
RNA Secondary Structure Prediction
Using Soft Computing

Shubhra Sankar Ray and Sankar K. Pal

Abstract—Prediction of RNA structure is invaluable in creating new drugs and understanding genetic diseases. Several deterministic

algorithms and soft computing-based techniques have been developed for more than a decade to determine the structure from a

known RNA sequence. Soft computing gained importance with the need to get approximate solutions for RNA sequences by

considering the issues related with kinetic effects, cotranscriptional folding, and estimation of certain energy parameters. A brief

description of some of the soft computing-based techniques, developed for RNA secondary structure prediction, is presented along

with their relevance. The basic concepts of RNA and its different structural elements like helix, bulge, hairpin loop, internal loop, and

multiloop are described. These are followed by different methodologies, employing genetic algorithms, artificial neural networks, and

fuzzy logic. The role of various metaheuristics, like simulated annealing, particle swarm optimization, ant colony optimization, and tabu

search is also discussed. A relative comparison among different techniques, in predicting 12 known RNA secondary structures, is

presented, as an example. Future challenging issues are then mentioned.

Index Terms—RNA, DNA, protein, combinatorial optimization, dynamic programming, soft computing, genetic algorithms, neural

networks, fuzzy logic, metaheuristics, machine learning

Ç

1 INTRODUCTION

THE availability of huge amount of biological data has
opened a new direction in genomic analysis and

structural prediction of DNA, RNA, and proteins in recent
years. The challenge is to find an efficient way to use these
rich trove of evidence to infer functional, biological, and
structural properties. Many of these data, such as comple-
tely sequenced genomes, ribonucleic acids (RNAs), and
proteins, have in turn led to an absolute demand for
specialized tools to view, analyze, and predict the biological
significance of the data. Throughout the last few decades,
determining the RNA structure has gained significant
attention of the researchers, as it is one of the key issues
in understanding the genetic diseases and creating new
drugs. It also helps the biologists to understand the role of
the molecule in the cell [1], [2], [3], [4].

There are different types of RNA(s), e.g., transfer RNA
(tRNA), messenger RNA (mRNA), viral RNA, ribozomal
RNA, signal recognition particle RNA (SRP RNA). In a cell,
the role of different RNAs varies widely from each other.
For example, RNA is used as a genetic material, instead of
DNA, by some viruses, and mRNA is used by all organisms
in proteins synthesis. Small nuclear RNAs (snRNA) are
those eukaryotic RNAs, which are involved in processing
hnRNAs. Some RNAs are responsible for controlling gene

expression, or sensing and communicating responses to
cellular signals. Thus, RNAs play an important role for
regulating many biochemical and signalling activities in
cells [4].

The RNA secondary structure prediction problem is a
critical one in molecular biology. Secondary structure as
well as tertiary structure can be determined by x-ray
crystallography [5], [6] and nuclear magnetic resonance
(NMR) spectroscopy [7]. Techniques involving small-angle
x-ray solution scattering (SAXS)[8], hydroxyl radical
probing [9], [10], in-line probing [11], and modification
of bases by selective 2’-hydroxyl acylation analyzed by
primer extension (SHAPE) [12], dimethyl sulfate (DMS)
[13], l-cyclohexyl-3-[2-morpholinoethyl]carbodiimide
metho-p-toluene sulfonate (CMCT) [14], 1,1-dihydroxy-3-
ethoxy-2-butanone (known as kethoxal) [15], nucleases
[16], [17], diethyl pyrocarbonate [18], and ethylnitrosourea
[18] are also successfully used to determine the secondary
structure. In general, these processes are difficult, slow,
and expensive. Moreover, most RNAs are currently
impossible to crystallize. That is why developing mathe-
matical and computational methods to predict the
secondary structure of RNA is very necessary [19], [20],
[21], [22], [23]. Data analysis tools used for prediction of
RNA structure are mainly based on dynamic program-
ming (DP) [19], [20], [21], [22], [24], [25], [26]. The role of
soft computing tools, a collection of flexible information
processing techniques [27], gained significance with the
need to generate approximate and good solutions by
considering the kinetic effects in RNA folding [28], [29],
[30], cotranscriptional folding [29], [31], [32], [33], pseu-
doknots [34], and deficiencies in energy parameters [35].
The term “soft computing” refers to computing techniques
those strive for soft decisions based on given tolerance of
imprecision and uncertainty for a particular problem,
instead of exactness, as strived by hard computing
techniques. In this paper, we survey the role of various
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soft computing tools, such as genetic algorithms (GAs),
artificial neural networks (ANNs), and Fuzzy logic (FL),
for formulating different methodologies. The role of
different metaheuristics, that are closely related with the
GA in the iterative search process, such as simulated
annealing (SA), particle swarm optimization (PSO), ant
colony optimization (ACO), and tabu search (TS), is also
discussed. While GAs are adaptive and robust search
processes producing near optimal solutions and have a
large amount of implicit parallelism in creating a number
of solutions, ANNs are machinery for adaptation and
curve fitting and FL deals with the concept of partial
truth, approximate reasoning, and partial set membership
for uncertainty handling. GAs are adaptive in the search
process as they identify the good and bad solutions in the
search space according to the fitness of the chromosomes,
select a set of good solutions probabilistically in every
iteration, and recombine partial solutions (through cross-
over operation) from the best chromosomes to form
chromosomes of potentially higher fitness. For a neural
network, curve fitting refers to the modeling of an
approximate input output relationship, through super-
vised learning. Once the relation has been modeled, to the
necessary accuracy, it can be used for structure prediction,
with an input-output characteristic approximately equal to
the relationship existing in the training set. For example,
the curve fitting can be accomplished by training the
neural network with vertex identification results of a tree
like RNA structure [36].

The aim of the paper is to bring together the scattered
research works in predicting RNA secondary structure
under the different components of soft computing, and
enable the researchers in both, biology and machine
learning, to understand the relevant problems and issues
of each other for furtherance of bioinformatics research.
First, we describe the basic concepts in RNA structure
prediction in Section 2. This includes the descriptions of
helix, bulge, hairpin loop, internal loop, and multiloop. In
Section 3, we explain some DP methods, as they are
first used for prediction of RNA secondary structures. In
Section 4, the relevance of different soft computing
technologies in the said prediction task is discussed along
with their characteristic features. Various methodologies
developed for these purposes are described in Sections 5, 6,
and 7. A comparative study among different soft computing
tools, in predicting 12 known RNA secondary structures, is
provided in Section 8 as an example. Some challenging
research issues for enhancing computational intelligence of
the methodologies are discussed in Section 9. Finally,
conclusions and some future research directions are
provided in Section 10, followed by an extensive biblio-
graphy. A very preliminary version of this review,
mentioning the descriptions of only three existing meth-
odologies, was reported in [37].

2 BASIC CONCEPTS IN RNA SECONDARY

STRUCTURE PREDICTION

Here, we introduce the biological concepts required to
understand the RNA structure, and then we describe the
various secondary structural elements. The effect of ions,
temperature, and proteins on RNA is also provided.

2.1 Biological Basics in RNA Secondary Structure
Prediction

An RNA molecule represents a long chain of monomers
called nucleotides, and each nucleotide consists of a base
(any one of adenine (A), cytosine (C), guanine (G), and
uracil (U)), a phosphate group and a sugar group [3]. The
specific sequence of the bases along the chain is called
primary structure. The structure is usually defined over the
alphabets “A,” “C,” “G,” and “U.” Through the formation
of hydrogen bonds the two groups of complementary bases,
A-U and C-G, form stable base pairs, known as the Watson-
Crick base pairs [3], [38], [39]. While the A-U pairs form two
hydrogen bonds, the C-G pairs form three hydrogen bonds
and tend to be more stable than the A-U pairs. Other bases
also sometimes pair, especially the G-U pair. The G-U pairs
are known as wobble base pairs and form two hydrogen
bonds [2], [40]. Note that different types (depending on
strand orientation) of U-U, U-C, G-A, A-A, and A-C base
pairs [41] and base triples like GAC, GGC, and so on are
also found in RNA structures [42]. A base pair provides a
groove for insertion of an unpaired nucleoside to form a
triple. The base-pair structure is referred to as the secondary
structure of RNA [24], [43], [44], [45]. Generally, the
secondary structure is determined in terms of substructures
by observing each base is either paired or not and structure
formation for RNA molecules is dependent on the Watson-
Crick base pairs, wobble base pairs, and stacking of adjacent
base pairs.

2.2 Secondary Structural Elements in RNA

Seven recognized secondary structural elements exist in
RNA, and these are:

1. Hairpin loop,
2. bulge loop,
3. internal loop,
4. multibranched loop,
5. single-stranded regions,
6. helix, and
7. pseudoknots.

A common subsubstructure also exists in many parts of
RNA, as well as in hairpin loop, helices, and pseudoknots,
called stem. When a stem is a part of a helix, we can refer it
as a helical stem. A schematic view of various structural
elements, within dotted boxes, is shown in Fig. 1. Stems also
help to identify the start and end of most substructures. A
four-letter alphabet is used to represent an RNA sequence,
which is the primary structure of RNA. Let S ¼ s1; s2; . . . ; sn
be an RNA sequence, where base si �{A, U, C, G} and
1 � i � n. The subsequence sði;jÞ ¼ si; si þ 1; . . . ; sj is a
segment of S, where 1 � i � j � n. If si and sj �{A-U, C-G,
U-G}, then si and sj may constitute a base pair ði; jÞ. Each
base can at most take part in one base pair. Now, we
describe, in brief, different substructures within RNA
secondary structure:

. Single-stranded region. Let r be a sequence of bases in
an RNA sequence. If all the bases in r are not paired
with any other bases in the RNA structure, then we
say r is a single-stranded region.
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. Stem. Contiguous stacked base pairs are called stems
[46]. In this structure, base pairs are generally
stacked onto other base pairs. If base pairs ði; jÞ
and ðiþ 1; j� 1Þ�S then, base pairs ði; jÞ and ðiþ
1; j� 1Þ constitute the stack ði; iþ 1 : j� 1; jÞ, and
mð� 2Þ consecutive stacks form the stem ði; iþm :
j�m; jÞ with the length of mþ 1.

. Loop. Single-stranded subsequence bounded by base
pairs is called a loop [45].

. Hairpin loop. A loop at the end of a stem is called a
hairpin loop. If ði; jÞ� S but none of the elements,
iþ 1 . . . j� 1, are paired with any other base, then
the cycle is called a hairpin loop. Many molecular
biologists use “hairpin” to refer to a stem with a
loop of size 0 or 1 at the end, i.e., a stem with
virtually no loop.

. Bulge loop. Single-stranded bases occurring within
only one side of a stem are called a bulge loop. If
substructure contains base pairs ði; jÞ and ðiþ 1; qÞ,
and there are some unpaired elements between q and
j, then these unpaired elements form a bulge loop.

. Internal loop. In an internal loop, there are single-
stranded bases interrupting both sides of a stem. If
iþ 1 < p < q < j� 1 and substructure contains base
pairs ði; jÞ and ðp; qÞ, but the elements between i and
p are unpaired and the elements between q and j are
also unpaired, then the two unpaired regions
constitute an internal loop.

. Multibranched loop. The loop from which three or
more stems radiate is called a multibranched loop
[47]. If substructure contains two or more base pairs
like ði; jÞ, ðp; qÞ, and ðr; sÞ, and the indices of none of
the pairs lie within each other, then a multibranched
loop is formed.

. Helix. In general, stems are considered to be helices
[46], and they provide stability in the secondary
structure. Single-stranded RNA folds back itself,
forming helical areas interspersed with unpaired,
single-stranded areas. Since the generation of a helix
terminates at the first mismatched base pair, other

secondary structures are implicitly defined in the
various bulges and loops that remain outside of the
stacked pairs. Thus, the determination of helices
alone is considered sufficient, in some investigations
[23], [48], [49], to account for all other secondary
structure elements.

. Pseudoknots. Pseudoknots occur when unpaired bases
of one substructure (e.g., the loop part in a hairpin
loop) bind to unpaired bases of another substructure
to form a stem [46]. If the resulting stem, formed from
this type of bonding, stacks upon an existing stem,
then the new formation is called coaxial stacking
between two stems with a quasicontinuous helix.
This structure also forms a pseudoknot and helps to
stabilize the RNA structure. Even in pseudoknots, the
major driving force of structure formation is Watson-
Crick base pairs, Wobble base pairs, and stacking of
adjacent base pairs.

In RNA, the primary sequence determines the secondary
structure, which, in turn, determines its tertiary folding [1].
The secondary structural elements interact between them-
selves through formation of hydrogen bonds and Van der
Waals interactions and fold in a 3D space to form the
tertiary structure, a biologically active conformation. The
folding process is facilitated by the presence and increasing
concentration of cations (like magnesium ions), lowering
temperature, and presence of proteins, called RNA chaper-
ones [50], [51]. The interactions can take place between two
helices, two unpaired regions, or one unpaired region and a
double-stranded helix [50]. The effects of environment on
RNA folding, involving ions, temperature, and proteins, are
as follows:

. Ions. There are multiple sequential stages in folding
process of RNA and different types of cations help in
stabilizing these steps. In the early stages, secondary
structure is formed and stabilized through the
neutralization of the polyanionic backbone by bind-
ing with monovalent and divalent cations. In the
later stages, tertiary structure is stabilized mostly
through the binding of divalent cations such as
magnesium [1]. Some studies suggest that mono-
valent and divalent cations compete with each other
to stabilize the RNA tertiary structure [52]. However,
the stabilizing is mainly achieved by binding of
cations with backbone twisting sites, having high
negative charge due to a high concentration of
phosphates.

. Temperature. The effect of temperature on RNA can
be understood by considering an RNA sequence,
which is just unfolded in a solution at a specific high
temperature [1]. Now, if the temperature is de-
creased slowly, some parts of the sequence begin to
form stem and loops and the other parts will remain
unfolded or partly folded. Some stems will grow
longer with decreasing temperature, and some of
them will be interrupted by internal loops and
bulges. Finally, these stems, loops, and bulges will
take part in the tertiary structure.

. Proteins. RNA chaperones are the proteins that can
facilitate the RNA folding process. They work in
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two ways, specific and nonspecific interactions. In
specific interaction, the RNA folds around a given
RNA binding platform, provided by the protein
cofactor [51], and can stabilize a specific and
thermodynamically favorable tertiary structure.
After the formation of the stable structure, the
protein is removed from the conformational equili-
brium. In nonspecific interaction, the protein-
assisted RNA folding leads to a stable structure,
where the intermediate misfolded RNAs are desta-
bilized and further misfolding is prevented. The
overall process increases the probability of an RNA
molecule to achieve its native structure. Note that,
sometimes RNAs fold independently of proteins
and then they interact.

Although, the tertiary structure is the level of organiza-
tion relevant for biological function of structured RNA
molecules and sometimes secondary structures are influ-
enced by tertiary structures [53], the interactions, respon-
sible for RNA tertiary structure formation, are significantly
weaker than those responsible for secondary structure
formation [1]. Hence, in recent investigations, for computa-
tional simplicity, it is assumed that the influence of
hydrogen bonds within tertiary structure, on hydrogen
bonds within secondary structure, is negligible; consequen-
tially, secondary structures can be predicted independently
of tertiary structures [35], [54], [55]. Current research is
going on SHAPE (selective 2’-hydroxyl acylation analyzed
by primer extension) [12], a powerful biochemical method
for RNA structure probing, that uses reagents to modify the
backbone in structurally flexible regions of RNA, and
sequencing-based characterization of RNA structure [56].
Both SHAPE chemistry and sequencing-based techniques
are primarily experimental procedures for structure eluci-
dation rather than for structure prediction. While, the
energy function (efn) in a prediction algorithm can be
modified by adding pseudofree energy change terms,
derived from SHAPE reactivities [12], the sequencing-
based characterization data can be coupled with convex
optimization-based prediction methods, through numerical
algorithms [56], to improve the quality of predictions.

2.3 Example

Gibbs free energy (4G) is generally used for calculating the
total energy of different RNA structures (obtained from the
same sequence) and the structure with minimum energy is
accepted. This energy is a thermodynamic potential that
measures the capacity of a system to do nonmechanical
work. It is also the chemical potential that is minimized
when a system reaches equilibrium at constant pressure and
temperature. Hence, it is widely used to calculate fitness of
the RNA secondary structure, obtained using various
prediction algorithms [57]. It is represented as a function
of enthalpy (4H), temperature T , and entropy (4S):

4G ¼ 4H � T4S: ð1Þ

Enthalpy is a measure of the total energy of a thermo-
dynamic system. The total energy is the sum of the internal
energies. It is also the energy required to create a system,
and the amount of energy required by the system for

displacing its environment and establishing its volume and
pressure. Temperature is a measure of the average kinetic
energy in a system and entropy is a measure of how much
of the energy of a system is potentially available to do work
and how much of it will potentially manifest as heat. So,
change in entropy can be used as a quantitative measure of
the relative disorder of a system. Differences in Gibbs free
energy (4G), in a reaction or a conformation change,
provide information on the process spontaneity. A positive
free energy difference indicates that the reaction is in favor
of the reactants and the reaction will go on spontaneously.
A negative free energy difference in a reaction favors the
products. A zero value of the free energy indicates that
neither the reactants nor the products are favored.

Now, we will show how free energy can be calculated for
a helix formation in an RNA secondary structure, using free
energy thermodynamic parameters [58]. Let

50GAUC30

30CUAG50

� �

represent a helix within an RNA structure. The free energy
change for this helix formation can be computed as

4GðpredÞ ¼ 24G
50GA30

30CU50

� �
þ4G

50AU30

30UA50

� �

þ4Ginit þ4GAUendpenaltyðperAUendÞ þ 4Gsym:

ð2Þ

Using the values, downloaded from TURNER LAB, as
mentioned in [58] and [59], the free energy becomes

4GðpredÞ ¼ 2ð�2:4Þ þ ð�1:1Þ þ ð4:09Þ þ 0þ 0:43

¼ �1:38 kcal=mol:
ð3Þ

In this example, the nearest neighbor terms are generated
by considering a sliding window with two adjacent base
pairs at the duplex RNA structure, and these results in three
terms

50GA30

30CU50

� �
;

50AU30

30UA50

� �
; and

50UC30

30AG50

� �
:

The last term

50UC30

30AG50

� �

is similar to

50GA30

30CU50

� �
;

as one can be obtained by rotating the another by
180 degrees. There is a loss of entropy during initial pairing
between the first two bases. This is accounted by a constant
initiation term4Ginit. The term4GAUendpenaltyðperAUendÞ ¼
0 as there are no AU base pair at the end for this helix.
Furthermore, if there exists a GG mismatch (start of a loop)
after the last AU pair then a bonus term is initiated. The last
term 4Gsym corrects for twofold rotational symmetry,
resulting from self-complementary strand. If the two
strands in the helix are not complementary then the last
term is not considered for energy calculation. Moreover, if
there is any GU base pair at the end of a helix, then the
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4GGUendpenalty should be taken into account. The free energy
change for a hairpin loop with four or more unpaired
nucleotides can be computed as

4GðhairpinÞ ¼ 4GinitðnÞ þ4Gterminalmismatch

þ4GGAorUUfirstmismatch þ4GGGfirstmismatch

þ4GspecialGUclosure þ4GpenaltyðallCloopsÞ;
ð4Þ

where n is the number of nucleotides in the loop part only,
“terminal mismatch” parameter is the first mismatch
stacking on the terminal base pair of a helix and not
initiated for hairpin loop with three unpaired nucleotides,
“GA or UU first mismatch” and “GG first mismatch”
parameters are bonus terms, “special GU closure” is
applicable to hairpins, where a GU closing pair (not UG)
is preceded by two Gs, and the last term assigns a penalty
for a loop with all C nucleotides. A tutorial for free energy
calculation in various types of base pairs, helix, terminal
mismatches, loops, and coaxial stacking is available at
http://rna.urmc.rochester.edu/NNDB/turner04/index.
html.

3 DP FOR RNA SECONDARY STRUCTURE

PREDICTION

As dynamic programming algorithm (DPA) is first used to
predict RNA secondary structure and is also used to predict
substructures in some soft computing-based methodolo-
gies, it will be prudent to have an idea of this algorithm and
how the research started in predicting RNA secondary
structures. DP [19], [21], [24], [25], [26], [60] is a computa-
tional way to solve optimization problems, which can be
divided into subproblems. At first, the optimal solution for
each independent subproblem is calculated and then the
solutions for overlapping subproblems are calculated by a
recursive algorithm, repeatedly [60]. The optimal solutions
for the subproblems are then preserved. The most probable
secondary structure is predicted by calculating the sum of
free energies, available from each optimal substructure, for
all possible combinations of substructures and the combi-
nation with minimum free energy (MFE) is accepted.

One of the first attempts to predict RNA secondary
structure, using DPA and by maximizing the number of
base pairs using a simple nearest neighbor energy model, is
presented in [60]. Nussinov and Jacobson [24] extended the
method further. Zuker and Stiegler [20], [25] developed a
popular DP-based algorithm, mfold, for finding the mini-
mized free energy (MFE) pseudoknot-free secondary
structure. In [60], an iterative definition of all secondary
structures is first formulated and then functioned by
minimizing the “distance” between segments of an RNA
sequence, where “distance” is measured in terms of free
energy. It is also assumed that the formation of a given base
pair is independent of all other base pairs. The initial steps
are based on the research work of Needleman and Wunch
[61]. Then, the base pairing matrix, p ¼ ðpi;jÞ, for a given
RNA sequence s ¼ s1s2 . . . sn (and the reversed order
sequence s0 ¼ snsn�1 . . . s1), is defined by pi;j ¼ 1 if si and
sj can form a bond, and pi;j ¼ 0 otherwise. When si and sj

are bonded, any bonding of skði < k < jÞ must be with
points between i and j. The total number of structures
having iþ 1 bonded pairs for a sequence nþ 1 long is given
by a recursion relation. Let Ni

l;n be the number of secondary
structures, containing exactly i bonded pairs, formed on the
subsequence sisiþ1 . . . sn. Then,

Niþ1
l;nþ1 ¼ Niþ1

l;n þ
Xn�m
j¼l

Xi
k¼0

Nk
l;j�1N

i�k
jþ1;nPj;nþ1; ð5Þ

where all hairpin loops have at least m bases. The equation
follows from the fact that snþ1 is either bonded or not
bonded. If snþ1 is not bonded, then there are Niþ1

l;n structures
of interest. Otherwise, nþ 1 is bonded to some j,
l � j � n�m, and if k bonds are formed in sl . . . sj�1, then
i� k must be formed in sjþ1 . . . sn. The definition of
secondary structure implies that any combination of a
k bonded structure with an i� k bonded structure gives a
secondary structure.

The mfold (multiple fold) webserver [20] uses the
primary RNA sequence as input and predicts pseudoknot-
free secondary structure with the MFE and some subopti-
mal structures. There are also options for users to choose
the window for suboptimal structures, calculated in terms
of percentage of the free energy of the MFE structure, and to
force some selected base pairs in the energy calculation
process to consider some auxiliary information into
account. The core algorithm uses the DP method and
provides the energy dot plot matrices for the base pairs
contained within the foldings. In general, the mfold server
provides an interactive medium to the user to select an
window for suboptimal structures, certain base pairs and
number of solutions at the output.

DP is also applied for calculating the equilibrium
partition function for secondary structure, where the
partition function is defined in terms of free energy,
number of substructures, and temperature [62]. The parti-
tion function is used to calculate the probabilities of various
substructures in terms of base pairs. The effect of partition
function with increase in temperature, in unfolding transi-
tion of RNA, is also studied. The method provides an
ensemble of secondary structures.

For a given RNA sequence, the software package Sfold
(statistical fold) [63] computes the partition function for the
ensemble of all possible secondary structures and draws
samples according to their Boltzmann equilibrium prob-
ability, to form the Boltzmann ensemble [64]. Different
clusters are then produced from it, and the centroid of the
best cluster is chosen to provide the possible secondary
structure [65].

The program RNAfold (RNA fold) from Vienna RNA
package [22], [66] predicts a reliable secondary structure by
checking the similarity between two structures obtained
using DP under MFE model and centroid of the best cluster
in Boltzmann ensemble. The Vienna RNA package also
provides tools for RNA comparison, structural alignments,
prediction of RNA-RNA interactions, and getting a clear
perception about folding kinetics.

The KineFold [33] webserver can predict RNA structures
with pseudoknots by considering the cotranscriptional
folding on time scale. The method is based on addition or
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removal of single helices and individual base-pair stacking/
unstacking processes, as they are faster than nucleic acid
folding and unfolding.

Though DPA traditionally yields optimal or suboptimal
structures with MFE, it shows limitations in considering the
kinetic effects related to easily accessible states in RNA
folding [28], [29], [30], states with high energy barrier [30],
[67], and conditions concerning suitability of transition
from one folding state to another. Cotranscriptional folding
is another unaddressed issue in DPA where the partial
RNA sequence starts folding before the entire sequence has
been transcribed [29], [31], [32], [33], [67]. These have
prompted researchers to use soft computing tools that can
handle kinetic effects in RNA folding, consider cotranscrip-
tional folding, predict certain pseudoknots [34], and over-
come some deficiencies in energy parameters [35] in a
better fashion.

4 RELEVANCE OF SOFT COMPUTING IN RNA
SECONDARY STRUCTURE PREDICTION

Soft computing is a consortium of methodologies that
works synergistically and provides, in one form or another,
flexible information processing capabilities for handling
real-life problems. Its aim is to exploit the tolerance for
imprecision, uncertainty, approximate reasoning, and par-
tial truth in order to achieve tractability, robustness, low
solution cost, and close resemblance with human-like
decision making. The constituents of soft computing are
mainly FL, ANNs, evolutionary algorithms (EAs), and
rough sets (RS) [68]. The present paper mainly concerns
with the application of GAs, ANNs, FL, and some
metahuristics in RNA secondary structure prediction
problem. The role of support vector machines (SVMs),
which recently has gained attention of the researchers in
pattern recognition (PR) and ANN is also discussed. At
present, methods involving RSs, recurrent neural networks,
radial basis function neural network, genetic programming,
evolutionary strategies, and evolutionary programming are
not available in the literature, for RNA secondary structure
prediction. Although some of these methods are utilized for
clustering or comparing the similarity of RNA secondary
structures generated from various prediction algorithms,
they are not structure prediction algorithms. Hence, these
methods are not considered here.

As mentioned in Section 3, DPA-based methods try to
find low-energy stable structures by neglecting the issues
related with kinetic energy barriers, cotranscriptional
folding, and so on. Studying every possible structure for a
sequence would solve the RNA folding problem, but it is
not always feasible. However, one may handle this problem
in a soft computing paradigm where GAs can be used to
navigate in the landscapes of structures and can provide a
set of possible solutions and ANNs can be trained with
models of known RNA structures and can predict a
structure if it resembles with a previously trained model.
FL can be used in conjunction with DPAs, GAs or
metahuristics to adjust various parameters in the prediction
process. On the other hand, multiple crossover and
mutation operations, for a predefined population size, can
be run in parallel using GAs to approximately solve the

problem. Note that SVMs, a machine learning method, are
used with an alternative approach, where RNA secondary
structures can be predicted by comparative sequence
analysis using functionally related sequences. However,
soft computing-based methods are not deterministic and
provide a number of suboptimal solutions. Therefore, one
has to choose a consensus structure from the given
solutions. In this regard, the interactive web interface in
mfold server [20], Stem Trace visualizer [69], and analyzing
histogram peak energy values for iteration-based methods
may provide a direction to determine the consensus results.
Although, the mfold server is designed to handle the DP
results, the interface also allows a user to select base pairs,
which can be chosen from the results of other methods.

Now, we discuss the characteristics of three soft
computing methods, GAs [70], [71], [72], ANN [73], [74],
and FL [75], that have been used in predicting the RNA
secondary structure.

4.1 Characteristics of Different Soft Computing
Methods

4.1.1 Characteristics of GAs

GAs [70], [71], [76] are adaptive heuristic search algorithms
and premised on the evolutionary ideas of natural selection
and genetics. The basic concept of GAs is to simulate
processes in natural evolution that follow the principles of
survival of the fittest. For optimization problems, GAs can
provide robust, near-optimal, and fast solutions. They also
have a large amount of implicit parallelism and provide a
user-defined number (population of chromosome) of alter-
native close approximate solutions. Therefore, for many of
the real-world problems, that involves finding optimal
parameters and might prove difficult for traditional
methods, the application of GAs appear to be an automatic
choice. Since GAs show outstanding performance in
optimization, it can be used for classification and clustering
problems. GAs are proved to be useful and efficient when:

1. the search space is highly complex and large to
perform an exhaustive search, and

2. conventional search methods cannot provide good
solutions in a reasonable time.

GAs are executed with three basic operators: selection,
crossover, and mutation. First, a binary or real-valued
representation of possible solutions is coded such that it can
be easily translated into a chromosome. Then, an appro-
priate objective function and associated fitness evaluation
techniques are designed, taking the constraints into
account. Finally, selection, crossover operation, and muta-
tion operation are performed probabilistically and itera-
tively on a set of chromosomes, called population, to achieve
near optimal solutions.

4.1.2 Characteristics of ANNs

ANN [73], [77] is a system composed of many simple
processing elements (nodes) operating in parallel and is
designed to emulate the biological neural network. ANNs
are mainly used for function approximation, classification,
prediction, feature extraction, and clustering. Depending
on the task, the network can be supervised (SNN) or
unsupervised (UNN). In SNN, the useful features within
the data set are incorporated in the structure-activity
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relationship model of the network by training it with
known useful features. This, in turn, enables the network
to detect correlations between the second- and higher-
order patterns within data and finds the application of
SNN in biological systems, showing nonlinear behavior.
Using unsupervised neural networks (e.g., Kohonen self-
organizing maps), tasks like feature extraction and data
clustering, can be performed without knowing the class
information of the data points. The main advantage of
UNN is embedded in its unsupervised learning, where no
previous knowledge about the data is required. The main
characteristics of ANNs are:

1. it can easily adapt itself with the new patterns within
data,

2. it encodes relation between the input and the output,
however complicated, into network weights,

3. tolerance to distorted patterns (ability to generalize),
4. failure of components/nodes do not affect the

performance of the system,
5. it can achieve high computational speed by using its

components in parallel way, and
6. errors can be minimized through learning from

examples (if input is A then output is B).

4.1.3 Characteristics of FL

FL deals with many-valued logic, where the reasoning is
approximate rather than fixed and exact [75]. While in
traditional logic theory, binary sets and crisp sets have two-
valued logic, true or false, in FL the concept of partial truth
is incorporated, which allows partial set membership,
rather than crisp set membership. The variables or member-
ship values in FL may have any value that ranges in
between 0 and 1. It can also be implemented using
nonnumeric linguistic variables such as low, medium, and
high, where the variables may be managed by specific
functions. The key idea is to relate the output with the
inputs using if-statements. For example, if two bases are A
and U, then the membership value for pairing is high (or
1.0), and if they are A and A then, the same may be low (or
0.3), depending on the application domain. Some important
characteristics of FL are:

1. definite conclusions can be drawn from complex
systems that generate vague, ambiguous, or impre-
cise information,

2. exact reasoning is viewed as a limiting case of
approximate reasoning, and

3. any logical system can be fuzzified.

5 SOFT COMPUTING IN RNA SECONDARY

STRUCTURE PREDICTION

We now describe the existing techniques and methodolo-
gies developed for predicting RNA secondary structure,
using different soft computing tools.

5.1 GAs for RNA Secondary Structure Prediction

Prediction of RNA secondary structure, using GAs, is
investigated in [23], [28], [29], [48], [67], [78], [79], [80], [81].
While, some of the implementations use a binary repre-
sentation for encoding the possible solutions (chromosomes

in GAs) [28], [29], real coded representations, considering
each substructure as separate integer, are also used as
solutions in some investigations [23], [48]. In general, GAs
generate conflicting stems (e.g., different stems sharing the
same base pairs) that require removal of one of the
conflicting stems by a repairing mechanism at later stage.

Van Batenburg et al. [28] developed a GA to predict RNA
secondary structure, based on RNA folding pathways and
free energy minimization. The method first creates a list of
stems and a population of several possible solutions, each
represented by a stem array. If a stem is present in a
solution, then the corresponding position in the stem array
is marked with 1, and otherwise 0. The method proceeds
with standard selection, mutation, and crossover operations
in binary GAs. The kinetic effects of RNA folding is
incorporated by initially restricting the GA to a small part
of the RNA sequence and then gradually increasing the
sequence length by 10 percent of the initial string with each
iteration of the GA. This resulted in inclusion of the whole
RNA sequence in 10 iterations and temporary stems, which
could be partially disrupted by another stem depending on
the free energy values of the competing stems as well as on
the loop that is formed when the stem is added. Finally, the
algorithm is further improved by assigning different values
for a “mutation that deletes a stem” and a “mutation that
adds a stem” and squaring the fitness values of all stems to
favor bigger stems. An improvement of this method is
suggested in [29], where the kinetic character of stem
formation and disruption is formulated by using probabil-
ities, depending on the energy contribution of the stem. The
concept of cotranscriptional folding is also incorporated by
controlling the sequence length increment with the rate of
energy improvement, obtained from the current GA
iteration as compared to the previous one.

A massively parallel GA for RNA folding, based on free
energy minimization and implemented in a computer with
16,384 processors and single instruction/multiple data
(SIMD) architecture, is described in [78]. These processors
are arranged in a 2D mesh with toroidal wraparound. At
first, a stem pool is created using GA by considering each
stem as a 4-tuple (start; stop; size; energy), where bi is the
ith base in the RNA sequence, base bstartþi pairs with base
bstop�i for 0 � i � size, and “energy” represents the stack-
ing energy of the stem. Stems are only generated for a
user-given size or larger. Each processor then randomly
selects a stem from the stem pool and goes on adding
stems to complete a chromosome, which enables the GA to
navigate in the landscape of structures. Finally, the
secondary structure for each chromosome is represented
by sorting these stems (with 4-tuples) w.r.t. the start
position and preserving it in a region table. For any two
conflicting stems, the second stem is removed from the
chromosome. Mutations are performed before the cross-
over operation by selecting a stem randomly from the stem
pool and inserting it in a chromosome, and possible
conflicts are handled in the crossover process. Uniform
crossover operations are then performed by selecting
parents, within two to eight neighboring processors and
itself, using a ranked selection criterion. A stem is
transferred from a parent to a child if there is no conflict
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with already existing stems in the child. It is also pointed
out that, in case of DPA, the selection of optimal
substructures, emanating from a multibranch loop, may
contribute more unpaired bases than global suboptimal
solutions provided by GAs. An improved annealing-based
mutation operator for this method is described in [79],
where the total number of mutations drops linearly with
generations of GA as the mutation probability descends
hyperbolically with the size of the secondary structures.

The aforementioned parallel GA architecture for
16,384 processors is also used for predicting H-type
pseudoknots [34], formed by interaction between a hairpin
loop and a single-stranded region. Two stems are involved
in this process by coaxial stacking and have no free
nucleotides between them. On each processor, one list of
stems and another list of H-type pseudoknots are main-
tained and initial secondary structures are formed from the
list of stems. The H-type pseudoknots are then added to the
initial structures at each generation of GA such that some of
the new structures survive in the selection process of GA.

The concept of incorporating pseudostems in the stem
pool of GA is introduced in [67] to accommodate multiple
folding events and collision of stems in an RNA sequence.
A pseudostem is a pair of two stems separated by an
internal loop, across which coaxial stacking of base pairs
occurs. Pseudostems ensure that some of the new structures
will be fit enough to survive in the selection process of GA
and help it to explore through the structures, which lies
within the energy barrier for a traditional GAs and DPAs. It
is also shown that while GA with high population size (e.g.,
128k) predicts the rod-like linear structure, a lower
population size (e.g., 4k) mostly predicts the metastable
structures, and for intermediate population sizes the ratio of
rod-like structures to metastable structures increases with
population size. In a related investigation in [80], the
accuracy of GA, fitness of chromosomes, and convergence
time of GA, for various population sizes are studied for
different data sets.

Wiese et al. [23] formulated the structure prediction task
as a permutation of possible helices, using real coded GAs.
At first, all potential helices are generated from a given
RNA sequence by a helix generation algorithm [82], using a
thermodynamic model. Each helix is then indexed with an
integer ranging from 0 to n� 1, where n is the total number
of generated helices. Each chromosome of GA is encoded by
a permutation of these integers and provides a solution for
RNA secondary structure. In any chromosome, if two or
more helices share some common base pairs, then for any
two conflicting helices, the second helix is removed by
checking all helices in a chromosome from left to right.
Selection, crossover, and mutation operations are then
applied to the chromosomes in a elitist model framework.
At the end of the process, a set (population) of chromo-
somes with high scores, i.e., the chromosomes with
minimized free energies, are accepted as possible solutions.
Precautions are taken such that GAs not only optimize RNA
structure in terms of MFE but also ensure that predicted
structures are chemically feasible ones, i.e., any structure
should not contain helices that share common bases.

The investigation in [23], is similar to that in [48], where
a population of chromosomes evolves by selection, cross-
over, and mutation. The main difference between [48] and
the recent method [23] has been the use of better crossover
and mutation operators and incorporating state-of-the-art
thermodynamic models to calculate the free energies. In
[23], experimental results are provided by comparing the
predicted structures with 19 known structures from four
RNA classes.

GA is also utilized for estimating six free energy
initiation parameters by maximizing the accuracy in
predicting known RNA secondary structures [35]. While
the first three initiation parameters are used in efn for
standard DPA, the last three parameters are used in
modified energy function (efn2) for a modified DPA to
calculate the free energy in multibranch loops by consider-
ing coaxial stacking and number of unpaired nucleotides.
The initial solutions of GA are generated from results
obtained by optical melting of an RNA multibranch loop
with three branching helices. In each step of GA, the six
initiation parameters are randomly mutated and used to
predict the RNA structure using DPA. The free energies of
the predicted structures are scored and five sets of
parameters for the top five structures are selected for next
generation. The crossover operation is performed only in
every fifth step of the GA by randomly selecting the first
three parameters from one set and the last three parameters
from another set to make a new set. Finally, the GA
provides a set of initiation parameters, which enables the
DPA to predict an RNA structure with highest accuracy.

In general, GAs provide a population of solutions as
suboptimal structures and also make it possible to
investigate not only the MFE structure but also other
structures that may be closer to the natural fold. GAs seem
suited to implementation for RNA structure prediction and
also for estimating certain energy parameters.

5.2 ANN for RNA Secondary Structure Prediction

An RNA structure prediction method, involving graph-
theoretic tree representation of RNA and training a three-
layered back propagation ANN with vertex identification
results of the tree, is presented in [36]. In the tree, stems are
represented as edges, hairpins as vertex of degree one,
internal loops and bulges as vertices of degree two, and
junctions as vertices of degree three or more, using the
technique of Le et al. [83]. The method is based on the
hypothesis that tree representation of a secondary RNA
structure can be achieved by merging the tree representa-
tion of smaller structures, out of many combinatorial
possibilities. These include structures of known RNA,
RNA-like candidates, and not RNA-like candidates. The
vertex identification results for the ith tree, resulting from
the tree merge operation, are represented by a vector

pi ¼ hpi1; pi2; pi3; pi4i; ð6Þ

where ith tree is one of the training samples. Components
of pi correspond to 4 input nodes of a three-layered neural
network with 24 nodes in the input layer and 2 nodes (say,
y1 and y2) at the output layer. The neural network is trained
to identify a tree as RNA or not. Here, y1 ¼ 1 and y2 ¼ 0
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correspond to an RNA-like tree and y1 ¼ 0 and y2 ¼ 1 if the
tree is not RNA like. The initial weights of hidden and
output layer nodes are randomly assigned to values close to
0 and the error function is considered as

E ¼ 1

2

Xn
i¼1

kyðpiÞ � qik2
; ð7Þ

where yðpiÞ ¼ hy1ðpiÞ; y2ðpiÞi is the output corresponding
to an input vector pi, n is the total number of training
samples (trees), qi ¼ h1; 0i if the tree corresponds to known
RNA or RNA-like structure, and qi ¼ h0; 1i for not RNA-
like structure. The weights are updated according to the
standard procedure of back-propagation neural network
and training continues until the error is close to 0. Finally,
new tree structures are presented to the network for
prediction task. The main advantage of this method lies
in predicting new RNA structures, if they matches
with known examples. A related investigation is available
in [84].

In [85], the number of base pairs of RNA is maximized
by using a Hopfield neural networks (HNNs) and circular
graph representation. This representation was first intro-
duced by Nussinov et al. [86], where the nucleotides are
first aligned along the circumference of a circle graph and
then the base pairs are represented by circular arcs that link
paired bases. The number of neurons in HNN are
considered to be the same as the number of base pairs,
represented by the arcs of the circle. Each neuron is
assigned the following binary function:

Oi ¼ 1 if Ii > 0; 0 otherwise;

where Oi and Ii are the output and input of the ith neuron,
respectively. Oi ¼ 1 indicates that the ith arc and the
corresponding base pair are not included in the circle
graph and vice versa. The neurodynamical model of
ith McCullochPitts neuron is represented as:

dIi=dt ¼ Að�n
j dijð1�OjÞðdistanceðiÞÞ�1Þð1�OjÞpðiÞ�1

�Bhð�n
j dijð1�OjÞÞOipðiÞ;

ð8Þ

where dxy ¼ 1 if xth arc and the yth arc intersect each other
in the circle graph, 0 otherwise, hðxÞ is 1 if x ¼ 0, 0
otherwise, A and B are the transfer functions and pðiÞ is the
absolute value of free energy of the ith base pair. A cost
function, termed energy, is also introduced, where a
neurons contribution to the energy is measured by the
following equation:

�Ek ¼ Eðak ¼ 0Þ � Eðak ¼ 1Þ ¼ ð�iai!kiÞ; ð9Þ

where ak is the activation level of the ith neuron, and !ki is
the connection weight between the ith and jth neuron. The
state (on/off) of a neuron, in the network, is determined by
the network itself and that state is selected, which lowers
the networks energy.

In [87], class information of RNA in the initialization of
Hopfield network is introduced. This resulted in improve-
ment of experimental results with respect to the related
investigation in [85].

5.3 FL for RNA Secondary Structure Prediction

A fuzzy DPA [88] is used to determine the RNA
secondary structure in [89]. At first, multiple up-triangular
matrices, each having combination of all possible base
pairs, are constructed to store various substructures. Each
element (i; j) in the up-triangular matrices is represented
by a 4� 4 matrix, mentioning the membership values for
16 possible base pair interactions (AA, AC, � � � UU). Fuzzy
sets are separately used to partition the rows and the
columns of the up-triangular matrices and known dis-
tributions of single bases from homologous RNA struc-
tures are incorporated as prior knowledge. For a particular
position (i; j), the membership value is calculated by using
the position specific membership information from all up-
triangular matrices. The fuzzy DPA then iteratively
updates the position information in all matrices and
expands the base pair structure to predict the optimal
structure such that, the product of the membership values,
over all positions, are maximized.

6 METAHEURISTICS FOR RNA SECONDARY

STRUCTURE PREDICTION

In this section, we discuss the role of different metaheur-
istics like SA, PSO, ACO, and TS, in RNA secondary
structure prediction. Metaheuristics are closely related to
GA, one of the components of soft computing, in the sense
that they are computational method that optimizes a
problem by iteratively trying to improve an initial solution
with respect to a given measure of quality.

6.1 SA for RNA Secondary Structure Prediction

The use of SA [90] for predicting RNA secondary structures,
using the free energy minimization approach, was first
described by Schmitz and Steger [31]. The secondary
structure is predicted by iterative formation and disruption
of single base pairs through SA. Consequently, the energy
changes are either changes in free energy or free activation
energy. At the beginning, random formation and disruption
of base pairs are allowed and the resulting unfavorable
energy structures are subsequently suppressed by using a
probabilistic selection process, based on Boltzmann factor.
While the favorable structures are always accepted, the
probability of accepting the new structure, with energy
(Enew) greater than the old one (Eold), is computed by

Probability½Accept� < e�ðEnew�EoldÞ=R�; ð10Þ

where temperature R is the Boltzmann’s Constant and � is
the “distribution parameter,” decreased gradually with
each step of base pair selection method. The whole process
is repeated for a predefined number of iterations or until �
achieves the desired value. The investigation also provides
an idea of “sequential folding” during transcription by
considering RNA polymerase chain elongation rates.

SARNA-Predict [49] employs a modified SA as its search
engine combines a novel mutation operator and uses a free
energy minimization-based approach. The method first
creates initial solutions as a permutation of helices. New
structures are then generated by mutating the existing ones
and all new structures with reduced amount of free energy
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are accepted. The mutation is accomplished by multiple
swap operations between two randomly chosen helix
positions. The process maximizes the chance of generating
a new structure, which may not be achieved, using a single
swap operation, due to the repairing process performed
after mutation to obtain a valid RNA structure. The number
of mutations is chosen as the product of the percentage of
the total number of available helices and the current
annealing temperature and, hence, varies with time. New
structures with increased energy are also accepted with
some probability, determined by the Boltzmann distribu-
tion, to avoid local minima in the search space. The
probability of accepting a new structure with increased
energy is computed by

Probability½Accept� ¼ e�ðEnew�EoldÞ=T ¼ e��Cost=T ; ð11Þ

where temperature T is the current temperature and E is the
energy state. According to (11), the energy of a system at
temperature T is probabilistically distributed among all
different energy states in thermal equilibrium condition. In
general, the process mostly accepts a downward step and
sometimes accepts an upward step.

6.2 PSO for RNA Secondary Structure Prediction

A Set-based Particle Swarm Optimization algorithm
(SetPSO), using mathematical sets to predict RNA struc-
tures with MFE, is described in [91]. For a given RNA
sequence, all possible stems are first generated to form a
universal set U . The secondary structure is then repre-
sented as a permutation of stems. Each stem is represented
as a particle and the permutation of the particles is the
vector representation of the PSO. In generic PSO, the
position allocation of each particle (stem for RNA) and
searching the best position can be performed by updating
the position and velocity vectors, respectively, but in
SetPSO, these are updated using two sets, instead of
vectors. The first set is an open set, which contains
elements that should be removed (subtracted) from the
current position set. The second set is formed by adding a
random subset of current position and a random subset of
U . The traditional addition and subtraction operators are
replaced, respectively, by the union and minus operations
of the set. The personal best position of a particle is tracked
by the particle itself during the update process and the
final position set, a subset of U , provides a potential
solution. Although it is indicated in [91] that DP-based
mfold provides more accurate structures than SetPSO,
according to citation information, it gained attention of the
researchers in predicting RNA structures using PSO.

A generic PSO-based method, using fuzzy sets to
adaptively adjust the weight, learning parameters, and
particle number rate (PNR) in the velocity vector, is
presented in [92]. The RNA structure is represented as a
combination of stems and the free energy is minimized to
predict the final structure. The globally best fitness (GOF) of
the velocity vector and the number of generations for the best
unchanged fitness (BUF) are considered as the inputs of the
fuzzy system to adjust the aforementioned parameters,
which in turn are used to update the velocity vector. While
the ranges of the inputs, GOF and BUF, are mapped to [0, 1.0],

in the output, those of weight, learning parameters and PNR,
are set to [0.2, 1.2], [1.0, 2.0], and [0.5, 1.5], respectively.

6.3 ACO for RNA Secondary Structure Prediction

RNA secondary structure prediction problem, using ACO,
is investigated in [93]. For a given RNA sequence, all
possible stems are first identified using a brute-force
algorithm and then new stems are probabilistically added
by an ant to form a probable secondary structure, using
ACO. The probability that an ant will select a stem is
dependent on the previous stem and the pheromone trail
between those two stems. The process is repeated for a
number of ants to have multiple secondary structures, and
the pheromone trails for all the structures are updated
according to the best ant, in terms of minimized free energy,
for a particular iteration. The pheromone trail acts as a
memory for storing knowledge and provides the platform
for learning in ACO, so that after multiple iterations, the
algorithm provides some potential solutions for secondary
structures. In [94], RNA folding pathways are simulated by
calculating the energy of each stem and multibranch loop.
Appropriate values for parameters are chosen from publicly
available known secondary structures.

6.4 TS for RNA Secondary Structure Prediction

RNA secondary structure prediction based on TS, using the
MFE model, is described in [95]. Stem, hairpin loop, internal
loop, bulge loop, and multibranch loop are defined in terms
of indices of the bases. For a particular iteration, a current
solution is created with the longest stem, and other structural
elements are then added to the current solution to generate
neighboring solutions through intensification search, where
a tabu list is used to avoid revisiting recently visited
solutions. When all neighboring solutions, for an initial
solution, are computed they are arranged in an ascending
order of their free energy values. The initial solution is then
updated with structural elements from the neighboring
solutions. Finally, a diversification search is applied to
explore the less frequently visited structural elements and to
minimize the free energy of the current solution.

7 OTHER METHODS

In this section, we discuss in brief about two machine
learning techniques, k-nearest neighbor classifier and SVMs,
those have gained attention of the researchers in RNA.

The classification process of a data point, using k-nearest
neighbor algorithm (k-NN), is based on the majority voting
among its k closest points in the feature space. Based on this
classifier, the software package KnetFold (k-nearest neighbor
classifiers-based Folding) predicts a secondary structure
from alignment of multiple sequences. First, it predicts if any
two columns of the alignment correspond to a base pair,
using a voting scheme from the outputs of a hierarchical
network of k-nearest neighbor classifiers, and then it
generates a consensus probability matrix using RNAfold
[22]. Finally, the last k-nearest neighbor classifier provides a
consensus score by utilizing the consensus probability
matrix value and the base pair probabilities from previous
classifiers. The secondary structure corresponding to that
score is then accepted as a solution.
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SVMs, originally proposed by Vapnik [96], are a learning
technique based on the statistical learning theory and has
its genesis emerged from the principle of perceptron.
SVMs, are used for mapping data points that cannot be
separated by a linear hyperplane to a feature space so that
the images of the data points in the feature space can be
linearly separated. Considering a set of data points to be
classified into two classes, a hyperplane is a generalization
of the linear plane into a higher number of dimensions such
that a good separation among data points is achieved by
the hyperplane that has the largest distance to the training
data points of any class. Most of the research works in
predicting RNA secondary structure, using SVMs, are
based on the alignment of RNA sequence with known
sequence. In [97], RNA structure prediction problem is
considered as a two-class classification problem and SVMs
are used to predict whether two columns of sequence
alignment form a base pair or not. The hyperplane in SVM
is constructed by training it with positive and negative
samples. The positive samples are those pair sites that form
a base pair in the alignment of known sequences, and the
negative samples are not. The feature vector for each pair
site is composed of the covariation score, the base-pair
fraction, and the base pair probability matrix. While the
covariation score is a measure of complementary muta-
tions, considering evolutionary information in the two
columns of an alignment, the fraction of complementary
nucleotides show the bias toward base pair for a pair of
alignment columns. The base-pair probability matrix is a
complementarity for detecting the conserved base pairs and
the base-pair probability for every sequence in the align-
ment is computed with RNAfold [22]. These probability
matrices are then aligned according to the sequence
alignment and averaged. Considering the effect of sequence
similarity upon covariation score, a similarity weight factor
is also introduced, which adjusts the contribution of
covariation and thermodynamic information toward pre-
diction, based on sequence similarity. Finally, the common
secondary structure is assembled by stem combing rules.
The effectiveness and superiority of this method to related
methods such as KnetFold [30], Pfold [98], and RNAalifold
[99] are shown on 49 alignments. The method can also
predict simple pseudoknots. Related investigations are
available in [100], [101].

8 COMPARISON BETWEEN DIFFERENT METHODS

Here, we compare the relative performance of some
methods in predicting structures of 12 RNA sequences.
These sequences are used in [49] and [23], and they
represent 12 different organisms, different sequence lengths,
and four different classes of RNA. The sequences are
available in Comparative RNA website [102] and details
are provided in Table 1. The quality of a predicted RNA
structure, from a given sequence, can be judged either by the
number of accurately predicted base pairs or by the level of
the minimized free energy, and the number of true-positive
(TP) base pairs and sensitivity can used as the RNA
structure evaluation criterion and the performance evalua-
tion criterion of the methods. While the value of TP base
pairs for a given RNA sequence is the number of correctly
identified base pairs among all predicted pairs, false
positives are those non-base-pairs, which are incorrectly
identified as base pairs. True negatives are non-base-pairs
correctly identified as non-base-pairs and false negatives are
those base pairs, which are incorrectly identified as non base
pairs. The sensitivity is defined as

sensitivity ¼ true positives

true positivesþ false negatives : ð12Þ

Considering the availability of results on the same RNA
sequences and ease of implementation, a comparison
among GA, SA, HNN, and mfold [20] in terms of predicted
base pairs (predicted bps), TP base pairs, and sensitivity is
provided in Table 2. The performance results for GA, SA,
and mfold are taken from [23] and [49]. The HNN is
implemented in a similar way as it is mentioned in [85] and
the results are reported. While the GA and SA are two
stochastic search methods and sometimes higher energy of
an RNA structure is also accepted, the HNN and mfold are
deterministic search methods and they move to a state to
minimize the energy. The GA deals with a list of helix and a
population of chromosomes, where each chromosome
represents a possible solution and is represented by a helix
array. The length of a chromosome is determined by the
number of possible helices in the RNA sequence. The
chromosomes then go through crossover and mutation
operations, probabilistically, and the chromosomes are
repaired to avoid helix repetition and conflict. The
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representation of an individual in SA may be similar to GA,
but SA handles only one possible solution and, hence,
mutation is the only possible operation. However, through
the selection process, both the methods accept some
solutions with lower fitness to avoid the problem of local
minimum. On the other hand, the HNN deals with only one
possible solution, and each neuron acts as a binary
threshold unit and represents a base pair. The state (0 or
1) of a neuron indicates whether a base pair is present in a
folding and the state is determined by a scalar value called
“network energy.” Finally, the HNN provides a possible
solution through the minimization of network energy. The
package mfold is based on DP, which deterministically and
recursively searches for lower-energy structures, first in
various parts of the sequence and then targets to integrate
them to find the global minimum structure for the whole
sequence. The method can provide optimal and suboptimal
solutions with some restrictions to the size of loops. From
the results of these methods in Table 2, we observe that the
average results for TP base pairs and sensitivity are
comparable for GA, SA, and mfold and their performances
are superior to HNN. It is also found that SA performs a
little better than GA and mfold when the number of known
base pairs exceeds 180. mfold performs the best when the
number of known base pairs is less than 150.

Figs. 2 and 3 compare the relative performances of GAs,
SA, HNN, and mfold in terms of sensitivity versus the
number of known base pairs and TP versus the number of

known base pairs, respectively, for 12 different RNA
sequences. From the figures, it is found that the curves
for SA, GAs, and mfold are comparable and are at the top
of the figures, whereas the curve for HNN lies below all
other curves.

Now, we discuss in brief the time complexities of various
algorithms that are used for comparison. In the GA,
considering checking procedure for compatible helices,
fitness calculation, one point crossover, and one point
mutation, the time complexity is Oðgðxnþ xbþ xPcn þ
xPmnÞÞ, where g is the number of generations, x is the
initial size of population, b is the number of nucleotides, n is
the number of possible helices, and Pc and Pn are crossover
and mutation probabilities. Therefore, the asymptotic time
complexity of the GA is OðgxbÞ, where b > n. The space
complexity of GA is OðxnÞ as it has to save the population.
In the SA, considering multipoint swap mutation checking
procedure for compatible helices and fitness calculation, the
time complexity is OðT ðnþ nþ bÞÞ, where T is the number
of time steps, n is the number of possible helices, and b is
the number of nucleotides. Hence, the asymptotic time
complexity of the SA is OðTbÞ, where b > 2n. The space
complexity of SA is OðbÞ, as it has to preserve two structures
in every step. Note that the initial structures of GA and SA
are generated from the pool of helices. The time complexity
of generating all possible helices is Oðn2Þ, and it is generally
lower than the time complexities of GA and SA, mentioned
before. The time complexity of HNN is OðTNðN þNÞÞ,
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TABLE 2
Comparison between Soft Computing Methods for Different RNA Secondary

Structure Using Individual Nearest Neighbor with Hydrogen Bonds (INN-HB) Model

Fig. 2. Comparison among different methods in terms of sensitivity
versus the number of known base pairs, for 12 different RNA sequences.

Fig. 3. Comparison among different methods in terms of TP base pairs
versus the number of known base pairs, for 12 different RNA sequences.



where T is the number of iterations and N is the number of
arcs in the circle graph. Therefore, the asymptotic time
complexity is OðTN2Þ. The space complexity of HNN is
Oðn2Þ, where n is the length of the RNA sequence. The time
complexity of the DPA used in mfold is Oðn3Þ by fixing an
upper limit to the size of an interior or bulge loop size to
30 nucleotides, where n is the number of nucleotides in the
sequence. Without such a limit, the complexity is OðnnÞ.

9 CHALLENGING ISSUES

The 3D structure of RNA is a complex one and presents a
new set of computational challenges to the bioinformatics
community. The ability to relate the structural properties
with the functional properties [103] may provide the key in
solving these challenges. The different approaches for
predicting RNA structure, discussed so far, involve only
the efforts of some soft computing tools in their individual
capacity. One of the major challenges in soft computing,
namely, the symbiotic integration of its components, is still
not yet addressed in the existing RNA literature. In this
regard, integrated tools like neuro-fuzzy, rough evolution-
ary network, rough-fuzzy evolutionary network, and
rough-fuzzy computing [104], may provide new directions
in increasing the tractability in the application domain. It
may also be mentioned here that fuzzy set theoretic models
try to mimic human reasoning and can provide decisions
having close resemblance with that of human.

Granular computing (GrC) has been proven to be a
useful paradigm in mining data set, large in both size and
dimension. When a problem involves incomplete, uncer-
tain, and vague information, it may be difficult to
differentiate distinct elements, and one may find it con-
venient to consider the data as granules, representing a
group of data points that have very similar characteristics,
and performing operations on them [105]. These character-
istics can be obtained from similarity, equality, and
closeness between the data points. For example, in neural
networks, the self-organizing map (SOM) is a clustering
technique that organizes the data in groups according to the
underlying pattern. Each such group can be represented as
an information granule. Incorporation of GrC in structure
prediction task may also provide a conceptual framework
for feature selection, classification, and clustering of the
data. Here, fuzzy sets, RSs, and neural networks can be
used in both, formulating granules and performing GrC.

Although the existing approaches for predicting RNA
structure are useful, there is still some room for improving
the output results. For example, in GAs, the basic crossover
and mutation operators are common to all applications and
can limit the effectiveness of GAs in structure prediction
task; therefore, focused research to design more realistic
and context sensitive operators is needed so that they can be
coupled with the existing techniques. It should be men-
tioned here that GAs and metahuristics are more suitable
than HNN for global optimization based tasks. So,
investigations in maximizing the base pairs for RNA
structure, using GAs or SAs rather than HNN, may provide
encouraging results. The future research of RNA infor-
matics will require integration of different soft computing
tools in an efficient manner to enhance the computational

intelligence in solving the related prediction problems,
thereby signifying the collaboration between soft comput-

ing and RNA communities.

10 CONCLUSION

A review on some existing methodologies in soft computing
framework for RNA secondary structure prediction pro-
blem is performed. In this regard, the basic concepts in
RNA, different structural elements, and the effect of ions,
proteins, and temperature on the RNA molecule are
discussed. Brief descriptions of some DP-based software
packages are also provided. The relevance of certain soft
computing tools, especially GAs, are more explored. The
comparisons among some existing methodologies, using
12 known RNA structures, revealed that average results are
comparable for GA, mfold, and SA, and they are superior to
HNN. Future challenging issues regarding the importance
of relating the structural properties with the functional
properties, integration of different soft computing meth-
odologies, application of GAs, and different metahuristics
in solving maximum independent set for prediction of RNA
structure, and the need to design structure specific
operators are addressed.

In some of the investigations, the hybridization of DP
with FL, GAs, and metahuristics revealed a new research
direction. First, substructures were predicted using DP and
then the optimal or suboptimal structures were estimated
using soft computing techniques. GAs appear to be a
powerful soft computing tool to handle the task of structure
prediction by not only considering the kinetic effects and
cotranscriptional folding but also for estimation of certain
free energy parameters. The existing metahuristics deal
with permutation of substructures with MFE, but they have
the potential to explore RNA folding pathways by itself
creating the stems, pseudostems, and temporary stems, as
performed by various GAs. They can also be utilized for
predicting the pseudoknots and energy parameters.
Although individual methods can compute the optimal or
suboptimal structures within a given thermodynamic
model, the natural fold of RNA is often in an energy state
related to cotranscriptional folding or kinetic energy traps
in folding landscape and requires soft computing-based
methods to achieve those states.
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