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H I G H L I G H T S

� Relationships between amino acid dimers that may be non-adjacent in sequence are explored.
� Features are extracted directly from PSSM instead of raw counts from primary sequence.
� SVM is used for classification.
� Achieved good results on Ding and Dubchak, Extended Ding and Dubchak, and Taguchi and Gromhia datasets.
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a b s t r a c t

Background: Identification of the tertiary structure (3D structure) of a protein is a fundamental problem
in biology which helps in identifying its functions. Predicting a protein's fold is considered to be an
intermediate step for identifying the tertiary structure of a protein. Computational methods have been
applied to determine a protein's fold by assembling information from its structural, physicochemical and/
or evolutionary properties.
Methods: In this study, we propose a scheme in which a feature extraction technique that extracts
probabilistic expressions of amino acid dimers, which have varying degree of spatial separation in the
primary sequences of proteins, from the Position Specific Scoring Matrix (PSSM). SVM classifier is used to
create a model from extracted features for fold recognition.
Results: The performance of the proposed scheme is evaluated against three benchmarked datasets,
namely the Ding and Dubchak, Extended Ding and Dubchak, and Taguchi and Gromiha datasets.
Conclusions: The proposed scheme performed well in the experiments conducted, providing improve-
ments over previously published results in literature.

& 2015 Elsevier Ltd. All rights reserved.

1. Background

In the field of biological science, predicting the three-dimen-
sional structure of a given protein is an important task since the

structures relate closely to the biological function of the protein
(Chmielnicki, 2012). This in turn, improves the understanding of the
heterogeneity of proteins, proteinσprotein interactions and protein-
σpeptide interactions and aids the development of drug designs. In
drug design, knowing the tertiary structure of the target protein is
crucial since drugs are created to bind with the active sites on the
target protein (Dubchak et al., 1999; Sharma et al., 2013).

Although X-ray crystallography is a powerful tool in determining
protein 3D structures, it is time-consuming and expensive. Particularly,
not all proteins can be successfully crystallized. For example, mem-
brane proteins are very difficult to crystallize and most of them will
not dissolve in normal solvents. Therefore, so far very few membrane
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protein structures have been determined. Although Nuclear Magnetic
Resonance is indeed a very powerful tool in determining the 3D
structures of membrane proteins as indicated by a series of recent
publications, it is also time-consuming and costly (Berardi et al., 2011;
Schnell and Chou, 2008; OuYang et al., 2013). Furthermore, these
techniques are extremely time consuming, expensive and seemingly
impractical for protein sequences of extremely large lengths (Hsu and
Lin, 2002; Shen and Chou, 2006). To timely acquire useful information
for developing novel drugs, one has to resort various bioinformatics
tools and structural bioinformatics tools (Shen and Chou, 2006; Chou,
2015, 2004; Ding and Dubchak, 2001). In this regard, it would be
certainly helpful to develop powerful methods for predicting protein
structural classes and fold types.

Predicting the fold of a protein sequence is considered to be an
intermediate step in identifying the tertiary structure of a protein.
The primary structure (sequence of amino acids) of different
protein sequences can vary in length and similarities; however,
they can still belong to the same fold. The protein fold recognition
problem can be defined as categorizing unknown protein
sequences to its well defined folds. Majority of the folds are
accurately represented and defined in the Structural Classification
of Proteins (SCOP) database (Murzin et al., 1995).

Various techniques have been used for protein fold recognition
which can be broadly grouped into feature extraction and classification
development. For the former group, syntactical, physicochemical and
evolutionary features have been used. Dubchak et al. (1997) suggested
syntactical and physicochemical based features in which they used five
attributes of amino acids namely – hydrophobicity (H), predicted
secondary structure based on normalized frequency of α helix (X),
polarity (P), polarizability (Z) and van der Waals volume (V). These
features have in turn been widely adopted by other researchers in
protein fold recognition (Ding and Dubchak, 2001; Dehzangi et al.,
2013). Further to this, additional attributes have been used later on such
as solvent accessibility, flexibility, and bulkiness (Dehzangi et al., 2013;
Zhang et al., 2012; Najmanovich et al., 2000; Huang and Tian, 2006).
Taguchi and Gromiha used syntactical based features (occurrence and
composition) to do protein fold recognition (Taguchi and Gromiha,
2007). Ghanty and Pal (2009) used pairwise frequencies of amino acids
and separated by one residue. These pairwise frequency features (PF)
are concatenated in the study conducted by Yang et al. (2011), thereby,
having 800 features. If in concatenation of features, the dimensionality
is unmanageable then higher dimensionality of feature vector can be
controlled by selecting a few important features (Sharma et al., 2006,
2011, 2012a, 2012b, 2012c, 2012d, 2013b, 2013c; Sharma and Paliwal,
2007, 2010, 2012a, 2012b, 2012c). Chou proposed pseudo-amino acid
composition (PseAAC) based features to represent protein sequences
and it has been applied successfully in a large variety of publications
(Shen and Chou, 2006; Chou, 2001; Liu et al., 2012; Li et al., 2009; Sahu
and Panda, 2010; Chen et al., 2012; Liao et al., 2012; Qin et al., 2012;
Kong et al., 2014; Zhang et al., 2014; Shen and Chou, 2008; Cao et al.,
2013; Du et al., 2012; Du et al., 2014; Chou, 2011). Recently, the use of
evolutionary features for protein fold recognition is increasing as it is
achieving good results (Sharma et al., 2013, 2014; Liu et al., 2012; Liu
and Jia, 2010; Cai and Zhou, 2000; Dong et al., 2009; Paliwal et al., 2014;
Dehzangi et al., 2013). Evolutionary features are extracted from Position
Specific Scoring Matrix (PSSM) and are basically a representation of a
protein sequencewhich defines the probability of amino acids occurring
at a particular position in the sequence.

Furthermore, over the years, many classification techniques have
also been explored for protein fold recognition such as Linear
Discriminant Analysis (Klein, 1986), K-Nearest Neighbor (Ding and
Zhang, 2008), Bayesian Classifier (Chinnasamy et al., 2005), Support
Vector Machine (SVM) (Sharma et al., 2013a, 2013c; Anand et al.,
2008; Cai et al., 2002; Saini et al., 2014a, 2014b), Artificial Neural
Networks (ANN) (Cai and Zhou, 2000; Jahandideh et al., 2007a, 2007b)
and Ensemble classifiers (Shen and Chou, 2006; Dehzangi et al., 2013;

Chen et al., 2008; Kedarisetti et al., 2006). Out of the previously
mentioned classification techniques, SVM-based classifiers showed
promising results (Kurgan et al., 2008). However, it is shown in
literature that to further improve the protein folding accuracy, a good
combination of features extraction technique as well as classification
technique is needed (Kurgan et al., 2008; Kurgan and Chen, 2007).

As shown by a series of recent publications (Chen et al., 2014a,
2014b; Ding et al., 2014; Lin et al., 2014; Liu et al., 2014; Xu et al., 2014;
Liu et al., 2015) in response to the suggestion (Dubchak et al., 1997), to
propose a sequence-based statistical predictor for a biological system,
the following guidelines are followed: (a) construct or select a valid
benchmark dataset to train and test the predictor; (b) formulate the
biological sequence samples with an effective mathematical expres-
sion that can truly reflect their intrinsic correlation with the target to
be predicted; (c) introduce or develop a powerful algorithm (or
engine) to operate the prediction; and (d) properly perform validation
tests to objectively evaluate the accuracy of the predictor.

In this paper, we propose a scheme to predict protein folds
using probabilistic expressions of amino acid dimer occurrence
that have varying degrees of spatial separation in the protein
sequence. The primary reason for using a feature extractor, which
is explained later in the paper, is to explore relationships amongst
amino acids dimers in a protein that may be non-adjacent in the
primary sequence. Additionally, these relationships modeled using
evolutionary information present in PSSM to improve classifier
performance. The extracted information for amino acid dimers is
used for protein fold recognition using SVM on several datasets.

2. Methods

In a nutshell, the proposed scheme incorporates an extraction
technique that computes features directly from the evolutionary
information present in PSSM. Initially, PSSM is extracted from the
protein sequences using PSI-BLAST. This is succeeded by calculating
the probabilistic expressions of amino acid dimers to extract the
feature sets F(k) for varying degrees of spatial separation from k¼1,
…,K. The optimal value of K is determined empirically and the
various feature sets are concatenated to form F, which is processed

Fig. 1. Flow diagram of the proposed classification procedure.
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by a SVM classifier for protein fold recognition. A flow-diagram of
this scheme is illustrated in Fig. 1.

The proposed scheme can be summarized in an algorithm as
shown in Algorithm 1. The algorithm highlights the feature extrac-
tion technique, the various operations used to modify the feature
vector extracted and the method for determining the optimal value
for the termination value K for the maximum degree of spatial
separation when computing amino acid dimers. The equations and
symbols used in the algorithm are described in the latter sections. It
should be noted that the training set was used to determine K.

Algorithm 1. The training phase of the proposed scheme sum-
marized in an algorithm

Step
1

Let k:¼1

Step
2

Fm;n kð Þ ¼
XL�k

i ¼ 1

Pi;mPiþk;n
(1)

Step
3

F kð Þ ¼ F1;1 kð Þ; F1;2 kð Þ; …;
�

F1;20 kð Þ; F2;1 kð Þ; …; F2;20 kð Þ; …; F20;1 kð Þ; …; F20;20 kð Þ �
(2)

Step
4

F’ F k�1ð Þ; F kð Þ� �
(3)

where F 0ð Þ’ ∅
Step
5

Ak:¼ classify(F)1 where classify(F) returns
the cross-validation accuracy for feature vectors, F

Step
6

IF AkoAk�1 THEN
GOTO Step 7

ELSE
k:¼kþ1
GOTO Step 2

ENDIF
Step
7

K:¼k

1The metric used to evaluate the performance of various feature vectors was the n-
fold cross-validation accuracy with n¼10. SVM was used for classification with the
kernel function as radial basis function and the C-parameter being 1000. The
features were computed from the training set whereby the training set for DD-
dataset was used, however, for EDD and TG datasets the samples were randomly
divided into training and test sets in the ratio 3:2 and ensuring equal distribution of
various classes.

The technique proposed in this study attempts to model
relationships between amino acids that may or may not be adjacent
in the amino acid chain, i.e., they may be separated by other amino
acids, spatially, in the sequence whereby k determines the spatial
distance between the dimers under consideration. In order to
incorporate information from sequential evolution, probabilistic
expressions of such dimers are extracted from the PSSM.

These spatial varied amino acid dimer occurrence probabilities
have been mathematically summarized in Eq. 1. If P is the PSSM
matrix representation for a given protein, P will have L rows and
20 columns, where L is the length of the protein sequence. The
probabilistic expression of the mth amino acid to nth amino acid
can be computed using Eq. 1 where 1rmr20 and 1rnr20.

Eq. 2 constructs a vector F(k) for a particular value of k, which
contains 400 elements representing the 400 amino acid dimers
possible. As stated previously, k represents the distance between
the amino acid positions that are used to compute the probabilistic
expression. For k¼1, the probabilities are computed between
neighboring amino acids whereas, for k¼2, the probabilities are
computed between amino acids that are separated by 1 amino acid
in the primary sequence. Therefore, for k¼K, the amino acids used

to calculate the probabilities are separated by K�1 amino acids.
Upon extracting the features, F(k), for various values of k, it is

possible to directly use these features for classification. The different
feature sets for various values of k in F(k) can be considered as
independent feature sets since they model the probabilistic occur-
rence of amino acid dimers which are independent for different
values of k. Initially during training, individual F(k) for various values
of k were evaluated using the SVM classifier (results in Appendix 1).

SVM is a supervised learning model linked to machine learning
algorithms that is used for pattern recognition. It is widely used in
classification and regression analysis. In its simplest form, SVM
accepts a set of inputs and then predicts for each input which of
the two possible classes it falls under. For multi-class problems, SVM
can still be used by reducing the problem into multiple binary
classification problems. SVM aims to construct a hyper-plane in
infinite-dimensional space such that a good level of separation is
achieved between the classes, thus lowering the generalization error
of the classifier. In this paper, libsvm version 3.17 is used with kernel
function as the radial basis function and the C parameter was set to
1000 leaving all other parameters to their respective default values.

Individually, these feature sets provide relatively good classification
accuracies (see Appendix 1), indicating that there is discriminatory
information present in these features that were extracted using feature
extraction technique. Another observation from these results is that
there is a gradual decline in the classifier performance as the value of k
increases, indicating that there is relatively more information captured
when the spatial distances between amino acids are smaller.

Although it is possible to achieve relatively good classification
accuracy with the feature sets F(k) individually, in this scheme, we
propose to concatenate these various features. Therefore, the
concatenated features, F, would signify a feature vector that
comprises of the probabilistic expressions of amino acid dimers
that have spatial separations from k¼1,2,…, K, whereby K denotes
the upper bound of k in this scheme. This concatenation has been
summarized as per Eq. 3 or, for simplicity, re-written as Eq. 4.

F ¼ F 1ð Þ F 2ð Þ … F Kð Þ½ � ð4Þ

This concatenation provides information to explore dependencies
between variables of different feature sets. Determining the optimal
value of K for concatenation is a key challenge in this scheme. It is
important to choose a value of K that leads to balanced classification.
A large value of K, primarily, adds too many feature sets that may
lead to a decline in classification accuracy whereas a small value of K
would mean the loss of potentially discriminative features.

During the experimentation, the value of K was empirically
determined by successively incrementing K and observing the
classifier performance on the training set of the various datasets.
This process was continued until a gradual decline in classification
accuracies was observed. Upon performing such analysis, it was
determined that the optimal values of K for the DD, EDD and TG
datasets are K¼7, K¼8 and K¼6 respectively. The results noted
during the analysis are shown in Table 2.

It can be observed from the results in Table 2 that there is a steady
increase in classification accuracies as the value of K increases from
K¼1 to a certain value where the classification accuracy reaches a
peak for the particular dataset. Upon reaching this peak, any further
increase in K leads to a gradual decline in the classification accuracy.
Therefore, the identification of the optimal value of K was simplified
greatly due to this trend observed during experimentation.

It should be noted that all evaluations up till this stage has been
performed by using the training set of the various datasets and these
results were analyzed to determine the various parameters. Upon
finalizing optimal parameters, the model has been primed for evaluation.
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3. Results and discussion

3.1. Datasets

In this research, the proposed scheme was evaluated using
three benchmarked datasets, namely the Ding and Dubchak (DD)
dataset, extended Ding and Dubchak (EDD) dataset, and Taguchi
and Gromiha (TG) dataset.

The DD dataset consists of a training set for the creation of the
model and an independent test set for testing queries against the
model. The samples belong to 27 SCOP folds which further represent
the four major structural classes – α, β, αþβ, α/β. The training
dataset consists of 311 protein sequences where any given pair of
sequences do not have more than 35% sequence identity for aligned
subsequences longer than 80 residues and the test set consists of 383
protein sequences where the sequence identity between any two
given proteins is less than 40% (Ding and Dubchak, 2001).

The TG-dataset consists of 1612 protein sequences belonging to 30
different folding types of globular proteins from SCOP. The sequence
similarity of proteins belonging to the TG dataset is no more than 25%
(Taguchi and Gromiha, 2007). The EDD-dataset consists of 3418
proteins with less than 40% sequential similarity belonging to the
27 folds that originally used in DD-dataset. The EDD-dataset was
extracted from SCOP in similar manner to Dong et al. (2009) in order
to study our proposed method using a larger number of samples. A
summary of the datasets has been provided in Table 1.

Since EDD and TG datasets do not have explicit train and test
sets, the datasets were split, for the purposes of parameter
selection and optimization during the training phase, into train
and test sets with 60% of the samples belonging to the train set. It
was ensured that the splits were random and equal distributions
of folds were maintained.

3.2. Features

For the purposes of comparison and benchmarking, the pro-
posed scheme was evaluated against several other accepted
schemes in literature. A brief summary of these schemes is
provided in these sections.

3.3. Amino acid composition

The fraction of each of the 20 amino acids within the protein
sequence (Ding and Dubchak, 2001).

3.4. Amino acid compositionþphysicochemical properties

Dubchak used amino acid composition along with features
extracted from physicochemical properties including hydrophobi-
city, predicted secondary structure, polarity, polarizability and
normalized van der Waals volume. The size this feature vector is
125 Ding and Dubchak (2001).

3.5. Residue bigram probabilities

This feature incorporates the probabilities of the occurrence of
all amino acid dimer pairs in the amino acid sequence. This is a
400 dimensional feature vector (Ghanty and Pal, 2009).

3.6. Alternate bigram probabilities

This feature vector consists of the probabilities of the occur-
rence of all possible pairs of amino acid which are separated by
one residue in the protein sequence. This is also a 400 dimensional
feature vector (Ghanty and Pal, 2009).

3.7. Occurrence

The amino acid occurrence, i.e., the un-normalized number of
each amino acid is used instead of amino acid composition.
Dubchak features other than amino acid composition are also used.
The size of this feature vector is 125 (Taguchi and Gromiha, 2007).

3.8. Position specific Scoring matrix based bi-grams

These bigrams represent the probabilities of transition from
one amino acid to another as determined by PSSM. The size of this
feature is 400 (Sharma et al., 2013).

3.9. Position specific scoring matrix based tri-gram

These trigrams represent the probabilities of transitions of
triplets of amino acids as determined by PSSM. The size of this
feature is 8000 (Paliwal et al., 2014).

3.10. Alignment via dynamic time warping

This scheme predicts protein folds based on the alignment
distance of the protein sequences using dynamic time warping
(Lyons et al., 2014).

3.11. Experiment results

The experimentation was performed on the benchmarked
datasets to evaluate the performance of the classification scheme
described previously. In statistical prediction, the following three
cross-validation methods are often used to examine a predictor for
its effectiveness in practical application: independent dataset test,
subsampling or n-fold crossover test, and jackknife test. However, of
the three test methods, the jackknife test is deemed the least
arbitrary that can always yield a unique result for a given bench-
mark dataset (Chou and Shen, 2010). However, to reduce the
computational time, we adopted the n-fold cross-validation in this
study, which has done by many investigators with SVM as the

Table 1
Summary of datasets.

Dataset Number of folds Train samples Test samples Total samples

DD 27 311 383 694
EDDa 27 – – 3418
TGa 30 – – 1612

a These datasets do not have benchmarked separate train and test sets.

Table 2
Performance of concatenated amino acid dimers during training with the termi-
nating value for spatial separation from K¼1,2,…, 10.

K DD EDD TG

1 66.0 82.1 63.8
2 66.5 85.6 67.5
3 66.7 85.9 68.2
4 66.9 86.3 68.4
5 67.0 86.4 68.6
6 66.9 86.2 68.7
7 67.6 86.3 68.2
8 65.9 86.6 67.8
9 65.8 85.9 67.5

10 65.4 85.3 67.4
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prediction engine. This strategy of performance evaluation is widely
employed by researchers in literature. For statistical stability, n-fold
cross-validation was repeated 100 times with random subsampling.

The proposed scheme was compared against various other
schemes that use information structural and evolutionary infor-
mation for fold recognition. These techniques included PF1 and
PF2 (Ghanty and Pal, 2009), PF (Yang et al., 2011), Occurrence (O)
(Taguchi and Gromiha, 2007), AAC and AACþHXPZV (Ding and
Dubchak, 2001), which compute feature sets from the original
protein sequences. In addition, ACC (Dong et al., 2009), bi-gram
(Sharma et al., 2013), tri-gram (Paliwal et al., 2014) and alignment
(Lyons et al., 2014) are also included since they compute features
directly from the evolutionary information present in PSSM.
Moreover, features have been computed from the consensus
sequences for PF1, PF2, O, AAC and AACþHXPZV to obtain
additional feature sets for comparison. In the tables that highlight
the performance of these various techniques, a prefix of PSSMþ
indicates that the features have been computed on the consensus
sequence. These techniques were evaluated using n-fold cross-
validation testing for n¼5, 6, …, 10.

These techniques have been evaluated using the DD, EDD and
TG datasets using n-fold cross-validation for n¼5, 6, …, 10. It can
be seen that k-separated bigrams outperform every other techni-
que for all the three datasets. It can be seen from Table 3 that for
the DD dataset, the proposed scheme yields the highest accuracy
of 76.7%, an improvement of about 3%. Similarly, in Tables 4 and 5,
the proposed scheme shows raw improvements of about 1–3% in
both the TG and EDD datasets. It should be noted that the EDD-
dataset is a much larger dataset that has a sequence similarity
threshold of 40%, which may contribute for a better performance
of the Alignment Method compared to the proposed technique.

Additionally, to further evaluate the performance of the pro-
posed technique against other techniques, analysis of sensitivity
and specificity of these techniques have been conducted. These
measures highlight the relative performance of a classifier in a
multi-class classification problem. The mathematical definitions of
these measures are given as follows:

Sensitivity¼ TP
TPþFN

ð5Þ

Specificity¼ TN
FPþTN

ð6Þ

In the above equations, TP represents the true positives (members
of the positive class correctly identified correctly), FP represents
the false positives (members of the negative class incorrectly

identified as positive), TN represents the true negatives (members
of the negative class identified correctly) and FN represents the
false negatives (members of the positive class incorrectly identi-
fied as negative).

The results of this analysis, via 10-fold cross validation over
hundred iterations for statistical stability, have been illustrated in
Figs. 2–4 where it can be clearly seen that the proposed method is
on par or better than most of the other techniques.

4. Conclusions

In this study, we have proposed a scheme that incorporates a
feature extraction technique based on sequential evolution prob-
abilities using amino acid dimers with varying degree of spatial
separation. This technique does not ignore relations between amino
acid pairs that are non-adjacent in the primary sequence and it
extracts information from amino acids with varying spatial dis-
tances in the sequence to compute the features directly from PSSM,
which provides more discriminatory information that may lead to
better performance during classification. These features were con-
catenated and processed using SVM for protein fold recognition.

The proposed technique gave promising results, and the high-
est recorded for n-fold cross-validation accuracies on DD, EDD and

Table 3
Performance (in % accuracy) of various feature sets on the DD-dataset using n-fold
cross validation procedure.

Feature sets n¼5 n¼6 n¼7 n¼8 n¼9 n¼10

PF1 48.6 49.1 49.5 50.1 50.5 50.6
PF2 46.3 47.0 47.5 47.7 47.9 48.2
PF 51.2 52.2 52.6 52.9 53.4 53.4
O 49.7 50.4 50.8 50.8 51.1 51.0
AAC 43.6 43.9 44.2 44.8 44.6 45.1
AACþHXPZV 45.1 46.2 46.5 46.8 46.9 47.2
ACC 65.7 66.6 66.8 67.5 67.7 68.0
PSSMþPF1 62.5 63.2 63.7 64.2 64.5 64.6
PSSMþPF2 62.7 63.3 64.1 64.2 64.6 64.7
PSSMþPF 65.5 66.2 66.5 66.9 67.1 67.5
PSSMþO 62.5 62.1 62.5 62.9 63.4 63.5
PSSMþAAC 57.5 58.1 58.4 58.7 59.1 59.2
PSSMþAACþHXPZV 55.9 56.9 57.1 57.7 58.0 58.2
Bi-gram 72.6 73.1 73.7 73.7 74.1 74.1
Tri-gram 72.1 72.6 73.0 73.2 73.7 73.8
Alignment (DTW) 72.6 73.5 73.8 74.2 74.7 74.7
This paper 74.5 75.4 75.9 76.4 76.5 76.7

Table 4
Performance (in % accuracy) of various feature sets on the TG-dataset using n-fold
cross validation procedure.

Feature sets n¼5 n¼6 n¼7 n¼8 n¼9 n¼10

PF1 38.1 38.4 38.6 38.7 38.8 38.8
PF2 38.0 38.4 38.5 38.6 38.7 38.8
PF 42.3 42.6 42.7 43.0 43.0 43.1
O 35.8 36.1 36.2 36.1 36.3 36.3
AAC 31.5 31.5 31.7 31.8 31.9 32.0
AACþHXPZV 35.7 36.0 36.1 36.2 36.3 36.3
ACC 64.9 65.4 65.9 66.2 66.4 66.4
PSSMþPF1 51.1 51.5 52.0 52.3 52.4 52.7
PSSMþPF2 50.2 50.4 50.7 50.8 51.0 51.1
PSSMþPF 57.2 57.8 58.0 58.3 58.5 58.8
PSSMþO 46.0 46.3 46.5 46.5 46.7 46.7
PSSMþAAC 43.2 43.5 43.6 43.8 43.8 44.0
PSSMþAACþHXPZV 45.6 45.9 46.0 46.2 46.3 46.6
Bi-gram 67.1 67.5 67.6 67.8 68.1 68.1
Tri-gram 71.4 71.7 72.3 73.3 72.4 72.5
Alignment (DTW) 72.0 72.7 73.0 73.5 73.6 74.0
This paper 73.1 73.6 73.9 74.2 74.3 74.5

Table 5
Performance (in % accuracy) of various feature sets on the EDD-dataset using n-fold
cross validation procedure.

Feature sets n¼5 n¼6 n¼7 n¼8 n¼9 n¼10

PF1 50.2 50.5 50.5 50.7 50.8 50.8
PF2 49.3 49.5 49.7 49.8 49.8 49.9
PF 54.7 55.0 55.2 55.4 55.5 55.6
O 46.4 46.6 46.6 46.7 46.7 46.9
AAC 40.3 40.6 40.7 40.7 40.9 40.9
AACþHXPZV 40.2 40.4 40.6 40.7 40.9 40.9
ACC 84.9 85.2 85.4 85.6 85.8 85.9
PSSMþPF1 74.1 74.5 74.7 75.0 75.1 75.2
PSSMþPF2 73.7 74.1 74.5 74.6 74.7 74.9
PSSMþPF 78.2 78.6 78.8 79.0 79.1 79.3
PSSMþO 67.6 68.0 68.1 68.3 68.3 68.5
PSSMþAAC 60.9 61.3 61.5 61.6 61.7 61.9
PSSMþAACþHXPZV 66.7 67.2 67.4 67.7 67.8 67.9
Bi-gram 83.6 84.0 84.1 84.3 84.3 84.5
Tri-gram 85.7 85.9 86.0 86.1 86.2 86.2
Alignment (DTW) 89.4 89.7 89.9 90.0 90.1 90.2
This paper 89.1 89.5 89.6 89.7 89.8 89.9
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TG datasets with this scheme were 76.7%, 89.9% and 74.5%,
respectively. These were amongst the highest noted while com-
paring with other techniques. As pointed out in (Chou and Shen,
2009) and demonstrated in a series of recent publications (Chen

et al., 2014; Lin et al., 2014; Liu et al., 2015; Xu et al., 2013; Chen et
al., 2012; Chen et al., 2013), user-friendly and publicly accessible
web-servers represent the future direction for developing practi-
cally more useful models, simulated methods or predictors, we
shall make efforts in our future work to provide a web-server or an
open source library for the techniques presented in this study.
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Appendix 1

The results shown in Table A1 below highlight that individual
feature sets provide relatively good classification accuracies, indicat-
ing that there is discriminatory information present in these features
that were extracted using k-separated bigrams. Another trend that is
clearly visible is that the accuracies decrease steadily as the spatial
distance (k) between amino acids in the sequence increases, indicat-
ing that, relatively, there is addition of noise or lack of discriminatory
information when the spatial distances increase.
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Table A1
Individual classification accuracies of k-separated bigrams for k¼1,2,…,10 using
training set.

k DD EDD TG

1 65.8 82.2 63.8
2 64.2 82.5 64.3
3 65.0 81.2 61.9
4 63.7 81.2 61.5
5 63.1 79.0 59.5
6 62.2 78.6 58.1
7 60.6 78.8 58.4
8 62.2 77.3 56.9
9 61.9 76.8 56.4

10 60.8 76.6 56.1
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