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Abstract
One of the foremost tasks of biology is to understand the 
relationships between the various genes and the protein, they 
encode. Understanding the protein structures is   vital to determine 
the function of proteins. The information about its confirmation 
can provide essential information for ‘Drug Design’,’ Protein 
Engineering’, ‘disease diagnoses, ‘Breast Cancer Prognosis’. The 
approaches, like Artificial Neural Network in soft-computing and 
Statistical methods like Support Vector Machines are used for 
protein structure prediction. Artificial Neural Network is only 
capable of capturing vectorial data and for nonlinear classification 
its architecture is very complex and time-consuming. In contrast 
to it, Support Vector Machine is a linear classifier which generates 
a representation of non-linear mapping from protein sequence 
to protein fold space. SVM is characterized by fast training, 
so computationally efficient. This work is an investigation of 
protein secondary structure prediction problem by traditional 
learning techniques such as Artificial Neural Network where 
Back propagation algorithm is used for learning. It measures the 
efficiency and accuracy of the machine learning methods through 
Mean Square Error.
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I. Introduction
Protein structure prediction problem is a challenging task in 
the field of modern computational biology. The total number of 
experimentally determined structure is less compare to actually 
known protein sequences [1]. These are the main building blocks 
and functional molecules of the cell, taking almost 20% of a 
eukaryotic cell’s weight, the largest contribution after water (70%). 
[2], Protein structure prediction is one of the most important 
area in the bioinformatics researches. Understanding the protein 
–to-structure relationship is the most crucial task in the  Protein 
structure problem. Computational methods for PSP falls into three 
groups: (1). Comparative modeling, (2). ab initio methods and 
(3). Threading [6]. The comparative model uses the predicted 
structures from the Protein data bank [3]. The correspondence 
between the sequence and its structure can play an important role in 
the prediction work. Because according to many biochemical tests, 
all the information necessary for specifying protein interactions 
with the other molecules is embedded into its amino acid sequence.
[4-5]. These studies form the basis for exploring the relationship 
between the protein sequence and its structure.       

                                                                                                            
Fig. 1: Protein Sequence-Structure-Function Relationship
 
A protein is a linear  polypeptide chain composed of 20 different 
kinds of amino acids represented by a sequence of letters (left). 
It folds into a tertiary (3-D) structure (middle) composed of three 
kinds of local secondary structure elements (helix, beta strand 
and loop). The protein with its native 3-D structure can carry 
out several biological functions in the cell. Four levels of protein 
structures can be predicted, but predicting the secondary structures 
is the basis of the prediction of all other level of prediction [4]. 
Experimental methods have proved to be complex and expensive. 
So now a days differet approaches are used for this work [7]. 
Techniques used for Protein structure prediction are:

Soft Computing Techniques like Artificial Neural networks• 
Probabilistic methods like Hidden Markov Model.• 
Evolutionary Computation such as Genetic Algorithm.• 
Statical methods like SVM.• 
Clustering algorithms etc.• 

Bioinformatics techniques to protein secondary structure 
prediction mostly depend on the information available in amino 
acid sequence. Evolutionary algorithms are like simple genetic 
algorithms(GA),messy GA, fast messy GA have addressed 
this problem [8]. Support Vector Machine (SVM) represents 
a new approach to supervised pattern classification which has 
been successfully applied to a wide range of pattern recognition 
problems [5], including object recognition, speaker identification 
, gene function prediction with micro array expression profile, 
etc. In these cases, the performance of SVM either matches or 
is significantly better than that of traditional machine learning 
approaches, including neural networks [2]. But still SVMs are 
blackbox models [5]. ANN is a good method of protein structure 
prediction which is based on the sound theory of Back Propagation 
Algorithm [9]. Protein secondary structure prediction has been 
satisfactorily performed by machine learning techniques such as 
Artificial Neural Network and Support vector machines. Most 
secondary structure prediction programs target alpha helix and 
beta sheet structures and summarize all other structures in the 
random coil pseudo class [2]. For the classification, ANN is used 
as a binary classifier. For distinguish the three structures, 3 input 
files are constructed for training of ANN. One for C\~C, second 

A Novel Approach for Protein Structure Prediction using 
Back Propagation Neural Network

1Rojalina Priyadarshini, 2Nilamadhab Dash, 3Samita Rout
1Dept. of Information Technology, C.V.Raman College of Engineering, Bhubaneswar, Orissa, India

2,3Dept. of CSE, C.V.Raman College of Engineering, Bhubaneswar, Orissa, India



IJCST Vol. 3, ISSue 2, AprIl - June 2012ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology 601

for H\~H and the third for E\~E. For generating the input files, 
windowing method is used. Then the machine is trained and tested 
with training and test data sets [9-10].

II. Protein Analysis
The most successful techniques for prediction of the three 
dimensional structure of protein rely on aligning the sequence of 
a protein of unknown structure to a homologue of known structure. 
Such methods fail if there is no homologue in the structural 
database, or if the technique for searching the structural database 
is unable to identify homologues that are present. Normally X-ray 
derived crystal structures of globular proteins are used to  train 
a Neural Network to predict the secondary structure of non-
homologous proteins. Over 100 protein structures were used to 
train this network. After training, when the Neural Network was 
queried with new data, a prediction accuracy of 64% was obtained 
[10].

III. Protein Structure Prediction using   Back Propagation 
Neural Network
The algorithm which is used in this work to train the ANN  
having 3-layer(one input, one output and one hidden layer)is as 
follows

Initialize the weights in the network (often randomly)• 
Do• 

       For each example e in the training set
       O = neural-net-output(network, i) ; forward               pass
 T = teacher output for i
Calculate error (T - O) at the output units
Compute delta_wh for all weights from hidden layer to output 
layer ; backward pass

Compute delta_wi for all weights from input layer to hidden • 
layer ; backward pass continued
Update the weights in the network Until all examples classified • 
correctly or stopping criterion satisfied
Return the network• 

A. Input Data
The input data is a protein sequence of length 15 characters is 
taken whose class level is helix. Both the residues and target 
classes are encoded in unary format , Helix is coded as 1 0 0, 
Beeta Sheets is coded as 0 1 0 and coil is coded as 0 0 1 [9]. 
Each pattern presented to the network requires n 21-bit inputs 
for a window of size n. 
(One bit is required per residue to  indicate when the window 
overlaps the end of the chain). The advantage of this sparse 
encoding scheme is that it does not pay attention to ordering of 
the amino acids The main disadvantage is that it requires a lot 
of input. 

B. Network Architecture
In this architecture a sliding window technique is used and a 
window-size of 15 characters has taken as input and no of hidden 
layer nodes is 10.
Then a fully-connected network would be 15(21)-10-3 network, 
i.e. a net with an input window of 15, ten hidden nodes in a single 
hidden layer and three outputs. 
Such a network has 315 input nodes and 3178 weights. 
((15 * 21) * 10) + (10 * 3) + 5 + 3 = 3188

One of input each with 21 bits

Fig. 2: Network Architecture
(From Bioinformatics by David W. Mount, p. 453)

IV. Training and Testing
In Training the weights are adjusted. Input values at each layer 
are multiplied by weights. Weights are initially random. Weights 
are adjusted after the output is computed based on how close the 
output is to the “right” answer. When the full training session 
is completed, the weights have settled on certain values. These 
weights are saved and then used to compute output for new problems 
that weren’t part of the training set. Here the same sequence 
is taken for testing also and gives the output as close to 1 0 0 
The secondary protein structure prediction is a classification 
problem with three class attribute.  In this work, a dataset of four 
predictive attributes and three class attributes is taken as input.   
The entire operation is divided into five phases 

Input Data Preparation• 
Designing the Neural Network for Classification• 
Training or Learning• 
Testing• 
Error Calculation• 

A. Preprocessing of Data
The features obtained from many specimens are considered as raw 
data.  In order to make it suitable for the network and for  faster 
and efficient training, the data are preprocessed.
There are four features that are used as inputs to the neural 
networks. Here  the neurons have nonlinear transfer functions 
(whose output range is from -1 to 1 or 0 to 1), So, the data is being 
normalized for efficiency. Normalization of input data is used for 
ranging the  values to fall  within an acceptable scope, and range[9]. 
Some amount of pre-processing is always carried out on the input 
and output data in order to make it suitable for the network. These 
procedures help obtain faster and efficient training. If the neurons 
have nonlinear transfer functions (whose output range is from -1 
to 1 or 0 to 1), the data is typically normalized for efficiency . As 
our outputs are falling within these ranges, each feature in each 
dataset is normalized using column normalization in MATLAB. 
The normalized data are used as the inputs to the  network.                    
This  neural network contains three layers, input, hidden and 
output layer. Both the input and output layers are fully connected 
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to the hidden layer and have the same number of neurons. Since 
the output of the network is in 2 bit binary form, the output layer 
is having two neurons. 

B. Training or Learning
Learning and generalization are perhaps the most important topics 
in neural network research. Learning is the ability to approximate 
the behavior adaptively from the training data while generalization 
is the ability to predict the training data. Generalization is a more 
desirable and critical feature because the most common use of a 
classifier is to make good prediction on new or unknown objects. A 
number of practical network design issues related to learning and 
generalization include network size, sample size, model selection, 
and feature selection, transfer function to be chosen, learning rate 
parameter…etc. 
The weights will be initialized randomly between -1 and 1.  
After the weights have been initialized, the network is ready for 
training. 

C. Training Parameters
The performance parameters are Learning algorithm, transfer 
function and the number of cycles the network consumes, to be 
converged. 

Epochs: This decides for how many cycles we would like to • 
train the network. For  example, if the number of epochs is 100 
then the entire training data will be presented 100 times.
Learning Algorithm: the learning algorithm is LEARNGDM • 
(Learning by Gradient Descent Method).
 Min_grad: This decides the acceptable error that we would • 
prefer. If this MSE (mean squared error) is reached the 
network has converged and training will stop. Generally 
this value is 1e-5.
Transfer Function: The transfer function chosen is Log • 
Sigmoidal function (LOGSIG)
Gradient descent (GDM) was used to minimize the mean • 
squared error between network output and the actual error 
rate.

After initializing all the parameters, the network is ready to be 
trained. Repeated experiments were performed to get the neural 
network converged. Weights were initialized to random values and 
networks were run until at least one of the following termination 
conditions was satisfied 
1. Maximum Epoch 
2. Minimum Gradient
3. Performance Goal
If the MSE reaches the set value the network has converged and 
training stops. If the network does not converge and the number 
of epochs has reached  the set value, then the network has not 
converged. We  will have to retrain the network, by changing 
some of the parameters or the training algorithm or the network 
architecture (that is the number of layers and the number of 
neurons in each layer).  Once , the network has been trained will 
be simulated with a set of inputs that the network has not seen.
We have divided the data sets into two parts. i,e training set  and 
testing set  which is not used in the training process, and is used 
to test and then we have simulated our results with these datasets. 
Almost 2/3rd of the total dataset has taken as training set and 1/3rd 
of the rest  has  taken as test set. This is done through the analysis 
of the accuracy achieved through testing against these set.     

D. Testing
After the network has been trained, we have tested the network 
with all the training data what  we have used for the training. 
The network is found to work  properly  and correctly predicting 
the classes.
Then testing is done by some of the data samples to measure the 
efficiency of the learning machine.

V. Result and Observation
In this section deals with the results and observations found 
from the experiments done with artificial neural network as a 
classifier.

A. Experimental Results
This Neural network has 3 layers. One input, one hidden and one 
output layer. The number of neurons in the input layer is equal 
to the number of instances. As the outputs are binary coded, the 
output layer has two neurons. With the following parameters the 
network is trained, and the network is getting converged in 936 
epochs with MSE 0.013339

Table 1:

Network type Feed Forward Backpropagation 

Training Function TRAINSCG 

Network Error 1e-006

Transfer Function Log Sigmoidal

No Of epochs 1000

Network Error
1e-006

Table 1, showing the Network parameter
The graph showing the convergence of the network  is shown in 
the fig. 3.
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VI. Conclusion 
ANN methods have played, and continue to play, an important 
role in 1-D to 4-D protein structure predictions, as well as in 
many other computational biology related problems. Here, we 
have tried to give a selected and brief overview of some of the 
applications of these methods to protein structure prediction 
problems. In the foreseeable future, this method will continue 
to play an important role in protein structure prediction and its 
multiple facets. The growth in the size of the available training 
sets coupled with the gap between the number of sequences and 
the number of solved structures remain powerful motivators for 
further developments. . Both accuracy and speed considerations 
are likely to remain important as genomic, proteomic, and protein 
engineering projects continue to generate great challenges and 
opportunities in this area. 
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