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Chemistry of RNA

RNA is a single-stranded heteropolymer
Four bases:

— Adenine (A)

— Guanine (G)

— Cytosine (C)

— Uracil (U)

The sugar phosphate backbone polymerizes
iInto a single stranded charged (-) polymer




Energy scales

» Crick-Watson: conjugate pairs
C-G 3kCal/mole
A-U 2kCal/mole
G — U (the wobble pair)1.5kCal/mole

Pairings due to Hydrogen bonds between
bases =—> RNA folding

Stacking of aromatic groups (hydrophobic)
Electrostatics (Mg~ ions) controls 3d structure




Base pairing

* |nduces helical strands (like in DNA)
* Induces secondary structure of RNA

RNA folding problem:
determine which bases
are paired




* Functions of RNA: enzyme, regulation, etc...

» strongly depends on the pairings, the loops
and the pseudoknots

Must know all the pairings present in

: the RNA = Secondary Structure




Badifius subtilis ENase P ANA

M - multi-loop

|- interior loop

E- bulgeloop
H - hsirpin loop




Pictures of RNA

Transfer RNA




Ribosomal RNA

Nobel Prize in Chemistry 2009
Ada Yonath, Weizmann Institute




Arch representation of the secondary structure of an RNA
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Badifius subtilis ENase P ANA

M - multi-loop

|- interior loop

E- bulgeloop
H - hsirpin loop




Pseudoknots

® H-Pseudoknot

the Kissing Hairpin

loop-bulge
The H-hairpin




Pseudoknots

Small number of pseudoknots
Strongly constrain the 3d structure
Very sensitive to Mg ions

Constraints on the backbone to make a
pseudoknot ==> energy penalty

Less than 10% of all bases participate in
pseudoknots

Design or penalty?




“Simplicity” of RNA interactions:
— Saturation of interactions
— Watson-Crick pairing

Define

Vij = e PCiig(li — j| — 4)

Base pair energy Q

* Approximation Chain rigidity

Z =5 Qo

sterically
allowed
configurations

Partition Function of Secondary Structures




where

Qo=14+> Vij+ > (VijViu+VieVi+VaVik)
i<y i<j<k<l/ / \
= NN Y AN

1<g<k<Il<...<p<q

* must do correctly the combinatorics
e any index appears once and only once
(saturation)

Feynman diagrams




If no crossings of the arches, it is possible
to calculate exactly the partition function by
recursion relations: MFold, Vienna Package

Crossings = Pseudoknots = constraints on
the backbone

Need a penalty for pseudoknots.

A natural classification comes from Matrix
Field Theory: use the genus of the graph.




Wick Theorem

« Simple representation: consider an RNA
sequence of length L

L

1 L | 1 w1 ..
QO _ N/qubze ) Zi,j qﬁ%‘/ij ®; H(l + gbz)
1=1

=1

e due to Wick theorem




Wick Theorem

L
1 _1 Ry
VigVia + VinVit + VaaVie = - / T] et S 50V g
1=1

NN

NN N LA

* However, this form gives same weight to all
pairings. No penalty for Pseudoknots.

« Experimentally, few pseudoknots.




* We want to give a penalty to pseudoknots
« which does not depend on number of crossing

« which depends on “some” topological complexity of
the pseudoknot

e additive

* Matrix field theory == the genus

L
N
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3 225 (VT )i Tr(al ) = | |
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* One can prove that the matrix field partition
function is equal to

7 Z 1 e—BE(pairing)
N 2g(pairing)
all pairings

* where g(pairing) is the genus of the pairing
graph
* N is the size of the matrix

Y Z G—BE(pairing) —pg(pairing)

possible pairings




Topological classification of RNA
folds

* An RNA fold can be characterized by its
topology:

* Number of handles of embedding surface




Genus 0O: the Sphere
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Only 4 primitive PK of genus 1

Primitive=Ilrreducible and
non-nested

AB CADB C D

26




An exemple of
ABCABC pseudo-knot

E. coli alpha operon RBS
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How to compute the genus?

P—-L

Double line graphs == 4 — 5




How to compute the genus?

Double line graphs == 4 —
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How to compute the genus?

Double line graphs === 4 —
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How to compute the genus?

Double line graphs === 4 —
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How to compute the genus'?

Double line graphs === 4 —
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How to compute the genus'?

Double line graphs === 4 —
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How to compute the genus'?

Double line graphs === 4 —
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How to compute the genus'?

Double line graphs === 4 —
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* Protein Data Bank (PDB): 850 RNA Structures

* Number of bases ranges from 22 ( H PK with
genus 1) to 2999 (with genus 15)

 Maximum total genus is 18. Maximum genus of
primitive PK is 8.
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Free Energy Parametrization

Stacking free energies

Penalty for loop opening

Penalty for bulges

No Conformational Entropy (small loops)

Penalty proportional to the genus of PK: g
u = 1.5 kCal /mol




Results on a test database of 36 RNA with pseudoknots

sequence longueur | HotKnots | McQfold | TT2NE+INN-HB | TT2NE + M,
1u8d 68 0.69 0.69 0.88 0.88
AMV3 113 0.84 0.76 0.98 0.94
BBMV 116 0.81 0.86 1* 1*
BVDV 74 0.56* 0.72 0.96 0.85
Bp_PK2 90 0.81 0.84 1 1
BWYV 50 1* 1* * 0.88
Bt-PrP 45 0.41 0.41 1 0.41
CGMMV 85 0.64 0.32 0.64
CcTMV 73 0.42%* 0.53 0.42
CoxB3 73 0.68 0.92 0.96
EC_PK4 52 1* 0.63 1
Ec-RpmlI 72 0.58* 0.48 0.48

Ec_PK1 30 1 1 LT Ty —
ESE 57 . o sensitivity= number of

Ec alpha 0.61 correctly predicted pairs/
GLRaV-3 6] 1

HAV 55 0.58 * number of pairs in the real
| —— structure
HDV _anti 91 1
Hs_PrP 45 0.81*
IBV 56 0.94
Lp_PK1 30 0.40
MMTV 34
MMTV-vpk 34
Mengo-PKC 26
RSV
SRV-1 38
T2_gene32 33
T4 _gene32 28
™V 74
TYMV 74
Tt-LSU 65
minimallBV 45
pKA-A 36
satRPV 73

moyenne




* Average sensitivity over the database:

Hotknots McQfold TT2NE+modifiedTurner  TT2NE+fitted energy

0.76 0.78 0.84 0.91
16 12 24 25

Number of structures predicted with sensitivity > 95%

* In all cases, errors can be traced to steric
constraints.




Conclusion

By using a good parametrization of the
energy, one can make good predictions.

One needs still a refined energy model to
Improve predictions

Need to parallelize code to go to larger
structures

Need to include steric constraints in the
algorithm

Applications to miIRNA and regulation
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