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Abstract—Interpreting tertiary structure of a protein 
has been a crucial task in the field of biosciences. This 
problem can be addressed by detecting protein folds 
which is considered as an intermediate step in the 
tertiary structure prediction. From the perspective of 
computational sciences, the protein fold recognition 
can be subdivided in two steps: 1) feature extraction of 
protein sequences, and 2) identifying extracted features 
using appropriate classifiers. These steps are important 
to accurately identify folds of a novel protein sequence. 
In order to fully characterize a protein sequence, the 
number of features required is large and sometimes 
even unmanageable. This high dimensionality of 
features is difficult to process using conventional 
classifiers. Therefore, it is a challenge to develop and 
apply dimensionality reduction techniques for protein 
fold recognition. In this paper, we have emphasized the 
importance of dimensionality reduction techniques 
(DRTs) for protein fold recognition. To narrate, we 
have compared the recognition performance without 
DRT and with DRT on 3 benchmark datasets.
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I. INTRODUCTION 

 Protein fold recognition (PFR) is a crucial mechanism to 
understand protein tertiary structures. The identification of 
protein structures helps in analysing protein interactions, 
protein heterogeneity and further helps in drug design. PFR 
requires the development of feature extractors and classifiers. 

In the feature extraction process, a meaningful feature that 
contains representative information of the primary protein 
sequence is extracted. In the classification phase, these 
extracted features are used for fold recognition of proteins.  

Features from protein sequences can be extracted in a 
number of ways, early studies focused on alphabetic 
representation of a protein sequences for feature extraction,
they computed the occurrence and composition [1], [2] feature 
of the 20 common amino acids present in the primary protein 
sequences, however these features did not provide enough 
discriminative information for protein sequences. Using 
simple occurrence feature resulted in loss of sequence order 
information. To retain sequence order information, more 
effective feature extraction methods were computed based on 
the neighboring amino acids present in the protein sequence 
[3], [4]. However extracting local discriminating features from 
protein sequence provided limited PFR accuracy. Later 
physicochemical properties of amino acids were incorporated 
into the local discriminative information to extract features 
[5]–[8], even though the physicochemical properties provided 
excellent interaction between the amino acids present in the 
protein sequences, but it failed to significantly enhance the 
predication accuracy. 

Recently the feature extraction technique focused on the 
evolutionary information of a protein sequences, studies have 
shown significant enhancement in terms of prediction 
accuracies using evolutionary information [9], [10]. To extract 
this feature, PSI-BLAST [11] is used to generate Position 
Specific Scoring Matrix (PSSM). PSSM is a sequence profile, 



for a given protein sequence PSI-BLAST searches a protein 
databank  and finds the highly similar protein sequences and 
extracts PSSM profiles that provides a substitution probability 
of a given amino acid based on its position along with the 
protein sequences. Using PSSM for feature extraction has 
shown significant enhancement in many protein related 
problems [9], [12], [13] and most promising results have been 
achieved for PFR. Since the PSSM profile is richer in 
encoding of a protein sequences then the individual protein 
sequences, it shows the significance of using such 
evolutionary information for PFR.  According to literature 
PSI-BLAST [11] finds highly similar protein sequences to 
build PSSM, therefore it is sensitive in detecting similar 
sequences. 

In this paper, we focus on the features related to amino 
acids interactions in protein sequence. A schematic illustration 
of amino acid interactions of a protein is given in Fig. 1. 
Amino acid α  can interact with any other amino acid (α ,α , α  and so on) in the protein sequence. 

The interaction between amino acids can be captured as 
features, in several ways. For an instance, two amino acids 
and  can be represented as bigrams of proteins [9], tri-
grams of proteins (using ,  and ) [13], quad-grams 
(using 4 amino acids) and so on. Since there are 20 unique 
amino acids that form a protein sequence, the dimensionality 
of these -grams would be 20 ; i.e., for bi-grams = 2 which 
gives 400 features for each of the vector point, for tri-grams 
( = 3) 8000 features and for quad-grams ( = 4) 160,000 
features. If a protein sequence is of length  and a feature is to 
be extracted consisting all amino acids interactions then 
dimensionality will augment to 20 . The high-dimensionality 
of features increases computational complexity [14] and 
makes extremely difficult to handle using state-of-the-art 
computing resources [15]–[18]. Secondly, though these high-

dimensional features contain useful information of a protein 
sequence, inappropriate way of handling them deteriorates the 
recognition performance. That’s why though bi-grams have 
been used in the literature and tri-grams have scarcely used, no 
one attempted to go on step further. It is possible to retrieve 
important information from a protein sequence if a model can 
be built using interactions of all amino acids. The problem is, 
however, dealing with extremely large feature dimensionality 
and processing complexity. In this study, we tried to utilize 
quad-grams and show its problem in terms of poor recognition 
performance. We then applied dimensionality reduction 
techniques and found that the performance is significantly 
improved. We carried out experiments on three protein 
datasets: Ding-Dubchak (DD), extended DD (EDD) and 
Taguchi-Gromiha (TG). The next section describes about 
datasets used in this study. 

II. DATASETS

The DD dataset that we have used consists of 311 protein 
sequences in the training set where two proteins have no more 
than 35% of sequence identity for aligned subsequence longer 
than 80 residues. The test set consists of 384 protein sequences 
where sequence identity is less than 40%. Both the sets belong 
to 27 Structural Classification of  Proteins (SCOP) folds which 
represent all major structural classes: α, β, α/β, and α + β [6].
These sets were separated originally by the donor of this 
dataset.  

The EDD dataset consists of 3418 proteins with less than 
40% sequential similarity belonging to the 27 folds that 
originally used in DD dataset. We extracted the EDD dataset 
from SCOP in a similar manner as Dong et al., [12] did, to do 
analysis using a larger number of samples.  

The TG dataset consists of 1612 protein sequences 
belonging to 30 different folding types of globular proteins 
from SCOP. The names of the number of protein sequences in 
each of 30 folds have been described in Taguchi and Gromiha 
[2]. The sequence similarity of protein of TG datasets is no 
more than 25%. For EDD and TG datasets we divided each of 
them into 60:40 sample ratios where the major portion was 
used for training and the smaller portion was used as a test set. 

III. METHOD

In this work, first we extract profile of a protein sequence 
using psi-blast predictor [11]. Second, we computed n-grams
from the extracted profile. Third, we use four DRT techniques: 
DRLDA [19], FNLDA [20], EFR [21] and MLDA [22] to 
reduce the dimension of n-grams. Fig. 2 shows the schematic 
illustration of the method. 

Fig. 1.  A schematic illustration of amino acid interactions of protein. 



Psi-blast predictor [11] provides PSSM of a protein 
sequence. We computed n-grams using PSSM linear 
probabilities. Let  be the matrix representing PSSM of a 
given protein. The matrix  will have  rows and 20 columns 
(where  is the length of the primary sequence). Its element at ith-row and jth-column is denoted by ,  which can be 
interpreted as the relative probability of jth amino acid at the ith location of the primary protein sequence (with ∑ , =1, for = 1,2, … , ). Then the general expression of -gram 
can be computed as follows: 

, ,…, = ∑ , , … , (1) 

where 1 ≤ ≤ 20 for = 1,2, … . These 20  elements of 
 define the -gram of the protein sequence. In this study, we 

extracted F for = 2, 3 and 4. It has been shown in the 
literature that using bi-grams and tri-grams from the PSSM 
profile, the sparsity issue of a feature vector constituted from 
the protein sequence can be addressed.  

Dimensionality reduction is a challenging task in the field 
of pattern classification. It is generally applied to reduce the 
computational complexity of a classifier [16], [23]–[25]. 
Recent studies have shown the importance of dimensionality 
reduction in terms of classification performance [26].
Principal Component Analysis (PCA) and Linear Discriminant 
Analysis (LDA) are the two well-known dimensionality 
reduction techniques in the literature [23], [27]–[29]. PCA is 
an unsupervised algorithm and LDA is a supervised learning 
technique [30]–[32]. PCA is based on the sample covariance 
which characterizes the scatter of the entire dataset, 

irrespective of the class-membership therefore the projection 
axes chosen by PCA might not provide good discrimination, 
whereas LDA performs dimensionality reduction while 
preserving as much of class discriminatory information as 
possible. Perhaps LDA is the most popular method for 
dimensionality reduction classification task [19], [22], [33],
[34]. 

In LDA, the dimension is reduced from d-dimensional 
space to h-dimensional space using a 
transformation    ℝ × . The LDA technique finds an 
orientation matrix  that reduces a high dimensional feature 
vectors belonging to different classes to a lower dimensional 
feature space that the projected feature vectors of a class on 
this  lower dimensional space are well separated from vectors 
of the other classes. The transformation matrix  is found by 
maximizing the Fisher’s criterion:  ( ) = | | / | |, where    ℝ ×  is within-class scatter matrix 
and    ℝ ×  is between-class scatter matrix. Under this 
criterion, the transformation of feature vectors from higher 
dimensional space to lower dimensional space is done in such 
a manner that the between-class scatter in the lower 
dimensional space is maximized and within-class scatter is 
minimized. The orientation matrix  is computed by the 
Eigenvalue Decomposition (EVD) of  . Based on the 
criterion taken, the within-class scatter matrix  needs to be 
non-singular [19]–[22]. 

In LDA technique, when the number of training samples is 
less than the dimensionality, the scatter matrix  becomes 
singular and it is not possible to use the LDA technique for 
dimensionality reduction. This is known as the Small Sample 
Size (SSS) problem [35] and is the major problem and draw 
back for LDA. To address the problem of SSS, several 
methods have been proposed. In this work we use four of the 
proposed methods from literature: DRLDA [19], FNLDA 
[20], EFR [21] and MLDA [22] and apply to PFR for 
dimensionality reduction.  
  

In order to overcome the problem of SSS, generally 
inverse computation of  is avoided or approximated for 
computation of orientation matrix  . In the first method 
(DRLDA), the approach of regularized LDA (RLDA) is used. 
In RLDA, a small positive constant  (known as the 
regularization parameter) is added to all the diagonal elements 
of matrix  to make it non-singular. The performance of this 
technique depends on the choice of the regularization 
parameter. In past studies, cross validation procedure on 
RLDA technique is used to estimate the choice of 
regularization parameter.  Thus the computational cost is high 
and cross validation procedure is biased towards classifier 
used. To address the drawbacks, DRLDA explores a 

Fig. 2.  A schematic illustration of the method. 



deterministic way of finding the regularization parameter by 
maximizing the modified Fishers criterion. (The detail 
derivation has been described in Sharma and Paliwal [19] ) 

In the second method (FNLDA), null LDA approach is 
considered, In null LDA method, the dimensionality is 
reduced in two stages. In the first stage, the training samples 
are projected on the null space of within-class scatter 
matrix . In the second stage, the dimensionality is reduced 
by choosing h eigenvectors of the transformed between-class 
scatter matrix corresponding to the highest eigenvalues. 
Therefore, the null LDA method optimizes the Fisher’s
criterion sequentially in two stages, but computational 
complexity is very high since the dimensionality of the feature 
is very high. Though recent studies have shown fast 
implementation of null LDA, but their computational 
complexity is still high. FNLDA presents fast computational 
procedure for which computational complexity is significantly 
lower than the other implementations. (The detail procedure 
has been described in Sharma and Paliwal [20]) 

The third and fourth methods (EFR and MLDA) have been 
previously used for application of face recognition. In EFR, 
eigenspace spanned by the eigenvectors of the within-class 
scatter matrix is decomposed into a reliable subspace, an 
unstable subspace and a null subspace. Eigen features are 
regularized differently in these three subspaces based on an 
eigenspectrum model to alleviate problems of instability, over 
fitting, or poor generalization. The discriminant evaluation is 
performed in the whole space and the dimensionality 
reduction is done. In MLDA, a new Fisher-based method is 
proposed, it is based on the straight forward maximum entropy 
covariance selection approach [36], that overcomes both 
singularity and instability of the within-class scatter matrix 
when LDA is applied to limited sample and high dimensional 
problems. (The detail methodology has been described in 
Jiang et al. [21] and Thomaz et al. [22] ).
  

For classifier we have selected kNN (where = 5)
because it is economical compared to classifiers like SVM. 
Since the dimensionality of features is very large it was 
impossible to use classifiers with high computational 
complexity and memory requirements given the strength of 
computational resources.  

IV. RESULTS

Experiments are conducted on three datasets (DD, EDD 
and TG) to demonstrate the effectiveness of features using 
DRT and without using DRT. The results related to DD, EDD 
and TG datasets are shown in Table I, Table II and Table III,
respectively. For EDD and TG datasets we have used tri-
grams and quad-grams. For DD dataset we have also included 
bi-grams (since bi-gram for EDD and TG datasets is not a 
small sample size problem and DRTs can’t be utilized). Using 
the DRT technique, the dimensionality was reduced from d-
dimensional space to a parsimonious data space h, where h is 
the number of classes minus one. It can be observed from the 
tables that as we go from bi-grams (d = 400) to tri-grams 
(d = 8000) and then to quad-grams (d = 160,000), the 
performance in terms of recognition accuracy deteriorates 
when applying kNN classifier directly. However, 
improvement can be observed when utilizing DRLDA, 
FNLDA, EFR and MLDA techniques. The improvement on 
DD dataset is 13%~34.1%; on EDD dataset is 12.7%~52.1%; 
and, on TG dataset is 24.3%~54.6%. This shows that the 
interaction of amino acids does contain useful information 
provided it is utilized in an appropriate way. However, the 
challenge is to develop a suitable DRT and/or a classifier that 
can efficiently estimate parameters for recognition purposes.  

The high dimensionality and poor performance of quad-
grams could be the reasons, no one attempted to use this 
feature. Nonetheless, we have seen that by efficiently reducing 
features it is possible to improve the performance reasonably.  

TABLE I
RECOGNITION ACCURACY ON TEST SET FOR N-GRAM FEATURES USING KNN CLASSIFIER WITHOUT DRT AND WITH DRT ON DD DATASET. 



V. CONCLUSION

In this study, we have shown that finding the interaction 
between amino acids can retrieve useful information 
regarding protein folds and eventually regarding protein 
tertiary structures. However, the problem to retrieve this 
information is high dimensionality of features which leads to 
increased computational complexity and memory 
requirements of computing systems. To this, we first 
introduced high dimensional features using quad-grams and 
then applied dimensionality reduction techniques to show 
usefulness of extracted features. We have described this 
phenomenon using three benchmark datasets and obtained 
reasonable performance (in terms of accuracy) for protein 
fold recognition. 
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