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Part 1: RNA Secondary Structure via integrating
DMS-MapSeq and OOPS-seq



Structural informed folding



Example: EIF4G1 UTR

EIF4G1-5’ UTR struc1ture ensemble as
determined by INSIGHT-RNA

shown for:

unconstrained (plain, left-top)
in vivo DMS-MaPseq-informed
(DMS)
DMS-MaPseq-informed + machine
learning-refined (DMS+ML)
OOPS-seq/eCLIP-informed (protein)
DMS-MaPseq and protein
interaction-informed (DMS+protein)
integrating all sources (full integrati-
on)

Jensen-Shannon divergence (JSD) of
the structure ensembles to indicate the
magnitude of the changes

NM_198242.3 - EIF4G1 

plain
protein

(0.356 to plain)

DMS
(0.591 to plain)

DMS+protein
(0.587 to plain)

DMS+ML
(0.636 to plain)

full integration
(0.628 to plain)

(0.591)

(0.346)

(0.563)

(0.348)

(0.356)

(0.280)

(0.268)
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Orthogonal Organic Phase Seperation Sequencing
(OOPS-Seq) based analysis



Basic OOPS-seq protocol

Nat Biotechnol. 2019, 1, 169–178. doi:10.1038/s41587-018-0001-2

doi:10.1038/s41587-018-0001-2


Basic OOPS-seq protocol

Nat Biotechnol. 2019, 1, 169–178. doi:10.1038/s41587-018-0001-2

doi:10.1038/s41587-018-0001-2


Basic OOPS-seq protocol (Example)

Example of an OOPS-seq profile for ACTB: comparison between 2 cross
linked and 2 non-cross linked replicates

region of significant difference in the 3’ UTR are highlighted
protein binding leads to less reads in cross-linked replicates.
Nat Biotechnol. 2019, 1, 169–178. doi:10.1038/s41587-018-0001-2 .

doi:10.1038/s41587-018-0001-2


In silico prediction and incorporation of information
sources



Transformer architecture

→

Self-attention mechanisms are basic
matrix multiplications determining the
importance of each token to every other

The dot product Q × K compares the
query vector (Q) of each token with all
other token’s key vectors (K) multipli-
cation, giving the attention matrix.
bioRxiv preprint https://doi.org/10.1101/2024.02.24.581671

https://doi.org/10.1101/2024.02.24.581671


Adapting the Ribonanza Model for in-vivo datasets

masked area

negative correlation between
OOPS-seq data and DMS-
MapSeq data
occupied areas are less accessi-
ble for DMS
mask areas that are covered by
OOPS-seq areas
mask areas with low coverage
due to lower correlation

masked area
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masked area



Adapting the Ribonanza Model for in-vivo datasets

masked area negative correlation between
OOPS-seq data and DMS-
MapSeq data
occupied areas are less accessi-
ble for DMS
mask areas that are covered by
OOPS-seq areas
mask areas with low coverage
due to lower correlation

masked area



Final integration of data sources
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Part 2: AI-based 2D prediction from sequence
(RNAformer)



RNAformer architecture

Uses axial attention (long-range dependencies)
to reduce computational costs followed by con-
volutional network (local dependency/motifs)
output: base-pair matrix with crossing base
pairs.
careful design to reducing data homology bet-
ween training and test data for both sequence
and structure

It works
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RNAformer’s homology-aware Data Pipeline

whole data pipeline:

FT-Non-Homolog

• bpRNA
• ArchiveII
• RNAStrAlign
• RNAStrand
• RNA-containing PDB Structures

• Remove duplicates
• Length cutoff: <=500nt
• 107,098 unique RNAs

66,242 RNAs
Length: 13–500 nt

3,432 RNAs
Length: 11–200 nt
Family-separated 

4,244 RNAs
Length: 4–200 nt
PDB entries deposited 
before 30 Sep 2021
Used for fair comparison
with AlphaFold 3

Remove remote homologs 
with conserved RNA families

Infernal Covariance
Models

Remove highly similar (80%) 
sequence clusters

Remove more distant 
sequence-level homologs TS-Hard (28 RNAs)

Ground truth secondary structures extracted from 
experimental PDB structures via DSSR

•  TS1: 67 X-ray structures
•  TS2: 39 NMR structures
•  TS3: 19 temporally held-out PDB structures
•  Merged benchmark used in RNAformer

•  Derived from TS1 + TS3
•  Covariance-model homologs removed
•  Family-disjoint, remote-generalization
   benchmark

Captures canonical + non-canonical pairs, 
pseudoknots, lone pairs, and base triples

Candidate RNA 
Structure Corpus

Sources
CD-HIT-EST

Initial Cleanup

Homology-aware
Separation

BLAST-N

Pre-Training

FT-Cutoff

RNAformer Training /
Fine-Tuning Sets Benchmark Test Sets

TS-PDB (125 RNAs)
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•  TS3: 19 temporally held-out PDB structures
•  Merged benchmark used in RNAformer

•  Derived from TS1 + TS3
•  Covariance-model homologs removed
•  Family-disjoint, remote-generalization
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Captures canonical + non-canonical pairs, 
pseudoknots, lone pairs, and base triples
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Structure Corpus
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CD-HIT-EST

Initial Cleanup

Homology-aware
Separation

BLAST-N
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FT-Cutoff

RNAformer Training /
Fine-Tuning Sets Benchmark Test Sets

TS-PDB (125 RNAs)

RNAformer extends identity level similarity separation at the sequence
level with BLAST-N and uses Infernal to  build covariance models and 
remove structures with conserved RNA families at the structural level
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Answering some of the RNA communkty criticism

One criticism was (correctly) that the homology problem was over-
seen see last slide2

Another one (correct) was that the number of predicted base-pairs
predicted grew for ML-models quadratically in sequence length
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AND: we used it successfully to improve RNA 3D structure prediction



Why is RNA 3D Prediction Hard?

But also. . .

“[...] The efficiency of 3D RNA structure
prediction is likely to be improved using
information from multiple sequence
alignments (MSA) [...] Such a strategy is
also applied in AlphaFold”

“[...] Rfam [...] contains far less data than
Pfam.”

“[...] RNA alignments are on average smaller
than protein alignments.”

“[...] Rfam alignments have several global
biases”

The amount of available 3D
Structures is a problem.

Schneider et al., 2025



RNAformer-based MSA do improve AF3 prediction

▶ We use RNAformer to generate synthetic RNA MSA combined with
light-weight structure-aware mutation scheme

▶ It improves AF3 prediction especially for cases where AF3 does not find
sufficient members for MSA.
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Take-Home Messages

▶ For mRNAs, we need to assess mRNA structure and protein-RNA
binding

▶ for each, there are separated protocols
CLIP-seq (single RBP) and OOPS-seq for protein-RNA interactions
DMS-seq for mRNA structure

▶ however: each of them suffers from a low coverage/ missing data.
▶ Solution: Train specific AI models for each data type

▶ CLIP-seq models are very advanced and have proven quality
▶ DMS-seq and OOPS-seq are newer and more challenging
▶ BUT important part is data integration.

▶ RNAformer
▶ can predict all types of 2D structure
▶ trained with a homology-aware pipeline, solve some AI-issues
▶ 2D-predictions are sufficient to recreate most evolutionary information
▶ Thus, synthetic, RNAformer-based MSA enhances AF3 in RNA 3D

prediction
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Thank you.



In silico prediction of DMS values

▶ after attention values for
each head are calculated,
we add BPPM features up-
dated by the ‘Convolutio-
nal block’

▶ number of channels corre-
sponding to the number of
heads in the SA block
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2024.02.24.581671
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