nucleotides; (3)
crystallization buffer compounds are the only ligands in the complex;
(4) RNA functions as a multimer. The filtering criteria were informed
by the need to benchmark against ligand-bound RNAs with
biologically functional ligands and meet the requirements of RNA
secondary structure prediction tools. Generally, RNA secondary
structure prediction cannot support the accurate prediction of long
sequences (typically those exceeding 1000 nucleotides) and multi-
chain RNAs.24,106,107 Note that some crystal structures contain
homomultimer RNA chains in the asymmetric unit, even though the
RNA is functionally annotated as a monomer. In this case, we did not
discard the entry but instead retained the first RNA chain with the
ligand in its binding site. For the complexes resolved by NMR, we
included only the first model from each PDB entry in the dataset. The
filtered dataset was subsequently clustered by RNA family using Rfam
covariance models and the Infernal program, with each cluster
corresponding to an Rfam family.108,109 For RNAs without an
assigned Rfam family, e.g., RNA aptamers, we applied the CD-HIT-
EST program with an 80% sequence identity threshold to complete
the clustering.110,111 The sequence identity threshold was selected to
match the value used for dataset division during the training of the
evaluated machine learning-based tools. Within each cluster,

Table 1. RNA Secondary Prediction Tools Benchmarked for Ligand-Bound RNAs

RNA secondary
structure prediction

tools

Machine
learning-
based

Pseudoknot
prediction

Noncanonical base
pairing prediction Note for usage

RNAfold26,27 No No No -
RNAstructure-
Fold28,29

No No No -

RNAstructure-
MaxExpect28,66

No No No -

RNAstructure-
ProbKnot28,44

No Yes No -

LinearFold67 No No No -
IPKnot45,46 No Yes No -
SPOT-RNA2a52,53 Yes Yes Yes 32 GB RAM, 500 GB disk space are suggested to support the in-memory operations for

RNA sequence length less than 500. Multiple CPU threads are also recommended.
CentroidFold-
CONTRAfold68,69

No No Yes -

CentroidFold-
McCaskill68,70

No No Yes -

CONTRAfold69 Yes No No -
KnotFold51 Yes Yes Yes -
REDfold71 Yes Yes Yes Input sequence length up to 720 nucleotides. Do not accept input sequence with “N”.
E2Efold72 Yes Yes Yes -
UFold33 Yes Yes No Input sequence length up to 500 nucleotides.
UFold_ncb33 Yes Yes Yes Input sequence length up to 500 nucleotides.
MXfold232,36 Yes No No -
SQUARNA47 No Yes No -
aSPOT-RNA2 is the only multiple-sequence alignment-based method evaluated here. bUFold_nc refers to UFold tool with noncanonical base pair
prediction activated (“−nc True” option).
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complexes containing identical ligands in the same binding site were
considered redundant, and only the structure with the highest
resolution was retained. The dataset construction protocol yielded 84
clusters comprising 203 ligand-RNA complexes (Table S1). Of the
203 complexes, 164 originated from HARIBOSS, 21 from Nithin’s
dataset, and 18 from newly deposited PDB entries. It is noteworthy
that 106 of the 203 ligand-bound RNAs are riboswitches and 62 are
aptamers, indicating a functional bias within the dataset (Table S1 and
Figure S7). All PDB files in the dataset went through a cleaning
process using pdb-tools112 and in-house scripts in order to remove
ions, bound proteins, functionally irrelevant ligands, renumber RNA
nucleotides, etc. We extracted the sequence and secondary structure
information on each complex using FR3D as ground-truth
annotations, a program recognized for its accuracy in base pair
annotation.113 We also annotated secondary structure using the
x3dna-dssr program v2.4.2 to independently validate our results.114,115

While these annotation methods might yield different base pairing
patterns, consistent conclusions drawn from both methods strengthen
the reliability of our analysis. The modified nucleobases were
relabeled as their corresponding canonical bases in the sequence.
The PDB 6e1v and 7e9e have several unpaired nucleobases
unresolved in the cocrystallized structures, which were denoted as
“N” in sequence and unpaired in secondary structure. In addition to
canonical base pairs, we also obtained noncanonical base pairs from
both FR3D and x3dna-dssr outputs.

We further enriched the information in the dataset using the PDBe
API developed by the European Molecular Biology Laboratory of the
European Bioinformatics Institute (EMBL-EBI),105 including se-
quence length, protein-binding information, etc. The RNA motif
annotations, e.g., multiway junctions (MWJ), pseudoknots (PK), and
G-quadruplexes (GQ), were obtained from the extracted RNA
secondary structures. For each RNA in the dataset, we identified and
annotated secondary structure elements and noncanonical base pair-
associated structural modules�hereafter collectively referred to as
structure elements�for all bases, which are based on and expanded
from Turner’s nearest-neighbor model.30,31 As illustrated in Figure
1B, these structure elements include those only derived from
canonical base pairing, such as helices, bulge loops, exterior loops,
hairpin loops, internal loops, multibranch loops, and multiway
junction BP (“BP” refers to “base pair”), as well as elements
associated with noncanonical base pairs: G-quartet, G-quartet loop
(GQ loop), single noncanonical base pair, triplex, and multiplex.
These annotations were performed using an in-house script.
Importantly, we additionally defined two loop elements not covered
by Turner’s model. Pseudoknot loops are loops flanked on both sides
by non-nested base pairs that define a pseudoknot, whereas linkage
loops are loops that do not belong to pseudoknot loops and cannot be
enclosed by any base pairs or any other loops. We further extracted
ligand binding site information by in-house scripts using the
Biopython package:116 (1) ligand-contacted nucleotides for each
complex, defined by a distance threshold of 6 Å to any ligand atoms;
(2) the nucleotides that show H-bonding interactions with ligands via
their Watson−Crick (WC) nucleobase edges (as WC-edge ligand-
contacted bases, see Figure 8A). The dataset with the annotated
details is summarized in Table S1, and we also provided structural
information including sequence, secondary structures, noncanonical
base pairs, and WC-edge ligand-contacted bases in Zenodo (DOI: 10.
5281/zenodo.18221787).

Benchmarking RNA Secondary Structure Prediction Tools
Seventeen commonly used prediction tools were included in this
benchmarking study and are summarized in Table 1. The
benchmarked prediction tools employ a range of methodologies,
from classical approaches combining Turner’s nearest-neighbor model
with dynamic programming (e.g., RNAfold) to advanced ML-based
methods (e.g., UFold). All tools are based on single sequence analysis,
except SPOT-RNA2, which incorporates multiple sequence align-
ment-based analyses and demonstrates improved performance on
sequences with available evolutionary information compared to the
single sequence-based SPOT-RNA.52,53 The tools also show different

capabilities in PK and noncanonical base pairing predictions. We ran
RNA secondary structure prediction for all tools on our dataset locally
and used their default setups. For more details about the sequence
input requirements, see Table 1.

Notably, the machine learning-based prediction tools were trained
on specific datasets, which may lead to overfitting and reduced
accuracy for RNA families not presented in their training sets.32,99 To
assess the risk of overfitting for the evaluated tools on our dataset, we
independently compared sequence identities between our dataset and
the training set of each machine learning-based tool. Sequence
identity assessment was performed using CD-HIT-EST-2D, with an
80% threshold to define overlap.110,111 The sequence identity
threshold has the same value as that used for dataset clustering as
described above. For each RNA in our dataset, we annotated whether
it overlaps with the training data of any of these tools. We
acknowledge that various methods are available to determine whether
RNAs in our dataset are included in the training sets of machine
learning-based tools, such as using the Infernal protocol applied in our
dataset clustering. However, for rapid evaluation, we chose to use the
sequence identity. We used RNAcanvas for visual comparison of
reference and predicted secondary structures.117

Performance Evaluation Metrics
To evaluate the accuracy of predicted secondary structures, we used
the F1-score as suggested by Mathews,118 which balances precision
(PPV) and sensitivity (SN) via the harmonic mean (eq 1), and we
applied the Accuracy (ACC) metric as defined in the work of
REDfold (eq 2).71 The definitions of True Positive (TP), False
Positive (FP), False Negative (FN), and True Negative (TN) are
provided in Table 2. Note that the F1-score and ACC metrics do not

take noncanonical base pairs into account. Noncanonical base pairs
present in the reference structures, as well as those predicted in
noncanonical combinations by the applicable tools, were excluded
from F1-score and ACC value calculations. This assessment approach
prevents predicted noncanonical base pairs from being counted as
false negatives, which could otherwise deteriorate the evaluations of
canonical base pair predictions.

= ·
+

=
+ +

F1
2PPV SN

PPV SN
2TP

2TP FN FP (1)

= +
+ + +

ACC
TP TN

TP FP FN TN (2)

F1-score and ACC values were calculated for each ligand-bound
RNA predicted by each tool. To mitigate bias from varying cluster
sizes, these metrics were subsequently averaged within each cluster for
the evaluations.

The performance of PK recognition was judged by the strict PK
base pair hit rate. Specifically, we converted the prediction output into
dot-bracket format without the consideration of predicted non-
canonical base pairs, from which we identified the base pairs within
PK regions and PK orders from bracket types (“[]”, “{}”, or “< >”).
The numbers of correctly predicted base pairs within PK regions
under different PK orders were counted and subsequently divided by
the total number of base pairs for each PK order, yielding the strict
PK base pair hit rate.

To evaluate the prediction accuracy specifically within ligand-
contacted regions, we calculated ACC values for these regions,

Table 2. Definitions of True Positive (TP), False Positive
(FP), False Negative (FN), and True Negative (TN) in This
RNA Secondary Structure Prediction Benchmarking Study

TP Number of bases correctly predicted as paired and correctly paired
with another base.

FP Number of bases predicted as paired, but they are actually unpaired or
paired with a wrong base.

FN Number of bases predicted as unpaired, but they are actually paired.
TN Number of bases correctly predicted as unpaired.
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reflecting the prediction hit rate for ligand-contacted nucleotides.
Because of the complex local structures within ligand-contacted
regions, it is also important for prediction tools to reconstruct relevant
structural elements rather than merely identifying base-pairing
patterns. Accordingly, we grouped ligand-contacted nucleotides by
their structure elements and calculated the hit rate for each structure
element within these regions. Additionally, since predicted secondary
structures may assign base pairing to the WC-edge ligand-contacted
bases�potentially burying the interaction surfaces�we estimated the
buried rate by calculating the probability that these bases were
predicted as paired.

For the evaluation of prediction accuracy on noncanonical base
pairs, we counted all predicted base pairs that overlapped with
noncanonical base pairs in the reference structures as hits. The
noncanonical base pair hit rate was then calculated by dividing the
number of hits by the total number of noncanonical base pairs in the
reference structures.
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