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RNA Secondary Structure Prediction

allowed pairs: G-C A-U G-U example: transfer RNA (tRNA)
assume no crossing pairs

(no pseudoknots)
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RNA Secondary Structure Prediction

allowed pairs: G-C A-U G-U example: transfer RNA (tRNA)
assume no crossing pairs

(no pseudoknots)
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RNA Secondary Structure Prediction

allowed pairs: G-C A-U G-U =
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Results: LinearfFold
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From Linguistics to Biology
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Computational Linguistics => Computational Biology

linguistics compiler theory comp. linguistics computational biology

1955 Chomsky: context-free dynamic
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How to Fold RNAs in Linear-Time!?

GCGGGAAUAGCUCAGUUGGUAGAGCACGACCUUGCCAAGGUCGGGGUCGCGAGUUCGAGUCUCGUUUCCCGCUCCA

® idea 0O: tag each nucleotide from left to right

€€

® maintain a stack: push“(”, pop®)”, skip®.

o naive: O(3") %’,
/
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® idea 2: approximate search: beam pruning

® keep only top b states per step

® DP+beam: O(n)
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Details: Packing “ Temporarily Equivalent” States

® two states are “temporarily equivalent” if they share the same stack top index
® because they are looking for the same nucleotide(s) to match this stack-top nucleotide
® we pack them as a single state until a matching is found, when they unpack

® this is how we can explore exponentially many structures in linear time
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LinearFold with SOTA Prediction Models

® models from two widely-used folding engines L
hairpin loop B @“Q\@
® CONTRAfold MFE (machine-learned) / - loop__,f
. . “\ "_f‘q ...... . (0} . Q - '
® Vienna RNAfold (thermodynamic) ’
. . 3 Z‘:ﬁj‘:‘:ﬂ: "\ multibranch loop
® we linearized both systems from O(n3) to O(n) LGt
bulge loop .
i Q=© i base helix
efficiency systems -
. . . 1 o terminal mismatch
time space machine-learned thermo-dynamic
extemal@f: - :- dangling end

baselines O(n3) O(n?) | CONTRAfold Vienna RNAfold

our work O(n) O(n) | LinearFold-C LinearFold-V
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Efficiency & Scalability: O(n) time, O(n) memory

10 F | o2h F— S AR S
Th 5 5 10,000nt (~HIV)
e
G 244.296nt
® 6 1025 (longest in RNAcentral)
= .
g 10s
-
-
-
- 2
1s —
0 _— ] ] .
0 1000nt 2000nt 3000nt 3000nt 10%nt 10°nt
Archive |l data set RNAcentral data set
(~3,000 segs, max len: ~3,000 nt) (sampled, max len: ~250,000 nt)

13



Accuracy

® Jested on Archive |l dataset
(on a family-by-family basis)

® significantly better on 3 long families

® biggest boost on the longest families:

16S/23S rRNAs

® LinearFold-V vs.Vienna is similar

(precision) (recall)
Overall PPV Sensitivity
CONTRAfold MFE | 54.51 55.36
LinearFold-C 55.84 (+1.3)]56.24 (+0.9)
Vienna RNAfold 50.22 58.74
LinearFold-V 50.51 (+0.3)(58.97 (+0.2)
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Improvements on Long-Range Base Pairs

® |ong-distance pairs are well-known to be hard to predict

® LinearFold outputs less long-range base pairs, but more correct ones
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Improvements on Long-Range Base Pairs

® |ong-distance pairs are well-known to be hard to predict

® |inearFold outputs less long-range base palrs but more correct ones
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Improvements on Long-Range Base Pairs

® |ong-distance pairs are well-known to be hard to predict

® LinearFold outputs less long-range base palrs but more correct ones
E. coli23S rRNA
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>

free energy gap

SO = NN W B

Search (Approximation) Quality

® search error = energy (or model score) gap between exact search and our search

® search error quickly shrinks to O as beam size increases

® search error grows linearly with sequence length (constant search error per nucleotide)

® both PPV & Sensitivity peaks around beam=120, but we choose beam=100 for simplicity

l l
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CONTRAfold MFE vs. =« ~
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' de— —%
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Connections to Cotranscriptional Folding

® RNAs & proteins fold while being assembled

® RNA & protein sequences evolve to be incrementally foldable

® these might explain why LinearFold performs better than exact search

DNA

NN

 Chromatin modifications
Transcription » Polll activity regulation
l » Transcriptional interference

l DNA 21 bp
t INCRNASs [ l
NN ™N ¢ s N ™™ - -

» Splicing o
Translation < Editing

* mMRNA stability
* Translation initiation

Protein ° RNA
280 4 11~14 nt

Transcription

;.




LinearFold Server & GitHub

LinearFold Web Server (beta)

® fastest RNA folding server

~ Interactive demo

A a seauence (by a very large margin)
Paste or type your sequence here:
CCUUGGAUAGCUCAGCUGG UAGAGCGGAGOACUGUAGAUCCUUAGGUCGCUGGUUCGAUUCCGGCUCGAAGGACCA ® th an I(S to O (n) time
® |longest sequence limit
Or upload a file in FASTA format: O I OO’OOO nt ( I OX V| en na)
Choose File  No file chosen...
I ® thanks to O(n) space
Beam size (1-200): 100
® source code on GitHub
— Choose model(s)
LinearFold-C (using CONTRAfold v2.0 machine-learned model, Do et al 2006)
LinearFold-V (using Vienna RNAfold thermodynamic model, Lorenz et al 2011, with parameters from Mathews et al 2004) ® un |ﬁ e d | m P I eme ntatl on Of
- LinearFold-C & LinearFold-V

http://linearfold.orqg https://github.com/LinearFold/LinearFold 8


http://linearfold.eecs.oregonstate.edu:8080/
https://github.com/LinearFold/LinearFold

LinearPartition
partition function and

base pair probabillities

Extensions of LinearFold

LinearFold

single strana
single structure
No pseudoknots

LinearCoFold Learning to Fold

two strand folding learning folding
=> multistrand also parameters in linear time

LinearPseudoFold

(restricted subset of)
pseudoknots

19



Bioinformatics

BASEL

JULY 21-25

ISMB ECCB =

tD

INTERNATIONAL SOCIETY FOR
COMPUTATIONAL BIOLOGY
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first linear-time (approximate) RNA folding algorithm

better in accuracy (esp. long segs and long-range pairs)

http://linearfold.org
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Thank you very much !
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better in accuracy (esp. long segs and long-range pairs)

http://linearfold.org
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Backup Slide: Local Folding

lype

pair distance

fime space

systems/examples

global unbounded
local
global unbounded O(nblogb) O(nb)

< L

O(n°)
O(nL?)

O(n?)

RNAstructure, RNAfold, ...
O(nL) Rfold, RNAplfold, LocalFold, ...
LinearFold (this work)

23S rBRNA E. coli (2904 nt, 830 pairs)

)]

PPV: 52.02, Sens.: 57.47, pairs:

Vienna RNAfold

2800 ) 3’

917, time: 7.6s.

Vienna RNAfold Local (L=150)

PPV: 51.63, Sens.: 55.18, pairs: 887, time: 6.3s.

LinearFold-V 6 = 100

1400

PPV: 55.60, Sens.: 62.17, pairs: 928, time: 2.2s.
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