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 The prediction of protein folding is important because the structure of a protein is related to its 
function. The study of protein structure therefore produces valuable practical benefits for medicine, 
agriculture and industry. The understanding of enzyme function allows the design of drugs which 
inhibit specific enzyme targets for therapeutic purposes. Structural information can provide insight 
into protein function, and therefore, high- accuracy prediction of protein structure from its sequence 
is highly desirable. Considerable research effort has been devoted to predicting the secondary 
structure of proteins from their amino acid sequences. Present methods of prediction based on the 
statistical methods and machine learning methods typically have 76% approximate level of accuracy 
on an average. Thus, there is a considerable room for improvement. Digital Signal Processing (DSP) 
is an Engineering discipline concerning the creation, manipulation and analysis of digital signals. 
New approach for the secondary structure prediction based on the DSP techniques can take major 
role for fast and accurate result. Unknown secondary structure of a targetprotein can be predicted by 
using the appropriate digital signal processing tools for a baseprotein of a significant amino acid 
sequence-similarity and whose secondary structure is known. In this study we present an extensive 
review of existing methods of secondary structure prediction of proteins. 
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Introduction:  
Proteins are fundamental components of all living cells, 

performing a variety of biological tasks. Each protein has a 
particular structure that determines its function. Protein structure is 
more conserved than protein sequence, and more closely related to 
function. Proteins are macromolecules that are responsible for a 
wide range of vital biochemical functions, which include acting as 
catalysts, oxygen transport, cell signaling, antibody production, 
nutrient transport and building up muscle fibers [1-2]. More 
specifically, proteins are chains of amino acids, of which there are 
twenty different types, joined by peptide bonds. Proteins have a 
three-tiered structural hierarchy, typically referred to as primary, 
secondary and tertiary structure [3]. Being able to determine the 
structures of proteins is of tremendous value to the biological 
community. This is because the higher-level structures determine 
the function of the protein and consequently, the knowledge of the 
structure provides insight into its function.  

Proteins are large polypeptides which consist of amino 
acid residues.  Chemical properties that distinguish the 20 standard 
amino acids cause the protein chains to fold up into specific 
structures that define their particular functions in the cell. The shape 

of a protein is specified by its amino acid sequence. There are four 
levels of protein structure [4]. The primary structure refers simply to 
the “linear” sequence of amino acids. The primary structure of a 
protein consists of amino acids linked by peptide bonds to form 
polypeptide chains. The code for the primary structure is in DNA. 
The secondary structure is the “locally” ordered structure created by 
hydrogen bonding within the protein backbone. The amino acids in 
a polypeptide chain form hydrogen bonds between the N-H and 
C=O groups. The chain twists around on itself and forms a three-
dimensional structure. Most common folding patterns are the α-
helix and the β-sheet [5]. 

Tertiary structure refers to the “global” folding of a single 
polypeptide chain, and quaternary structure involves the association 
of two or more polypeptide chains into a multisubunit structure. The 
final structure of a protein is the one in which the free energy is 
minimized. Hydrophobic amino acid chains are buried on the inside 
of a protein and hydrophilic amino acid chains gather on the outside. 
Sulphur bridges stabilize the structure. The prediction of the 3-D 
structure of proteins is far in the future, because proteins are 
generally self-folding.  
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Prediction of the secondary structure is important as it 
provides insights into the function of the protein. By jointly 
comparing amino acid and secondary structure sequences, it is 
possible to improve the prediction of protein function [6]. In 
addition, secondary structure prediction is a step toward the 
prediction of the 3-D structure of a protein. For instance, secondary 
structure predictions can be included in fold recognition methods, in 
which a target amino acid sequence with unknown structure is 
compared against a library of structural templates (folds) and the 
best scoring fold is assumed to be the one adopted by the sequence.  

The three major secondary structure states are the α-helix 
{H}, the β- strand {E}, and the turn, coil or loop {L} [7]. α-helices 
are strengthened by hydrogen bonds between every fourth amino 
acid so that the protein backbone adopts a helical configuration as 
shown in Figure 1. Likewise in loops (e.g., turns or bends), the 
hydrogen bonding is mostly local. For example, the turn segment in 
Figure 1(c) has a hydrogen bond between the first and the fourth 
amino acids. The hydrogen bonding structure in β-strands is slightly 
different, where both local and nonlocal interactions are observed. 
In β-strands, the most common local hydrogen bonding is between 
every two amino acids, and nonlocal interactions are due to 
hydrogen bonds between amino acid pairs positioned in interacting 
β- strand segments. A β-sheet is a set of such segments, in which the 
interacting segment pairs adopt either a parallel or an antiparallel 
conformation. 
 
 
 
 

 
(a)                  (b)                           (c) 

 
 
 
 

(a)                             (b)                                   (c) 
Fig: 1. Secondary structure organization in proteins: (a) Beta 

hairpin, (b) Helix hairpin and (c) Beta-alpha-beta unit. 
 

Protein Secondary Structure Prediction: 
Considerable research effort has been devoted to 

predicting the secondary structure of proteins from their amino 
acid sequences. A simple goal in the secondary structure prediction 
is to predict whether an amino acid residue of a protein is in a 
helix, strand or coil[8]. The first generation of secondary structure 
prediction techniques emerged in the 1960s and were based on 
single amino acid propensities and, for each amino acid, calculated 
the probability of it belonging each of the secondary structural 
elements. The secondary generation of prediction methods 
extended this concept by taking into account the local 
environment, of an amino acid, into consideration. Prediction 
accuracies with the second generation methods seemed to stall at 
around 60% accuracy, seemingly because these methods were 
local in that only information in a window of adjacent residues 
were used in predicting the secondary structure of an amino acid. 
[9] Local information accounts for approximately 65% of 
secondary structure information [10]. Since the early 1990s, third 

generation prediction methods achieved prediction accuracies 
around 70% and such methods incorporate machine learning 
techniques, evolutionary knowledge about proteins and with 
relatively more complex algorithms. [10-11].  

Despite the existence of varying techniques, there are 
broadly three main approaches to structure prediction. Homology 
modeling bases the prediction for an unknown target protein, on 
the known secondary structures of proteins of similar amino acid 
sequence [12].  The basis of threading is that a limited number of 
unique protein folds exist in nature and structure prediction of a 
target sequence can be performed by consulting a database of 
known folds and determining which fold-model best fits the 
sequence. The methodology of such an approach is not to predict 
the structure from a primary sequence, but rather to fit a known 
structural-model to a sequence. Typically, steps are taken to align 
the target sequence to a known set of folds and a scoring function 
is employed to determine the best fitting structure. Both homology 
modeling and threading rely on the existence of known structures 
and the disadvantage of such approaches is that accurate prediction 
relies on proteins of similar structure already being solved. The 
third approach, namely the ab initio techniques [13] or prediction 
from first principles, bases structure prediction on known 
biochemical and biophysical facts related to the proteins. However, 
progress has been relatively slow as the physical processes by 
which a protein folds are not completely understood.  [10]. In 
general they are also computationally very expensive methods. 

Various secondary structure prediction methods, 
particularly some neural network and nearest neighbor techniques, 
utilize a localized prediction methodology in the sense that a 
window, typically of less than 20 amino acids, is presented to the 
prediction system with the aim of predicting secondary structure of 
the central element, using only the information gleaned from the 
amino acids within the window. However, local information 
accounts for approximately 65% of secondary structure formation 
[8]. Therefore, prediction can potentially be improved by 
incorporating a more global prediction scheme. It must be 
mentioned that this ideology has been documented and various 
prediction methods are adapting a more global view of structure 
prediction [9]. Secondary structure prediction methods often 
employ neural networks (NNs) [14], SVMs [15], and hidden 
Markov models (HMMs) [16], [17]. In HMM methods, hidden 
states generate segments of amino acids that correspond to the 
nonoverlapping secondary structure segments, and the goal is to 
find the most likely hidden-state sequence representation under the 
probabilistic model defined by the HMM. On the other hand, 
neural networks and SVMs utilize an encoding scheme to represent 
the amino acid residues by numerical vectors.  

To convert the amino acids into vectors, the amino acid 
sequence is partitioned into overlapping segments by a sliding 
window of size n (typically between 13 and 17). Then each 
segment is represented (as a vector) in the 21 × n-dimensional 
input space to predict the secondary structure class of the central 
residue. Here the first 20 dimensions are allocated for the amino 
acid types, and the 21st dimension is added to be able to extend the 
window over the sequence ends. The secondary structure 
prediction problem then becomes the classification of points in a 
multidimensional vector space. This is achieved by partitioning the 
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space into disjoint regions of secondary structure classes. NN 
methods perform the classification in the space of the input vector 
by defining decision boundaries. On the other hand, SVM methods 
first map the input vectors into a higher dimensional Hilbert space 
by a transformation kernel and then perform the classification in 
that space by finding separating hyperplanes.  

There are two types of protein secondary structure 
prediction algorithms. A single sequence algorithm does not use 
information about other similar proteins. The algorithm should be 
suitable for a nonhomologous sequence with no sequence 
similarity to any other protein sequence. Algorithms of another 
type explicitly use sequences of homologous proteins, which often 
have similar structures. Prediction accuracy of such an algorithm 
should be higher than one of a single sequence algorithm due to 
incorporation of additional evolutionary information from multiple 
alignments. The accuracy (sensitivity) of the best current single 
sequence prediction methods is below 70% . The prediction 
accuracy of the best prediction methods that employ information 
from multiple alignments is close to 82.0% [18].  

Signal Processing Approach: 

The digital nature of genomic information makes it suitable for 
the application of signal processing techniques to better analyze and 
understand the characteristics of DNA, proteins, and their 
interaction. Prediction of genes, protein structure, and protein 
function greatly utilize pattern recognition techniques, in which 
hidden Markov models, neural networks, and support vector 
machines (SVMs) play a central role. Moreover, the subsequent 
analysis of microarray data seeks to extract meaningful results from 
the noisy measurements and reliably infer gene regulatory networks. 
In that respect, genomic research greatly benefits from the signal 
processing theory for the detection of genes with strong or weak 
expression patterns; classification of genes according to their 
similarity in expression levels; and prediction, control, and 
statistical-dynamical modeling of gene networks. Therefore, signal 
processing offers a variety of methods from pattern recognition and 
network analysis for the diagnosis and therapy of genetic diseases 
[19-20]. 

Digital Signal Processing (DSP) is an area of science and 
engineering undergoing rapid development, largely due to the 
advances in computing and integrated circuits. We map a protein 
into a digital signal by assigning numeric values to each amino acid. 
DSP techniques relating to protein structure analysis, such as [21-
23], assign numeric values - often their hydrophobocity values [24], 
to the amino acids, and analyze the resulting sequence via Fourier 
analysis, wavelet processing or some other DSP techniques. Helix 
kink prediction has been made using DSP tools using polarisability 
property as feature vector [25].  

A methodology that is primarily targeted for any given query 
protein rather being trained over a pre-determined training set is 
used by D. Mitra and M. Smith based on homology-modeling to 
improve the accuracy [26]. For some query proteins our prediction 
accuracies are predictably higher than most other methods, while for 
other proteins they may not be so, but we would at least know that 
even before running the algorithms. When a significantly 
homologous protein with known structure is available in the 

database the prediction accuracy could be even 90% or above. This 
uses digital signal processing technique that is of global nature in 
assigning structural elements to the respective residues. An 
automated approach for the secondary structure prediction based on 
the Digital Signal Processing (DSP) techniques which involve two 
DSP operators, Convolution and Deconvolution are used by D. 
Mitra and M. Smithfor the purpose of predicting secondary 
structures [26]. Mappings between an amino acid sequences and the 
corresponding numerical time-series or “signals” are processed. 
Convolution is a method of applying a filter on an incoming signal, 
producing an outgoing signal. Deconvolution is the inverse 
operation of convolution and permits the filter to be recovered if the 
outgoing signal and the incoming signal are known. This method 
predicts three states (helix, strand, and coil) for the secondary 
structure. 

Conclusions: 

 Considerable research effort has been devoted to 
predicting the secondary structure of proteins from their amino acid 
sequences. Despite the plethora of prediction techniques, present 
methods typically have 76% approximate level of accuracy on an 
average. Thus, there is a considerable room for improvement. The 
main goal of a secondary structure prediction algorithm should be to 
design a classifier having a feature set (dependency structure) that is 
comprehensive enough to capture the essential correlations yet 
simple enough to allow reliable parameter estimation from available 
training data. In single-sequence prediction, one issue limiting the 
prediction accuracy is the small sample size. Digital signal 
processing plays an important role in prediction of secondary 
structure of proteins.   
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