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Motivation
RNA molecules, the fundamental building blocks
of life, are chains of nucleotides that can bond to
parts of themselves. This allows them to form
complex structural motifs that can be used as
building blocks for self assembling nano-scale
machines.

One of bioinformatics’ challenges is to design
an implementation that, given an input structure,
would predict a sequence that would most likely
fold into this structure at a given temperature. This
is known as the Inverse RNA folding problem
for single structures. We have developed a genetic
algorithm based solution to this problem.

Some RNA molecules have the property of
folding into different structures at different tem-
peratures. This can be exploited in applications
for synthetic biology. For example, one can de-
sign a simple latching mechanism with an RNA
stand at the binding site where simple changes
in temperature can allow/block binding. We
extended our software to predict a sequence which
folds into several different structures at differing
temperatures.

Flow of the Algorithm
Genetic algorithms are part of a wider class of
evolutionary algorithms which mimic natural
evolution to obtain solutions to an optimization
problem.
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Genetic Algorithms are usually split into several
sub-parts: initialisation, selection, reproduction
and termination. Above figure illustrates how
our genetic algorithm solves the Inverse RNA
Problem.

Initialization
In the initialisation phase an initial population of
possible solutions are generated. These may be
generated completely randomly.

Selection
The selection phase involves picking solutions that
will become parents for the next generation of the
algorithm. We would like to generate better solu-
tions to the optimization problem with each subse-
quent generation, so we try to pick parents from
those solutions that come closest to solving the
problem.

Reproduction
The reproduction phase involves generating child
solutions from the parents we picked in the se-
lection phase. The two must common types of
reproduction are mutation and crossover. Mu-
tation takes a single parent and changes one or
more positions in its chain to create a child solu-
tion. Crossover takes two parents’ chains, and cuts
them up into pieces, creating two child solutions
by sticking together these pieces in an appropriate
order.

Termination
The algorithm is terminated after either, an exact
solution has been found or a predefined maximum
number of generations has been reached.

Multiple Target Extension
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Single Target Results
We used two different data sets to test our al-
gorithm. The first was a sample data set gener-
ated from known sequences using Vienna Fold.
The second was a list of 29 real RNA sequences
called the Rfam data set. Using the generated data
we successfully predicted 88.7% of the structures.
Whereas for the Rfam data set, we correctly gener-
ated 34.5% of the sequences.

Multiple Target Results
For the Multi Target algorithm we used a data set
provided by the Regulatory RNA group. These
RNA molecules had been folded at 29 and 37 de-
grees by UNAfold, a different folding implementa-
tion. We found it to be more difficult to predict so-
lutions to this dataset, possbibly because UNAfold
and Vienna may fold sequences differently.
Out of the 30 sequences we managed to get exact
matches to 10. However, even in the cases when
we did not get an exact match we still generated
solutions that had very similar structures to both
targets.

Data Analysis
A B

Extensions and Improvements
We believe that we could definitely improve our algorithms and increase the current success rates by a
reasonable amount. For the Single Target algorithm we would want to get a success rate of over 51% on
the real data set, in order to be up to speed with other available implementations.

There is currently no available solutions to the Multiple Target Problem (dealing with riboswitches).
We now offer a solution with a success rate of 33%, but would like to further improve this result, possibly
by considering previously avoided computation parameters, such as MFE energies and other distance
metrics.
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