
Abstract  
There are different substructures in RNA secondary structure 
which includes hairpin, helix, bulge, internal loop, external loop 
etc. This paper predicts whether given subsequence forms helix or 
not. First of all the sequences of the family are aligned and region 
which forms helix in a family are extracted. Then a feature vector 
containing the variables stem length, mutual information, energy 
and fraction of complementary base pairs is calculated. Then these 
feature vectors are given to back propagation neural network for 
training. We used iRPROP ie modified Resilient Back propagation 
learning method. The accuracy of the prediction system is 90%.  
30 different families were used for training the neural network. 
15 families were used for testing. Training and testing data set 
were completely different.
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I. Introduction
RNA molecules play important role in biological processes. 
Each nucleotide of RNA contains one of four possible bases: 
adenine(A), guanine(G), cytosine(C), or uracil(U).
These sequence of A, U, C, G forms the primary structure of RNA 
and distinguishes one from other. The strands of RNA folds on 
itself and hydrogen bonds are formed between base pairs. The 
pairing occurs between C, G and A, U. These base pairs are called 
Watson-Crick base pairs. There is also a weak bond between G, 
U and this base pair is called Wobble base pair. The base pairs 
produce helical regions, also called stems, and single stranded 
regions or loops like external loop, internal loop, multi loop and 
hairpin loop. These are called secondary structure elements. The 
tertiary structure is the relative location of atoms in the molecule 
in three-dimensional space.
Predicting the structure of RNA using the physical methods 
like X-Ray crystallography is costly and time consuming so 
in recent times various computational methods for secondary 
structure prediction  have evolved. They use different techniques 
like covariation [8] properties and thermodynamic properties. 
One of the most famous methods for prediction of secondary 
structure of RNA is MFOLD. It uses nearest neighbor energy rule. 
Stochastic Context free Grammar based methods are also popular 
[3]. Hopfield Neural Network has also been used for prediction 
of secondary structure [2]. KnetFold [9] uses knn classifier to 
predict the RNA secondary structure. 

II. Neural Network
Artificial neural networks use the idea of biological neurons in 
solving the problem. ANN consists of many processing units 
called neurons. Each neuron is connected with other neuron using 
the weights and has an activation function which is function of 
product of inputs and weights. The training algorithm decides 
how the weight changes with learning. There are different types 
of activation functions like linear activation function, logistic 
activation function; radial base functions etc.The type of activation 
function used in application depends on type of neural network 
used.

                                                                                                                                                      
                                                                                                           

Fig. 1:

A. BackPropagation Neural Network
In feed forward neural network the neurons are organized in layers. 
There is one input layer, one output layer and one or more hidden 
layers. The signals or output of one layer travels to other in forward 
direction. The backpropagation training algorithm is supervised 
training method. It uses a gradient descent method to minimize the 
total squared error of the output produced by the neural network. 
The training involves three steps: 1) computation of the output 
2) computation of the error and backpropagation 3) adjusting 
the weights. There are several variants of backpropagation like 
backpropagation with momentum, resilient backpropagation etc 
which increases the rate of learning. Weight changes are made 
according to following equation.

W(t+1)= w(t) - € ∂E/∂w(t)

Where ∂E/∂w(t) is change in error. 

∂E/∂w(t)= ∂E/∂s*∂s/∂net*∂net/∂w

Where W is the weight from neuron j to neuron i, s is the output, 
and net is the weighted sum of the inputs of neuron i.

B. Modified RPROP (iRPROP)
The RROP algorithm proposed by Riedmiller and Braun [6] is 
one of the best performing first-order learning methods for neural 
networks. It performs a direct adaptation of the weight step based 
on local gradient information. Here the direction of each weight 
update is based on the sign of the partial derivative ∂E/∂wij which 
is change in the error function. Christian Igel and Michael H¨usken 
[5] proposed a modification in RPROP for improving the results of 
RPROP. In this they have used global information also for updating 
the weight value.  In RPROP the weight update is reversed if 
sign of derivative changes giving the argument that minimum has 
been crossed. iRPROP checks that whether error term increases 
or decreases on weight update and if error term increases then 
only it reverses the changes .  This work uses iRPROP as learning 
technique. Fig. 2 shows the weight update procedure for every 
weight in the BPN.
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III. RFAM
Rfam [7] is a collection of multiple sequence alignments and 
covariance models covering many common non-coding RNA 
families. The main use of Rfam is as a source of RNA multiple 
alignments with consensus secondary structure annotation in a 
consistent format.
In this work we used Rfam 10.0.  30 different families were used 
for training the neural network and 15 different families were used 
for testing. The dataset for testing and training was completely 
different.

Fig. 2

IV. Method
There are two phases of classification system. First is training 
phase where we give the inputs to BPN to learn the pattern. Then 
we tested the neural network on completely different dataset 
then training dataset to know the accuracy of the classification 
system. 
In training phase first of all we aligned the sequences of the 
family using the covariation model and secondary structure as 
secondary structure is known during training phase. Then we 
created the representative of the family by following the rule that 
nucleotide which has highest occurrence in the column represents 
that column. In case gap has the highest occurrence then it is 
chosen as representative only if its percentage of occurrence 

in a column is greater then 75% else next highest nucleotide is 
chosen as representative. By looking at the representative and 
consensus structure of the family we extracted the helical region. 
Next step was to encode the extracted region so as to give input 
to neural network. For this we created a feature vector having 
mutual information (MI), Fraction of Complementary base pairs 
(FCBP), Energy and length of stem. MI and FCBP were calculated 
for every column and their average was taken.  Mutual Information 
is calculated as

Mij=∑xyFij(XY)log2Fij(XY)/Fi(X)Fj(Y)

FCBP is calculated by dividing number of complementary base 
pairs(G,U and GC,AU) by total number of base pairs (excluding 
gaps) in the column pair.
 Energy was calculated using stacking energy table given by 
Turner [4]. 
These vectors were used to train the BPN which had four neurons 
in input layer, 2 neurons in output layer and two hidden layers. 
iRPROP learning method is used to train the neural network.
In testing phase , same procedure is followed as in training only 
difference was probable helical region were extracted using the 
heuristic given for hairpin by Monther Aldwairi, Rehab Duwairi, 
Wafa’a Alqarqaz [1].

V. Results
We used matlab neural network toolbox to create BPN. RPROP 
learning algorithm is already available in matlab. So we modified 
this function to implement the iRPROP learning method.  The 
performance of the neural network is 0.010
 

Fig. 3
The Fig. 3 and Fig. 4 shows the training and testing performance 
with each epoch of learning and the error histogram respectively. 
Error is calculated by subtracting the output values obtained from 
BPN from the target values of the input vector.
The accuracy obtained is 90%.
Fig. 5 shows the percentage of the helix and non helix families 
predicted correctly by the classification system.
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Fig. 4
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Fig. 5

VI. Discussion
Monther Aldwairi, Rehab Duwairi, Wafa’a Alqarqaz performed 
the similar work for hairpin using the KNN classifier and the 
performance obtained by using KNN classifier is 89%. Neural 
network increases the accuracy of classification system. The 
training time for neural network is more. We don’t need to train 
KNN classifier but prediction time of KNN classifier increase 
linearly with the number of the training cases. This work can 
be extended to predict other secondary structure elements like 
external loop, internal loop, and bulge.
 Then we could predict all the secondary structure elements of a 
family of sequence using neural network.
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