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SUMMARY

Deciphering RNA three-dimensional structures remains a central challenge in molecular biology.
While deep mutational profiling captures evolutionary constraints, its application has been limited to
a few functions, such as ribozyme self-cleavage, that are compatible with high-throughput selection.
Here we introduce RNA-MobiSeq, an integrative platform that leverages electrophoretic mobility as
a proxy for native RNA structure. Native gel profiling of deep-mutational libraries enriches for
structural homologs, and covariation analysis via an RNA-specific unsupervised method converts
these data into effective folding restraints, enabling accurate prediction of base-pairing (FI-score >
90%) and tertiary (3.6-11.2 A RMSD) structures for nine diverse RNAs, including riboswitches,
ribozymes, and long noncoding RNAs. Ranking as the best performer in CASP15-16 RNA targets
predicted by the template-free techniques and validated through replicate and oligo-pool experiments,
RNA-MobiSeq provides a general, probe-free framework for elucidating RNA structural landscapes,

bridging sequence information and functional understanding.
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INTRODUCTION

Many RNAs, involved in fundamental biological processes of all living organisms, can self-assemble
into specific base-pairing structures and rearrange their structures in response to other RNAs, proteins,
and small molecules'. Despite decades of progress, determining high-resolution RNA structures
remains a formidable challenge. Crystallization is often hindered by degenerate stable secondary
structures and negatively charged phosphate backbones, whereas nuclear magnetic resonance (NMR)
spectroscopy is limited by low number of intramolecular interactions and high conformational
flexibility of RNA due to six torsion angles per residue®”. Recent advances in cryo-electron
microscopy (cryo-EM) have enabled structure determination of some RNAs and RNA-—protein
complexes within weeks, yet these successes are typically confined to large or highly ordered RNAs
and demand sophisticated sample preparation and data analysis pipelines“’5 . As aresult, only about 3%

of entries in the Protein Data Bank (https://www.rcsb.org/) contain RNA structures.

The limitation posed by high-resolution structure-determination techniques spurred the development
of RNA-structure probing methods by employing enzymes, chemicals, hydroxyl radicals, and
cross-linking techniques, more recently in combination with next-generation sequencing® .
Multidimensional chemical mapping approaches, in particular, enable direct inference of base—base
interactions’. One example is mutate-and-map, which infers RNA base pairs through combined

. . . . 10-12
sequence mutations with chemical mapping'®

. Another example is MOHCA, which employs highly
reactive chemicals and the Fenton reaction to map the positions of nucleotides that are close together in
three-dimensional structures by detecting damaged nucleotides near reacting Fe-modified nucleotide’.
More recently, it has been shown that function-selected mutants from deep-mutational scanning alone

. . . . 13.14
can produce accurate base pairs through epistasis analysis'>

or analysis of covariation-induced
deviation of activity (CODA)". This technique of deep mutational scanning without chemical probing

simplifies experimental requirements. Function-based selections, however, are limited to the RNAs

with function amenable to high-throughput sequencing.
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Parallel to experimental efforts, diverse computational approaches have been developed for RNA
three-dimensional (3D) structure prediction. These methods can be categorized into homology
modeling, fragment-based assembly, de novo folding (without using known structural fragments), and
deep learning-based approachesm'zg. Fragment assembly methods such as FARNA'®, MC-Sym'’,
Vfold'®, 3dRNA", and RNACornposerzo, construct RNA tertiary models by combining structural
fragments from template libraries followed by energy minimization. De novo folding methods attempt
to fold RNAs into lowest-energy tertiary structures from unfolded states by using Monte Carlo (MC)

or molecular dynamics simulations* . More recently, inspired by Alpha1Fold24’25

, some deep
learning-based methods have emerged to extract the geometric structural information® **, which
serves as restraints for constructing RNA tertiary structures using traditional energy-based methods or
to make an end-to-end prediction such as AlphaFold 3. However, unlike the success of AlphaFold in
high-precision protein-structure prediction®*, the overall performance for RNA structure-prediction

. . 29-32
techniques remains low™ >,

The above persistent challenges highlight the need for experimental-computational strategies that are
both broadly applicable and experimentally accessible. Prior studies have shown that

single-nucleotide mutations can globally reshape RNA conformational ensembles™ >, and

destabilizing variants often exhibit altered electrophoretic mobility in native gels gels35’36. F

or
instance, while wild-type n-Tr20 (tRNA) adopts a single conformation, its CsoU mutant populates
two distinct states35; similarly, the Cj9320G mutation in DVxrRNAI dramatically reduces gel

mobility36. These observations suggest that the fractional retention of mutants in the native PAGE

band could serve as a quantitative proxy for their structural "fitness" relative to the wild type.

Here, we integrate this concept with high-throughput sequencing and computational modeling to
develop RNA-MobiSeq, an unsupervised framework for RNA structure inference. By
deriving native-mobility-fitness scores from sequencing mutational libraries before and after mobility

selection and applying RNA-specific CODA analysis (CODA2), we generate covariation restraints
3
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that, combined with the BRiQ statistical energy function®, produce high-accuracy secondary
base-pairing structures (FI-score > 0.9) and tertiary models (median LDDT > 0.58, RMSD of 3.6—
11.2 A) across nine RNAs spanning ribozymes, riboswitches, and IncRNAs (55-205 nt). Validated
through CASP benchmarks and replicate experiments, RNA-MobiSeq provides a robust, probe- and

template-free route for elucidating RNA tertiary structural landscapes.

RESULTS

Overview of the RNA-MobiSeq experimental-computational platform

The RNA-MobiSeq platform integrates native gel-based selection with sequencing and
computational modeling to infer both base-pairing and tertiary structures directly from RNA
sequence (Fig. 1). The framework begins by generating artificial homologous sequences and
quantifying their native-mobility fitness (a proxy for structural integrity) via high-throughput
sequencing of RNA mutants selected by gel mobility. These quantitative mobility-derived fitness
scores are then employed to identify covarying base pairs through an RNA-specific, unsupervised
analysis, which subsequently guides energy-based 3D modeling. Briefly, error-prone PCR (EP-PCR)
or oligonucleotide pool synthesis was utilized to construct mutational DNA libraries, which were
transcribed in vitro into RNA. The resulting mutant pools were separated by native PAGE according
to electrophoretic mobility, and the band corresponding to the wild-type mobility was excised for
reverse transcription. Both pre- and post-selection samples were deep-sequenced to obtain mutant
frequencies. The relative fraction of each variant in the excised band was employed to estimate its
native-mobility fitness score, approximating its structural similarity to the wild type. These fitness
scores were then analyzed using the RNA-specific CODA2 (COvariation-induced Deviation of
Activity) algorithm and Monte Carlo simulated annealing to detect covariation patterns indicative of
base-pairing interactions. The resulting secondary structure models were incorporated as restraints
into 3D modeling using the BRiQ statistical potential and a folding-tree-based energy minimization

algorithm®. Detailed protocols are provided in the Methods section.
4
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To test this experimental-computational platform, we first chose four RNAs in three different
types® *': two riboswitches, an exonuclease-resistant RNA (xrRNA), and a self-cleaving ribozyme.
They are SAM-VI riboswitch from Bifidobacterium angulatum37 (PDB ID: 6LAS, sequences 1-55,
55 nt), adenine riboswitch from Vibrio vulnificus38 (PDB ID: 5E54, sequences 13-83, 71 nt,
exonuclease resistant RNA from Zika virus®’ (PDB ID: 5TPY, sequences 1-71, 71 nt), and inactive
ribozyme mutant CPEB3-Cs,U* (81 nt) from human (PDB ID: 7QR441). Their base-pair structures
and 3D structures are shown in Figs. 2A, B, C, and D, respectively. These RNAs were chosen for
their relatively small sizes and known stable three-dimensional structures. Two riboswitches were
chosen to compare the effect of base pairs with or without tertiary-interaction-stabilized pseudoknots
for adenine riboswitch and SAM-VI riboswitch, respectively, on mobility selection. CPEB3
ribozyme was chosen so that one can compare mobility-based selection to function-based selection
conducted previously'. In addition, we employed four RNA targets from CASP 15 and CASP 167,
each exceeding 120 nf in length. Two CASP 15 targets classified as "difficult", which had no
published homologous structures before the challenge®, were included: R1116, a 157 nt Cloverleaf
RNA (PDB ID: 8S95), and R1149, a 124 nt SARS-CoV-2 SL5 (PDB ID: 8UYS), and their structures
were solved by X-ray crystallography and cryo-EM, respectively’>*. From CASP 16, we selected
R1203, a 134 nt HIV-1 Rev Response Element stem-loop II (RRE SLII, PDB ID: 8UO6 *, classified
as "medium" difficulty, solved by X-ray crystallography), and R1242, a 205 nt raiA ncRNA motif
(raiA, PDB ID: 9ELY>*, classified as "difficult", solved by cryo-EM)™.Their distinct base-pairing
structures and 3D structures are shown in Figs. 2E-2H, respectively. All eight structures are chosen
very different from each other (structural similarities between them are < 0.11 according to
TM-Score, Supplementary Table S1). To further assess its performance in blind prediction, we also
tested RNA-MobiSeq on three recent RNA-Puzzles targets
(https://www.rnapuzzles.org/open-puzzle/): PZ50 (57 nt), PZ51 (114 nt), and PZ62 (91 nt). While the

reference structure of PZ50 has been released (PDB ID: 8JY0)*°, those of PZ51 and PZ62 remain
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undisclosed at the time of analysis.
Mobility-based Selection

We first tested if mutations could lead to a visible change in mobility on a native PAGE for six RNAs
studied including two CASP 15 targets as described above. For each RNA, we randomly introduced
two mutations that will disrupt two base pairs in two different stems. The chosen double mutations
were shown in Figs. 2A-2F for the six RNAs, respectively (all RNA sequences are listed in
Supplementary Table S2). Figs. 2I-2N compare the mobilities of wild type (WT), a disruptive double
mutant (2M), and two RNA mutant-library replicates generated from EP-PCR. In five of the six
RNAs, the disruptive mutations led to a clear change in mobility relative to the WT, indicating
structural perturbation. The remaining RNA, SARS-CoV-2 SLS, exhibited only a subtle shift (Fig.
2N), but the mutant band displayed weaker intensity, indicating potential alterations in the native
structure. In all cases, mutant libraries displayed broader bands than the corresponding WT. Thus, the
native PAGE result confirmed that mobility is sensitive enough to separate at least some
structure-disrupting mutations from structure-unaltered mutations. Three destabilized RNA mutants
(2M: adenine riboswitch, xrRNA, and CPEB3 ribozyme) led to slower mobility compared to the wild
type (upper in the figure), which is expected for loosened structural forms with a larger
hydrodynamic radius. However, the opposite is true for SAM-VI riboswitch and Cloverleaf RNA.
This phenomenon has also been reported in other studies. For example, mutants of n-Tr20CsoU,
n-Tr20GesA, and n-Tr20CsoU/GgsA migrate faster than their wild type35 . The reason for this peculiar
behavior is not entirely clear but may be related to higher charge densities caused by structural

changes.

For mobility-based selection, the gel band corresponding to the wild-type mobility was excised,
under the assumption that RNAs with similar mobilities adopt similar structural ensembles. Similarly,

mutation libraries and corresponding bands were also prepared for two CASP 16 targets (Figs. 2G,
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2H, 20 and 2P) and three RNA puzzle targets (Figs. S1A-C), without testing individual double

mutation variants.
Quality of the Mutation Libraries

For covariation analysis, the most informative variants are single and double mutants. We therefore
optimized mutation rates to enrich RNA libraries for these categories. High-throughput sequencing
of pre-selection libraries confirmed 100% coverage of all single mutants and >82% coverage of
double mutants across eleven RNAs (95.2%, 88.4%, 94.4%, 91.7%, 82.3%, 92.0%, 87.8%, 81%,
97.8%, 91.2%, and 91.2% for SAM-VI riboswitch, adenine riboswitch, xrRNA, CPEB3 ribozyme,
Cloverleaf RNA, SARS-CoV-2 SL5 RNA, RRE SLII, raiA, PZ50, PZ51, and PZ60, respectively;
Supplementary Table S3). This high double-mutation coverage ensures sufficient statistical power for
subsequent covariation analysis. EP-PCR procedures can be simplified by using oligo-pools as
demonstrated for two CASP 15 targets and discussed in the discussion section. For each mutant, we
computed its native-mobility-fitness score as the proportion of reads recovered in the gel band
corresponding to the wild-type mobility, normalized by the wild-type pre-/post-selection ratio (See

Methods).

RNA-specific Co-variation Analysis & Signal Amplification (2D folding)

To significantly improve the sensitivity of detecting co-variation, we developed an RNA-specific
technique named CODAZ2. Previously, CODA provided unsupervised detection of base pairs by
searching for covariant outliers (the actual fitness score of a double mutant is significantly more than
the predicted fitness score of the double mutant from the fitness values of the two corresponding
single mutant variants through Support Vector Regression, SVR)". Unlike CODA, which utilized
fixed SVR hyperparameters for all RNAs, CODA?2 improves sensitivity by minimizing base-pairing
energy through a grid search of the SVR parameter space for each RNA (i.e., RNA-specific C and y

in the SVR model, as well as the variance truncation coefficient n) (Fig. S2, see Methods for details).
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Moreover, CODA2 incorporates mutation positions and base types before and after the mutations as
the input features, in addition to two single-mutation fitness values in CODA. These refinements
markedly improved the detection of base-pairing signals across eight RNAs (Fig. 2Q). The FI-scores
(harmonic mean of precision and sensitivity with 1, or 100%, as the highest value) achieved by
CODA2 were 0.34, 0.54, 0.64, 0.39, 0.42, 0.26, 0.25, and 0.56 for SAM-VI riboswitch, adenine
riboswitch, xrRNA, CPEB3 ribozyme, Cloverleaf RNA, SARS-CoV-2 SL5 RNA, RRE SLII, and
raiA, which improved over CODA by 89%, 69%, 31%, 70%, 121%, 100%, 56%, and 60%,
respectively. Consistent with the FI-score trends, Matthews Correlation Coefficients (MCCs) also

confirmed the enhanced predictive accuracy of CODA?2 (Supplementary Table S4).

Fig. 2Q also presents a comparison of CODA?2's performance in inferring true base pairs from deep
mutation data of the eight RNAs with other state-of-the-art covariation-analysis methods including
R—scape47, mean-field direct coupling analysis (mfDCA-RNA)*, pseudo-likelihood maximization
coupling analysis (plmDCA—RNA)49, and epistasis analysis from Schmiedel & Lehner
(epistasis—SL)13 as well as from Rollins et al (epistasis—Rollins)14. Here, the thresholds for defining
base pairs were all chosen to maximize the F/-score to facilitate comparison. The four methods (i.e.,
mfDCA-RNA, pImDCA-RNA, epistasis-SL, and epistasis-Rollins) have similar performance in
terms of FI-score for SAM-VI riboswitch (F1-score < 0.14), adenine riboswitch (F1-score < 0.21),
xrRNA (FI-score < 0.19), CPEB3 ribozyme (F1-score < (0.13), Cloverleaf RNA (FI-score <0.11),
SARS-CoV-2 SL5 (FI-score <0.10), RRE SLII (F1-score <0.12), and raiA (F1-score < 0.22). The
best F1-scores of base-pairs inferred from R-scape (0.10, 0.31, 0.40, 0.21, 0.15, 0.12, 0.16, and 0.28
for SAM-VI riboswitch, adenine riboswitch, xrRNA, CPEB3 ribozyme, Cloverleaf RNA,
SARS-CoV-2 SL5 RNA, RRE SLII, and raiA, respectively) are mostly better than traditional
covariation and epistasis analysis (except in the case of SAM-VI riboswitch). Its performance,
however, is behind the second-best CODA (Fig. 2Q), whereas CODA?2 has an average improvement

of 74.5% over CODA and 92.7% over R-scape for 8 RNAs studied here.

8
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Covariation signals captured by CODA2 can be amplified by MC simulated annealing for 2D folding
(CODA2 + MC) with commonly employed experimental energetic parameters, and subsequent
refinement through folding by BRiQ with the restraints from CODA?2 + MC analysis (CODA2 + MC
+ BRiQ). Across 1000 independent MC simulated annealing runs and 5000 BRiQ folding
simulations, the top 100 structures were utilized to produce a distribution of pairing results. Fig. 2Q
shows that CODA?2 + MC (best in the top 5) yields an increase in F1-score over CODA2 by 150%,
65%, 42%, 121%, 117%, 269%, 252%, and 61% for SAM-VI riboswitch, adenine riboswitch,
xrRNA, CPEB3 ribozyme, Cloverleaf RNA, SARS-CoV-2 SL5 RNA, RRE SLII, and raiA

respectively. The F1-scores for all RNAs > 0.85 after MC simulated annealing and are then further

improved to = 0.90 after BRiQ refinement, indicating a high-accuracy base-pair prediction for all

eight RNAs (Fig. 2Q; Fig. S3).

Capturing Tertiary Base Pairs

To evaluate whether mobility-derived covariation signals extend beyond local secondary-structure
and canonical base pairing, we analyzed the recovery of tertiary interactions across eight RNAs (Fig.
3; Fig. S3). Tertiary base pairs were defined as pseudoknots, lone base pairs, noncanonical base pairs,
and base triplets. SARS-CoV-2 SLS5 is the only one that does not have any tertiary base pairs.
SAM-VI riboswitch has two noncanonical base pairs. Adenine riboswitch has five pseudoknotted
base pairs including two noncanonical base pairs. xrRNA has six pseudoknotted base pairs including
two lone base pairs and two noncanonical base pairs. CPEB3 ribozyme has seven pseudoknotted
base pairs including one noncanonical base pair and two additional noncanonical base pairs.
Cloverleaf RNA has one lone pseudoknotted base pair, three noncanonical base pairs, and two
triplets. RRE SLII contains four lone pseudoknotted base pairs and two noncanonical base pairs, and

raiA features two pseudoknots, comprising six and two consecutive base pairs, respectively.

As shown in Fig. 3 and Fig. S3, CODA2 alone effectively captured pseudoknot signals in the
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adenine riboswitch, xrRNA, CPEB3 ribozyme, RRE SLII, and raiA. Although a tertiary signal for
the lone pseudoknot in Cloverleaf RNA was present (Fig. 3M), it was not strong enough to persist
among the top five predictions after MC and BRiQ refinement. Signals for noncanonical base pairs
and triplets as well as distance-based tertiary interactions were also difficult to capture. Nevertheless,
folding by the BRiQ statistical energy function can improve base pairs from CODA2 + MC by
removing unphysical false positives and including some distance-based contacts in SAM-VI
riboswitch (Uss#Gsg), adenine riboswitch (A1,0Cy4;), XtRNA (Us0C;3), CPEB3 (A50Gg3/Cs40Ug),
Cloverleaf RNA (C40C7), SARS-CoV-2 SL5 (CiseAgs), RRE SLII (Gj9eGyy;), and raiA
(G390A132/CgoeGys4) (Figs. 3C, 3F, 31, 3L 30, 3R, 3U, and 3X), as well as some noncanonical base
pairs located within stems or hairpin loops (e.g., Ugs-Ujos, Cs7-Ujo4, and Cgg-Co3 in Cloverleaf RNA;
Fig. S3E). Notably, CODA2 also revealed extensive long-range base pairing in the 205-nt raiA
IncRNA motif5’45, capturing contacts bridging its 5’ and 3’ ends (e.g., G7-Ca02, Ug-Az00, A10-Uig9, and
G11-Cio8), alongside two pseudoknotted elements (e.g., G39-Cgg, Cao-Ggg, and Ay4;-Ug; in one
pseudoknot, and Ugs-Ajg4 in the second) (Fig. S3). Although the signal for the second pseudoknot
was weaker due to its short two-pair stem, subsequent Monte Carlo refinement and BRiQ

optimization retained these interactions, yielding an overall F/-score of 0.91 for the best in top 5.

In fact, across all eight RNAs with sequence lengths ranging from 55 to 205 nt, we achieved
Fl-scores > 0.9 for base-pair inference (Fig. S3), despite the diverse shapes and functions of these
RNAs (riboswitches, ribozymes, viral RNA elements, and long non-coding RNAs). These results
demonstrate that mobility-informed covariation analysis not only captures canonical base pairs with
high fidelity but also retains the capacity to recover complex tertiary architectures underlying RNA

folding and function.
Comparison with Other Experimental Base-Pair Mapping Methods

Other experimental techniques for mapping base pairs were applied to Adenine riboswitch

10
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[Mutation-and-map by SHAPE (selective 2’-hydroxyl acylation and primer extension)'’], xrRNA
[M2-Seq by DMS (dimethyl sulfate) probe'?], and SARS-CoV-2 [M2-Seq by DMS probe*’] (Fig. S4).
As summarized in Table 1, CODA2 inference from RNA-MobiSeq outperformed the
Mutate-and-map (SHAPE) on adenine riboswitch, M2-Seq (DMS probe) on xrRNA, and M2-Seq
(DMS probe + Large library) on SARS-CoV-2 SLS, improving FI-scores by 8%, 220%, and 86%,
respectively. For SARS-Cov-2 SL5, the optimized M2-Seq protocol (DMS probe + Scarless)
captures more structural information (F/-score = 0.62) than CODA2 (F1 score = 0.26) but CODA 2
+ MC recovered the weak signals to yield an F1-score of 0.96 (Table 1). The enhanced performance
of the “Scarless” protocol was attributed to its exclusion of potential secondary-structure interference
caused by the primer binding sequence during DMS probing”’. The same technique, despite added
experimental complexity and manual labor, may well be employed for improving RNA-MobiSeq. It
should be noted that compared to M2-Seq, the experimental setup of mobility-based selection is

simpler as it does not utilize chemical probes.
3D Structure Prediction

To assess how mobility-informed covariation contributes to tertiary structure formation, we
evaluated the accuracy of 3D models generated by RNA-MobiSeq using the BRiQ statistical
potential. Structural similarity was quantified by the root-mean-square deviation (RMSD) and local
distance difference test (LDDT) between the predicted 3D structures and the corresponding native
structure for each RNA. The number of all types of steric clashes per thousand residues (clash score)

was also calculated.

As shown in Figs. 4A-H, RNA-MobiSeq accurately recapitulated the global architectures of eight
RNAs, with top 1 predicted structures (according to the energy function) showing RMSDs of 7.3 A,
7.1A,48A,60A,87A,88A,88A,and 13.8 A and LDDTSs of 0.70, 0.64, 0.71, 0.61, 0.59, 0.66,

0.70, and 0.52 for SAM-VI riboswitch, adenine riboswitch, xrRNA, CPEB3 ribozyme, Cloverleaf

11
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RNA, SARS-CoV-2 SL5 RNA, RRE SLII, and raiA, respectively. The best of the top 5 predictions
further improved to RMSDs of 6.1 A, 5.9 A, 3.6 A, 52 A, 7.7 A, 5.1 A, 7.5 A, and 11.2 A and
LDDTs of 0.7, 0.66, 0.74, 0.65, 0.61, 0.73, 0.72, and 0.58. Overall structural topology is well
captured for each of the eight RNAs (best in Top 5 all with > 0.58 LDDT, RMSD < 11.2A).
Consistently, Fig. S5 shows that lower BRiQ energy scores correlate with lower RMSDs across all

eight RNAs.

3D Structure Prediction Compared to BRiQ Folding with RNAfold-Derived Secondary
Structures as Restraints.

To obtain a sense of importance in tertiary interactions obtained by RNA-MobiSeq, we compared
secondary (in FI-scores or distribution of F-scores) and tertiary structures (in RMSD, LDDT, and

clash scores) for the eight RNAs by using the commonly-used secondary-structure-predictor

RNAfold”, instead of CODA2 + MC as restraints for BRiQ folding.

For RNAs containing pseudoknots, including the adenine riboswitch, xrRNA, CPEB3 ribozyme, and
raiA, RNA-MobiSeq substantially outperformed RNAfold-based folding. The best in top 5 models
achieved RMSD improvements of 178%, 252%, 292%, and 150%, respectively (Figs. SB-D and 5H;
Fig. S6). This large improvement is somewhat expected because RNAfold cannot predict
pseudoknots. Indeed, the FI-scores for base pairs of the best of the top 5 predictions obtained from
CODA2 + MC are 0.89, 0.91, 0.86, and 0.91 for adenine riboswitch, xrRNA, CPEB3 ribozyme, and
raiA, respectively, which are 11%, 68%, 85%, and 184% higher than those from RNAfold. Notably,
the performance of CODA?2 itself may not be better than RNAfold (better for two RNAs but worse
for the other six RNAs), as it identifies only strongly covarying base pairs; however, enhancing the
signals by MC simulated annealing (2D folding) improves over RNAfold for those RNAs with

pseudoknot stems.
Interestingly, the improvement is even observed for SAM-VI riboswitch, Cloverleaf RNA,
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SARS-CoV-2 SLS5, and RRE SLII in 3D structure prediction, despite these RNAs do not have or
have few lone tertiary base pairs, and CODA2 + MC performs comparable to RNAfold (Figs. SA, SE,
5F, and 5G) in predicted base pairs. The top 1 predicted structure for SAM-VI riboswitch is 7.3 A
RMSD and 0.70 LDDT by RNA-MobiSeq, compared to 7.5 A RMSD and 0.62 LDDT by RNAfold
+ BRiQ. The difference is even larger for Cloverleaf RNA (8.7 A RMSD by RNA-MobiSeq versus
12 A RMSD by RNAfold + BRiQ), SARS-CoV-2 SL5 (8.8 A versus 10.5 A), and RRE SLII (8.8 A
versus 15.0 A). These improvements occurred despite similar or worse performance in base pair
prediction by CODA?2 + MC for SAM-VI riboswitch (F1 score of 0.89 by RNAfold versus 0.77 by
CODA2 + MC (top 1)), Cloverleaf RNA (0.96 versus 0.94), SARS-CoV-2 SLS5 (0.95 versus 0.96),
and RRE SLII (0.92 versus 0.78), suggesting that the pairing probabilities from CODA?2 may have
contained tertiary distance information. In the case of Cloverleaf RNA, while CODA2 + MC failed
to precisely predict the lone pseudoknotted base pair (G20-C;37) and base triplets (A70*Csg7-Uj4, and
G77°Ggr-Cg9) essential for the stabilization of its 3D structure, the predicted nearby false-positive
base pairs (e.g., Gi9-Ci29, G20-Ci2s, Ceo-Gos, and A79-Ugs; see Fig. S3E) may have nonetheless
promoted the formation of native-like topologies with significantly lower RMSD values. A similar
phenomenon was observed for RRE SLII, where predicted base pairs G;s—Cjj4 and G9—Uj;3, though

incorrect, closely approximate the native pseudoknotted interactions Gis—C;3 and G9—Uj4.
3D Structure Prediction in Comparison to Other Structure Prediction Methods

For four small RNAs (SAM-VI riboswitch, adenine riboswitch, xrRNA, and CPEB3 ribozyme), we
compared RNA-MobiSeq with the current state-of-the-art RNA 3D structure prediction methods,
including four deep-learning-based (AlphaFold 3%, trRosettaRNA’, DRfold”’, and Rhofold*®) and
three energy-function-based (MC-Fold/MC-Sym'’, Vfold'®, and SimRNA?®) approaches; see in
Methods. As shown in Fig. 41, RNA-MobiSeq outperformed all the energy function-based methods
in RMSD values (the only method with RMSD < 6.1 A for all 4 RNAs). For deep-learning-based

methods, comparisons were only made for CPEB3 ribozyme because the other three structures are in
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the training data for these methods®®. For CPEB3, the best model among the top 5 RNA-MobiSeq
predictions achieved an RMSD of 5.2 A, representing a 29% improvement over the second-best

result (7.3 A from trRosettaRNA).

For four CASP RNAs (Cloverleaf RNA and SARS-CoV-2 SL5 from CASP 15, and RRE SLII and
raiA from CASP 16), we compared RNA-MobiSeq with predictions reported by CASP methods
(https://plredictioncenter.01rg/index.cgi)29’30 as well as AlphaFold 3. Because RNA-MobiSeq does not
rely on known homologous sequences or 3D templates, CASP submissions that explicitly utilized
structural templates or integrated multiple 3D structure prediction pipelines were excluded to ensure
a methodologically consistent comparison; see in Methods. Figure 4J shows the subset of predictions
with RMSD < 20 A used in this analysis, in which RNA-MobiSeq achieved the lowest RMSD (best
among the top 5 predictions) for all four CASP targets. For target R1116 (Cloverleaf RNA), the top 3
models among the 5 RNA-MobiSeq predictions all outperformed the top-ranked prediction from the
second-best method (Yang-Server) with RMSD of 10.9 A, which is 42% larger than RNA-MobiSeq
top-1 model (7.7 A). For target R1149 (SARS-CoV-2 SL5), RNA-MobiSeq obtained the best result
(5.1 A RMSD), surpassing the leading performance in CASP 15 by approximately 26% (6.9 A from
DF_RNA). For the CASP16 targets R1203 (RRE SLII) and R1242 (raiA), the best models among the
top 5 RNA-MobiSeq predictions achieved RMSDs of 7.5A and 11.2A, corresponding to

improvements of 11% and 2%, respectively, over the second-best AlphaFold3-server predictions.

Collectively, these comparisons highlight RNA-MobiSeq as a unsupervised template/fragment-free
framework that rivals or exceeds leading Al- and energy-based methods, underscoring the power of
integrating deep mutational scanning, mobility selection, CODA2, MC simulations, and BRiQ

modeling for accurate RNA base pairing and 3D structure inference from sequences.
Evaluation of RNA-MobiSeq on RNA-Puzzles Targets

To further assess the generalizability and blind-test performance of RNA-MobiSeq, we applied the
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RNA-MobiSeq platform to three recent RNA-Puzzles targets: PZ50, PZ51, and PZ62. Among them,
only PZ50 has a publicly available native structure (RhoBAST, PDB: 8JY0)* after our experiments
and structure prediction completed, whereas PZ51 and PZ62 remain blind at the time of submitting
this paper. For PZ50, the CODA2-inferred contacts achieved an FI-score of 0.60, successfully
capturing signals for all three major stems, as well as two notable lone tertiary base pairs (G23—Caq
and G,7—C3s); see Fig. S1A. Although the inclusion of MC slightly reduced the prominence of these
tertiary interactions due to the penalization of lone base pairs, the resulting base-pairings (e.g., the
best in top 5 with Fl-score = 0.89) were sufficiently accurate to serve as input constraints for 3D
structure modeling using BRiQ, yielding an F/-score of 0.91 for the best 3D model in top 5. The
final predicted tertiary structures reproduced the overall topology of the RNA, with the top 1
predicted structure reaching RMSD = 6.6 A, LDDT = 0.55, and the best in top 5 achieving RMSD =
5.3 A, LDDT = 0.58. This accurate prediction was achieved despite of likely structural differences
between the target (pure RNA) and the experimental structure (protein-RNA-ligand complex). In the
solved RhoBAST structure, the 5’-hairpin loop is longer than in the PZ50 target and interacts with a
protein, bringing it closer to the 5’-stem. Additionally, the 3’-hairpin loop binds a ligand (TMR-DN)
and interacts more extensively with the junction loop, resulting in a more compact tertiary

4
structure 6.

For PZ51 and PZ62 (Figs. S1B and C), CODA?2 revealed distinct covariation patterns consistent with
unique structural organizations. PZ51 appears to form a three-way junction without evident tertiary
contacts, whereas PZ62 exhibits a more intricate topology comprising five stems and a pronounced
pseudoknot. The top 5 predicted 3D structures for both targets have been submitted to a public
repository (see Data and Code Availability) and will be evaluated upon release of the native

structures as part of the ongoing blind assessment.
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DISCUSSION

RNA structures are challenging to determine experimentally and predict computationally. Here, we
propose a simple and yet effective method called RNA-MobiSeq that couples an age-old molecular
biology technique (mobility shifts in native PAGE) with modern high-throughput sequencing to
produce artificial homologous sequences with fitness scores, which permit extraction of covariant
base pairs by a sensitive RNA-specific CODA algorithm, followed by MC simulated annealing and

base-pair-restrained structure prediction guided by the BRiQ energy function.

It is established that mutation-induced structural changes can change RNA mobilities in
electrophoresis35’36. What is not known is whether mobility can serve as a tool to separate structural
homologs from structurally destabilized mutants in an RNA mutant library for effective covariation
analysis. Cutting the band with the same mobility as the wild type provides the fraction of mutants
that maintain a tertiary structure similar to the wild type in their conformational ensemble. Although
the gel experiment may not be sensitive enough to distinguish all mutation-induced structural
changes, e.g. structural rearrangement, and could introduce certain systematic noises or random
errors during manual cutting, the co-variation signals remain strong enough to allow the extraction of
secondary, all pseudoknot stems, and some tertiary contacts by CODA2, MC simulated annealing,
and BRiQ-based optimization for nine RNAs with known structures (Figs. 3A, 3D, 3G, 3J, 3M, 3P,
3S, 3V; Fig. S1A), achieving high-accuracy secondary structure predictions at the CODA2 + MC

level and beyond (Fig. 2Q); Fig. S1).

In native PAGE, PZ62 showed two closely spaced bands, while the other ten wild-type RNAs each
showed a single major band (Fig. 2I-P; Figs. S1 and S7). Both bands in PZ62 were excised
separately and used as references for library screening. CODA?2 analysis revealed that one of the two
bands corresponded to a well-defined secondary structure (Fig. S1C), whereas the other exhibited

disordered signals with no apparent stem formation (Fig. S7), indicating that subtle mobility
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differences can reflect distinct structural states. Overall, the mutant libraries at each wild type
position generally displayed lighter and more diffuse bands, along with the appearance of some
mutants at other mobilities (Figs. 2I-P, and Fig. S1), confirming that electrophoretic mobility is a

good indicator of structural integrity.

To assess the reproducibility of RNA-MobiSeq, we performed replicate experiments for two
representative RNAs (i.e., xtRNA, and CPEB3 ribozyme) under the same experimental conditions as
the original runs (Fig. S8). Replicates exhibited highly consistent mobility shift patterns, with mutant
libraries showing broader and weaker bands than their wild-type counterparts. CODA2-based
base-pairing inference yielded FI-scores of 0.58 and 0.37 closely matching the original values of
0.64 and 0.39 for xrRNA and CPEB3 ribozyme, respectively, reflecting relative deviations below
10%. Further validation was performed by conducting MC folding simulations using the replicate
CODAZ2 scores for xrRNA and CPEB3 ribozyme. The FI-scores (best in top 5) were 0.89 and 0.87,
nearly identical to the original values of 0.91 and 0.86, respectively. These similar base-pairing
patterns also translated into consistent 3D structure predictions using BRiQ: the best RMSDs (in top
5) were 3.9 A for xrRNA and 5.2 A for CPEB3 ribozyme in the replicates, compared to 3.6 A and
52 A in the original predictions. These findings demonstrate the high reproducibility of
RNA-MobiSeq and reinforce its utility as a reliable approach for RNA base-pairing and 3D structure

inference.

It is of interest to compare mobility-based to function-based selection done previously for CPEB3
ribozyme'”. The double mutation coverage was only 41% by function selection, compared to 92% in
this work. Despite the poorer coverage, function-based selection leads to a much higher performance
of base pair inference (0.55 versus 0.24 for FI-score by CODA). The FI-score of CPEB3 ribozyme
for mobility-based screening reaches 0.39 only after using a more sensitive CODA?2, which is still far
below 0.55. The band for the CPEB3 ribozyme mutant library is quite faint and of lower quality

compared to the function-selected library'® (Fig. 2J), indicating that most mutants negatively
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impacted structural stability. Nevertheless, enough RNA mutants (single and double mutants) were
extracted (see Supplementary Table S3), so that the key pseudoknot in CPEB3 is captured by
mobility selection and high-accuracy prediction of base pairs was obtained after MC simulated
annealing (F1-score = 0.86), as shown in Fig. S3D. This ultimately leads to the predicted CPEB3
ribozyme structure by RNA-MobiSeq that is substantially more accurate than those produced by
AlphaFold 3, trRosetta, DRfold, RhoFold, Vfold, SimRNA, and MC-Sym. It is the only one with an
RMSD < 6 A (Fig. 4I). Thus, although mobility selection is not as clean as selection by self-cleavage,
CODAZ2 + MC can rescue. More importantly, unlike function selection, mobility-based selection can
apply to all structured RNAs, independent of function. Consistent high performance across nine
RNAs with different functions (F/-score for base pair prediction: = 0.85 by CODA2 + MC and > 0.9
after BRiQ folding; RMSD for 3D structure prediction: 3.6-11.2 A for the best in the top 5)

underscores RNA-MobiSeq as a generalizable and reliable framework for structural inference.

One potential improvement is to utilize oligo pools rather than EP-PCR in RNA-MobiSeq. This
would significantly shorten experimental times as controlling the mutation rate by EP-PCR requires
trial and error. We performed RNA-MobiSeq for CASP 15 RNA targets R1116 (Cloverleaf RNA)
and R1149 (SARS-CoV-2 SLS5) by synthesizing all single and double mutants as oligo pools (Fig.
S9A). Although the coverage for double mutations from oligo pools is higher than that from EP-PCR
(i.e., 93.3% versus 82.3% for R1116, and 99.5% versus 92.0% for R1149; see Supplementary Table
S3), the FI-scores by CODA2 from the sequences generated with RNA-MobiSeq-OP are not always
superior to those from EP-PCR (0.28 versus 0.42 for R1116, and 0.32 versus 0.26 for R1149,
respectively; see Figs. 3M & 3P; Fig. S9). For R1149, while there was an improvement in FI-score
given by CODA?2, the improvement did not lead to a prediction of more accurate structures because
of similar base-pair accuracy after MC simulated annealing (0.96 versus 0.96 for the F'/-score given
by CODA?2 + MC for oligo-pool-based and EP-PCR-based RNA-MobiSeq, respectively); see Fig.

S9D. Thus, only the EP-PCR result was reported in the result section.
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The usefulness of mobility-selected structural homologs was further demonstrated by comparison
with RNAfold + BRiQ and AIChemy_RNAZ2. Although RNAfold + BRiQ employed the same BRiQ
energy function as RNA-MobiSeq, the restraints yielded from mobility-selected structural homologs
are consistently better than RNAfold, not only for pseudoknot-containing RNAs (Figs. 5B-5D & 5H),
but also for these RNAs with few tertiary base pairs (Figs. 5A & 5E-5G), suggesting that
mobility-selected structural homologs contain more useful tertiary structural information.
Furthermore, large improvement of RNA-MobiSeq over AIChemy_RNA?2 in two CASP 15 targets
(RMSD reduced by > 51%), despite the latter utilizing chemical probing data or homology templates
as folding restraints and the same BRiQ potential®, indicates the consistent quality data from

mobility-selected structural homologs.

We also examined whether base-pair restraints inferred from CODA2 + MC could enhance other
folding techniques. We tested it on MC-Sym, Vfold, and SImRNA on SAM-VI riboswitch, adenine
riboswitch, xrRNA, and CPEB3 ribozyme. MC-Sym did not yield results. Vfold yielded the result
for adenine riboswitch with RMSD changed from 6.9 Ato 6.4 A. Although the Vfold pipeline did
not predict pseudoknotted base pairs in adenine riboswitch, the accurately predicted secondary
structure (F1-score = 0.83), combined with the existing homology riboswitch junction loop templates,
allowed it to assemble a native-like structure'®. SimRNA yielded results for the four RNAs with
significant improvement for RMSD changed from 23.4 A,233A,165A,and 233 At09.2 A, 11.6
A, 12.6 A, and 10.7 A for SAM-VI riboswitch, adenine riboswitch, xrRNA, and CPEB3 ribozyme,
respectively (Fig. S10). Thus, base pairs inferred from mobility-selected structural homologs are

useful for improving other folding-based methods.

The BRiQ potential itself, while one of the most effective statistical energy functions for RNA
(enabling AIChem_RNAZ2 to achieve the #1 in CASP 1523’29), still exhibits intrinsic limitations.
When applied to refine native RNA structures, BRiQ failed to produce consistently lower energies

than those of CODA2 + MC + BRiQ-predicted models (Fig. S5), suggesting that native
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conformations are not always located at the global minima of the BRiQ landscape. BRiQ’s Monte
Carlo simulated annealing algorithm may also suffer from insufficient sampling when folding larger
RNAs. Together, these results suggest that RNA-MobiSeq’s inability to recover high-accuracy,
near-native structures (< 2 A RMSD) stems from both limitations in the BRiQ energy function and
incomplete conformational sampling rather than deficiencies in the experimental covariation signals.
For proteins, AlphaFold2 successfully overcomes this energy-function problem by performing
end-to-end training24’25. Such Al-based advances are yet to achieve for RNA structure prediction due

to the lack of a sufficient number of RNA structures>-.

Recent results from CASP 16 highlight that RNA 3D structure prediction remains largely in the
"template-based" phase, with most challenges proving intractable without templates. State-of-the-art
methods still rely heavily on human expertise and prior knowledge, including structural templates,
multiple sequence alignments, and low-resolution experimental data®™'. In contrast, RNA-MobiSeq
offers a fundamentally different paradigm: it enables fully template/fragment-free modeling by
experimentally generating artificial homologous sequences and extracting covariation-derived
base-pair restraints without supervision. These restraints can seamlessly interface with both
energy-based and machine-learning frameworks, bridging the gap between experimental mutational

information and computational RNA folding.

Practically, RNA-MobiSeq is also a rapid, economical, and scalable approach for detecting tertiary
interactions and guiding RNA 3D structure prediction. The entire experimental workflow, including
EP-PCR library construction, mobility-based screening, and high-throughput sequencing, typically
takes about one month, primarily because achieving high double-mutation coverage usually requires
three rounds of EP-PCR, and this can be shortened to 2-3 weeks by directly employing doped
synthetic libraries, while the downstream computational analysis can be completed within hours. The
total cost of gene synthesis, materials, consumables, and sequencing is less than USD 300 per RNA,

highlighting RNA-MobiSeq as an accessible experimental-computational framework for RNA
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structure inference.

Despite its general robustness, RNA-MobiSeq has several limitations. The experimental workflow
may introduce noise during manual gel cutting and generally requires high double-mutation coverage
(>80%) for accurate inference, often necessitating multiple rounds of EP-PCR. In addition, current
analyses are restricted to single and double mutants and focus on canonical (A-U, G-C) and wobble
(G-U) base pairs due to limitation of existing energy functions employed in 2D folding, leaving
noncanonical and higher-order interactions underexplored. Finally, intrinsic limitations in the BRiQ
energy function and conformational sampling still constrain the precision of 3D structure

reconstruction.
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Figure 1. The workflow of RNA-MobiSeq for RNA 3D structure inference. The method starts from a DNA
template sequence of the target RNA and employs error-prone PCR (EP-PCR) or oligo pools to produce a
random-mutation DNA library, followed by in vitro transcription to generate an RNA library. The RNA library is
then subjected to mobility-based selection by Polyacrylamide Gel Electrophoresis (PAGE). Selected RNAs are
reverse transcribed for high-throughput sequencing. Sequencing results are compared to the unselected library for
analyzing co-mutation signals by RNA-specific CODA2 (CO-variation-induced Deviation of Activity), following
by Monte Carlo (MC) simulated annealing for signal amplification (2D folding). The obtained base pairs were
utilized as restraints for predicting RNA structures (3D folding).
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Figure 2. Mutation-induced changes in mobility and improved extraction of base pairs from
mobility-selected sequences by CODA2 and CODA2 + MC over other methods for eight RNAs with different
structures. The secondary and tertiary structures of SAM-VI riboswitch (PDB ID: 6LLAS) (A), adenine riboswitch
(PDB ID: 5E54) (B), xrRNA (PDB ID: 5STPY) (C), CPEB3 (PDB ID: 7QR4) (D), Cloverleaf RNA (PDB ID: 8S95)
(E), and SARS-CoV-2 SL5 (PDB ID: 8UYS) (F), with the locations of randomly chosen double mutations (2M) as
indicated (red circles), as well as the secondary and tertiary structures of two CASP 16 targets: RRE SLII (PDB ID:
8UO06) (G), and raiA ncRNA motif (PDB ID: 9ELY) (H). The secondary (mostly local) base pairs are shown in
pink, and tertiary (mostly nonlocal) base pairs are shown in blue for pseudoknots and lone base pairs, dark purple
for non-Watson-Crick base pairs, and orange for triplets. Mobility comparisons among wild type (WT), double
mutants (2M), and two library replicates for SAM-VI riboswitch (I), adenine riboswitch (J), xrRNA (K), CPEB3
ribozyme (L), Cloverleaf RNA (M) and SARS-CoV-2 SL5 (N), as well as mobility comparisons among WT, and
two library replicates for two CASP 16 targets: RRE SLII (O) and raiA (P). Bands with the same mobility as the
wild-type were excised (highlighted with red dashed boxes). (Q) Comparisons of FI-scores inferred by CODA, the
RNA-specific CODA (i.e., CODA2), and signal amplification by Monte Carlo simulations (CODA2 + MC, the best
in top 5) and further incorporating RNA-BRiQ 3D modeling (CODA2 + MC + BRiQ, the best in top 5), as well as
R-scape, the mean-field direct coupling analysis (mfDCA-RNA), pseudolikelihood maximization coupling analysis
(pImDCA-RNA), epistasis from Schmiedel & Lehner (epistasis-SL) and from Rollins et al (epistasis-Rollins) for
the SAM-VI riboswitch, adenine riboswitch, xrRNA, CPEB3 ribozyme, Cloverleaf RNA (R1116), SARS-CoV-2
SL5 (R1149), RRE SLII (R1203), and raiA (R1242), as labelled. F'1-score=1 (100%) for perfect prediction.
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Figure 3. Detection of tertiary base pairs by CODA2 and subsequent enhancement by CODA2 + MC and
CODA2 + MC + BRIiQ as indicated by blue circles in upper right triangles. The base-pair and/or
distance-based contact maps (upper right) inferred from CODA2, by MC simulated annealing (CODA2 + MC), and
by folding with the BRiQ statistical energy function and the restraints from CODA2 + MC as labelled on the top
for SAM-VI riboswitch, adenine riboswitch, xrRNA, CPEB3 ribozyme, Cloverleaf RNA, SARS-CoV-2 SL5 RNA,
RRE SLII, and raiA ncRNA motif, as labelled on the y-axis. Blue circles: native (lower left triangles) or predicted
(upper right triangles) tertiary interactions including pseudoknots, noncanonical base pairs, lone base pairs, and
base triplets. Red circles in upper triangles: false positive predictions of base pairs. In the native/predicted
distance-based contact maps, the contacts with a 5 A cutoff are shown in dark purple, while those with an 8 A
cutoff are shown in light purple. The base pairs from the top 100 structures predicted by BRiQ are marked by a
gradient of light to dark blue, indicating the probability from low to high.
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Figure 4. RNA-MobiSeq accurately infers RNA 3D structures across diverse benchmarks. (A-H) For all eight

RNAs, RNA-MobiSeq achieves < 13.8 A RMSD and > 0.52 LDDT for top-1 prediction and < 11.2 A RMSD and >
0.58 LDDT for the best among the top 5 models: (A) SAM-VI riboswitch, (B) adenine riboswitch, (C) xrRNA, (D)
CPEB3 ribozyme, (E) Cloverleaf RNA, (F) SARS-CoV-2 SLS RNA, (G) RRE SLII, and (H) raiA ncRNA motif.
Grey: experimental structures. Colored: predicted structures. (I) RMSDs of the top 5 RNA-MobiSeq predictions are
compared with those from state-of-the-art RNA structure prediction methods, including energy function-based
approaches (Vfold, SimRNA, and MC-Fold/MC-Sym) and deep learning-based approaches (AlphaFold 3,
trRosettaRNA, DRfold, and Rhofold), for SAM-VI riboswitch, adenine riboswitch, xrRNA, and CPEB3 ribozyme.
(J) RMSDs of the top 5 RNA-MobiSeq predictions are compared with those from independent, template-free
methods submitted to CASP15 and CASP16 for four CASP targets: Cloverleaf RNA (R1116), SARS-CoV-2 SL5
RNA (R1149), RRE SLII (R1203), and raiA ncRNA motif (R1242). Stars: the top 5 RNA-MobiSeq predictions.
Dots: predictions from other methods or CASP submissions. Violin: the RMSD distributions of the competing
methods.
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690  Figure 5. Folding with base pairs from RNA-MobiSeq can achieve more accurate 3D structures even for
691  RNAs having few tertiary base pairs (SAM-VI riboswitch, Cloverleaf RNA, SARS-CoV-2 SLS5, and RRE
692 SLII). Fi-scores for base pairs inferred from CODA2, CODA2 + MC (Top 5), and CODA2 + MC + BRiQ (Top
693 100) as compared to the reference base pairs predicted by RNAfold and RNAfold + BRiQ as well as the
694  distributions of structure-prediction performance measures for the eight RNAs folded by BRiQ (top 100) based on
695  the secondary structures from CODA2 + MC and RNAfold, respectively, according to RMSD, LDDT, and clash
696 score for SAM-VI riboswitch (A), adenine riboswitch (B), xrtRNA (C), CPEB3 ribozyme (D), cloverleaf RNA (E),
697 SARS-CoV-2 SL5 (F), RRE SLII (G), and raiA ncRNA motif (H).

698
699
700
701

702

28



703
704

705

706

707

708

709

Table 1. Comparison of Fl-scores from MobiSeq with those from other methods that combine

experimental techniques with computational algorithms for RNA base-pair inference.

RNA Method Fl-score CODA2 CODA2+MC
Adenine 10

. . Mutate-and-map (SHAPE) 0.50 0.54 0.89
riboswitch
xrRNA M2-Seq (DMS probe)'? 0.20 0.64 0.85

SARS-CoV-2 M2-Seq (DMS probe +

SL5 (R1149)”  Large library)® 0.14 0.26 0.96
SARS-CoV-2 M?2-Seq (DMS probe +
. 2 .
SL5 (R1149)"  Scarless)® 0.62 0.26 0.96
a The adenine riboswitch (PDB code: 1Y26; sequence:

CGCUUCAUAUAAUCCUAAUGAUAUGGUUUGGGAGUUUCUACCAAGAGCCUUAAACUC
UUGAUUAUGAAGUG) used in Ref. 1 and that studied in this work (PDB code: 5E54; sequence:
GGGAAGAUAUAAUCCUAAUGAUAUGGUUUGGGAGUUUCUACCAAGAGCCUUAAACU
CUUGAUUAUCUUCCC) differ only by subtle variations in the sequences of 6 nucleotides at each
end (marked with underlines), but they have the same length (i.e., 71nt) and similar secondary
structure. ” Results were inferred from 2D chemical mapping (M2-seq) using mutational
sequencing-based inference of dimethyl sulfide (DMS) modifications on two different libraries:
large-library (using oligonucleotide libraries that encoded SLS domains as well as all of their single
mutants, with 3’ barcode hairpins to allow unambiguous deconvolution of the mutant profiles) and
scarless (removing primer binding sequences from the RNA to prevent unwanted secondary structure
interference during DMS modification)
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METHODS
DNA Templates, RNA Synthesis, and Purification

The corresponding DNA templates of the eleven RNAs were directly synthesized and subcloned into
a vector named as pUCS57-T7Q-RNA (pUC57-1.8k vector with N-terminal T7 RNA polymerase
promoter/ adaptor sequence-1 and C-terminal adaptor sequence-2/BspQ I restriction enzyme site).

The detailed sequence information is listed in Supplementary Table S2.

The restriction enzyme BspQI was utilized to linearize the DNA-template plasmids. The linearized
plasmids were agarose-gel purified and then employed as the templates for in vitro RNA synthesis.
Each reaction system contains 1x RNA Pol reaction buffer (NEB, B9012), 5 U/uL T7 RNA
polymerase (NEB, M0251), 1 U/uL RNase inhibitor (NEB, M0314), 1 mM NTPs (NEB, N0416) and
40 ng/uL. DNA template. After transcription reaction at 37 °C for 5 h, DNase I (NEB, M0303) was
added to the reaction system to a final concentration of 0.05 U/uL. The reaction system was further
incubated at 37 °C for 30 minutes to eliminate the DNA template. The synthesized RNAs were
purified using a spin-column kit (RNA Clean & Concentrator-5, Zymo Research, R1016) according
to the manufacturer’s instructions. The concentrations of RNAs were determined using NanoDrop
One (Thermo Scientific). The purity of all newly synthesized RNAs was detected using Urea-PAGE
which was stained with SYBR Gold (Invitrogen, S11494). The gels were finally visualized on a

ChemiDoc MP imaging system (Bio-Rad).

Preparation of DNA Mutant Libraries

The wild type DNA sequences of the selected RNAs were mutated by EP-PCR using QuickMutation
Random Mutagenesis Kit (Beyotime, D0219) according to the manufacturer’s instructions with
primers M13-FP and M13-RP (Supplementary Table SS5). A total of three rounds of EP-PCR were
performed to reach the desired mutation rate. The products from the previous EP-PCR round were

purified using Urea-PAGE and used as the templates for the next EP-PCR round. The products from
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the last EP-PCR round were purified as the EP-PCR DNA mutant libraries. The target DNA bands
with expected sizes were excised, crushed and frozen at -80 °C. The frozen solidified products were
quickly thawed in a 90 °C hot bath for 5 mins and the target DNA was passive eluted in TE/NaCl
buffer (10 mM Tris—HCl, 1mM EDTA, pH 8.0, 100 mM NaCl) on a rotary shaker at 37 °C for

overnight. The DNAs were finally precipitated using ethanol and redissolved in nuclease-free water.

In addition to EP-PCR, all single and double mutants of the two RNA targets R1116 and R1149 of
CASP15 were also synthesized as oligo pools (Genscript). This method reduces the need for tedious
experimental steps (EP-PCR reactions and Urea-PAGE purifications) and saves time. The
synthesized oligo pools were also amplified using M13-FP and MI13-RP and purified as the

oligo-pool DN A mutant libraries.

The EP-PCR and oligo-pool DNA mutant libraries were amplified with primers
M13-Plus-FP/M13-Plus-RP and the linearized pUCS57-T7Q vector was amplified with primers
AS-FP/AS-RP using PrimerSTAR HS DNA polymerase (Takara, RO40A) (Supplementary Table S5).
The DNA fragments were agarose-gel purified and then assembled with the linearized pUCS57-T7Q
vector using CloneExpress II One Step Cloning Kit (Vazyme, C112-02). The assembled products
were purified with the RNA Clean & Concentrator-5 (Zymo Research, R1016) and eluted with

nuclease-free water.

The assembled products were transformed into electrocompetent DHS5a cells using an MicroPulser
electroporation instrument (Bio-Rad). The transformants were cultured on 20 mL LB for 1 h at 37 °C
on a rotator with 220 rpm. After 1 h, the size of the constructed library was detected by the number
of colonies after a gradient dilution on LB-agar plate (containing 100 pg/mL ampicillin). Then 100
pg/mL ampicillin was added to 20 mL LB and allowed to grow at 37 °C for 10 h and collected using
centrifugation. The pellet was resuspended in LB medium containing 15% glycerol and stored at

-80 °C for long term use. Ten clones were randomly selected and sent for Sanger sequencing to
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evaluate the percentage of clones with the right insertion form in our libraries. The size capacities of

constructed libraries were all greater than 1 x 10,
Mobility-based Selection

107 clones from the mutated library were cultured and amplified. The corresponding plasmids were
extracted. The BspQI linearized vectors were transcribed to RNAs. RNA samples were heated to
70 °C for 5 min and slowly cooled to 4 °C in the folding buffer containing 10 mM MgCl,, 10 mM
KCI, and 10 mM sodium acetate (pH 6.8). RNA samples were mixed with nondenaturing loading
buffer (TBE buffer, 4% glycerol, 0.01% bromophenol blue, 0.01% Xylene cyanol) and were finally
loaded to 7.5% or 10% native page gels (the gel concentration chosen according to the size of the
RNA) in the TBE buffer for running at 60 V for 10 - 12 h at ice bath equipment in a cold room. The
bands, which showed the same mobility as wild type RNA sequences, were excised and RNAs were

extracted and purified using the method as DNA extraction in PAGE gel, as described above.
Sequencing Library Preparation and High-throughput Sequencing (HTS)

Each purified RNA band was reverse transcribed with the following reaction system: 1 x ProtoScript
IT buffer, 10 mM DTT, 0.5 mM dNTPs, 0.4 U/uL RNase inhibitor (NEB, M0314), 10 U/uL
ProtoScript II reverse transcriptase (NEB, M0368), 2 uL. M13-RP and the RNA template. The
reaction system was incubated at 42 °C for 1 h and then inactivated at 65 °C for 20 min. The cDNA
product was stored at -20 °C for further use. A 10 pL cDNA product was utilized as the template for
amplification (10 cycles) with primers M13-FP/M13-RP. Then, the DNA sequence library was
constructed using recycled fragments as the template with adaptor primers (Supplementary Table S5)
in PCR amplification reactions. The PCR products were agarose-gel purified. The DNA
concentration was measured using an Invitrogen Qubit Fluorometer and the peak size was analyzed
by an Agilent 2100 Bioanalyzer. The DNA samples were high throughput sequenced using Illumina

NovaSeq in PE150 mode at Novogene Technology Co., Ltd.
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HTS Data Analysis

HTS data analysis followed a procedure similar to our previous work on self-cleaving ribozymes'*>?,

Paired-end sequencing reads were first merged into single reads by using PEAR™. Then, we counted
the number of reads for all the mutants and the wild type before and after mobility-based selection.
The fitness f; of a mutant i is calculated based on its read counts before (1;77¢) and after (n;P?5%)
mobility-based selection, normalized by the read counts of the wild type (n,,:P"® and n,,P°5¢,

respectively), i.e.,

B nipost/nwtpost

fi - nipre/nwtpre ’

(1)

RNA-specific CODA Analysis for Mobility-selected RNAs

CODA provides unsupervised searches for covariation-induced deviation (outliers) of the fitness
score of a double mutant from the independent mutation model when two mutations were treated as
independent from each other™. To establish an independent-mutation model, we built a dataset for all
single and double mutants, with the corresponding fitness-scores from high-throughput sequencing.
Unlike the original CODA model, which employed the fitness scores of two single mutants as the
only input features, the CODA?2 incorporated six additional features for each double mutant:
mutational (mf) base types and the sequence positions of these two mutations (pos), and wild (wt) to
better describe the mutation characteristics. Base types were encoded with one-hot encoding (1000,
0100, 0010, and 0001 for A, C, G, and U, respectively). After max-min normalization of the data, the
model was constructed using a support vector machine regression (SVR) to fit the fitness scores of
all double mutants as a function of the features of their corresponding single mutants, that is,
fX,Y) = G(pos(X),pos(Y),wt(X),wt(Y), mt(X), mt(Y), f(X),f(Y)), where X and Y are the two
corresponding single-mutants in the double mutant. Then, the fitness score for any double mutants

can be predicted by the trained SVR model, and the CODA score was calculated through the
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deviations between predicted (fpreq) and actual (f,..) fitness scores of the double-mutant,
CODA = (fact — fprea)/ (fprea + 0.2), where the shift of 0.2 is employed to avoid near zero value of
fprea- This regression equation is different from the original CODA by including mutation positions

and base types before and after mutations as the features.

As in CODA, the pairing score (PS) of a double mutation was calculated by a two-state naive

Bayesian classifier with

p(CODA|paired)
PS =1 , 2
%8 p(coDA) @

where p(CODA) = p(paird) x p(CODA|paired) + (1 — p(paird)) X p(CODA|unpaired) , and the
probability is derived from a mixture model of two Gaussian distributions without using a training
set'®. For the mixture model, the first Gaussian distribution of CODA score was fitted from all double
mutation data. Then, the second distribution was obtained by the subset of data points with CODA
score > U, + noy, based on the expectation (¢;) and standard deviation (oy) of the first distribution,

where 7 is an adjustable parameter; see Fig. S2 and Supplementary Fig. S1.

The parameters (i.e., C and y) in SVR, as well as the above adjustable parameter n (i.e., the variance
truncation coefficient), generally depend on the distribution of different RNA mutation data. Thus,
CODA2 performed a grid search on the parameters for each dataset, and calculated the energy of
inferred base pairs under different parameter settings using the thermodynamic parameters™ (see Eq.
3 in the next section). The contacts with the lowest free energy are then selected as the final inference
result; see Fig. S2. Compared to the fixed parameters used in CODA, these RNA-specific
parameterizations in CODA2 enhanced the model's robustness for RNAs with different lengths and

having sequence-dependent distributions of mutations.
Base-pair Prediction by MC Simulated Annealing (CODA2+MC)

As in our previous work ">, we further enhanced pairing signals by integrating the above pairing score
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PS with experimental free energies for stacking by

E=PS+wx (AGstacking + AGAU_end_pemJthy + AGlone)' (3)

where w is an optimized weight (0.9 in this work). AGsiacking in Eq. (3) is the sequence-dependent
stacking energy between two adjacent base pairs, calculated by AGggeking = AHstacking —
TASstacking, Where AHgrgering and ASgiqcking are from the thermodynamic measurements, and 7' is
real temperature in Kelvin. AGyy eng penairy 18 the penalty of each helical AU end, and AGone
(0.5kcal/mol) is the penalty for a lone base pair’*>>. Unlike the previous work'®, we did not add a
penalty for noncanonical base pairs but instead ignored them in MC simulated annealing for a
smoother energy landscape.

In MC simulated annealing, the initial temperature was set at 120°C and decreased by a factor of
0.95 until temperature reached ~25°C. At each temperature, 1x10° MC steps were performed. In each
MC step, a random new base pair (i-j) between bases i and j (|j-i|>3) was generated while the existing
pairs related to the new pair were destroyed, and the change was accepted or rejected according to
the Metropolis criterion”°. At the end of the simulated annealing procedure, the secondary structure
with the lowest energy was regarded as the prediction. This annealing procedure could run
independently multiple times (e.g., 1000), and after clustering, the top 5 base-pair structures were

taken as the final predicted results.
Tertiary Structure Prediction Using the RNA-BRiQ Statistical Potential

We further employed the RNA-BRiQ statistical energy function”"’ for building 3D structures for
RNAs. The base-pair structures predicted above (CODA2 + MC) from deep mutational scanning data
as well as the sequence of an RNA were inputted for energy minimization by a nucleobase-centric tree
algorithm with default parameters. For each of the top 5 predicted base-pairing configurations, 1000

3D models were generated using the RNA-BRiQ with different random seeds. For RNAs longer than
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120nt, five rounds of sampling were performed. Then, all generated models were further scored by the
BRiQ energy, and the 100 models with the lowest energy scores (i.e., top 100) were taken as the final

predicted tertiary structures.
Performance Evaluation

Predicted base pairs were evaluated by F1 score (F1), which is the harmonic mean of sensitivity (Sen)

and precision (Pre) as below:

Pl = 2 X Sen X Pre
" Sen+ Pre

: 4)
where Sen =TP/(TP + FN) and Pre =TP/(TP + FP). Here, TP, FN, FP, and TN are the
numbers of true positive, false negative, false positive, and true negative contacts in prediction,
respectively. A balanced measure is the Matthews Correlation Coefficient (MCC) calculated as

follows®:

_ TP X TN — FP X FN
J(TP +FP)(TP + FN)(TN + FP)(TN + FN)

McC (5)

Since the probability of any two bases pairing is much smaller than the probability of them not
pairing, i.e., the number of negative samples far exceeds that of positive samples, resulting in TN

typically being much larger than 7P, FN, and FP, the MCC can be approximated as MCC =

TPXTN TP

JTPLFE)CE FEN)<TNTH = JAPSFE) APy which is similar to the F/-score as we found here. The

base pairs of native structures and structures predicted by BRiQ were derived by the DSSR

software™, and the maximal FI-score was used to characterize the accuracy of predicted contacts.

As in CASP 15, we evaluated 3D predicted structures by RMSD (root mean square deviation) and
LDDT (local distance difference test)**~***®!. The LDDT (unlike for proteins, the implementation of
LDDT for RNA did not penalize for stereochemical violations) was calculated by OpenStructure
software (http://Www.openstructure.org)62. In addition, we employed clash score for assessing the

atomic harmony of the structure®”®. The clash score was calculated by MolProbity
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(http://molprobity.biochem.duke.edu/)64.
Mutational coupling analysis and epistasis

R-scape (http://eddyl.ab.org/R—scape/)47 was used to identify evidence of conserved RNA structures
by measuring pairwise covariations observed in MSAs generated from RNA double mutants. For
each RNA, six MSAs were first generated based on the sequences (reads count > 5 and fitness >
cutoff) with double mutants, using cutoff values ranging from 0.5 to 1.5 at intervals of 0.2. Then, for
each MSA, R-scape was iterated over different E-values (0.05, 0.1, 1.0, 10.0, 100.0, 1000.0). Finally,
based on the returned pairing data, the F/-score was calculated for each parameter and the best result

was reported.

Functional mutants with high fitness scores were used as the input sequences for covariation analysis
by mfDCA-RNA and plmDCA-RNA; see more details in Ref". The pydca, a standalone
Python-based software package for the DCA of protein- and RNA-homologous families
(https://github.com/KIT—MBS/pydca)65 was used to infer coevolutionary couplings between pairs of
nucleotides, based on two popular inverse statistical approaches, namely, the mean-field

(mfDCA-RNA) and the pseudo-likelihood maximization (pImDCA-RNA) with default parameters.

The epistasis was calculated from a non-parametric null model following Schmiedel & Lehner
(epistasis-SL)13 and Rollins et al. (epistasis-Rollins)M. In epistasis-SL, the combined score from the
three  interaction  scores was used to  estimate the  epistatic  interactions

(https://github.com/jschmiedel/DMS2structure).
3D structure predictions from other methods

RNA-MobiSeq was compared with representative state-of-the-art RNA 3D structure prediction
methods, including four deep learning—based approaches (AlphaFold 3, trRosettaRNA, DRfold, and
Rhofold) and three energy function—based approaches (Vfold, SImRNA, and MC-Fold/MC-Sym).

For all methods, RNA sequences were used as the sole input, without providing additional structural
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constraints unless explicitly required by the method. For AlphaFold 3 (https://alphafoldserver.com)
and DRfold (https://zhanggroup.org/DRfold/), predictions were generated using the respective web
servers with default settings. Rhofold (https://github.com/Dharmogata/RhoFold) and trRosettaRNA
(https://yanglab.qd.sdu.edu.cn/trRosettaRNA/; v1.0), were run using the pretrained standalone
models in the single-sequence setting. For energy function—based methods, Vfold predictions were
generated using the Vfold pipeline (http://rna.physics.missouri.edu/vfoldPipeline/) with default
parameters, enabling H-type pseudoknot consideration and allowing up to five candidate secondary
structures for 3D prediction. SimRNA predictions were obtained using SimRNAweb 2.0
(https://genesilico.pl/SimRNAweb/) with default parameters, and the representative structures of the
five returned clusters were used as the top five predictions. For MC-Fold/MC-Sym, secondary
structures were first predicted wusing MC-Fold via the MC-Pipeline web service
(https://major.iric.ca/MC-Pipeline/) with the option “Consider H-type pseudoknots” enabled. The
resulting candidate secondary structures were converted into 3D models using MC-Sym, and the top

five models were selected based on the built-in MC-Sym scoring function.

The CASP prediction results for four CASP RNA targets (Cloverleaf RNA (R1116) and
SARS-CoV-2 SL5 RNA (R1149) from CASPI15, and RRE SLII (R1203) and raiA (R1242) from
CASP16) were obtained directly from the official CASP repositories (https://predictioncenter.org/).
To ensure a fair and methodologically consistent comparison with RNA-MobiSeq, which does not
rely on structural templates, we curated the CASP submissions based on method descriptions
provided in the CASP15 and CASP16 abstract books (CASP15:
https://predictioncenter.org/casp15/doc/CASP15_Abstracts.pdf; CASP16:
https://predictioncenter.org/casp16/doc/CASP16_Abstracts.pdf).  Specifically, submissions that
explicitly used structural templates or template-based homology modeling strategies were excluded.
In addition, non-independent or ensemble-based approaches were removed, such as PerezLab_Gators,

which integrated predicted structures from multiple existing methods (e.g., RNAComposer,
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trRosettaRNA, and AlphaFold3). Accordingly, the following groups were excluded from CASP15:
Alchemy_RNA2, Chen, CoMMiT-human, CoMMiT-server, FoldEver, FoldEver-Hybrid, GWxraylab,
Kiharalab, Kiharalab_Server, LCBio, PerezLab_Gators, RNApolis, Rookie, SHT, SoutheRNA,
UltraFold, UltraFold_Server, Yang, and Yang-Multimer; and from CASP16: BRiQX,
CSSB_experimental, falcon2, GeneSilico, GuangzhouRNA_AI,  GuangzhouRNA-human,
GuangzhouRNA-meta, Gromihalab, isyslab-hust, KiharalLab, kiharalab_server, LCBio,
MIEnsembles-Server, NKRNA-s, PerezLab_Gators, RNA_Dojo, RNAFOLDX, RNApolis,
SoutheRNA, UNRES, Vfold, and Zheng. Furthermore, submissions that were not described in the
official CASP abstract books were excluded, as it was not possible to verify whether these methods
were independent and template-free. The excluded groups included nucE2E in CASP15, and 405,
406, AIR, B-LAB, dfr, Diff, Dokholyan, FrederickFolding, mmagnus, nfRNA, OmniFold,

ShanghaiTech-human, and ShanghaiTech-server in CASP16.

Data Availability

[llumina sequencing data generated in this study are deposited at the Gene Expression Omnibus
(http://www.ncbi.nlm.nih.gov/geo) under accession number GSE276399. The top 5 predicted 3D
structures of the RNA-Puzzles targets PZ51 and PZ62 generated by RNA-MobiSeq are available at

Zenodo (https://zenodo.org/records/15320479 and https://zenodo.org/records/16750052).

Code availability

The source codes for RNA-MobiSeq are available at GitHub:

https://github.com/RNA-folding-lab/RNA-MobiSeq.
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0 ¥ T 0 0 10
NN 5 HLd-o 40 5 s
1 2 3 L- - '\, ..l’.
s i 10 - maay @ 10 \ 10 08
15 S | 15 R ¢ 15
R BN "
z o] NI e o] N )| o]
E S "/ e - S P / / 06
25 / = 25 \, 4 25
o [ -1 (} = - - - S ¢ " -
H 30 A o 30 \ ...-" 30 f
—_ . ./
=: 35 J/ R 35 (ﬂ N/ 35 ﬂ 04
g Tl X e
£ 40 A | a0 /j \ 40
8 .. . *
w a5 I N - a5 i [ a5 L 02
. N,
50 N 50 50
55 N s 55 a0
© nm omeowem 2 9 2 0 cm g mngw g w g 2 2w © nm o weo weme v g w
@®Pzt 0000 TRERRSSSEER CTREIRAASEER TTEIRIRAAITEEA
o o z 1.0
= o 5 '
& 10 > 10 10 3 ¥ 4
1 2 3 15 ; 15 - ;g -
Ly 20 - ¢ 08
¥ A 25 25
30
- . 0 v 0 g
2 40 4 40 4
§ ; 5 s % 4 e
o 55 \ 55
g 60 AN ol
S 65 R 65
g 70 70 o 04
g 75 75 e
E 80 80 S
85 85
w 90 % 02
95
100 100
105 105
110 110 by .
(©)Pz62 SN 2NRRRARSLRRBBRRBL848882 CNEARARASLYRNBBRIBARAEZER :
N g 03 1.0
& LS - 51N -
1 2 3 10
“ SN
25 08
25
% 4 30 '
35 06
E .-/ .-""-. 40 _,"1
3 as /
5 50
s 55 0.4
-1 60
] B - = 65
m - -5 >4 =4
75 -0.2
80
85
90 -0.0

Figure S1. Mutation induced changes in mobility, and base-pairing as well as 3D structures inferred by
RNA-MobiSeq for RNA-Puzzles targets: PZ50 (A), PZ51 (B), and PZ62 (C). Left: Mobility comparisons
among wild type (WT) and two library replicates for the three targets. Middle: The base pair and/or distance-based
contact maps (upper right) inferred from CODA2, by MC simulated annealing (CODA2 + MC), and by folding
with the BRiQ statistical energy function and the restraints from CODA?2 + MC as labelled on the top for the three
targets. For PZ50 in (A), the native distance-based contact maps (lower left triangles) are also shown. In the
native/predicted distance-based contact maps, the contacts with a 5 A cutoff are shown in dark purple, while those
with an 8 A cutoff are shown in light purple. The base pairs from the top 100 structures predicted by BRiQ are
marked by a gradient of light to dark blue, indicating the probability from low to high. The FI-scores inferred by
CODA2, CODA2 + MC, and CODA2 + MC + BRiQ are 0.60, 0.87/0.89 (topl/best in the top 5), and 0.90/0.91
(topl/best in the top 5), respectively. Right: The top 1 3D structures predicted by RNA-MobiSeq for the three
targets. Grey: experimental structures. Colored: predicted structures.
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Figure S2. RNA-specific CODA2 parameters. Unlike the original version of CODA, to increase the adaptability
of the model to different data distributions, we iterated through several adjustable parameters (i.e., C and y in SVR
model, and the variance truncation coefficient n) to obtain a series of contact maps. These maps were further scored
by the energy calculated by Eq. 3 in the main text using the experimental thermodynamic parameters’, and the one
with the lowest energy was taken as the prediction. (A-H) Energy versus FI score of the maps inferred by CODA2
with different parameters for six RNAs: SAM-VI riboswitch (A), Adenine riboswitch (B), xtRNA (C), CPEB3
ribozyme (D), Cloverleaf RNA (E), SARS-CoV-2 SL5 RNA (F), RRE SLII (G), and raiA ncRNA motif (H). The
optimized (C,y,n) parameters for the results with the lowest energy are (1.0, 1.0, 2.5), (0.01, 0.1, 3.5), (5.0, 10.0,
3.0), (100.0, 1.0, 4.0), (1.0, 10.0, 3.0), (10.0, 1.0, 1.5), (1.0, 10.0, 4.0), and (1000.0, 0.01, 3.5) for SAM-VI
riboswitch, Adenine riboswitch, xrRNA, CPEB3 ribozyme, Cloverleaf RNA, SARS-CoV-2 SL5 RNA, RRE SLII,
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Figure S3. Capture of tertiary base pairs by RNA-MobiSeq. The comparisons between base pairs derived from
CODAZ2 (top 1), CODA2 + MC (top 1), CODA2 + MC (best in top 5), CODA2 + MC + BRiQ (top 1), CODA2 +
MC + BRiQ (best in top 5), and native structures for SAM-VI riboswitch (A), adenine riboswitch (B), xrRNA (C),
CPEB3 ribozyme (D), Cloverleaf RNA (E), SARS-CoV-2 SL5 (F), RRE SLII (G), and raiA (H). Secondary (mostly

/
\)

local) base pairs are shown in light purple, whereas tertiary (mostly nonlocal) base pairs such as pseudoknots and
lone base pairs are shown in blue, non-Watson-Crick base pairs in dark purple, and base triplets in orange. False

positive predictions are shown in red.
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Figure S4. The predicted base pairs inferred from other techniques. The native contact maps (lower left) and
the base pairs (upper right) inferred from M2-Seq (DMS probe) for xrRNA (A), Mutate-and-map (SHAPE) for
adenine riboswitch (B), M2-Seq (DMS probe + Large Library) for SARS-CoV-2 SL5 (C), and M2-Seq (DMS
probe + Scarless) for SARS-CoV-2 SL5 (D). In native contact maps, the native base pairs are shown in black dots,
and the contacts with a 5 A cutoff are shown in dark purple, while those with an 8 A cutoff are shown in light
purple. The corresponding F/-scores are shown in Supplementary Table S5, and the data used for the plots are
directly sourced from the corresponding references.
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Figure S5. Predicted 3D structure models evaluated by the BRiQ energy function. BRiQ Energy versus RMSD
values of the conformations sampled by BRiQ using the top 5 base-pair models inferred by CODA2+MC as the
restraints for SAM-VI riboswitch (A), adenine riboswitch (B), xrRNA (C), CPEB3 ribozyme (D), Cloverleaf RNA
(E), SARS-CoV-2 SL 5 (F), RRE SLII (G), and raiA (H). The points for top 1, best in top 5, and refined native

structures are marked by red, blue, and green circles, respectively.
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1062  Figure S6. The results from RNAfold as the baselines. Secondary structures predicted by RNAfold as well as the
1063 top 1 of 3D structures modeled by BRiQ using the RNAfold-predicted secondary structures as restraints (grey:
1064 experimental structures; color: predicted structures.) for SAM-VI riboswitch (A), adenine riboswitch (B), xrRNA
1065 (©), CPEB3 ribozyme (D), Cloverleaf RNA (E), SARS-CoV-2 SL 5 (F), RRE SLII (G), and raiA (H).
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Figure S7. RNA-MobiSeq distinguishes alternative folding states of PZ62 with high structural sensitivity. (A)
Native gel electrophoresis of PZ62 reveals two closely spaced bands (blue: Band 1; red: Band 2), indicating the
presence of distinct structural conformations. Each band is separately excised and used as the reference for mutant
library selection. (B) CODA2-derived contact maps for Band 1 (upper triangle) and Band 2 (lower triangle). Band 1
displays largely disordered and stemless patterns, whereas Band 2 exhibits well-defined secondary structure
elements, including five stems and a prominent pseudoknot (identical to Fig. S1C). (C) Contact maps integrating
CODAZ?2 and MC simulation results, with upper and lower triangles representing Band 1 and Band 2, respectively.
Although Band 1 also displays weak stem-like signals after MC integration, these are surrounded by numerous
random base-pairing contacts, indicating that the stem features likely arise from thermodynamic priors used in MC
modeling rather than covariation captured by CODA2. Together, these results demonstrate that RNA-MobiSeq
sensitively resolves alternative RNA folding states even when their electrophoretic mobilities differ only

marginally.
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1108  Figure S8. Mutation induced changes in mobility, and base-pairing inferred by RNA-MobiSeq from replicate
1109  experiments of two representative RNAs. (A, B) Mutation induced changes in mobility, and the base pair and/or
1110  distance-based contact maps (upper right) inferred from CODA2, CODA2 + MC, and CODA2 + MC + BRiQ as

1111 labelled on the top for xrRNA (A) and CPEB3 ribozyme (B).
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(D) CODA2+MC for SARS-CoV-2 SL5 (R1149)
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Figure S9. Predicted base pairs inferred from CODA2 for two CASP 15 RNA targets with mutants
synthesized using oligo pools. (A) The mobility screening of Cloverleaf RNA (R1116; left) and SARS-CoV-2 SL5

(R1149; right. The mobility was compared between wild type (WT), double mutants (2M), and two library

replicates for each RNA. (B-D) The native contact maps (lower left) and the base pairs (upper right) inferred from
CODAZ? for Cloverleaf RNA (B) and SARS-CoV-2 SL5 (C), as well as from CODA2+MC for SARS-CoV-2 SL5
(D). Fl-scores inferred from CODA?2 are 0.28 and 0.32 for R1116 (B) and R1149 (C), respectively. In the native

contact maps, the native base pairs are shown in black dots, and the contacts with a 5 A cutoff are shown in dark

purple squares, while those with an 8 A cutoff are shown in light purplesquares.
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Figure S10. The secondary structures inferred by RNA-MobiSeq can significantly enhance the accuracy of
tertiary structure prediction by SimRNA. Top: tertiary structures predicted using SimRNAweb2.0
(https://genesilico.pl/SImMRNAweb/submit; with default parameters) from sequence only for four small RNAs:
SAM-VI riboswitch, Adenine riboswitch, xrRNA, and CPEB3 ribozyme. Bottom: tertiary structures predicted
using SIMRNAweb2.0 with the top 1 secondary structure from CODA2+MC as restraints for each RNA. Grey:

experimental structures. Colored: predicted structures.
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