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Structure and function of non-coding RNA molecules

e sequence design
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Problem: sequence < function mapping



(Sequence) data-driven approach

Multiple sequence alignment (MSA) of homologs are rich in evolutionary information:
Conservation, covariation,

UAUCCAGAG . .UGAA.ACC.UCGGCARCA .~ ., ===, UUee=.cccccsccsssccsscccsnncas
CCUUAUUUUGAG . AGAA.GCU. .G.ACU. UUA ...........................
JAUCAAGAG.C .ACCUA. .UGAA.GCC.~-CGGCARCC . U.GCA . UAG==. s e csssssssssssssscsnsssns
UCUUAUCGAGAG.C .CCCGA. .UGAA.GCC. C. UUUAUuuaa .....................
UCUUAUCGAGAG.C GA. .UGAA.GCC. C.UUUAUUUNAA.:ccccccsccsssccssncsns
UCUUAUCCCGAGC . .UGAA.GCC. .UCUCUgUuAuuUAUUAUG . s s s s e s s v o« s
UCUUAUCCAGAG.C . .UGAA.GCC. . ACA CAUAU. ccccsvcccssccscssscssncsns
UCUUAUCCAGAG.C . .UGAA.GCC. cM-ACA.CAUAU. cccccccccsccccssccssnses
UCUUAUCCAGAG . .UGAA.ACC. .U. CAAUABUUC.csccssscccsscsccssncses
UCUUAUCCAGAG.UGG.L . .UGAA.GCC. .U. CAAUABUUC. . cccccccscsccsccssnscas
UCUUAUUAUGAG.UGG.L . .UGAA.ACC. AAUUC. cccccvccccscccssccsssces
UCUUAUAAUGAG.UGG.L .CCCGU. .UGAA.ACC. AAUAC. ccccccccccscccssccsssces
GCUCAUCCAGAG.GGG.C .CCCGA. .UGAA.GCC. AGUCGgUUCUUGUCACACTTA .« v v s s s v e
ACUUAUCAAGAG.C . .UGAA.GCC. UGAAA..ccccssccssscesscccssncas
----- GAG.UGG.L A. .UGAA .ACC. UUUUA. cccccccccscnccssscnssnsnscs
UCUUAUCCUGAG.UGG.L AR . .UGAA.ACC. UUUUA.ccccccccscscsccsssccssscsns
UCUUAUCCUGAG.UGG.L ~AA. .UGAA.ACC. cUAUU=.cccccccccscsccscscscccsnsnscs

UCUUAUCGAGAGUUGG.G. . .UGAC.CCC .GUAAUaccauugugaaauggggcgcacugce

JUCUUAUCCAGAG.UGG. L . .UGAA.ACC.-C e e R LY

. JUCUUAUCAAGAG.UGG.L B P
1 JUAUCACGAA.AGG.L . .UGAA.GCC.UU UUU==..cctteccnncccnsncnnsnnas
< AACUUAUCAAGAA . AGG. L . .UGAA.GCC.UU A R LY
A\CUUAUCAAGARA . AGG. L . .UGAA.GCC.UU UUmmm, ittt ttettneccsnccnnnanns
ICHIAINICAGAG . AGG . . .UGAA.ACE.TIC R R R .

Models trained on MSA data can infer constraints necessary for function.
We can then test (experimentally) their generative capabilities.

S. Cocco et al 2018 Rep. Prog. Phys. 81 032601; W. P. Russ, et al. Science 369.6502 (2020): 440-445.



SAM-I riboswitch aptamer domain

Upstream of coding part of mRNA.

Recognizes a metabolite (SAM) specifically

SAM = S-adenosyl methionine

Regulates methionine metabolism in bacteria

Model system for riboswitches, which regulate
gene expression in bacteria and eukaryotes, In
response to specific metabolites

SAM-I| riboswitch aptamer



SAM-I riboswitch aptamer domain
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SAM-I riboswitch aptamer domain
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SAM-I riboswitch aptamer domain

Challenges for successful riboswitch regulatory function:
 network of tertiary contacts
* specific ligand binding

* switch between competing conformations in response
to the ligand

 combinatorially large space of possible sequences
(5198 ~ 107°) and structures = difficult to design



SAM-I riboswitch homologs are found in many different organisms
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https://rfam.org

RF00162 aptamer domain family
Multiple Sequence Alignment (MSA), consisting of:

6161 sequences, 108 aligned positions


https://rfam.org

Restricted Boltzmann Machines (RBM)
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Restricted Boltzmann Machines (RBM)
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Restricted Boltzmann Machines (RBM)

hidden layer
ho h3
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visible layer

vV = (v, ..., Vy) = the RNA sequence

h = (hy, ..., hy,) = latent variables (features)

Energy function:

Ev.hy = Y 7 v)+ Y Uh)— Y Wvih,
i U I

Boltzmann law:

1
P(v,h) = —e¢~EV:M)
Z



Restricted Boltzmann Machines (RBM)

hidden layer
ho

hq hs
h = (h,,...,h,) = latent variables (features)
W, NM& 1 M
o/é,\é\o Energy function:

Ev.hy = Y 7 v)+ Y Uh)— Y Wvih,
i U I

vV = (v, ..., Vy) = the RNA sequence

visible layer
Boltzmann law: Partition function (normalization constant)
1
P(v,h) = —e £ / = jdh ...dhy, e EV
_ > |an...an,

Vise-sVy



Restricted Boltzmann Machines (RBM)

Sampling

Energy
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Conditional probabilities factorize

P(vIh) = | [ Pov;Ih)

P(h|v) = HP(hﬂ V)
H



Restricted Boltzmann Machines (RBM)

Sampling

hidden layer
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visible layer

Conditional probabilities factorize
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Gibbs sampling
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from features

Converges to equilibrium samples from the model



Restricted Boltzmann Machines (RBM)

Likelihood:

1 1
Py =2 3 et = Loty
h

where:

Eal) = 57 00 - 2 mJ Wby~ g,

Full RBM Effective model

marginalization
of latent variables
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with hidden units between visible units




Restricted Boltzmann Machines (RBM)

Likelihood:
| 1 RBM are universal approximators:
_ —-E(v.,h) _ _ ,-E, L .
P,(v) = 7 Z e HV = }e v They can model arbitrarily complex functions,
h provided they have enough hidden units
where;

[ e Roux, Nicolas, and Yoshua

Bengio. Neural computation 20.6
(2008): 1631-1649.

Eg(V)= ) 7(v)— ) In [e 2 Wi =M g,
l Iz

Full RBM Effective model

Montufar, Guido, and Nihat
Ay. Neural computation 23.5 (2011):
1306-1319.

marginalization
of latent variables

e S, ¢

visible units interact effective interactions
with hidden units between visible units




Restricted Boltzmann Machines (RBM)

MSA (training data);

Bacillus subtiliscy
sStaphylococcus epidermidisrcy
Bacillus subtilisr?

Listeria innocuar®

Listeria monocytogenesrCy
Bacillus subtiliscy

Listeria innocuar¥

Listeria monocytogenesd?
Listeria innocuar¥

Listeria monocytogenesd?
Listeria innocuar¥

Listeria monocytogenes(C#
Streptomyces coelicolorry
Clostridium sporogenesr?
Staphylococcus aureus[?
Staphylococcus aureus[?
staphylococcus epidermidisrcy
Bacillus subtilisr?
Listeria innocuar?
Listeria monocytogenesrCy
Listeria innocuar?
Listeria innocuar?

Listeria monocytogenesd?
Racillus lichenifarmis ATCC 14580097

v

/

UUUCUAUCCAGAG.AGG.U
ACCUUAUUUUGAG.AAG.C
AACUUAUCAAGAG.CGG.C
CUCUUAUCGAGAG.CGG.C
CUCUUAUCGAGAG.CGG.C
CUCUUAUCCCGAGCUGG.C
CUCUUAUCCAGAG.CGG.U
CUCUUAUCCAGAG.CGG.U
AUCUUAUCCAGAG.UGG.U
AUCUUAUCCAGAG.UGG.U
CUCUUAUUAUGAG.UGG.U
CUCUUAUAAUGAG.UGG.U
CGCUCAUCCAGAG.GGG.C
UACUUAUCAAGAG.CGG.U
AUCCU===== GAG.UGG.U
CUCUUAUCCUGAG.UGG.U
CUCUUAUCCUGAG.UGG.U
CUCUUAUCGAGAGUUGG.G
UUCUUAUCCAGAG.UGG.U
UUCUUAUCAAGAG.UGG.U
UUCUUAUCACGAA.AGG.U
AMACUUAUCAAGAA.AGG.U
AACUUAUCAAGAA.AGG.U
IMICTNIAINICAGAG . AGG . (.

T 090 1 CICIC 00 O CICIC ) AGGGA. .CUGG.CCCUA.
U@ aeeanansananssss AGGGA . uUUGG.CCCAU.
I e e e atalalalalalalalala el AGGGA. .CUGG.ACCUA.
P e A0 I AGGGA. .CUGG.CCCGA.
AG.ccscassnnnssnnas AGGGA. .CUGG.CCCGA.
T CE 00 1 CIC 0 CICIC AGGGA. .CAGG.CCCuUA.
AG. ccnaasnnaaasnnas AGGGA. .CUGA.CCCUU.
A e alatalalalalalalal o ala als AGGGA. .CUGA.CCCUU.
P 00T ) CICC 0T CICIC AGGGA. . AAUG.CCCUG.
BE.cesccasscnansnns AGGGA. .AAUG.CCCUA.
S T O 0 e I AGGGA. .CUGG.CCCGU.
AG. ccnaassnnaasnnas AGGGA. .CUGG.CCCGU.
A e alatalalalalalalal s e alals AGGGA . uACGG.CCCGA.
3 alananesnanenssses AGGGA. .CUGG.CCCuA.
e csncscsncnansnas AGGGA .cAUGGaCCCAA.
S T CIE 0 1 CICI AGGGA .CcAUGGaCCCAA.
GEcccccaccccacncance AGGGA .cAUGGaCCCAA
S el a e e alala sl e e alale el AGGGA. .UUGG.CCUUU.
e 00T ) CICC A0 CICIC AGGGA .aUCGG.CCCAG.
BE.cesccssscnansnns AGGGA .aUCGG.CCCAG.
T CE0 0 1 CICCA 0 CICIC AGGGA. .CUGG.CCCuUU.
8. cessnsssanansans AGGGU . uCUGG.CCCAG.
TS CE0 0 1 CICIC 09 O CICIC AGGGU . uCUGG.CCCCG.
U AGGGA . AINIGG . COOTIG .

.UGAA.
.AGAL.
.UGAA.
.UGAA.
.UGAA.
.UGAA.
. UGAA
.UGAA.
.UGAA.
. UGAA
.UGAA.
. UGAA
.UGAA.
. UGAR
.UGAA.
.UGAA.
. .UGAA.
.UGAC
.UGAA.
. UGAA
.UGAA.
.UGAA.
.UGAA.
-NIGAR

ACC.UCGGCAACA .
GCU.UCAGCARACC.
GCC.-CGGCAACC.
GCC.-CGGCAACC.
GCC.-CGGCAACC.
GCC.~-CAGCAACC.
.GCC. -CAGCAACC.
GCC.-CAGCAACC.
ACC.-CAGCAACC.
.GCC. ~-CAGCAACC.
ACC.-CAGCAACC.
.ACC.~-CGGCRACC.
GCC.CCGGCAACC.
.GCC.~-CAGCRACC.
ACC.-CAGCAACC.
ACC.-CAGCAACC.
ACC.-CAGCAACC.
.CCCaACAGCRACC.
ACC.-CGGCAGCG.
.ACC. -CAGCAGCG.
GCC.UUAGCAACC.
GCC.UUGGCAACC.

GCC.UUGGCAACC.
ACCLTICAROARER .

T CCcCcCcNaECCccaaOaaa®!

.AUA.

.CUU.
.COuU

.UAUU=-. .

Likelihood of training data:



Restricted Boltzmann Machines (RBM)

MSA (training data): Likelihood of training data:

Bacillus subtilisr? UUUCUAUCCAGAG.AGG.U.GG. . vveernncannnnns AGGGA. .CUGG.CCCUA. .UGAA .ACC.UCGGCAACA . =, === ,UU===, . s s st s eesssssssnsassnans

sStaphylococcus epidermidisrcy % ACCUUAUUUUGAG.ARG.C.UG. . ccvereneannnnns AGGGA .uUUGG.CCCAU. .AGAA .GCU.UCAGCARCC.G.ACU.UUA==. . s ccvveenssscsssacnnnnns

Bacillus subtilisrcy AACUUAUCAAGAG.CGG.C.UG. . v v eeeencnsnnans AGGGA. .CUGG.ACCUA. .UGAA.GCC.~CGGCAACC . U.GCA . UAG==. s e s s ssssssssssssnsnnnns

Listeria innocuar? CUCUUAUCGAGAG.CGG.C.AG. s vveeseeneannnans AGGGA. .CUGG.CCCGA. .UGAA.GCC.~CGGCAACC.U.AAC . UUUAUUUAA . s s s s ssevessaannnnans

Listeria monocytogenesrCy : CUCUUAUCGAGAG.CGG.C.AG. . ceeevenecnnaans AGGGA. .CUGG.CCCGA. .UGAA.GCC.~CGGCAACC.U.AAC.UUUAUUUBA . s s s e ssssesssacsnnsns

Bacillus subtilisrC? (#". | CUCUUAUCCCGAGCUGG.C.GG.veveenenannnnans AGGGA. .CAGG.CCCUA. .UGAA.GCC . ~-CAGCAACC . 6. GUU . UCUCUQUUAUUUAUUAUG. « s s s s s s s ses

Listeria innocuaf? CUCUUAUCCAGAG .CBG.U.AG.e + v v eevvvnnnnnnns AGGGA. . CUGA.CCCUU. .UGAA .GCC . ~CAGCAACE .. ACA.CAUAU. « v v v v v vrrnnencnenennnnns (n)
Listeria monocytogenesrCy — CUCUUAUCCAGAG.CGG.U.AG. . ccvevrecannnnns AGGGA..CUGA.CCCUU. .UGAA.GCC.~CAGCAACC.U.ACA.CAUAU. e e e vveeessscanssacansanas —

Listeria innocuar? AUCUUAUCCAGAG.UGG.U.GG. v vvvernnnannnnns AGGGA . . AAUG.CCCUG. .UGAA .ACC. ~CAGCAACC.U.AAA .CAAURAUUC . s cesssennnanansnans —

Listeria monocytogenes (1 AUCUUAUCCAGAG.UGG.U.GG. . vt veveeecnnnans AGGGA. .AAUG.CCCUA. .UGAA.GCC.~CAGCAACC.U.AAN .CAAUAAUUC . s s s e sssssssssassnans V
Listeria innocuaf? ; é’ CUCUUAUUAUGAG.UGG.U.AG. . ccvvvevvnnnnass AGGGA. .CUGG.CCCGU. .UGAA .ACC.-CAGCAACC . U.UUC.AAUUC. cvvvvveennncasscaasnnans

Listeria monocytogenesr¥ CUCUUAURAUGAG.UGG.U.AG. . e cereeeennnans AGGGA. .CUGG.CCCGU. .UGAA.ACC.~-CGGCAACC.U.UUC.AAUAC. cc v vt veenssscassscannnnns

Streptomyces coelicolorry CGCUCAUCCAGAG.GGG.C.AG. . v cvevvecannnnns AGGGA .uACGG.CCCGA. .UGAA .GCC.CCGGCAACC.C.UCC.AGUCGgUUCUUGUCACACTTa . « e s s s ees

Clostridium sporogenesr? )10 UACUUAUCAAGAG .CBG.U.GGu v vveennnnnnnnnns AGGGA . . CUGG.CCCUA. .UGAA .GCC . ~CAGCAACE . U.AUA . UGBAAA. oo e vvvvernnnnnnnannennns S e M S A
Staphylococcus aureusr? g AUCCU===== GAG.UGG.U.GG..cveececccncnans AGGGA .cAUGGaCCCAA. .UGAA .ACC.~CAGCARCC.U.CUU.UUUUA. sttt veessenesnsannsnnns

Staphylococcus aureusr¥ CUCUUAUCCUGAG.UGG.U.GG. e vevevvenannnnns AGGGA .CcAUGGaCCCAA. .UGAA.ACC.~-CAGCAACC.U.CUU.UUUUA. sttt eeensecensscansanns

staphylococcus epidermidisrcy CUCUUAUCCUGAG.UGG.U.GG. v veveevveeennnnns AGGGA .cAUGGaCCCAA. .UGAA.ACC.~-CAGCAACC.U.CUU.UAUU=. sttt eeensnccnssnsnsnnns

Bacillus subtilisr? CUCUUAUCGAGAGUUGG.G.CG.e v vveenenannnnnns AGGGA. .UUGG.CCUUU. .UGAC.CCCaACAGCAACC.G.ACC.GUAAVaCcCcauugugaaauggggcgcacuge

Listeria innocuar? UUCUUAUCCAGAG.UGG.U.GG. v vveerenneannnans AGGGA .aUCGG.CCCAG. .UGAA .ACC.~CGGCAGCE.G.AGC.GC===. s s e it veessecessscansnnns

Listeria monocytogenes (i UUCUUAUCAAGAG.UGG.U.GG. . cveerneeannnnns AGGGA.aUCGG.CCCAG. .UGAA .ACC.~-CAGCAGCGE.G.AGC.GC===. st vttt eesssscsnnncasnnans

Listeria innocuar? A UUCUUAUCACGAA .AGG.U.GG. v vvvevvenannnnns AGGGA. .CUGG.CCCUU. .UGAA.GCC.UUAGCAACC.G.GAA . UUU==. st et v eeenssccnssscansnnns

Listeria innocuar? 1 AMCUUAUCAAGAA . AGG.U.GG. v vveerenennnnans AGGGU . uCUGG.CCCAG. .UGAA .GCC.UUGGCAACC .G.GAC . UU===. s st s v eeessessnsanansanas

Listeria monocytogenes¥ <M AACUUAUCAAGAA . AGG.U.GG. v vveernnennnnans AGGGU . uCUGG.CCCCG. .UGAA .GCC.UUGGCAACC .G.GAU . UU===. st s st eeensecenssscansnnas

Racillns lichenifarmis ATCC 1458017 MICUNAINICAGAG . ARG . C GG - - - - . - ... __._.. AGGGA _AlNGG . COOTIG . _TGAA _ACE _UCRGREAGER G GHU _CUGCANA. - - - .. ..o ..-

Model is trained, by finding parameters that
maximise the likelihood of the data:

0L [ O(—Eeg(Vv O(—Eqg(V

ow ow MSA ow RBM
S S————— i N S————

positive gradient negative gradient




Restricted Boltzmann Machines (RBM)

MSA (training data);

Bacillus subtilisr? UUUCUAUCCAGAG.AGG.U.GG. . vveernncannnnns AGGGA. .CUGG.CCCUA. .UGAA .ACC.UCGGCAACA . =, === . UU===, . s sttt eenssansnssans
Staphylococcus epidermidiscy % ACCUUAUUUUGAG.ARG.C.UG. . cveesenensnnans AGGGA .uUUGG.CCCAU. .AGAA .GCU.UCAGCAACC .G. ACU.UUA==. s tneeensenansanan
Bacillus subtilisr? ANCUUAUCAAGAG.CGG.C.UG. . ccverveecnnnens AGGGA. .CUGG.ACCUA. .UGAA.GCC.~CGGCAACC.U.GCA . UAG==. st e sveeensecansnnns
Listeria innocuaf? CUCUUAUCGAGAG.CGG.C.AG. . ceverennnsnnann AGGGA. .CUGG.CCCGA. .UGAA.GCC.~CGGCAACC.U.AAC.UUUAUUUBA . s s s e ssanessnnns
Listeria monocytogenesry . CUCUUAUCGAGAG.CGG.C.AG. . cveeereenennnans AGGGA. .CUGG.CCCGA. .UGAA.GCC.~CGGCAACC.U.AAC.UUUAUUUBA .. s s e ssssessnans
Bacillus subtilisrC? #7. | CUCUUAUCCCGAGCUGBG.C.GG.vvvenrcnncnnaans AGGGA. . CAGG.CCCUA. .UGAA.GCC . ~-CAGCAACC . G. GUU . UCUCUQUUAUUUAUUAUG. « s e o s s s s s
Listeria innocuar? (/) CUCUUAUCCAGAG.CGG.U.AG. . cceeuvecannanns AGGGA..CUGA.CCCUU. .UGAA.GCC.~CAGCAACC.U.ACA.CAUAU. c v e vvvesnsenennnans
Listeria monocytogenesr CUCUUAUCCAGAG.CGG.U.AG. . ccvevrecannnnns AGGGA. .CUGA.CCCUU. .UGAA.GCC.~CAGCAACC.U.ACA.CAUAU. c v e vvvesnsasannnans
Listeria innocuar? AUCUUAUCCAGAG.UGG.U.GG. v vvverencannnnns AGGGA. .AAUG.CCCUG. .UGAA .ACC.~CAGCAACC.U.AAA .CAAURAUUC . s s s e ssavessanns
Listeria monocytogenesry AUCUUAUCCAGAG.UGG.U.GG. . vvvereneannnnns AGGGA. .AAUG.CCCUA. .UGAA.GCC.~CAGCAACC.U.AAN .CAAURAUUC . s s e e ssevenasans
Listeria innocuar? § CUCUUAUUAUGAG.UGG.U.AG. . cceesnnaannnnns AGGGA. .CUGG.CCCGU. .UGAA.ACC.~CAGCAACC.U.UUC.AAUUC. e v e v s veenssannsnans
Listeria monocytogenesr? CUCUUAURAUGAG.UGG.U.AG. . e cereeeennnans AGGGA. .CUGG.CCCGU. .UGAA .ACC.~CGGCAACC.U.UUC.AAUAC. c v e vvvennsenenanans
Streptomyces coelicolorr¥ CGCUCAUCCAGAG.GGG.C.AG. . v cvevvecennanns AGGGA .uACGG.CCCGA. .UGAA .GCC.CCGGCAACC.C.UCC.AGUCGgUUCUUGUCACACTTa . « e s s s ees
Clostridium sporogenesry ’10 UACUUAUCAAGAG.CGG.U.GG. v vvvenvenannnnns AGGGA. .CUGG.CCCUA. .UGAA.GCC.~CAGCAACC.U.AUA . UGARA. v v vvevsnsanansanas
Staphylococcus aureus[? g AUCCU= === GAG.UBH . l.GG.ccccccccccncncse AGGGA .cAUGGaCCCAA. .UGAA .ACC.~CAGCAACC.U.CUU.UUUUA. sttt veensacennnans
Staphylococcus aureusr¥ CUCUUAUCCUGAG.UGG.U.GG. . vveereenennnans AGGGA .cAUGGaCCCAA. .UGAA.ACC.~-CAGCAACC.U.CUU.UUUUA. s v vt veensanasnnans
Staphylococcus epidermidisry CUCUUAUCCUGAG.UGG.U.GG. . v eeveenennnans AGGGA .cAUGGaCCCAA. .UGAA.ACC.~CAGCAACC.U.CUU.UAUU=. s s cevveensacennnans
Bacillus subtilisr? CUCUUAUCGAGAGUUGG.G.CG. v vevennenennnnns AGGGA. .UUGG.CCUUU. .UGAC.CCCaACAGCAACC.G.ACC.GUAAUacCcauugugaaauggggcgcacugce
Listeria innocuar? UUCUUAUCCAGAG.UGG.U.GG. v vvverennnnnnann AGGGA .aUCGG.CCCAG. .UGAA .ACC.~CGGCAGCE.G.AGC.GC===. . s e vt veensaneannnans
Listeria monocytogenesry UUCUUAUCAAGAG.UGG.U.GG. . vvvenrenennanns AGGGA .aUCGG.CCCAG. .UGAA .ACC. ~-CAGCAGCE.G.AGC.GC===. i v vveeensacansanas
Listeria innocuar? ( | UUCUUAUCACGAA.AGG.U.GG.......vvvennnnn. AGGGA. .CUGG.CCCUU. .UGAA.GCC.UUAGCAACC.G.GAA . UUU==. . s e st veenseneannnans
Listeria innocuar? 1 AMCUUAUCAAGAA . AGG.U.GG. v vveerenennnnans AGGGU . uCUGG.CCCAG. .UGAA .GCC.UUGGCAACC.G.GAC . UU===. . sttt veerseneannnans
Listeria monocytogenesr? <M AACUUAUCAAGAA . AGG.U.GG. v vveernnennnnans AGGGU . uCUGG.CCCCG. .UGAA .GCC.UUGGCARCC.G.GAU . UU===. . sttt eeensanennnans
Racillns lichenifarmis ATCC 1458017 MICUNAINICAGAG . ARG . C GG - - - - . - ... __._.. AGGGA _AlNNGG . COMNG . _TIGAA _ACE _UCRGEAGER G . GHI _CUGCANA. - - - . ... __..___.

Model is trained, by finding parameters that
maximise the likelihood of the data:

0L [ O(—Eeg(Vv O(—Eqg(V

ow ow MSA ow RBM
B e Y

positive gradient negative gradient

Likelihood of training data:

— Z PV(V(H))
#IMLS SEMSA

negative
gradient

positive
gradient

Probability

Data



RBM is compatible with structural constraints
£

seq. prob.

wild type GAUAAG P(°7 )
single & GGUAAG P(G,.)

double GAUAcCG P(.,C)
mutants GGRUACG p(G, C)

epistatic score

P(.,.)P(G,O)
P(G,)P(.,C)

 De Leonardis, et al. "DCA of nucleotide coevolution facilitates RNA
secondary and tertiary structure prediction.”" NAR 43.21 (2015):
10444-10455.

 Weinreb, et al. "3D RNA and functional interactions from
evolutionary couplings." Cell 165.4 (2016): 963-975.

* Tubiana, et al. “Learning protein constitutive motifs from sequence
data." Elife 8 (2019): e39397.
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RBM is compatible with structural constraints

RBM sequences have similar rCM
scores as natural sequences ,¢4
P 4
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rCM sequences have poorer RBM

scores than natural sequences

Natural
CM

RBM

I
20 100

CM score

I
120

140

RBM “score”:

InP(v) = — E (V) + const.

CM score:

log-prob. of sequence under
covariance model
(consensus secondary structure)

Nawrocki, Eric P, Diana L. Kolbe, and Sean R. Eddy.
"Infernal 1.0: inference of RNA
alignments." Bioinformatics 25.10 (2009): 1335-1337.

Eddy, Sean R., and Richard Durbin. "RNA sequence analysis
using covariance models." Nucleic acids research 22.11
(1994): 2079-2088.



PC2

RBM generates diverse novel sequences
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PC2

RBM generates diverse novel sequences

C) RBM generated sequences
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PC2

RBM generates diverse novel sequences

MSA
Bacillota
Pseudomonadota
Chloroflexi
Bacteroidota
Actinomycetota

4 2

C)

RBM generated sequences
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frequency

Pairwise distances
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PC2

RBM generates diverse novel sequences

C) RBM generated sequences

 Bacillota

Pairwise distances
Pseudomonadota

o

-

AN
I

*  Chloroflexi Distances to

- Bacteroidota training data

frequency
frequency

Actinomycetota
I I I I I

4 2 0 2 4
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=

N
|

0.00 .
Trausch, Jeremiah J., et al. PNAS 111.18 (2014): 6624-6629. 0 50 100 0 30 60

distance distance to closest natural




Experimental validation with SHAPE-MaP

Probed ~500 sequences

UNIVERSITE with P. Hardouin, F.-X.
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Experimental validation with SHAPE-MaP

Probed ~500 sequences
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SHAPE adducts
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DESCARTES Lyonnet, B. Sarguell



Experimental validation with SHAPE-MaP

Probed ~500 sequences
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Experimental validation with SHAPE-MaP

Probed ~500 sequences

— base pairs
— not paired

| @

1.5 -
Folded
RNA
1.0 -
SHAPE adducts %.
0.5 -
SHAPE reagent reacts preferentially
with flexible (unpaired) RNA sites
0.0 -

UNIVERSITE with P. Hardouin, F.-X.
DESCARTES Lyonnet, B. Sarguell

%

5

reactivity



SHAPE reactivities reflect expected structural changes in response to SAM
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* Reactivity changes (SAM vs. no SAM) indicate
SAM binding

* Consistent with previously reported structural
responses In natural sequences

Trausch, Jeremiah J., et al. PNAS 111.18 (2014): 6624-6629

Hennelly, Scott P, Irina V. Novikova, and Karissa Y. Sanbonmatsu.
NAR 41.3 (2013): 1922-1935.

Heppell, Benoit, et al. "Molecular insights into the ligand-controlled
organization of the SAM-I riboswitch." Nat. Chem. Biol. 7.6 (2011):
384-392.

IPANEMAP: Saaidi, Afaf, et al. NAR 48.15 (2020): 8276-8289.
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SHAPE reactivities reflect expected structural changes in response to SAM
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Eddy, Sean R. Ann. Rev. Biophys. 43.1 (2014): 433-456.;
IPANEMARP: Saaidi, Afaf, et al. NAR 48.15 (2020): 8276-8289.



RBM score

SHAPE reactivity response to SAM in generated sequences

with SAM
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Sequences probed

476 RBM, 206 natural

Eddy, Sean R. Ann. Rev. Biophys. 43.1 (2014): 433-456.;
IPANEMARP: Saaidi, Afaf, et al. NAR 48.15 (2020): 8276-8289.



RBM score

SHAPE reactivity response to SAM in generated sequences

with SAM

390 -

300 -

250 -

200 -

150 -

|
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Protect. score(hallmark sites)

|
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| | |
-75 -50 -25

0
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Protect. score(hallmark sites)

® O® O e O

Sequences probed

476 RBM, 206 natural

Results:

22 % to 38 % of RBM generated

sequences exhibit expected
structural responses to SAM

with 10 — 40 % divergence from
natural sequences and high
diversity (e.g. no P4)

These results support RBM as
generative model

Eddy, Sean R. Ann. Rev. Biophys. 43.1 (2014): 433-456.;
IPANEMARP: Saaidi, Afaf, et al. NAR 48.15 (2020): 8276-8289.



Different properties of natural
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* specificities (SAM vs. SAH)

e ligand affinity (0.13 — 20pM)
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Different properties of natural
riboswitches:

* specificities (SAM vs. SAH)

e ligand affinity (0.13 — 20pM)
 thermostabilities
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Next: Manipulate properties of generated sequences with representation learning

Different properties of natural
riboswitches:

* specificities (SAM vs. SAH)

e ligand affinity (0.13 — 20pM)
 thermostabilities

Z manipulate - $
specificity

No glasses .------------------}Glasses

1AAAA

iglg e pe
_,g'.* fﬁ;f,“, = & ,..gf,.: L3 -, .
[JFdCD et al PRX 2023]
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PCA projections of probed sequences

E) Probed sequences A) Probed sequences
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Structure and function of non-coding RNA molecules
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Structure and function of non-coding RNA molecules

RNA: linear chain of nucleotides (four types: A,U,C,G)

CUUAUCAAGACA U. ..

Central dogma: DNA — mRNA — protein

role as
Information
carrier

Tinoco, Bustamante. How RNA folds. J Mol Biol. 1999

Large fraction of RNA Iis non-coding Many ncRNA functions:

rBNA 80-90% of cell RNA content Rybozymes, riboswitches,
T box, potential role In -
-159 -79 origin of life, ... . .
tRNA 10-15%, mRNA 3-7% g SAM riboswitch

https://assets.thermofisher.com/TFS-Assets/BID/Technical-Notes/collibri-stranded-rna-library-prep-kit-total-rna-seg-mrna-seqg-technical-note.pdf



Restricted Boltzmann Machines (RBM)
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Restricted Boltzmann Machines (RBM)

hidden layer

Energy

R ho hs

Wi ‘4‘\'4\ E(v,h) = 2 7 (v) + Z U (h,) — 2 w. v.h
H KD iV U i
oA o606
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Restricted Boltzmann Machines (RBM)

hidden layer

h1 ho hs3 Energy

Wi ‘4‘\'4 E(v,h) = Z 7 (v;) + Z U (h) — Z w. v.h
H KD iV U i
foon T

visible layer

Boltzmann probability law

|
P(v,h) = Ee_E(V’h), where Z = Z e ~FV:W) is the partition function.
v.h



Restricted Boltzmann Machines (RBM)

hidden layer

Wi Ql» 3
Pro=
'YX

visible layer




Restricted Boltzmann Machines (RBM)

hidden layer

v = the RNA sequence; h = latent variables (features)

1 1
Likelihood: P, (V) = — Z e~ EVh) — — ,—Ee(V)

Zh /

where: E_ (V) = Z 7 (v,) — Z ln[e 2 wivih,—% ,(h,)
i 7

visible layer



Restricted Boltzmann Machines (RBM)

hidden layer

v = the RNA sequence; h = latent variables (features)

1 1
Likelihood: P (V) = — Y e EV) = —o=FerlV)
V) = Zh] =

where: E_ (V) = Z 7 (v,) — Z ln[e 2 wivih,—% ,(h,)
i 7

visible layer

Full RBM Effective model

marginalization
of latent variables

4
4
4
'

visible units interact effective interactions
with hidden units between visible units

I
I
I



The SAM-I aptamer domain family

SAM-I riboswitch aptamer domain
RNA family (RF00162)

6161 sequences

pk 2 Families improved with R-scape

108 aligned positions R-Y
5-0@ QAGUCYQQQQOOQQ

N
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I

|
| |
. g .!-ll&ﬁ Hefia_ i \,I _"'i.

60
site bioRxiv 2023.05.10.540155

conservation (bits)



https://www.biorxiv.org/content/10.1101/2023.05.10.540155.abstract

RBM reproduces statistics
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Secondary structure is not sufficient

0.03 -
Compatibility with
secondary structure
0.02 -
0.01
Infernal (Covariance model)
0.00 -

RBM distinguishes

sequences

~ RF00162 (hits)
B Infernal

— RF00162 (seed)
— RBM samples
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-300
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RBM samples are compatible with secondary structure
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e RBM
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Experimental validation with SHAPE-MaP

UNIVERSITE : :
PAR'S Wlth P HardOU | n’ F _X Wilkinson, KA et al. "SHAPE: quantitative RNA structure analysis at
DESCARTES Lyon net, B. Sarg uell single nucleotide resolution." Nature Protocols 1.3 (2006): 1610-1616.



Experimental validation with SHAPE-MaP

Folded
RNA

SHAPE adducts

UNIVERSITE : :
PAR'S Wlth P HardOU | n’ F _X Wilkinson, KA et al. "SHAPE: quantitative RNA structure analysis at
DESCARTES Lyon net, B. Sarg uell single nucleotide resolution." Nature Protocols 1.3 (2006): 1610-1616.



Experimental validation with SHAPE-MaP

Folded
RNA

SHAPE adducts

UNIVERSITE i S
PARIS with P. Hardouin, F.-X.

DESCARTES Lyonnet, B. Sarguell

After adding the probe, the RNA
molecules are sequenced. The probe
results in sequencing errors.

m —u

d

m = mutation rate with probe

Reactivity: r = , Where

u = mutation rate without probe
(cancel seq. error biases)

d = mutation rate in denatured state
(cancel site-dependent biases)

Wilkinson, KA et al. "SHAPE: quantitative RNA structure analysis at
single nucleotide resolution.” Nature Protocols 1.3 (2006): 1610-1616.



Structural flexibility requires moderate binding energies

ViennaRNA: Energy calculations of RNA secondary
\, structures, based on the Turner model.
.\“

. .
R

o

AE = K( ) — EX )

V|ennaRNA e Lorenz, R., Bernhart, S.H., Honer zu Siederdissen, C. et al. ViennaRNA Package 2.0.
Algorithms Mol Biol 6, 26 (2011). https://doi.org/10.1186/1748-7188-6-26
 Mathews, DH., et al. "Incorporating chemical modification constraints into a dynamic
programming algorithm for prediction of RNA secondary structure." PNAS 101.19 (2004):
7287-7292.



https://doi.org/10.1186/1748-7188-6-26

Experimental validation with SHAPE-MaP

A)

B)

RBM samples no SAM

P1 pairing energy (kcal/mol)

with SAM

I
-15 -10 -5

Protect. score(P1)

O OO

Pk pairing energy (kcal/mol)

I
-20 0

frequency

Protect. score(Pk)

I
-30 -20 -10 O
Protect. score(Pk)

O P1 closed
O P1 open
® P1 switch

Switcher P1 closed P1 open P11 switch
Yes 18 19 25
No 13 56 2

Total P1 conclusive: 133

O Pk closed
O Pk open
® Pk switch

Switcher Pk closed Pk open Pk switch
Yes 14 12 29
No 9 74 3

Total Pk conclusive: 141



Statistical inference of base-pairs from SHAPE data

(A)
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frequency
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0.0 -

— base pairs
— not paired

reactivity

SHAPE log-odds score
P,(7,;|bp)

P,i(7y; 1 np)
jP(r\bp) (7, | r)dr
IP(r\np) ni(Ti | )T

S, (1) = ln

P_(F, .| r) prob. of measuring 7, . given

underlying reactivity r (account for
sampling error during sequencing)

P(r | bp) prob. of reactivities of base-
paired sites



Structure and function of non-coding RNA molecules
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Statistical inference of base-pairs from SHAPE data
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Restricted Boltzmann Machines (RBM)

hidden layer

Wi Ql» 3
Pro=
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visible layer




Restricted Boltzmann Machines (RBM)

hidden layer 1 1

Likelihood: P (V) = — Z e~ EOVh) — — ,—E(v)

Zh /

where Eeff(v) — Z v/ i(Vi) — 2 an e 2 Wy vih,~% (h,)

l 7

visible layer vV = the RNA sequence



Restricted Boltzmann Machines (RBM)

hidden layer 1 1

Likelihood: P (V) = — 2 e~ EOVh) — — ,—E(v)

Zh /

where Eeff(v) — 2 v/ i(Vi) — 2 an e 2 Wy vih,~% (h,)
i Z

visible layer vV = the RNA sequence

Model is trained, by finding parameters that
maximise the likelihood of the data MSA

2L _ (H-Een(s) >Ms{ (AEat)y

e - \—/—/

positive gradient negative gradient




Restricted Boltzmann Machines (RBM)

hidden layer

1 ]
Likelihood: P (V) = — e~ EVh) — _ ,—E (V)
W)= Zh', .

where Eeff(v) — Z v/ i(Vi) — Z an e 2 Wy vih,~% (h,)
i Z

visible layer vV = the RNA sequence

Model is trained, by finding parameters that negative
maximise the likelihood of the data MSA

lgradient
O S O S *

- e e ——— o0 0060 X
- A A OO

positive gradient negative gradient Data

positiveT

gradient

Probabillity




SAM riboswitches

Arc diagram 3D structure

17 )

linear sequence

Figure from Rfam: https://rfam.org/family/RF00162#tabview=tab3



https://rfam.org/family/RF00162#tabview=tab3

PCA of RF00162 MSA
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