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Loops are organized



RNA motifs

SN Current Opinion in Structural Biology
AN Volume 13, Issue 3, June 2003, Pages 300-308

Analysis of RNA motifs

Neocles B Leontis * &, Eric Westhof T X

RNA motifs mediate the specific interactions

that induce the compact folding of complex
RNASs

RNA motifs also constitute specific protein
or ligand binding sites

RNA motifs are directed and ordered stacked
arrays of non-Watson—Crick base pairs
forming distinctive foldings of the
phosphodiester backbones of the interacting

RNA strands. [...]

A given motif 1s characterized by all the
sequences that fold into essentially identical
three-dimensional structures with the same
ordered array of 1sosteric non-Watson—Crick
base pairs



RNA modules

RNA metits modules are directed and ordered
stacked arrays of non-Watson—Crick base pairs
forming distinctive foldings of the

phosphodiester backbones of the interacting
RNA strands



RNA base edges
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Almakarem et al, 2011



Conserved basepairs interaction networks
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Large interaction networks span many loops




Given arbitrary graphs, what are all conserved subgraphs?
(enumeration of maximal subgraph isomorphism)

e NP-Hard

 Can be exponential in nodes
But

» Biological structures have low degree

 We have lots of computers



Subgraphs isomorphisms in brief

- Non-canonical basepairs modules between pairs of loops (2018)
337 modules

- Any non-canonical basepairs modules between RNAs (2021)
3300 modules

Wilfried Agbeto

- Non-canonical basepairs and stacking modules
(2024: PasiGraph on github to appear in PPAM2024)
157 344 modules



Distributed system and memory subgraph

e Threads receive tasks
(starting points)

e Threads steal sub-tasks

(extension branches) when finished

e Keys for each subgraphs

avoid doubling tasks

Isomorphism

.. DEH BB
Starting point

Extension
branches

Dynamic dispatch

Extended

U D In progress



PasiGraph : https://qgitlab.info.ugam.ca/cbe/pasigraph

Problem (Finding the RINs conserved in both RNA)
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0 For each edge match, we create a task
8 that involves finding all the RINs that contain it.
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Post-processing
Elimination of MCCPS sharing the same edge set(RIN1 and RIN3)
lete for each RIN the interactions which are not involved in a cycle(RIN2)
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Distributed computing implementation matters
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The 1 722 non-redundant structures RNA3DAtlas
dataset 3.269

- Dlstnbutlon of the number of edges

#Inst

| 0 5000 10000 15000 20000 25000 30000 35600
Num Edge (Global dataset)



After some time and some C02 (but no GPU)

e ComputeCanada cluster -> 3200 processors on 70 nodes each with 128GB RAM for 4 weeks

1 1
Bl with stack
105 - i without stack -
' HEl Only stack

e Found 157 344 RINs 10°.
209 750 474 occurrences
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A-minor with stacklngs variations
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340 chemically modified nucleotides

fr3D-python annotates non-canonical
for chemically modified

github.com/BGSU-RNA/fr3d-python

C vs OMC

Thanks Craig!




Going back to sequence: 140 chemically modified
nucleotides annotated Iin RINs

250 — — — — G



Explore the data
carnaval.cbe.ugam.ca

(alpha version no stacks)

Quickly presented in visualisation session (in 6h)
All Recurrent Interaction Networks, sequences found in PDB
Search any basepairs pattern

Find chemical modifications and associated Recurrent Interaction Networks


http://carnaval.cbe.uqam.ca

Back to 3D reality (which is non isomorphic)
3 kink-turn from RNA3DHub




Can we do fuzzy graph matching?

Subparts of RNA 4VIF



Fuzzlree

github.com/theoboury/FuzzTree (wabi 2024)

Pattern graph Gp Target graph G

Théo Boury

[sostericity feature Bond missing feature Gap feature


http://github.com/theoboury/FuzzTree

Boltzmann sampling of graphs

For each graph mapping define an energy:

E(M) = Z wy x db (u, v, M)+wg xd® (u, v, M)+wg xd® (u,v, M)

(u,v)€Ep h d H ﬂ Hﬂ

BP isostericity  Missing edges  Inserted nodes

—E(M) ,
Probability of sampling a mapping: P (M) = - & Where Z = > e~ E(M')
M/




|Isostericity distance (1/3)

Motif Gp Mapping M in the RNA G

EZJ By

d(uvl\/l) 7.2




Missing edges (2/3)

Motif Gp Mapping M in the RNA Gt

d5(u, v, M) = 1



Inserted nodes (3/3)

Motif Gp Mapping M in the RNA G+

2.7TA

d9u, v, M) = 2.7



Parametrizing the sampling
TE /2

REJECTION _

Sampling , .
-~ AREA-~

probability



Complexity exponential in tree width of pattern

Computing partition function: O(kn®+!)
Sampling: O(knt)

n: nodes target

k: nodes pattern

¢: treewidth pattern
t: number samples



Back to kink-turn from RNA3DHub

~ A biological family that contains 72 known motifs over more than 25
different RNAs.

-~ Kink-Turns are clustered in 18 different families according to atomic
cristallography. *




From one pattern we find most occurrences

Sensitivity and specificity of found mappings for the Kink Turn family with near

1.0 A

1UeB_B_C 3SIV_C_F E
Requested 5 sTowy _Z%/'—D
motif 81 2RresR s7LOA A @

:

O

Specificit)oks-

0o
0
0.2 -
65Y6_D
65Y4_C
004 ©
0.0 0.2 0.4 0.6 0.8 1.0

Sensitivity '



New candidates appear
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Designing core patterns a challenge
A kink-turn that can not be found




Integrating sequences to predict modules
BayesPairing2
jwgitlab.cs.mcgill.ca/sarrazin/rnabayespairing2 RECOMB2020

Module Da,tabase

1234 1234 123

gAU_Q A;Ac ugu ACCAM IS EU | Roman Samndmn

Hua-Ting Yao
(in the room, not in uniform)



http://jwgitlab.cs.mcgill.ca/sarrazin/rnabayespairing2

Reality hits again, modules must be combined
with loops

/ ) N
Input: RNA Sequence 4 MOdUle Database A Bayesian Network
Sequence )
w = CAGCAAUACACUGUCAGUCCGAAUCGGCCUGCAC . P=1
ol JA& uﬁu ACCAM lcu Statistics I
RNA S u'b Opt 1 2346566 7 8 > .........
Structure Ensemble o
N O (O P O (PR 1 R (N ( (P ))).))).. -=5.50 \_ /
........... (C.(CCCCC..--.-20)) ). -2.40
........... (C.(C((C......))))))). =2.40
........... (CC. . ((C......)))..))). -3.00
............ (C..(((......)))..)).. -2.20
R (N (PR (((..... ))) .. ... )) ... ... -2.10 ]P)( | )
) ’ Root P mo | W
lf or each Structure in Ensemble é Size Match
| .
Structure Tree ? v
52(4’ 4’3\) 4 Output: Match Score A
S 'S
| 1 MS = log[P(ms | w)P(L3 | w)?]
Ly(5) BN Y




antaLOOPS (work in progress

Recurrent Interaction Network _
complementary region

CD/QV'\O (edges in red are compressed)
) O

RIN graph

RIN graph representation
RNA structure loop that

Q/@\Q(  Dcludes the RIN Simplified model of the loop
A A ;

Leontis-Westhof base pair nomenclature

RNA bases have Base pair geometry can be summarized Twelve types of base pairs exist
three edges by interacting edges and orientation Symbols show edge type, and fill shows orientation
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From the Recurrent Interaction Networks
to the loops

RIN # 205 sample of loops containing network

o~ 0— BBE%BWF?W®

|} ] SERIECHN,

recurrent network




Clustering the real loops and their sequences

Graph

Simp"fication mall medium | g ' 3-way . 4‘w.ay




An ensemble of bayesian networks
can be used to model a module




Populating with additional sequences (thanks Rfam!)

Cantaloops
module

caRNAval
module 57

Occurrence
PDB position

Occurrence
PDB position

Occurrence
PDB position

Occurrence

PDB position

PDB 60D9S. B
12-15, 41-44

Rfam-aligned

PDB sequence

PDB 60D9. B
residues 1-64

Rfam family
alignment

Rfam family
alignment

RFO1750

ZMP-ZTP riboswi.

Module-matching
align. positions

Module-matching
align. positions

Columns 11-14,
195-198

Putative module Isodiscrepancy New motif
occurrences filter occurrences

175 new motif
occurrences

185 sequences 10 sequences
(seed align.) rejected



We can train and compare with the RNA3Dmotif atlas
3D motif atlas caRNAval

BayesPairing2 log odds score on true and false hits BayesPairing2 log odds score on true and false hits
Groun_lc—j truth Ground truth
mm True
== False - True
B False

10 15 20 25 30 35 40 45 15 20 25 30 35 40 45
log odds score log odds score



ROC curves

3D motif atlas
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How consistant are structures inside the same
module group?

RMalign similarity between module occurrence RMSD between module occurrences Isodiscrepancy between module occurrences
| T oone - L1 | Ll
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| | | 5
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Similarity between motif occurrences isodiscrepancy between motif occurrences




Preliminary numbers
2-fold cross validation

CaRNAval RNA3DMotifs Atlas

3

Average sensitivity (module
occurrences correctly identified
above threshold)




From modules to variants to predictions

Pasigraph: Finding all subgraphs isomorphims
https://qgitlab.info.ugam.ca/cbe/pasigraph

FuzzTree: Exploring module variants with explicit control of distance
https://github.com/theoboury/FuzzTree

Cantaloops: Building motifs families from modules (Recurrent Interaction Networks)

RINs (without stacks for now) and annotations hosted on carnaval.cbe.ugam.ca
short talk in the visualisation session this afternoon



http://carnaval.cbe.uqam.ca
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