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Overview -

RNAmutants: Algorithms to explore
the RNA mutational landscape

Understanding how mutations influence RNA secondary structures AND
how structures influence mutations (WaldispUhl et al., PLoS Comp Bio, 2008).
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Sample k mutations increasing the folding energy

Consequence: Increase in C+G content
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Sample frequency

Objectives -

2

o

o

s | Targeted C+G content

=

2 -

2 |

o

8 |

o | | | | | | | |
85 70 75 80 85 90 95 100

C+G Content (%)

How to efficiently sample sequences at arbitrary
C+G contents ... without intfroducing a bias!
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Outline -

- Background: RNAmMutants in a nutshell

Algorithms to sample RNA secondary structures and mutations.

- Qur approach: Adaptive sampling

Uniformly shifting the distribution of samples.

- Results: Evolutionary studies

Insights on the evolutionary pressure stemming from an
optimization of the thermodynamical stability.
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Outline -

- Background: RNAmutants in a nutshell

Algorithms to sample RNA secondary structures and mutations.
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RNA secondary siructure -

The secondary structure is
the ensemble of base-pairs
In tThe structure.

Bracket notation:
(CCCCCCCCaeee))) e e (CCCeeea))))(CCee )N M))
2011



Loop decomposition -

Hairpin loop

"'"" -

Interior loop
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/I~ Multibranched loop
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Stacking pairs Unconstrained single-stranded region
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Parameterization of the
mutational landscape
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Classical Recursions (Zuker & Stiegler, McCaskill) -
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Enumerate all secondary structures
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RNAmutants Generalize Classical Algorithms -
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Enumerate all secondary structures over all mutants
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Our approach -
RNAmutants

- Explore the complete mutation landscape.
- Polynomial time and space algorithm.
« Compute the partition func’non for all sequences:

E(SS
RNAmutants: Z4 Z EeXp( ( ))

Single sequence: Z(g Z exp(b XE(s 9))

« Sample by backiracking in dynom|c prog. Tables.

=> Weighted random generation (recursive method)

(Waldispuhl et al., PLoS Comp Bio, 2008)
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Sample k mutations increasing the folding energy

Consequence: Increase in C+G content
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- Qur approach: Adaptive sampling

Uniformly shifting the distribution of samples.
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Our approach: Weighting mutations -
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Weighting recursive equations -
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Effect of weighted sampling -

C+G Content (%)
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An Adaptive Sampling approach -

Idea: Figure out a suitable weight on the fly.

\ Update w

. ™

[ Start : 5
w =1 GenMuts(k, w ) p— F‘:ter on GC% . }re ( Stﬂp w
res :== & peen \_L Return res

- Keep all samples at targeted C+G% and reject others.
-Update w at each iteration using a bisection strategy.
- Stop when enough samples have been stored.
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Algorithmic aspects -

- After rejection, the weighted schema only impacts
performance, not the probability distribution.

- Partfition function can be written as a polynomial:
n
Z = Z a XwW
1=0

After n iterations one can compute all a, through

inferpolation and invert the polynomial to compute
optimal weight w (Grobner base).

Remark: In practice, few iterations are necessary
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Example: 40 nt., 10000 samples, 30 mutations, 70% C+G content -
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Example: 40 nt., 10000 samples, 30 mu’ro’rio.
/0% C+G cont
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Overall, 150 000 samples required.

Naive rejection: ~30 000 000 samples!

+ Ratio grows exponentially on length (gen. Fun.)
Note: Dynamic programming alternative in O(n’)
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- Results: Evolutionary studies

Insight into the evolutionary pressure stemming from an
optimization of the thermodynamical stability.
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Low CG-contents favor structural diversity -

Simulation at fixed G+C content from random seeds
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Low C+G contents favor internal loop insertion -
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High G+C-contents reduce -
evolutionary accessibility

Simulation at fixed G+C content from random seeds
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Perspectives -

- More studies of Sequence-Structure maps.
- Applications to RNA design.

- Same tfechnigques can be applied to other
parameters (e.g. number of base pairs).

- Can be generalized to multiple parameters.
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