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RNAs have important biological functions and the functions of RNAs are generally coupled to their structures, espe-
cially their secondary structures. In this work, we have made a comprehensive evaluation of the performances of existing
top RNA secondary structure prediction methods, including five deep-learning (DL) based methods and five minimum free
energy (MFE) based methods. First, we made a brief overview of these RNA secondary structure prediction methods.
Afterwards, we built two rigorous test datasets consisting of RNAs with non-redundant sequences and comprehensively
examined the performances of the RNA secondary structure prediction methods through classifying the RNAs into differ-
ent length ranges and different types. Our examination shows that the DL-based methods generally perform better than
the MFE-based methods for RNAs with long lengths and complex structures, while the MFE-based methods can achieve
good performance for small RNAs and some specialized MFE-based methods can achieve good prediction accuracy for
pseudoknots. Finally, we provided some insights and perspectives in modeling RNA secondary structures.

Keywords: RNA secondary structure prediction, computational methods, comprehensive evaluation, tradi-
tional methods, deep-learning-based methods
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1. Introduction

Ribonucleic acids (RNAs) are a kind of biological macro-
molecules with important functions. An RNA is composed
of a sequence of four nucleotides — adenine (A), uracil (U),
cytosine (C), and guanine (G), and it generally folds into
its specific secondary and tertiary structures through base
pairing/stacking and tertiary interactions,[1,2] generally with
the aid of the binding of ions or ligands.[3–5] The structures
of RNAs enable their diverse functions, including protein
synthesis,[6] catalysis,[7] and gene regulation.[8]

RNA structure folding is generally hierarchical and RNA
secondary structures can exist stably due to the relatively
strong base pairing/stacking interactions.[4,9–11] RNA sec-
ondary structures are especially important since some RNAs
execute their biological functions at the secondary level
such as RNA silencing and RNA interference.[12] Further-
more, RNA secondary structures can form a substantial ba-
sis for accurately modeling RNA 3-dimensional (3D) struc-
tures based on either physical principles[13–24] or fragment
assembly.[25–31] Therefore, the knowledge of RNA secondary
structures is crucial for understanding RNA functions and re-
lated RNA medical applications as well as RNA 3D structure

modeling.[32–35]

Although experimental methods such x-ray crystallogra-
phy, nuclear magnetic resonance (NMR), and cryo-EM have
been employed to determine RNA 3D structures which can be
conveniently converted to secondary structures,[4,34] the de-
termined 3D structures of RNAs are rather limited possibly
due to the high time and facility cost.[36,37] For example, until
May 23, 2025, there are only 1981 3D structures of isolated
RNAs and 5381 structures of RNAs complexed with other
molecules.[36] Consequently, it is highly desired to develop
computational models for predicting RNA secondary struc-
tures at high precision and low cost.

During the past decades, various computational meth-
ods have been developed to predict RNA secondary
structures through various principles, including traditional
methods[38–54] and recently developed machine learning
(ML)/deep learning (DL)-based methods.[55–66] The tradi-
tional methods can be classified into minimum free en-
ergy (MFE)-based methods and multiple sequence alignment
(MSA)-based ones. The MFE-based methods predict RNA
secondary structures through calculating the free energies of
possible conformations generated from dynamic programing
or other sampling algorithms and the predicted structure is that
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with the lowest free energy.[43,47,49] The MSA-based meth-
ods are based on the evolution principle that homologous se-
quences tend to conserve structural features during evolution,
and the accuracy of the MSA-based methods relies on the in-
volved sequence databases for alignment.[67–69] Very recently,
ML/DL-based methods such as SPOT-RNA,[55] MXfold2,[56]

and BPfold[64] have been developed through involving large

datasets and various networks to learn RNA structural features
including base-pairing patterns and contact maps, and the pre-
diction accuracy of these methods for RNA secondary struc-
ture prediction has been greatly improved by recent advances
in deep learning technologies.[70–75] However, there is still a
lack of a comprehensive understanding on the prediction per-
formance of existing methods for RNA secondary structures.

5’…GGCUACG
UAGCUCAGU
UGGUUAGAG
CACAUCACUC
AUA…3’

Deep learning (DL) methodTraditional method

5’…GGCUACGUAGCUCAGUGUUAGAGCACAUCACU… 3’

5’…AAGUUGCUACGAAAGUGUUAUUCGGGAUCUCU…3’

5’…UGAUCGGUAAGUAAGUGUUAUACUUGGUCUCU…3’

5’…CCAAUGAUAUUGCAGUGUUAGCAACCAUCUCU… 3’

……

Coevolution sequence structures Target sequence structure

∆ seq = ∆ stem + ∆ loop + ⋯

Network training Output matrix
Contact matrix 

information

2. Multiple-sequence alignments (MSA)

Input sequence Computer processing Output structure1. Minimum free energy (MFE) method

Training process

Fig. 1. An illustration for two types of RNA secondary structure prediction methods: traditional methods including minimum free energy
(MFE)-based methods and multiple-sequence alignment (MSA)-based methods, and deep learning (DL)-based methods. The secondary struc-
tures were displayed by ViennaRNA web server.[49]

In this work, we made a comprehensive evaluation on
the performance of several top RNA secondary structure
prediction methods in different types. Specifically, we se-
lected Mfold,[39,40,43] ViennaRNA,[41,49] RNAstructure,[47,76]

IPknot,[48] and Knotty[51] as the typical ones of MFE-
based methods, and we selected SPOT-RNA,[55] MXfold2,[56]

REDfold,[60] and BPfold[64] as the typical ones of DL-based
methods. Additionally, we also included AlphaFold3[62] for
an evaluation through dissolving predicted tertiary structures
to secondary ones.

2. Test dataset and metrics for evaluation
2.1. Test dataset

For a comprehensive evaluation, we constructed a bench-
mark dataset based on RNA 3D structures downloaded from
Protein Data Bank (PDB) database,[36] and the secondary
structures for the RNAs were obtained through dissolving the
3D structures with the software of DSSR.[77] Practically, sim-
ilar to our previous works,[78–80] we downloaded all the PDB
files of isolated RNAs (until February 27, 2025), and converted
the 3D structures into the corresponding secondary structures
with DSSR.[77] Afterwards, we removed the sequences with
low base-pairing density of < 20% and lengths of < 20 nts.
Moreover, we removed redundant sequences with sequence
similarity > 80% by using CD-HIT-EST.[81] Finally, we ob-
tained a dataset containing 514 RNA structures with length

≥ 20 nts and ≤ 3119 nts, sequence similarity < 80% and base-
pairing density > 20%, and the dataset was called as test set I.
To test the prediction robustness of DL-based methods, es-
pecially Alphafold3 which has exceptionally excellent perfor-
mance for test set I, we built test set II through choosing the
RNAs whose 3D structures were released after the release date
of AlphaFold3 (May 8, 2024) from test set I, and test set II is
composed of 11 newly released RNAs. The PDBs of test set I
and test set II are listed in Table S1 in the supplementary ma-
terial.

For a comprehensive evaluation, we examined the per-
formances of the secondary structure prediction methods
along two dimensions: RNA length and RNA structure type.
First, we categorized test set I into six length ranges: 20–
50 nts (195 RNAs), 51–100 nts (198 RNAs), 101–200 nts
(79 RNAs), 201–500 nts (25 RNAs), 501–1000 nts (7 RNAs),
and >1000 nts (10 RNAs). Second, we also classified test
set I into different structure types: RNAs with 3-way junc-
tion (42 RNAs), RNAs with 4-way junction (61 RNAs), RNAs
with 5-way junction (10 RNAs), and RNAs with pseudoknot
(197 RNAs). The length distributions for the different length
and structure type categories have been shown in Figs. S1 and
S2 in the supplementary material.

2.2. Evaluation metrics

We employed two complementary metrics: F1-score and
Matthews correlation coefficient (MCC) to quantify the pre-
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diction performance of various methods, and both of F1-score
and MCC can be derived from the confusion matrix of base-
pair predictions by[82]

Precision =
TP

TP+FP
; (1)

Recall =
TP

TP+FN
; (2)

F1 = 2× Precision×Recall
Precision+Recall

; (3)

MCC =
TP×TN−FP×FN√

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
. (4)

Here, TP and TN represent the numbers of correctly predicted
pairing and un-pairing bases, while FP and FN denote the
numbers of incorrectly predicted pairing and un-pairing bases.
Thus, precision and recall describe the percentage of correctly
predicted pairing bases in the total predicted ones and the per-
centage of correctly predicted pairing bases in the native ones,
and F1-score serves as an integrated metric of precision and

recall. MCC provides another important metric by integrat-
ing all four confusion matrix categories. Thus, F1-score em-
phasizes detection of true base-pairing interactions, and MCC
better reflects overall structure facticity. This dual-metric ap-
proach enables robust evaluation of both base-pair identifica-
tion accuracy and global structure prediction quality.

3. Overview of representative RNA secondary
structure prediction methods
In the following, we briefly introduce the rep-

resentative MFE-based methods and DL-based methods
used in our evaluation. The former methods in-
clude Mfold,[39,40,43] ViennaRNA,[41,49] RNAstructure,[47,76]

IPknot,[48] and Knotty,[51] and the latter methods include
SPOT-RNA,[55] MXfold2,[56] REDfold,[60] and BPfold[64]

and AlphaFold3.[62] Please see Table 1 for the features of these
methods as well as the websites for online use and for package
download.

Table 1. Existing major RNA secondary structure prediction methods.

Methods Featuresa) Yearb) Package link Web server Ref.

Mfold MFE 2021 https://www.unafold.org/mfold/software/download-mfold.php https://www.unafold.org/ [43]

ViennaRNA MFE 2024 https://www.tbi.univie.ac.at/RNA/# http://rna.tbi.univie.ac.at/ [49]

RNAstructure MFE 2024 https://rna.urmc.rochester.edu/RNAstructure.html https://rna.urmc.rochester.edu/RNAstructureWeb/ [47]

IPknot MFE 2023 https://github.com/satoken/ipknot https://ws.sato-lab.org/rtips/ipknot++/ [48]

Knotty MFE 2024 https://github.com/TheCOBRALab/Knotty / [51]

SPOT-RNA DL 2019 https://github.com/jaswindersingh2/SPOT-RNA/ https://sparks-lab.org/server/spot-rna/ [55]

SPOT-RNA2 DL 2021 https://github.com/jaswindersingh2/SPOT-RNA2/ https://sparks-lab.org/server/spot-rna2/ [57]

MXfold2 DL 2021 https://github.com/mxfold/mxfold2 http://www.dna.bio.keio.ac.jp/mxfold2/ [56]

REDfold DL 2023 https://github.com/aky3100/REDfold https://redfold.ee.ncyu.edu.tw [60]

BPfold DL 2024 https://github.com/heqin-zhu/BPfold / [64]

AlphaFold3 DL 2024 / https://alphafoldserver.com/ [62]

a)Here, MFE and DL are the abbreviations of minimum free energy and deep learning, respectively.
b)This indicates the release years of the versions of these methods involved for the evaluation, although the early versions of some MFE-based
models have been released for a long time.

3.1. MFE-based methods

Mfold Mfold was originally developed by Zuker et al.
in the 1980s, and remains a widely-used tool for RNA sec-
ondary structure prediction based on free energy minimiza-
tion principles.[39,40] The current web server of Mfold pro-
vides a comprehensive prediction for secondary structures and
thermodynamics. Moreover, the server generates detailed out-
puts such as structure displaying, energy dot plots, and single-
strand frequency plots, and supports user-defined constraints
to guide the folding process.[43]

ViennaRNA ViennaRNA was originally introduced by
Lorenz et al. in 1994 by implementing dynamic programming
algorithms for RNA secondary structure prediction.[41] Vien-
naRNA calculates minimum free energies and equilibrium par-
tition functions, providing detailed basepairing probabilities.
ViennaRNA includes optimized implementations for both se-

quential and parallel computing environments, and uniquely
addresses the inverse-folding problem for designing RNA se-
quences with specific structural properties.[49]

RNAstructure RNAstructure was initially developed by
Mathews et al. in 1997, which incorporates thermodynamic
parameters from the Turner group to predict RNA secondary
structures through multiple approaches, including minimum
free energy, maximum expected accuracy, and partition func-
tion calculations.[76] RNAstructure provides detailed energy
analysis and structure annotation features, supporting both a
single sequence analysis and comparative approaches using
multiple sequences.[47]

IPknot IPknot was presented by Sato et al. in 2011,
which is a novel method for predicting RNA secondary struc-
tures with pseudoknots using integer programming.[48] IPknot
optimizes structure prediction by maximizing expected accu-
racy and includes an iterative refinement algorithm to enhance
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prediction accuracy. IPknot supports both single sequence and
aligned sequences as input, providing robust comparative anal-
ysis capabilities. IPknot may be a reliable model with effi-
ciency and accuracy, especially for predicting complex pseu-
doknot structures.

Knotty Knotty was developed by Jabbari et al. in 2018,
which is an advanced algorithm for predicting RNA secondary
structures with pseudoknots.[51] Knotty builds on the CCJ
algorithm[83] and employs sparsification techniques[84,85] to
significantly reduce space complexity while maintaining high
prediction accuracy. Knotty uses the HotKnots DP09 energy
model[86] to improve prediction quality and supports complex
pseudoknot structures, including kissing hairpins. Similar to
the MFE-based methods mentioned above, Knotty also offers
cross-platform support and detailed energy analysis. However,
Knotty is inapplicable to sequences of length > 500 nts.

3.2. DL-based methods

SPOT-RNA SPOT-RNA was proposed by Singh et
al. in 2019, which utilizes an ensemble of two-dimensional
deep neural networks, i.e., ResNets and long short-term
memory (LSTM) networks.[55] SPOT-RNA employs trans-
fer learning, where the model is initially trained on a large
dataset bpRNA[87] and then fine-tuned with high-resolution
RNA structures. The combination of these techniques allows
SPOT-RNA to achieve a significant improvement in predict-
ing all base pairs for RNAs, including non-canonical and non-
nested base pairs. SPOT-RNA is not applicable for sequences
>1500 nts.

SPOT-RNA2 SPOT-RNA2 was introduced by Singh et
al. in 2021 based on SPOT-RNA, through integrating evo-
lutionary profiles, mutational coupling, and transfer learn-
ing for improving RNA secondary structure prediction.[57]

SPOT-RNA2 predicts RNA contact maps by direct mutational
coupling technique GREMLIN.[88] Compared to SPOT-RNA,
it leverages position specific score matrix (PSSM) and di-
rect coupling analysis (DCA) to improve accuracy for com-
plex structures like non-canonical base pairs and pseudoknots.
However, since SPOT-RNA2 involves the calculation of MSA
information, SPOT-RNA2 is significantly less efficient than
SPOT-RNA and requires a lot of storage space (more than 2
TB). Thus, we did not examine SPOT-RNA2 in this work.

MXfold2 MXfold2 was introduced by Sato et al. in
2021, which integrates deep learning predictions with Turner’s
nearest-neighbor free energy parameters.[56] This method em-
ploys a max-margin framework with thermodynamic regular-
ization to ensure that the folding scores are close to the free
energy calculations. By combining these approaches, MX-
fold2 minimizes overfitting while maintaining computational
efficiency, resulting in robust and accurate predictions.

REDfold REDfold was developed by Chen and Chan
in 2023, which involves a residual encoder–decoder network

based on convolutional neural networks to learn both short and
long-range dependencies within RNA sequences.[60] REDfold
utilizes symmetric skip connections to efficiently propagate
activation information across layers, enhancing the ability to
capture complex interactions. REDfold is computationally ef-
ficient and can handle RNAs with pseudoknots.

BPfold BPfold was presented by Zhu et al. in 2024,
which constructs a base pair motif library and uses a hybrid
transformer and convolutional neural network architecture.[64]

BPfold integrates base pair motif energy and base pair atten-
tion to improve generalizability and accuracy. Additionally,
BPfold provides a confidence index to measure the reliability
of predicted structures, and thus offers users a way to assess
prediction quality.

AlphaFold3 AlphaFold3 was released by Google Deep-
Mind in 2024, which represents a significant advancement
in predicting 3D structures of biomolecules including pro-
teins, nucleic acids, small molecules, ions, and modified
residues.[62] AlphaFold3 employs a diffusion-based architec-
ture with pairfromer module that predicts the joint structure of
these complexes with high accuracy. AlphaFold3 represents a
significant contribution to structural biology. AlphaFold3 was
involved in the work through dissolving predicted 3D struc-
tures to secondary ones with DSSR.[77]

4. Results and discussion
In this work, first, we provided the overall performance

of the above-introduced methods for RNA secondary structure
prediction on test set I consisting of all redundant RNAs and
test set II containing newly released redundant RNAs from the
PDB database. Afterwards, we made a comprehensive eval-
uation on the methods along two dimensions of RNA length
and RNA structure types for the RNAs in test set I. Our quan-
titative evaluations were based on the above-introduced met-
rics including F1-score and MCC. Since Knotty, REDfold, and
SPOT-RNA are inapplicable to sequences of > 500 nts, those
of > 1000 nts and those of > 1500 nts respectively, the calcu-
lated metrics are the averages over those applicable RNAs.

4.1. Overall prediction performance

The average F1-scores and MCCs for all RNAs in test set
I from the various methods have been shown in Fig. 2(a) and
Table 2. The performances of the methods reflected by F1-
score follow the order of AlphaFold3 (0.93) � Knotty (0.80)
> MXfold2 (0.79) > SPOT-RNA (0.77) > IPknot (0.74) >

Mfold (0.71) > ViennaRNA (0.70) ∼ RNAstructure (0.70) ∼
BPfold (0.70) > REDfold (0.64). Simultaneously, the perfor-
mances of the methods reflected by MCC follow the order of
AlphaFold3 (0.82) � Knotty (0.52) ∼ MXfold2 (0.52) > BP-
fold (0.48) > SPOT-RNA (0.47) > IPknot (0.45) > REDfold
(0.39) > Mfold (0.36) > ViennaRNA (0.34) ∼ RNAstructure
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(0.34). Thus, AlphaFold3 exhibits an apparently superior per-
formance with an F1-score of 0.93 and an MCC of 0.82, com-
pared with other MFE and DL-based methods. This outstand-
ing performance of AlphaFold3 is also reflected by its high
precision (0.90) and recall (0.95), indicating its exceptional ca-
pability in predicting true base pairs. Following AlphaFold3,
Knotty and MXfold2 emerge as the second-class methods with
visibly lower F1-scores (∼ 0.80) and lower MCCs (0.52), re-

spectively. Next, SPOT-RNA and IPknot have slightly lower

performance than Knotty and MXfold2, while other methods

such as BPfold, Mfold and RNAstructure have slightly lower

performance than SPOT-RNA and IPknot. Here, it is noted

that Knotty, REDfold and SPOT-RNA are applicable for RNAs

with lengths of ≤ 500 nts, ≤ 1000 nts and ≤ 1500 nts, respec-

tively.

Existing models

(a) (all molecules)

(b) (newly released)

Fig. 2. The performances of different RNA secondary structure prediction methods on (a) test set I, and (b) test set II, which consisted
of newly released RNAs after May 8, 2024 (the date when AlphaFold3 was published[62]). Since Knotty, REDfold, and SPOT-RNA are
inapplicable for sequences of > 500 nts, those of > 1000 nts, and those of > 1500 nts, respectively, the shown values are the averages over
those applicable RNAs.

Table 2. Performances of different methods on test set I. The metrics
are bolded for the best values and underlined for the next-best ones by
different methods.

Methods Precision Recall MCC F1-score
Mfold 0.7541 0.667 0.3617 0.7079

ViennaRNA 0.7410 0.6677 0.3411 0.7024
RNAstructure 0.7418 0.6591 0.3377 0.698

IPknot 0.7982 0.6962 0.4472 0.7437
Knotty 0.8019 0.7904 0.5200 0.7961

SPOT-RNA 0.8053 0.7367 0.4739 0.7694
MXfold2 0.8185 0.7589 0.5210 0.7876
REDfold 0.8504 0.5116 0.3907 0.6389
BPfold 0.8839 0.5819 0.4838 0.7018

AlphaFold3 0.9001 0.9531 0.8182 0.9259

For another interesting evaluation especially for Al-
phaFold3, we used test set II containing newly released struc-
tures after AlphaFold3.[62] The F1-scores and MCCs from
various methods are shown in Fig. 2(b) and Table 3. The
F1-scores from the different methods follow the order of Al-
phaFold3 (0.86) > BPfold (0.72) ∼ IPknot (0.72) > MX-
fold2 (0.70) > RNAstructure (0.68) > SPOT-RNA (0.67) >
Knotty (0.62) > Mfold (0.61) > REDfold (0.59) > Vien-
naRNA (0.58), and the MCCs follow the order of AlphaFold3
(0.69) > BPfold (0.49) > IPknot (0.43) > MXfold2 (0.40) >

SPOT-RNA (0.36) > RNAstructure (0.33) ∼ REDfold (0.33)
> Knotty (0.23) > Mfold (0.22) > ViennaRNA (0.16). While
AlphaFold3 maintains its leading position, the performance of
AlphaFold3 decreases compared with that of test set I, and the
performance superiority of AlphaFold3 also decreases com-
pared with other methods. For example, when test set II is
used instead of test set I, the F1-score and MCC of AlphaFold3
decrease from 0.93 to 0.86 and from 0.82 to 0.69 respectively,
and simultaneously, the MCC difference between AlphaFold3
and the second-ranked method decreases from 0.3 to 0.2. Such
decrease in the performance of AlphaFold3 may suggest that
test set II may contain the structure features not fully captured
in the training set of AlphaFold3. It is noted that BPfold keeps
its consistent performance for test set I and test set II, and
emerges as the second-ranked method. It is encouraging that
several MFE-based methods such as IPknot and RNAstructure
keep their consistent performance, reflected by their consis-
tent F1-scores for test set I (0.74 and 0.70) and test set II (0.72
and 0.68). This may suggest the traditional principles can
still play some special roles in RNA secondary structure pre-
dictions, in addition to modeling RNA thermodynamics and
kinetics.[23,89–93]
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Table 3. Performances of different methods on test set II with newly
released RNA structures. The metrics are bolded for the best values and
underlined for the next-best ones by different methods.

Methods Precision Recall MCC F1-score
Mfold 0.6864 0.5422 0.2198 0.6058

ViennaRNA 0.6555 0.5200 0.1645 0.5799
RNAstructure 0.7340 0.6378 0.3348 0.6825

IPknot 0.7967 0.6533 0.4344 0.7179
Knotty 0.6598 0.5803 0.2255 0.6175

SPOT-RNA 0.7688 0.5911 0.3603 0.6683
MXfold2 0.7796 0.6289 0.3962 0.6962
REDfold 0.7992 0.4689 0.3327 0.5910
BPfold 0.8563 0.6222 0.4904 0.7207

AlphaFold3 0.8658 0.8600 0.6862 0.8629

The computational efficiency is also important for a pre-
diction method. We examined the computational costs for dif-
ferent methods on test set II except for AlphaFold3 which can
only be used through the web server; see Table 4. Overall,
the MFE-based methods except Knotty are more efficient than
the DL-based methods. Here, it needs to be emphasized that
the run time of the methods for an RNA is dependent on not
only its sequence length but also its structure complexity, in
addition to the computing machine.

Table 4. The total run time of different methods on test set II. The
methods were examined on a PC machine with AMD Ryzen 9 7950X
@ 4.5 GHz CPU.

Methods Run time (s)
Mfold 7.5

ViennaRNA 0.2
RNAstructure 3.4

IPknot 1.6
Knotty 1292.7

SPOT-RNA 236.2
MXfold2 10.5
REDfold 53.4
BPfold 41.0

Therefore, based on the examinations on test set I with
a large number of redundant RNAs and on test set II with
a few newly released RNAs, AlphaFold3 exhibits an excep-
tionally outstanding performance compared with other meth-
ods. Moreover, MXfold2, SPOT-RNA and BPfold exhibit rel-
atively reliable performance with mean F1-scores > 0.7 in
the DL-based methods, and IPknot, Knotty, and RNAstruc-
ture also show relatively reliable performance with mean F1-
scores 0.7 in the MFE-based methods. In the following, we
would make a comprehensive analysis of the performances of
the various methods in two dimensions: RNA length and RNA
structure type.

4.2. Prediction performance versus RNA sequence length

To systematically evaluate the length-dependent perfor-
mance of RNA structure prediction methods, we classified the
test set I into six categories according to sequence lengths: 20–
50 nts, 51–100 nts, 101–200 nts, 201–500 nts, 501–1000 nts,
and > 1000 nts. The number of RNAs varies in the length

range of [20 nts, 3119 nts]; see the details in Subsection 2.1.
The mean metrics from the ten methods for the categories in
the different length ranges are shown in Figs. 3 and 4.

For the category with 195 RNAs in the range of 20–
50 nts, all the ten methods demonstrated competitive perfor-
mance; see Fig. 3(a) and Table S2 in the supplementary ma-
terial. Specifically, the F1-scores from the different meth-
ods follow the order of BPfold (0.90) ∼ AlphaFold3 (0.90)
> MXfold2 (0.88) ∼ SPOT-RNA (0.88) ∼ Mfold (0.88) ∼
ViennaRNA (0.88) ∼ IPknot (0.88) > RNAstructure (0.87)
∼ Knotty (0.87) > REDfold (0.77), and the MCCs follow
the order of BPfold (0.78) > AlphaFold3 (0.77) > MXfold2
(0.73) > IPknot (0.72) ∼ Mfold (0.72) ∼ ViennaRNA (0.72)
> RNAstructure (0.71) ∼ SPOT-RNA (0.71) > Knotty (0.70)
> REDfold (0.57). The MFE-based methods (Mfold, Vien-
naRNA, and RNAstructure) remain competitive for RNAs in
this length range, suggesting their ability for small RNA struc-
tures and thermodynamics analyses.

For the category with 198 RNAs in the range of 51–
100 nts, MFE-based methods began to show gradually de-
clined performances, compared to DL-based methods and
compared with those for the RNA in the range of 20–50 nts;
see Fig. 3(b). Specifically, the F1-scores from the differ-
ent methods follow the order of AlphaFold3 (0.92) > BP-
fold (0.88) > MXfold2 (0.86) > SPOT-RNA (0.84) > Knotty
(0.81) > IPknot (0.79) ∼ ViennaRNA (0.79) > RNAstructure
(0.78) > Mfold (0.77) > REDfold (0.75), and the MCCs fol-
low the order of AlphaFold3 (0.81) > BPfold (0.73) > MX-
fold2 (0.69) > SPOT-RNA (0.60) > Knotty (0.57) > REDfold
(0.54) ∼ IPknot (0.54) > RNAstructure (0.51) ∼ ViennaRNA
(0.51) > Mfold (0.49); see Fig. 3(b) and Table S3 in the sup-
plementary material. It is noted that the DL-based methods
began to overwhelm the MFE-based methods and AlphaFold3
began to exhibit the exceptional performance for RNAs in the
length range.

For the category with 79 RNAs in the range of 101–
200 nts, the F1-scores from the ten methods follow the order
of AlphaFold3 (0.89) > BPfold (0.83) > MXfold2 (0.80) >
IPknot (0.77) > Mfold (0.76) ∼ RNAstructure (0.76) ∼ Vien-
naRNA (0.76) > SPOT-RNA (0.75) > Knotty (0.73) > RED-
fold (0.58), and the MCCs follow the order of AlphaFold3
(0.74) > BPfold (0.63) > MXfold2 (0.56) > IPknot (0.51) >
Mfold (0.47) > RNAstructure > (0.46) > SPOT-RNA (0.45)
> ViennaRNA (0.44) > Knotty (0.39) > REDfold (0.34); see
Fig. 3(c) and Table S4 in the supplementary material. For the
category with 25 RNAs in the range of 201–500 nts, the F1-
scores from the ten methods follow the order of AlphaFold3
(0.88) � MXfold2 (0.77) ∼ BPfold (0.77) > Knotty (0.75) >
IPknot (0.73) > RNAstructure (0.71) > ViennaRNA (0.70) >
Mfold (0.68) > SPOT-RNA (0.66) > REDfold (0.45), and the
MCCs follow the order of AlphaFold3 (0.69) � BPfold (0.48)
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> MXfold2 (0.46) > Knotty (0.38) > IPknot (0.37) > SPOT-
RNA (0.32) > RNAstructure (0.31)> ViennaRNA (0.30) >

Mfold (0.26) > REDfold (0.14); see Fig. 4(a) and Table S5 in
the supplementary material. For intermediate-length RNAs (in
the length range of 101–500 nts), AlphaFold3 exhibited visi-

bly superior prediction accuracy, while BPfold and MXfold2
showed reliable but marginally lower performance than Al-
phaFold3. The MFE-based methods showed comparable per-
formances to each other but are consistently outperformed by
the DL-based methods.

Existing models

(c) (101-200 nts)

(b) (51-100 nts)

(a) (20-50 nts)

Fig. 3. The performances of different secondary structure prediction methods on short RNAs with sequence length ≤ 200 nts in test set I: (a) for
RNA length range of 20–50 nts; (b) for RNA length range of 51–100 nts; (c) for RNA length range of 101–200 nts. Since Knotty, REDfold,
and SPOT-RNA are inapplicable for sequences of > 500 nts, those of > 1000 nts, and those of > 1500 nts, respectively, the shown values are
the averages over those applicable RNAs.

For the category with 7 large RNAs in the range of 501–
1000 nts, the F1-scores from the different methods follow
the order of AlphaFold3 (0.93) � IPknot (0.83) ∼ MXfold2
(0.83) > Mfold (0.81) ∼ ViennaRNA (0.81) > RNAstruc-
ture (0.80) > SPOT-RNA (0.73) > BPfold (0.67) > REDfold
(0.43), and the MCCs follow the order of AlphaFold3 (0.76)
� IPknot (0.54) > MXfold2 (0.52) > Mfold (0.46) > Vien-
naRNA (0.44) > RNAstructure (0.42) > SPOT-RNA (0.37) ∼
BPfold (0.37) > REDfold (0.14); see Fig. 4(b) and Table S6
in the supplementary material. It is noted that Knotty can-
not predict RNAs with length > 500 nts and thus was not in-
volved in the evaluation. For the category, it is interesting that
the MFE-based methods outperformed most of the DL-based
methods except for AlphaFold3 and MXfold2, which is differ-
ent from the relative performance between the MFE and DL-
based methods for other length ranges. Our structural analy-
ses revealed the RNAs in this category predominantly adopted
simple or nested topologies with minimal pseudoknots or ≤3-

way junctions and the features of such structures may be par-
ticularly amenable to dynamic programming algorithms in-
volved in the traditional models. Another possible reason is
that most of the DL-based methods did not involve large RNAs
during their training process.

For the category with 10 large RNAs in the range of
> 1000 nts, the F1-scores from the different methods follow
the order of AlphaFold3 (0.97) � MXfold2 (0.68) > IPknot
(0.62) > Mfold (0.54) > ViennaRNA (0.51) > RNAstructure
(0.49) > BPfold (0.21), and the MCCs follow the order of
AlphaFold3 (0.94) � MXfold2 (0.34) > IPknot (0.26) > BP-
fold (0.21) > Mfold (0.11) > ViennaRNA (0.04) > RNAs-
tructure (0.02); see Fig. 4(c) and Table S7 in the supplemen-
tary material. It is noted that REDfold and SPOT-RNA can-
not make predictions for RNAs with length > 1000 nts and
those with length > 1500 nts, respectively, and consequently,
we did not include them in the evaluation for the category. Al-
phaFold3 showed remarkably high and superior performance,
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while other methods showed severe performance reduction.
Additionally, MFE-based methods except IPknot exhibited
dramatically reduced performance, possibly suggesting their
limitations in handling genomic-scale RNAs.

The above comprehensive length-dependent analyses re-
vealed several critical insights. First, while prediction per-
formance generally exhibited an inverse relationship with se-
quence length, structure complexity can serve as an important
factor. Second, AlphaFold3 demonstrated uniquely consistent
accuracy across all length ranges, establishing it as the current
benchmark for RNA secondary structure prediction. Third,
MFE-based methods remained viable for short (< 100 nts) and
simple structures but were consistently outperformed by DL-

based methods for longer or more complex RNAs. Fourth,

it is interesting that the prediction accuracy of AlphaFold3

increases with RNA length, which may be attributed to the

sparser data for larger RNAs and consequently more specific

features captured through training. Finally, almost all of the

existing methods for RNA secondary structure prediction are

still limited to small and middle-size RNAs, which signifi-

cantly constrain genomic-scale applications. These findings

collectively highlight both the progress and persistent chal-

lenges in computational RNA secondary structure prediction,

particularly for RNAs with long sequences or complex archi-

tectures.

Existing models

(c) (>1000 nts)

(b) (501-1000 nts)

(a) (201-500 nts)

Fig. 4. The performances of different secondary structure prediction methods on long RNAs with sequence length > 200 nts in test set I: (a) for
RNA length range of 201–500 nts; (b) for RNA length range of 501–1000 nts; (c) for RNA length longer than 1000 nts. Since Knotty, REDfold,
and SPOT-RNA are inapplicable for sequences of > 500 nts, those of > 1000 nts, and those of > 1500 nts, respectively, the shown values are
the averages over those applicable RNAs.

4.3. Prediction performance versus RNA structure types

We conducted a further evaluation of the above-
introduced methods for RNA secondary structure predic-
tion by examining their performance across several important
structure motifs. Specifically, we chose the RNAs from test
set I and classified them into four categories: RNAs with 3-
way junction, those with 4-way junction, those with 5-way
junction, and those with pseudoknot. The mean metrics from
the ten methods for the categories with different types have

been shown in Fig. 5.

For the category consisting of 42 RNAs with 3-way junc-
tion, the F1-scores from the different methods follow the order
of AlphaFold3 (0.88) > BPfold (0.83) > MXfold2 (0.80) >
Knotty (0.78) > SPOT-RNA (0.76) > Mfold (0.73) > IPknot
(0.72) > RNAstructure (0.71) > ViennaRNA (0.69) > RED-
fold (0.64), and the MCCs follow the order of AlphaFold3
(0.73) > BPfold (0.62) > MXfold2 (0.56) > Knotty (0.51) >
SPOT-RNA (0.47) > Mfold (0.41) ∼ IPknot (0.41) > RNAs-
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tructure (0.38) > REDfold (0.37) > ViennaRNA (0.33); see
Fig. 5(a) and Table S8 in the supplementary material. While
AlphaFold3 exhibits its leading performance, such leading
performance is relatively marginal over other methods, par-

ticularly compared to BPfold. The MFE-based methods con-
sistently underperformed in this category except for Knotty
which has a slightly lower performance than BPfold and MX-
fold2.

Existing models

(a) (3-way junction)

(b) (4-way junction)

(c) (5-way junction)

(d) (pseudoknot)

Fig. 5. The performances of different secondary structure prediction methods on different types of RNAs in test set I: (a) RNAs with 3-way
junction; (b) RNAs with 4-way junction; (c) RNAs with 5-way junction; (d) RNAs with pseudoknots. Since Knotty, REDfold, and SPOT-RNA
are inapplicable for sequences of > 500 nts, those of > 1000 nts, and those of > 1500 nts, respectively, the shown values are the averages over
those applicable RNAs.

For the category consisting of 61 RNAs with 4-way junc-
tion, the F1-scores from the different methods follow the or-
der of AlphaFold3 (0.97) > MXfold2 (0.92) > BPfold (0.90)
> SPOT-RNA (0.86) ∼ Knotty (0.86) > RNAstructure (0.83)
> IPknot (0.82) > REDfold (0.81) > ViennaRNA (0.80) >

Mfold (0.77), and the MCCs follow the order of AlphaFold3
(0.93) > MXfold2 (0.80) > BPfold (0.77) > Knotty (0.66) >
REDfold (0.63) ∼ SPOT-RNA (0.63) > RNAstructure (0.58)
> IPknot (0.57) > ViennaRNA (0.52) > Mfold (0.46); see
Fig. 5(b) and Table S9 in the supplementary material. Al-

phaFold3 achieved near-perfect recall and MXfold2 demon-
strated remarkable improvement compared with the RNAs
with three-way junction. Overall, the MFE-based methods
have lower performance than the DL-based ones, and Knotty
has leading performance among the MFE-based methods.

For the category consisting of 10 RNAs with 5-way junc-
tions, the F1-scores from the different methods follow the or-
der of AlphaFold3 (0.97) > BPfold (0.92) > MXfold2 (0.89)
> SPOT-RNA (0.86) > ViennaRNA (0.85) > Knotty (0.83) >
RNAstructure (0.79) ∼ IPknot (0.79) > Mfold (0.78) > RED-
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fold (0.77), and the MCCs follow the order of AlphaFold3
(0.92) > BPfold (0.81) > MXfold2 (0.72) > SPOT-RNA
(0.62) ∼ ViennaRNA (0.62) > Knotty (0.58) > REDfold
(0.56) > RNAstructure (0.50) > Mfold (0.48) > IPknot (0.47);
see Fig. 5(c) and Table S10 in the supplementary material. For
this category, the methods showed similar performances to the
RNAs with 4-way junctions, while ViennaRNA becomes the
leading method in the MFE-based ones.

For the category consisting of 197 RNAs with pseudo-
knots, the F1-scores from the different methods follow the
order of AlphaFold3 (0.94) � Knotty (0.77) > MXfold2
(0.75) > SPOT-RNA (0.73) > IPknot (0.70) > Mfold (0.65)
> ViennaRNA (0.64) > RNAstructure (0.63) > BPfold (0.61)
> REDfold (0.57), and the MCCs follow the order of Al-
phaFold3 (0.86) � Knotty (0.47) > MXfold2 (0.45) > SPOT-
RNA (0.42) > BPfold (0.41) > IPknot (0.37) > REDfold
(0.32) > Mfold (0.25) > ViennaRNA (0.23) > RNAstructure
(0.22); see Fig. 5(d) and Table S11 in the supplementary ma-
terial. While AlphaFold3 still kept its leading performance,
Knotty showed the superior capability compared to all other
methods. Besides, IPknot outperformed other MFE-based
methods, reflected by higher MCC and F1-score, indicating
that even early pseudoknot-specific methods captured essen-
tial features missing in conventional methods. MXfold2 and
SPOT-RNA also performed well, suggesting that these DL-
based methods are also effective for pseudoknot structures.
It is worth noting that Mfold, ViennaRNA and RNAstructure
cannot make reliable prediction pseudoknots, and they exhibit
visibly lower performance for the category consisting of RNA
pseudoknots.

The above comprehensive structure type-dependent anal-
yses revealed the following insights. First, for the RNAs
without pseudoknots, the DL-based methods overwhelm the
MFE-based methods, while for those RNAs with pseudoknots,
the newly developed MFE-based methods such as Knotty can
overwhelm the DL-based ones except for AlphaFold3. Sec-
ond, overall, the involved methods except for AlphaFold3 be-
come less reliable for more complex structures, such as multi-
way junctions and pseudoknots. Third, AlphaFold3 exhibits
higher prediction accuracy for more complex structures, which
may be attributed to the specific structure features from sparse
data involved in the training process. Finally, MFE-based
methods can become competitive for RNAs with certain com-
plex motifs such as pseudoknots.

5. Conclusion
Accurate prediction of RNA secondary structures is cru-

cial for understanding RNA functions. In this review, we have
made a comprehensive evaluation of ten popular RNA sec-
ondary structure prediction methods, through assessing their

performance across two dimensions of RNA length and struc-
ture types. We built a test set containing a large number of
nonredundant RNAs and used four typical metrics to provide
quantitative insights into the existing computational methods
of RNA secondary structure prediction. The main conclusions
are listed in the following:

1. AlphaFold3 consistently achieves the highest predic-
tion accuracy (highest F1-scores & MCC) across almost all
RNA lengths and structure types, as compared with all other
MFE and DL-based methods. The DL-based methods of BP-
fold and MXfold2 can be strong alternatives to AlphaFold3
for RNAs with medium lengths (100–500 nts) and multi-way
junctions.

2. Overall, MFE-based methods have lower performance
than the DL-based methods in RNA secondary structure pre-
dictions, while they can still be a practical choice for small
RNAs (< 100 nts) due to their computational portability and
interpretability. But the poor performance of MFE-based
methods on large RNAs with complex structures limits their
applicability for predicting RNA secondary structures.

3. For RNAs with pseudoknots, besides AlphaFold3,
MXfold2 and Knotty can be reliable candidates for predicting
secondary structures, despite that the application of Knotty is
limited to the sequence length of < 500 nts.

4. For almost all the methods except for AlphaFold3,
there is an inverse relationship between RNA length and pre-
diction accuracy. While AlphaFold3 demonstrates even un-
precedentedly higher accuracy for larger RNAs, all other ex-
amined methods exhibit severe accuracy reduction when RNA
length exceeds 500 nts, suggesting a pressing need for the high
prediction accuracy across genomic-scale RNAs.

Although we have obtained the above major conclusions,
there are several limitations in this work. First, the test set was
built based on the RNA 3D structures deposited in the PDB
database, which may be already involved in the training pro-
cess of the DL-based methods especially AlphaFold3. This
may contribute to the overall superior performance of the DL-
based methods over the MFE-based methods and the higher
accuracy of AlphaFold3 for larger RNAs. A more compre-
hensive evaluation would require a large number of new RNA
structures as a “blind” test set. Second, this evaluation did
not include SPOT-RNA2, an improved version of SPOT-RNA
involving MSA information, since our test set contains 514
RNAs and SPOT-RNA2 is computationally very slow. How-
ever, it has been shown that SPOT-RNA2 has a visibly im-
proved performance over SPOT-RNA.[2] Thus, an evaluation
for SPOT-RNA2 would require a small test set with redun-
dant RNAs. Moreover, our evaluations were performed on a
CPU machine and we did not include the GPU-based meth-
ods such as Ufold.[58] Third, our evaluation only involved
the single-stranded RNAs since most of the existing methods
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cannot be directly applicable to double-stranded or multiple-
stranded RNAs, and an evaluation on the methods for predict-
ing secondary structures of double-/multiple-stranded RNAs
would be very valuable and is deserved to be performed in
the near future. Nevertheless, the comprehensive evaluation
in this work would be helpful for users to choose the proper
secondary structure prediction methods and can form a solid
basis for improving RNA secondary structure predictions in
the near future.

6. Challenges and perspectives
Although extensive computational methods have been de-

veloped for predicting RNA secondary structures, the prob-
lem of modeling RNA secondary structures is still far from
the final answer. In the following, we will discuss the ma-
jor challenges and perspectives in modeling RNA secondary
structures in several aspects.

6.1. On the robustness of DL-based methods

Overall, the DL-based methods have generally achieved
superior performances in predicting RNA secondary struc-
tures, especially AlphaFold3, in comparisons with the MFE-
based methods. However, the high accuracy of DL-
based methods may face the serious robustness in “blind”
predictions.[61] For example, the prediction accuracy of Al-
phaFold3 increases with the RNA length, e.g., F1-score in-
creases from 0.89 for the RNA length range of 101–200 nts
to 0.97 for the RNA length range of > 1000 nts, and simul-
taneously, the overall F1-score of AlphaFold3 decreases visi-
bly from 0.93 to 0.86 when test set I is replaced by test set II
with newly released RNA structures. This suggests that the
DL-based methods may exhibit excellent prediction accuracy
for the RNAs in the structure spectrum involved in the train-
ing process, while such accuracy may fall significantly for the
RNAs outside the training structure spectrum. Thus, achiev-
ing a reliable and robust accuracy for “blind” predictions re-
mains a challenge for DL-based methods. For the issue, a hy-
brid strategy with combining MFE-based methods and DL-
based ones can be an optional way to achieve high predic-
tion accuracy for the RNAs in the training structure spectrum
through DL-based methods while achieve acceptable predic-
tions through MFE-based methods for the RNAs significantly
outside the training structure spectrum.[65] Another possible
approach is to reasonably involve physical principles or ex-
perimental parameters in the training process for a DL-based
method, such as the thermodynamics-integration technique[56]

or the thermodynamics parameters.[64] Of course, with the
increase of the number of experimentally determined RNA
structures, the DL-based methods would become more robust
and more reliable in prediction accuracy.

6.2. On the accuracy of MFE-based methods.

The MFE-based methods are overall outperformed by the
top DL-based methods in prediction accuracy, while the meth-
ods can generally make the predictions for RNA folding ther-
modynamics and structure ensemble obeying the Boltzmann
law.[38–41,67] Thus, to improve the structure prediction accu-
racy of MFE-based methods would greatly benefit the under-
standing of RNA-related functions and the RNA design. In
fact, some MFE-based methods can give reliable predictions
for the secondary structures of small RNAs (≤ 50 nts), even
compared with the DL-based methods such as AlphaFold3.
Such reliable performance of MFE-based methods such as
RNAstructure and Knotty may be attributed to the fact that
the used thermodynamic parameters were determined for very
small RNAs.[86,94] However, such parameters may become in-
accurate for large RNAs due to the correlations between dif-
ferent structure domains of large RNAs. Thus, a possible way
to improve the prediction accuracy of MFE-based methods
is to develop or optimize more accurate and reliable param-
eters applicable for large RNAs, and such parameters may be
RNA size-dependent. Such improved parameters would con-
tribute not only to more accurate secondary structure predic-
tion but also to predicting RNA structure ensemble and folding
thermodynamics, which is far beyond the ability of DL-based
methods in the near future.

6.3. On predicting RNA secondary structures at varying
ion conditions.

Due to the highly polyanionic nature of RNAs,[95,96]

RNA structures can be sensitive to the ion environments.[97–99]

The existing methods for RNA secondary structure predictions
were developed either based on the existing determined RNA
structures or based on the experimentally derived thermody-
namic parameters at a conventional ion condition (e.g., 1 M
NaCl),[94,100–103] and the effects of ions were usually ignored
in modeling RNA secondary structures. It is currently impos-
sible for DL-based methods to account for the effects of ions
due to the lack of abundant data on the effect of ions, while it is
possible for a physics-based model to predict RNA secondary
structures at various ion conditions. One possible way is to in-
volve ion-dependent thermodynamic parameters in modeling
RNA secondary structures, like Mfold and RNAstructure. For
examples, the salt-extension of the thermodynamic parame-
ters for helix and loop formation has been proposed for RNAs
and DNAs, including the effect of monovalent and divalent
ions.[104–111] Another possible way is to develop a RNA fold-
ing model in which an RNA is modeled as a polyelectrolyte
chain with base pairing/stacking interactions,[10,23,112–115] and
thus the effects of monovalent and divalent ions can be implic-
itly or explicitly included in the structure predictions.
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6.4. On predicting RNA secondary structure in an in vivo-
like environment

RNAs usually perform their biological functions in a
crowded cellular environment which contains not only ions
but also many other solute (macro-)molecules such as proteins,
and such volume percentage of crowding macromolecules can
reach ∼ 40%.[116] Thus, to predict RNA secondary struc-
tures in a crowded cellular environment is crucial for under-
standing RNA functions.[117–121] However, it would be a great
challenge for the major existing MFE and DL-based methods
which completely ignore the realistic spatial coordinates of
RNA structures and consequently cannot account for the inter-
actions with crowded macromolecules. The effect of crowded
cellular environment can be taken into account in two possible
ways: one is that an RNA can be modeled as one in a confined
space;[122,123] the other way is to explicitly consider the ex-
istence of solute molecules including proteins or their mimic
spheres.[116,124,125] Simultaneously, an RNA is modeled as a
polyelectrolyte chain with base pairing/stacking interactions in
such a crowding environment.[123] Therefore, a physics-based
RNA folding model in a crowding environment can be devel-
oped and employed to predict RNA secondary structures in an
in vivo-like environment.

In summary, great progress has been made in the last three
decades in modeling RNA secondary structures, while some
challenges still remain. Thus, great efforts are still required
for modeling RNA secondary structures at high accuracy and
to understand the associated RNA functions in vivo. With the
increase in RNA structure data and the advances in physics-
based modeling principles and computation technology, the
exciting progress would be greatly anticipated on modeling
RNA secondary structures in the near future.
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[36] Rose P W, Prlić A, Altunkaya A, Bi C, Bradley A R, Christie C H,

Costanzo L D, Duarte J M, Dutta S, Feng Z, Green R K, Goodsell D S,
Hudson B, Kalro T, Lowe R, Peisach E, Randle C, Rose A S, Shao C,
Tao Y P, Valasatava Y, Voigt M, Westbrook J D, Woo J, Yang H, Young
J Y, Zardecki C, Berman H M, Burley S K 2017 Nucleic Acids Res. 45
D271

[37] Zhang J, Fei Y, Sun L and Zhang Q C 2022 Nat. Methods 19 1193
[38] Nussinov R and Jacobson A B 1980 Proc. Natl. Acad. Sci. USA 77 6309
[39] Zuker M and Stiegler P 1981 Nucleic Acids Res. 9 133
[40] Zuker M 1989 Sci. New Ser. 244 48
[41] Hofacker I L, Fontana W, Stadler P F, Bonhoeffer L S, Tacker M and

Schuster P 1994 Monatshefte Chem. Chem. Mon. 125 167
[42] Knudsen B and Hein J 2003 Nucleic Acids Res. 31 342
[43] Zuker M 2003 Nucleic Acids Res. 31 3406
[44] Do C B, Woods D A and Batzoglou S 2006 Bioinformatics 22 e90
[45] Hamada M, Kiryu H, Sato K, Mituyama T and Asai K 2009 Bioinfor-

matics 25 465
[46] Lu Z J, Gloor J W and Mathews D H 2009 RNA 15 1805
[47] Reuter J S and Mathews D H 2010 BMC Bioinformatics 11 129
[48] Sato K, Kato Y, Hamada M, Akutsu T and Asai K 2011 Bioinformatics

27 i85
[49] Lorenz R, Bernhart S H, Höner Zu Siederdissen C, Tafer H, Flamm C,

Stadler P F and Hofacker I L 2011 Algorithms Mol. Biol. 6 26
[50] Deng F, Ledda M, Vaziri S and Aviran S 2016 RNA 22 1109
[51] Jabbari H, Wark I, Montemagno C and Will S 2018 Bioinformatics 34

3849

088710-12

http://dx.doi.org/10.1006/jmbi.1999.3001
https://doi.org/10.1093/gpbjnl/qzae043
https://doi.org/10.1093/gpbjnl/qzae043
http://dx.doi.org/10.1146/biophys.2008.37.issue-1
http://dx.doi.org/10.1146/biophys.2008.37.issue-1
http://dx.doi.org/10.1038/s41586-023-06080-x
http://dx.doi.org/10.1038/s41586-023-06080-x
https://doi.org/10.1101/cshperspect.a003780
https://doi.org/10.1101/cshperspect.a003780
https://doi.org/10.1002/wrna.1651
http://dx.doi.org/10.1016/j.cell.2017.05.045
http://dx.doi.org/10.1016/j.cbpa.2008.09.024
http://dx.doi.org/10.1063/1.4894752
http://dx.doi.org/10.1063/1.4894752
http://dx.doi.org/10.1146/biophys.2017.46.issue-1
http://dx.doi.org/10.1128/MMBR.67.4.657-685.2003
http://dx.doi.org/10.1063/1.2895050
http://dx.doi.org/10.1063/1.2895050
http://dx.doi.org/10.1261/rna.1723609
http://dx.doi.org/10.1261/rna.1723609
http://dx.doi.org/10.1021/ja1109425
http://dx.doi.org/10.1021/jp112059y
http://dx.doi.org/10.1038/srep00734
http://dx.doi.org/10.1038/srep00734
https://doi.org/10.1093/nar/gkv1479
http://dx.doi.org/10.1093/nar/gkx386
http://dx.doi.org/10.1093/nar/gkx386
http://dx.doi.org/10.1021/acs.jctc.7b01228
http://dx.doi.org/10.1038/s41596-021-00628-9
http://dx.doi.org/10.1093/bioinformatics/btac426
http://dx.doi.org/10.1016/j.bpj.2023.03.017
http://dx.doi.org/10.1016/j.bpj.2023.03.017
https://doi.org/10.1088/1572-9494/addeb5
https://doi.org/10.1088/1572-9494/addeb5
http://dx.doi.org/10.1103/PhysRevE.85.021909
https://doi.org/10.1093/nar/gks339
http://dx.doi.org/10.1016/j.ymeth.2016.03.010
http://dx.doi.org/10.3390/ijms20174116
http://dx.doi.org/10.1038/s41467-021-23100-4
http://dx.doi.org/10.1016/j.bpj.2022.08.017
http://dx.doi.org/10.1016/j.jmb.2022.167452
http://dx.doi.org/10.1088/1674-1056/abc0d6
http://dx.doi.org/10.1088/1674-1056/abc0d6
https://doi.org/10.1093/bib/bbac205
http://dx.doi.org/10.3390/molecules28145532
http://dx.doi.org/10.1186/s12859-023-05532-5
http://dx.doi.org/10.1186/s12859-023-05532-5
http://dx.doi.org/10.1093/nar/gkw1000
http://dx.doi.org/10.1093/nar/gkw1000
http://dx.doi.org/10.1038/s41592-022-01623-y
http://dx.doi.org/10.1073/pnas.77.11.6309
http://dx.doi.org/10.1093/nar/9.1.133
https://doi.org/10.1126/science.2468181
https://doi.org/10.1007/BF00818163
http://dx.doi.org/10.1093/nar/gkg025
http://dx.doi.org/10.1093/nar/gkg595
https://doi.org/10.1093/bioinformatics/btl246
http://dx.doi.org/10.1093/bioinformatics/btn601
http://dx.doi.org/10.1093/bioinformatics/btn601
http://dx.doi.org/10.1261/rna.1643609
http://dx.doi.org/10.1186/1471-2105-11-129
https://doi.org/10.1093/bioinformatics/btr215
https://doi.org/10.1093/bioinformatics/btr215
http://dx.doi.org/10.1186/1748-7188-6-26
http://dx.doi.org/10.1261/rna.055756.115
http://dx.doi.org/10.1093/bioinformatics/bty420
http://dx.doi.org/10.1093/bioinformatics/bty420


Chin. Phys. B 34, 088710 (2025)

[52] Wang L, Liu Y, Zhong X, Liu H, Lu C, Li C and Zhang H 2019 Front.
Genet. 10 143

[53] Cheng Y, Zhang S, Xu X and Chen S J 2021 J. Phys. Chem. B 125
10108

[54] Andrikos C, Makris E, Kolaitis A, Rassias G, Pavlatos C and Tsanakas
P 2022 Methods Protoc. 5 14

[55] Singh J, Hanson J, Paliwal K and Zhou Y 2019 Nat. Commun. 10 5407
[56] Sato K, Akiyama M and Sakakibara Y 2021 Nat. Commun. 12 941
[57] Singh J, Paliwal K, Zhang T, Singh J, Litfin T and Zhou Y 2021 Bioin-

formatics 37 2589
[58] Fu L, Cao Y, Wu J, Peng Q, Nie Q and Xie X 2022 Nucleic Acids Res.

50 e14
[59] Mao K, Wang J and Xiao Y 2022 Molecules 27 1030
[60] Chen C C and Chan Y M 2023 BMC Bioinformatics 24 122
[61] Qiu X 2023 PLOS Comput. Biol. 19 e1011047
[62] Abramson J, Adler J, Dunger J, et al. 2024 Nature 630 493
[63] Zhou Y, Pedrielli G, Zhang F and Wu T 2024 BMC Bioinformatics 25

316
[64] Zhou S K, Zhu H and Xiong P 2024 preprint
[65] Qiu X 2025 Biol. Methods Protoc. 10 bpae097
[66] Yang C, Wu H, Shen T, Zou K and Sun S 2025 Proc. AAAI Conf. Artif.

Intell. 39 950
[67] Seetin M G and Mathews D H 2012 Bacterial Regulatory RNA (To-

towa, NJ: Humana Press) p. 99
[68] Zhang C, Zhang Y and Pyle A M 2023 J. Mol. Biol. 435 167904
[69] Zhang Y, Lang M, Jiang J, Gao Z, Xu F, Litfin T, Chen K, Singh J,

Huang X, Song G, Tian Y, Zhan J, Chen J and Zhou Y 2024 Nucleic
Acids Res. 52 e3

[70] Calonaci N, Jones A, Cuturello F, Sattler M and Bussi G 2020 NAR
Genomics Bioinforma. 2 lqaa090

[71] Zhao Q, Zhao Z, Fan X, Yuan Z, Mao Q and Yao Y 2021 PLoS Comput.
Biol. 17 e1009291

[72] Yu H, Qi Y and Ding Y 2022 Front. Mol. Biosci. 9 869601
[73] Justyna M, Antczak M and Szachniuk M 2023 Brief. Bioinform. 24

bbad153
[74] Wu K E, Zou J Y and Chang H 2023 Brief. Bioinform. 24 bbad210
[75] Zhang S, Li J and Chen S J 2024 Biophys. J. 123 2647
[76] Mathews D H, Andre T C, Kim J, Turner D H and Zuker M 1997

Molecular Modeling of Nucleic Acids (Washington, DC: American
Chemical Society) pp. 246–257

[77] Lu X J, Bussemaker H J and Olson W K 2015 Nucleic Acids Res. 43
e142

[78] Tan Y L, Feng C J, Jin L, Shi Y Z, Zhang W and Tan Z J 2019 RNA 25
793

[79] Tan Y L, Wang X, Shi Y Z, Zhang W and Tan Z J 2022 Biophys. J. 121
142

[80] Tan Y L, Wang X, Yu S, Zhang B and Tan Z J 2023 NAR Genomics
Bioinforma. 5 lqad016

[81] Fu L, Niu B, Zhu Z, Wu S and Li W 2012 Bioinformatics 28 3150
[82] Matthews B W 1975 Biochim. Biophys. Acta BBA - Protein Struct. 405

442
[83] Chen H L, Condon A and Jabbari H 2009 J. Comput. Biol. 16 803
[84] Wexler Y, Zilberstein C and Ziv-Ukelson M 2007 J. Comput. Biol. 14

856
[85] Backofen R, Tsur D, Zakov S and Ziv-Ukelson M 2011 J. Discrete

Algorithms 9 12
[86] Andronescu M S, Pop C and Condon A E 2010 RNA 16 26
[87] Danaee P, Rouches M, Wiley M, Deng D, Huang L and Hendrix D 2018

Nucleic Acids Res. 46 5381
[88] Kamisetty H, Ovchinnikov S and Baker D 2013 Proc. Natl. Acad. Sci.

USA 110 15674

[89] McCaskill J S 1990 Biopolymers 29 1105
[90] Rauzan B, McMichael E, Cave R, Sevcik L R, Ostrosky K, Whitman

E, Stegemann R, Sinclair A L, Serra M J and Deckert A A 2013 Bio-
chemistry 52 765

[91] Weber G 2015 Bioinformatics 31 871
[92] Wang Y, Wang Z, Wang Y, Liu T and Zhang W 2018 J. Chem. Phys.

148 045101
[93] Matthies M C, Krueger R, Torda A E and Ward M 2023 Nucleic Acids

Res. 52 e14
[94] Mathews D H, Sabina J, Zuker M and Turner D H 1999 J. Mol. Biol.

288 911
[95] Tan Z J and Chen S J 2010 Biophys. J. 99 1565
[96] Tan Z J and Chen S J 2011 Biophys. J. 101 176
[97] Xi K, Wang F H, Xiong G, Zhang Z L and Tan Z J 2018 Biophys. J.

114 1776
[98] Dong H L, Zhang C, Dai L, Zhang Y, Zhang X H and Tan Z J 2024

Nucleic Acids Res. 52 2519
[99] Qiang X W, Zhang C, Dong H L, Tian F J, Fu H, Yang Y J, Dai L,

Zhang X H and Tan Z J 2022 Phys. Rev. Lett. 128 108103
[100] Sugimoto N, Nakano S, Yoneyama M and Honda K 1996 Nucleic Acids

Res. 24 4501
[101] SantaLucia, J, Allawi H T and Seneviratne P A 1996 Biochemistry 35

3555
[102] Xia T, SantaLucia J, Burkard M E, Kierzek R, Schroeder S J, Jiao X,

Cox C and Turner D H 1998 Biochemistry 37 14719
[103] Zuber J, Schroeder S J, Sun H, Turner D H and Mathews D H 2022

Nucleic Acids Res. 50 5251
[104] SantaLucia J 1998 Proc. Natl. Acad. Sci. USA 95 1460
[105] SantaLucia J and Hicks D 2004 Annu. Rev. Biophys. Biomol. Struct. 33

415
[106] Owczarzy R, You Y, Moreira B G, Manthey J A, Huang L, Behlke M

A and Walder J A 2004 Biochemistry 43 3537
[107] Tan Z J and Chen S J 2006 Biophys. J. 90 1175
[108] Tan Z J and Chen S J 2007 Biophys. J. 92 3615
[109] Tan Z J and Chen S J 2008 Biophys. J. 95 738
[110] Owczarzy R, Moreira B G, You Y, Behlke M A and Walder J A 2008

Biochemistry 47 5336
[111] Chen Z and Znosko B M 2013 Biochemistry 52 7477
[112] Jin L, Shi Y Z, Feng C J, Tan Y L and Tan Z J 2018 Biophys. J. 115

1403
[113] Shi Y Z, Jin L, Feng C J, Tan Y L and Tan Z J 2018 PLoS Comput.

Biol. 14 e1006222
[114] Nguyen H T, Hori N and Thirumalai D 2019 Proc. Natl. Acad. Sci.

USA 116 21022
[115] Jin L, Tan Y L, Wu Y, Wang X, Shi Y Z and Tan Z J 2019 RNA 25 1532
[116] Zhou H X, Rivas G and Minton A P 2008 Annu. Rev. Biophys. 37 375
[117] Qin S and Zhou H X 2009 Biophys. J. 97 12
[118] Knowles D B, LaCroix A S, Deines N F, Shkel I and Record M T 2011

Proc. Natl. Acad. Sci. USA 108 12699
[119] Denesyuk N A and Thirumalai D 2011 J. Am. Chem. Soc. 133 11858
[120] Adams M S and Znosko B M 2019 Nucleic Acids Res. 47 3658
[121] Ghosh S, Takahashi S, Banerjee D, Ohyama T, Endoh T, Tateishi-

Karimata H and Sugimoto N 2023 Nucleic Acids Res. 51 4101
[122] Tan Z J and Chen S J 2012 Biophys. J. 103 827
[123] Feng C, Tan Y L, Cheng Y X, Shi Y Z and Tan Z J 2021 Front. Mol.

Biosci. 8 666369
[124] Banks A, Qin S, Weiss K L, Stanley C B and Zhou H X 2018 Biophys.

J. 114 1067
[125] Zheng C C, Chen Y L, Dong H L, Zhang X H and Tan Z J 2024 J.

Chem. Phys. 161 075101

088710-13

http://dx.doi.org/10.3389/fgene.2019.00143
http://dx.doi.org/10.3389/fgene.2019.00143
http://dx.doi.org/10.1021/acs.jpcb.1c04731
http://dx.doi.org/10.1021/acs.jpcb.1c04731
http://dx.doi.org/10.3390/mps5010014
http://dx.doi.org/10.1038/s41467-019-13395-9
http://dx.doi.org/10.1038/s41467-021-21194-4
http://dx.doi.org/10.1093/bioinformatics/btab165
http://dx.doi.org/10.1093/bioinformatics/btab165
https://doi.org/10.1093/nar/gkab1074
https://doi.org/10.1093/nar/gkab1074
http://dx.doi.org/10.3390/molecules27031030
http://dx.doi.org/10.1186/s12859-023-05238-8
https://doi.org/10.1371/journal.pcbi.1011047
http://dx.doi.org/10.1038/s41586-024-07487-w
http://dx.doi.org/10.1186/s12859-024-05916-1
http://dx.doi.org/10.1186/s12859-024-05916-1
http://dx.doi.org/10.21203/rs.3.rs-5321981/v1
https://doi.org/10.1093/biomethods/bpae097
https://doi.org/10.1609/aaai.v39i1.32080
https://doi.org/10.1609/aaai.v39i1.32080
http://dx.doi.org/10.1016/j.jmb.2022.167904
https://doi.org/10.1093/nar/gkad1031
https://doi.org/10.1093/nar/gkad1031
https://doi.org/10.1093/nargab/lqaa090
https://doi.org/10.1093/nargab/lqaa090
https://doi.org/10.1371/journal.pcbi.1009291
https://doi.org/10.1371/journal.pcbi.1009291
http://dx.doi.org/10.3389/fmolb.2022.869601
https://doi.org/10.1093/bib/bbad153
https://doi.org/10.1093/bib/bbad153
https://doi.org/10.1093/bib/bbad210
http://dx.doi.org/10.1016/j.bpj.2024.01.026
https://doi.org/10.1021/bk-1998-0682.ch015
https://doi.org/10.1021/bk-1998-0682.ch015
https://doi.org/10.1021/bk-1998-0682.ch015
https://doi.org/10.1093/nar/gkv665
https://doi.org/10.1093/nar/gkv665
http://dx.doi.org/10.1261/rna.069872.118
http://dx.doi.org/10.1261/rna.069872.118
http://dx.doi.org/10.1016/j.bpj.2021.11.016
http://dx.doi.org/10.1016/j.bpj.2021.11.016
https://doi.org/10.1093/nargab/lqad016
https://doi.org/10.1093/nargab/lqad016
http://dx.doi.org/10.1093/bioinformatics/bts565
https://doi.org/10.1016/0005-2795(75)90109-9
https://doi.org/10.1016/0005-2795(75)90109-9
http://dx.doi.org/10.1089/cmb.2008.0219
http://dx.doi.org/10.1089/cmb.2007.R020
http://dx.doi.org/10.1089/cmb.2007.R020
http://dx.doi.org/10.1016/j.jda.2010.09.001
http://dx.doi.org/10.1016/j.jda.2010.09.001
http://dx.doi.org/10.1261/rna.1689910
http://dx.doi.org/10.1093/nar/gky285
http://dx.doi.org/10.1093/nar/gky285
http://dx.doi.org/10.1073/pnas.1314045110
http://dx.doi.org/10.1073/pnas.1314045110
https://doi.org/10.1002/bip.360290621
http://dx.doi.org/10.1021/bi3013005
http://dx.doi.org/10.1021/bi3013005
http://dx.doi.org/10.1093/bioinformatics/btu751
http://dx.doi.org/10.1063/1.5013282
http://dx.doi.org/10.1063/1.5013282
https://doi.org/10.1093/nar/gkad1168
https://doi.org/10.1093/nar/gkad1168
http://dx.doi.org/10.1006/jmbi.1999.2700
http://dx.doi.org/10.1006/jmbi.1999.2700
http://dx.doi.org/10.1016/j.bpj.2010.06.029
http://dx.doi.org/10.1016/j.bpj.2011.05.050
http://dx.doi.org/10.1016/j.bpj.2018.03.001
http://dx.doi.org/10.1016/j.bpj.2018.03.001
http://dx.doi.org/10.1093/nar/gkae063
http://dx.doi.org/10.1093/nar/gkae063
http://dx.doi.org/10.1103/PhysRevLett.128.108103
http://dx.doi.org/10.1093/nar/24.22.4501
http://dx.doi.org/10.1093/nar/24.22.4501
http://dx.doi.org/10.1021/bi951907q
http://dx.doi.org/10.1021/bi951907q
http://dx.doi.org/10.1021/bi9809425
http://dx.doi.org/10.1093/nar/gkac261
http://dx.doi.org/10.1093/nar/gkac261
http://dx.doi.org/10.1073/pnas.95.4.1460
http://dx.doi.org/10.1146/annurev.biophys.32.110601.141800
http://dx.doi.org/10.1146/annurev.biophys.32.110601.141800
http://dx.doi.org/10.1021/bi034621r
http://dx.doi.org/10.1529/biophysj.105.070904
http://dx.doi.org/10.1529/biophysj.106.100388
http://dx.doi.org/10.1529/biophysj.108.131524
http://dx.doi.org/10.1021/bi702363u
http://dx.doi.org/10.1021/bi702363u
http://dx.doi.org/10.1021/bi4008275
http://dx.doi.org/10.1016/j.bpj.2018.08.030
http://dx.doi.org/10.1016/j.bpj.2018.08.030
https://doi.org/10.1371/journal.pcbi.1006222
https://doi.org/10.1371/journal.pcbi.1006222
http://dx.doi.org/10.1073/pnas.1911632116
http://dx.doi.org/10.1073/pnas.1911632116
http://dx.doi.org/10.1261/rna.071662.119
http://dx.doi.org/10.1146/annurev.biophys.37.032807.125817
http://dx.doi.org/10.1016/j.bpj.2009.03.066
http://dx.doi.org/10.1073/pnas.1103382108
http://dx.doi.org/10.1073/pnas.1103382108
http://dx.doi.org/10.1021/ja2035128
http://dx.doi.org/10.1093/nar/gkz019
http://dx.doi.org/10.1093/nar/gkad020
http://dx.doi.org/10.1016/j.bpj.2012.06.048
http://dx.doi.org/10.3389/fmolb.2021.666369
http://dx.doi.org/10.3389/fmolb.2021.666369
http://dx.doi.org/10.1016/j.bpj.2018.01.011
http://dx.doi.org/10.1016/j.bpj.2018.01.011
http://dx.doi.org/10.1063/5.0211869
http://dx.doi.org/10.1063/5.0211869

	1. Introduction
	2. Test dataset and metrics for evaluation
	2.1. Test dataset
	2.2. Evaluation metrics

	3. Overview of representative RNA secondary structure prediction methods
	3.1. MFE-based methods
	3.2. DL-based methods

	4. Results and discussion
	4.1. Overall prediction performance
	4.2. Prediction performance versus RNA sequence length
	4.3. Prediction performance versus RNA structure types

	5. Conclusion
	6. Challenges and perspectives
	6.1. On the robustness of DL-based methods
	6.2. On the accuracy of MFE-based methods.
	6.3. On predicting RNA secondary structures at varying ion conditions.
	6.4. On predicting RNA secondary structure in an in vivo-like environment

	References

