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Abstract. RNA molecules play several fundamental roles in
any living cell. The function of an RNA molecule is highly
related to its structure. Since the experimental determination of RNA structure is very expensive and time consuming,
many efforts have been focused on computational prediction of RNA secondary structure. In this paper, a genetic
algorithm given by Wiese is presented and it is improved in
both speed-up and accuracy. First, a method is presented to
speed-up the convergence rate of the genetic algorithm using
the helices that appear with high probability in the RNA secondary structure. To improve the accuracy of the algorithm,
sub-maximal helices are used instead of maximal ones. Then
a hill-climbing method is used to further improve the quality
of the results. Finally, the results obtained by Wiese original
algorithm and those obtained by our proposed improvements are presented and compared.
Keywords: RNA secondary structure; RNA folding; Genetic
algorithm.
1. Introduction
Ribonucleic Acid (RNA) is an important molecule that
performs a wide range of functions in biological processes
[1]. It contains the genetic information of many viruses, such
as HIV, and thereby regulates their functions [2, 3]. RNA is
essential for the function of a cell and it is the product of
gene transcription. In a process known as translation, the
RNA is involved in building the proteins. In the translation
process, the ribosome uses tRNA to produce proteins where
three consecutive RNA nucleotides form a codon, which encodes one of the 20 amino acids [4].
An RNA sequence is made of four different nucleotides,
namely Adenine (A), Cytosine (C), Guanine (G), and Uracil
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(U), and it tends to fold to itself and form pairs of bases
by constructing hydrogen bonds between the complementary bases. There are mainly two kinds of base pairs: 1) Watson-Crick base pairs that can be formed between bases A
and U as well as between C and G, and 2) Wobble base pair
that can be formed between bases G and U. It is worth noting that the other kinds of interactions between nucleotides
are exist in real structure, but they are usually ignored in
computational methods. The set of all conformed base pairs
(between the complementary bases) is called RNA secondary structure, in which any two base pairs is either nested or
disjoint. When the base pairs cross each other, the resulting
structure is called RNA pseudoknotted structure. The RNA
secondary structure possesses various considerable properties of RNA tertiary structure [5, 6] and the biological function of an RNA is assumed to be related to its secondary
structure [7]. Any RNA secondary structure is comprised
of different structural components such as stems, hairpins,
bulges, internal loops, multi loops, and external loop [8].
Currently, the only accurate method for determining the
RNA structure is the X-ray crystallography; however, it is
not only time consuming, but also expensive [9]. Therefore,
many computational methods have been proposed to predict RNA secondary structures [3, 4, 10]. Although computational methods sometimes provide an approximate RNA
structure, they mostly facilitate the future studies of RNA
structures.
The first attempt for predicting the RNA secondary structure was given by Nussinov, who devised a dynamic programming algorithm to maximize the number of base pairs
in a given RNA sequence [11 -13]. The main drawback of
this method is that maximizing the number of base pairs
does not essentially produce the best structure. To overcome
this, several approaches have been proposed in the literature.
The first approach is based on comparative sequence analysis [14]. This approach infers base pairs by determining canonical pairs that are common among multiple homologous
sequences. Comparative sequence analysis is quite robust
when several homologous sequences are available. However,
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it requires multiple homologous sequences, it can be time
consuming and it may need significant insight. The second
approach is based on free energy minimization [10, 15 – 17].
The main idea behind this approach is that all molecules in
the nature tend to minimize their free energy. In this particular problem, each base pair (between two complementary
nucleotides) lowers the free energy depending on several
characteristics of the whole structure. Algorithms in this approach try to predict the specific base pairs that minimize
the free energy of the whole structure. Dynamic programming algorithms given by Zucker [17 - 19], as well as genetic
algorithms given by van Batenburg [20, 21] and Wiese [16]
are included in this category. The third approach is based on
stochastic context free grammars [9]. In this approach, each
secondary structure of an RNA sequence is considered as a
derivation of a stochastic context free grammar and the predicted secondary structure is the most probable derivation of
the employed grammar.
In this paper, the prediction of RNA secondary structure
(without any crossing base pairs) is considered. The genetic algorithm, devised by Wiese [16], to solve this problem
is presented and its weak points are improved. To do this,
three extensions are proposed as follows. Creating the initial
population of the genetic algorithm using another genetic
algorithm greatly reduces the computational time. Using
sub-maximal helices, instead of maximal ones makes the
prediction more accurate. Performing a local search method
over the solutions further improves the quality of the results.
The rest of this paper is organized as follows. In Section 2,
the genetic algorithm devised by Wiese and our proposed
improvements for this algorithm are discussed. Finally in
Section 3, the obtained results for Wiese original algorithm
as well as our proposed improvements are presented and
compared.
2. Materials and methods
2.1. Genetic algorithm of Wiese
Wiese presented a genetic algorithm (GA) to predict the secondary structure of RNA molecules [16], where the chromosomes are encoded as permutations. More specifically, the
proposed algorithm predicts the specific canonical base pairs
that form hydrogen bonds and build helices, also known as
stems. In his algorithm, all possible helices are found in the
first step. Then, an initial population of permutations over
the helices is created. Each permutation has a length equal
to the number of found helices. Then the selection, crossover
and mutation operations are performed one after another
during the main loop of this algorithm. To compute the fitness value corresponding to each chromosome, it is decoded
to represent a valid structure. To this ends, the order in which
helices are appeared in a chromosome (permutation) is the
order in which they are picked by the decoder to be inserted
into the final structure. Here, those helices that overlap with
any previously selected helices are ignored. A formal description of this decoding procedure is provided in Algorithm 1.
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Representing the chromosomes as permutations has many
distinguished benefits. More importantly, it is simple and
easy to implement, as well as many crossover operations are
available for this representation.

2.2. Proposed improvements
Although Wiese algorithm was a step forward in heuristic
algorithms proposed for RNA secondary structure prediction, it has several disadvantages as well. It has slow convergence rate to find a good solution due to the huge number of
possible helices. On the other hand, the helices are appeared
randomly in the chromosomes and no mechanism is employed to take into account that longer helices appear with
more probability in RNA secondary structures. That’s why
this algorithm has rather slow convergence rate.
It is also observed that in some, even short, RNA sequences the algorithm does not converge to the best solution. In
these cases, some base pairs do not lower the free energy of
the structure. For example, some base pairs in either end of a
helix make the whole structure unstable. Wiese genetic algorithm does not consider these kinds of situations.
In this paper, three extensions are introduced to overcome
the above mentioned disadvantages. These extensions are
provided in the following sections.
2.2.1. Generating initial population
In order to speed up the convergence rate of the algorithm,
some biological facts are considered. It can be inferred from
the thermodynamic laws, that longer helices are more stable
than shorter ones and they have more chance to be in candidate structures. In order to give more chance to those longer
helices to be appeared in candidate structures, an initial genetic algorithm is used to generate the initial population for
the main algorithm, instead if generating it randomly. In this
initial genetic algorithm, only the longer helices are used to
increase the probability of the presence of them in the candidate structures. The population of the last iteration of this
initial algorithm forms the backbone for the chromosomes
in the main genetic algorithm. Once the initial population
of the main genetic algorithm is obtained, some random
permutations are also added to it in order to maintain the
dispersion in the search space. Using this mechanism, longer
helices have more chance to be appeared in the constructed
RNA structures. The generated chromosomes in the last iteration of the initial genetic algorithm should be extended
to appropriate chromosomes to be used as initial population in the main genetic algorithm. To this ends, Let A be a
chromosome from the last population of the initial genetic
algorithm. To extend A to a chromosome A0, all the remaining helices are randomly ordered and added to the end of A.
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This also helps to maintain dispersion in the search space.
The pseudocode for creating the initial population is given
in Algorithm 2.
2.2.2. Using sub-maximal helices instead of maximal ones
In order to increase the flexibility of the algorithm to predict more accurate structures, we use sub-maximal helices
instead of maximal ones. The maximal and sub-maximal helices are defined as follow:
• Maximal helix: a helix, say A, is maximal if there is no longer helix, say B, containing all base pairs of A.
• Sub-maximal helix: every set of 3 or more consecutive base
pairs, which is not a maximal helix, is a sub-maximal helix.
In Wiese genetic algorithm, maximal helices are used and
therefore the base pairs that make the whole structure unstable cannot be modified. Here, we used sub-maximal helices
to increase the flexibility of the algorithm. Although using
sub-maximal helices increases the number of possible helices (consequently the length of the permutations) and slows
down the genetic algorithm, but the obtained structures in
this way are more accurate.

In order to compare the results of our proposed genetic
algorithm with those obtained by Wiese algorithm, we run
both algorithms over the same RNA sequences. Our algorithm has been implemented in Java programming language
and it has been compiled and executed on a computer running Windows 7 as operating system, having 2:4 GHz Intel
core i5 processor, and 2 GB of installed memory. To perform
the comparison, two standard measures, namely Sensitivity
and Specificity, are utilized. These measures are defined as
follow:
• Sensitivity: number of correctly predicted base pairs/ number of base pairs in the real structures
• Specificity: number of correctly predicted base pairs/ number of predicted base pairs
A dataset containing nine RNA sequences is employed to
perform the comparison. These sequences are randomly selected from [24]. All the structures corresponding to these
RNA sequences are native, i.e. they are determined by X-ray
crystallography.
The average Sensitivity and Specificity of our genetic algorithm as well as Wiese algorithm are calculated (over 10
independent executions of both algorithms) and presented
in Table 1. The values shown in bold face indicate the best
results. As it is observed from this table, our proposed extensions greatly improve the accuracy of structure prediction.
All the results as well as the implemented source code will be
available by request to the corresponding author.
Table 1. Comparing the average Sensitivity and Specificity of our proposed
genetic algorithm and Wiese algorithm (over 10 independent executions of
both algorithms).

2.2.3. Using a local search to lower the free energy in a targeted manner
When using sub-maximal helices, it is observed that a base
pair in either end of a helix may produce unstable structure.
Although these kinds of base pairs will be finally removed in
genetic algorithm, either by crossover or mutation operations
[22, 23], but it may require many iterations. Therefore, we
used a local search method, i.e. hill climbing, to consider the
effect of existing or absence of these base pairs in free energy
of the structure. To do this, each helix in the chromosome is
picked and the structure obtained by removing a single base
pair from either end of the helix or possibly by adding a base
pair to either end of it as well as the free energy of them are
calculated. Then the best structure is selected to be in the
current population. Since applying the hill climbing method
over all chromosomes in the current population is very time
consuming, therefore we only apply it over the small portion
of the best structures in the current population.
3. Results and discussion
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