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Kinetics of RNA secondary structures
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Kinetics of RNA secondary structures
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Sampling of local minima
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Sampling of local minima

AG

@® - Local Minimum (LM)

@ Ragged nature of RNA landscapes — Sampling representative set of LMs
@ Sampling according to Boltzmann distribution:
—AG R: Boltzmann constant

e RT
T: Absolute temperature
Z: Partition function

Prob(S) =

Z
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Sampling of local minima

AG

{
\ h ® - Local Minimum (LM)
_(\(\ A - Classical Sampling

B - Non-redundant Sampling

@ Ragged nature of RNA landscapes — Sampling representative set of LMs
@ Sampling according to Boltzmann distribution:

e e R: Boltzmann constant
Prob(S) = Z T: Absolute temperature

Z: Partition function

@ Non-redundant sampling — Access those LMs having higher free-energy (AG)
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Effect of Redundancy
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Definition of Local Minima (LMs)

Local optimality ensured by saturation
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Definition of Local Minima (LMs)

@ Flat structures = Alternative
local motifs within local minima
— Modular decomposition
(DP)

@ Combinatorial LMs,
Boltzmann-distributed wrt
Turner energy model
(cf. Waldispiihl et al, J.
Comput. Biol. 2007)
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Stochastic Backtrack

5 - Space of all LMs
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Stochastic Backtrack
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Stochastic Backtrack

A can be separated to subspaces
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Stochastic Backtrack

Pick A3, becomes F

J. Michalik, H. Touzet, Y. Ponty Non-redundant sampling



Non-redundant Backtrack

How to adjust probabilities
when picking up motifs?

(while remaining unbiased)
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Non-redundant Backtrack

J

Prob(A)—Prob(FNA
PrOb(A ’ 5, F) - ProbES%—ProbgFﬂsg
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Non-redundant Backtrack - Summary

@ Forbidden elements increase dependency between local choices

@ Need to track which forbidden LMs can be sampled at each stage
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Non-redundant Backtrack - Summary

@ Forbidden elements increase dependency between local choices

@ Need to track which forbidden LMs can be sampled at each stage

Our solution/implementation:
/ P Stores Prob(A | S, F)

@ Tree-like structure to store %
Prob(A | S, F) =
@ Values used during backtrack “} -1 Pointers
@ Updated after generating each LM ?
@ No asymptotic complexity overhead
@ Low practical implementation overhead
e Adapted to other algorithms (e.g.

RNAsubopt)
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Software Implementation
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e C implementation (=~ 3200 I.), based on Vienna package's RNAlib:
» Non-redundant sampling
» Exhaustive enumeration and counting

» Arbitrary precision arithmetic (MPFR library, L. Fousse et al, ACM
TOMS 2007)

o Availability:
https://project.inria.fr/rnalands/software/rnanr/
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https://project.inria.fr/rnalands/software/rnanr/

Results

SV11 (Biebricher and Luce, 1992):

-1
o Metastable state (MS) ¢ 28.5 keal.mol 3 Ground state (MFE)

Prob(MFE) __ 1n12
Prob(ms). ~ 10

@ Hard access to MS-like structures by sampling algorithms

@ Exhaustive enumeration in restricted folding space ~~ min helix length
= 4, ~ 36000 solutions found

GGGCACCCCCOUUC ACCUCGCGUAGCUAGCUACGCGAGGGUUARAGGGOCUUUCUCCCUCGCGUAGCUAACCACGCGAGGUGACCCCCCGAR suuCCea
MFE
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Speed-up of Non-redundant sampling

e T(K) :#redundant structures to obtain K #unique structures
e Speed-up: T(K)/K = Avg #times a structure is sampled

200~ Programs
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Analysis of RNA Artificial Switches

Comparison : RNANR, RNALocopt, RNASLOpt, RNAlocmin & RNAsubopt
250 Bistable sequences: 100nt, 2 structures (one MFE), AG < 5kcal.mol™!, > 20 bp distance

Better RNA landscape model = lower switching time
Switching time = 1% time t s.t. Prob;(MS) < Prob:(MFE)
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CAAGCCGGAGAUAUCCCAGAAUGCGGGGUUGACUGCUCGGUGGGGGUGGUGUACGGCUCACAGACGCUGCUCAUCAGACCAAGAGGUUGGUAGGAGGUUC
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@ RNANR correctly identifies MFE and MS states about 90% of time
— Expected since most sequences were selected using RNANR

@ RNANR most frequently returns lowest switching time

= RNANR performs the better sampling to analyse
RNA folding landscape than competitors
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Conclusion

@ RNANR efficiently produces accurate simplified kinetic landscapes

@ Non-redundant principles for DP-based sampling, soon in ViennaRNA
package

o First step towards the kinetic analysis of larger RNAs

Work in progress (with C. Rovetta)

@ Unbiased estimator for structural properties within Boltzmann
Ensemble — Better convergence

@ Compare to exact and simplified kinetics in small systems
@ Extending method to pseudoknots

@ Integrate within further stochastic sampling methods
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Annexes
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Results - Proximity of Turner and Combinatorial LMs

Question: Coincidence between Turner and Combinatorial LMs?

Method: Sampling Combinatorial LMs + Gradient descent!
— Final structure, ie Turner Local Minimum

AAG Base pair dist.
avg (std.dev) avg (std.dev)

0.547 (0.817) 0.703 (0.757)

@ More than half Combinatorial LMs (52.4%) are also Turner LMs

e On average, a Combinatorial LM is at <0.55kcal.mol™! and 0.7 base
pairs to its closest Turner

'ViennaRNA package, Lorenz et al, Algorithms for Molecular Biology 2011
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Structural Restrictions

@ Space reduction using structural restrictions — complexity reduction!

° A Minimum helix length o, max #branches within multiloop ¥
° A Min helix length = 3

@ Statistics on RNAStrand (Andronescu et al., 2006)
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