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a b s t r a c t
Many efﬁcient methods have been proposed to advance protein structural class prediction, but there are still
some challenges where additional insight or technology is needed for low-similarity sequences. In this work,
we schemed out a new prediction method for low-similarity datasets using reduced PSSM and position-based
secondary structural features. We evaluated the proposed method with four experiments and compared
it with the available competing prediction methods. The results indicate that the proposed method achieved
the best performance among the evaluated methods, with overall accuracy 3–5% higher than the existing
best-performing method. This paper also found that the reduced alphabets with size 13 simplify PSSM structures
efﬁciently while reserving its maximal information. This understanding can be used to design more powerful
prediction methods for protein structural class.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
Protein structural classes play an important role in protein science,
such as protein function prediction, protein folding rate analysis, prediction of DNA binding sites, protein fold recognition, membrane protein
analysis, reduction of the conformation search space and implementation of a heuristic approach to ﬁnd tertiary structure (Klein and Delisi,
1986; Chou, 2006; Levitt and Chothia, 1976; Andreeva et al., 2004;
Murzin et al., 1995; Ferragina et al., 2007; Dai and Wang, 2008).
With the development of sequencing technologies, the gap between
sequence-known and structure-known proteins has become larger
in recent years. Consequently, the burden of experimental methods
to ﬁnd the 3-dimensional structures would become even more unbearable. Therefore, it is necessary to develop computational methods for
fast and accurate determination of protein structural classes.
Abbreviations: AA, amino acids; AAC-PSSM, amino acid composition and position
speciﬁc scoring matrix; AvgSeg, average length of segment; BP, back-propagation;
DPC-PSSM, dipeptide composition and position speciﬁc scoring matrix; GP, g position; KNN, k-nearest neighbor algorithm; PSI-BLAST, position-speciﬁc Iterated BLAST; PSSM, position speciﬁc scoring matrix; RedPSSM, reduced position speciﬁc scoring matrix; MaxSeg,
length of longest segment; MCC, Matthew's correlation coefﬁcient; NAvgSeg, normalized
average length of segment; NCount, normalized count of segments; NMaxSeg, normalized
length of longest segment; NRG, number of reduced groups; Sens, sensitivity; Spec, speciﬁcity; SVM, support vector machine.
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Since protein structural class concept was proposed by Levitt and
Chothia (Levitt and Chothia, 1976; Andreeva et al., 2004; Murzin et al.,
1995), various signiﬁcant efforts have been made to predict protein
structural class during the past 30 years (Dai and Wang, 2008; Chen
et al., 2006; Chou, 2000; Kedarisetti et al., 2006; Dai et al., 2011). Previous studies indicated that protein structural classes could be predicted
from amino acid sequences (Klein and Delisi, 1986; Chou, 1999; Chou
and Shen, 2007), consequently, several features of protein sequences
have been proposed for protein structural class prediction, such as
short polypeptide composition (Luo et al., 2002; Sun and Huang,
2006; Zhang et al., 2014), pseudo AA composition (Ding et al., 2007;
Wu et al., 2011; Liao et al., 2012; Kong et al., 2014) and collocation of
function domain composition (Chou and Cai, 2004).
Evolutionary proﬁle is another widely used feature in protein structural class predication. Given a query sequence, it can be searched
against a database of proteins using position-speciﬁc iterated BLAST
(PSI-BLAST) (Altschul et al., 1997), from which a position speciﬁc scoring matrix (PSSM) is extracted to represent evolutionary information of
protein (Stormo et al., 1982). Jones used PSI-BLAST to search a large
non-redundant protein sequence dataset to obtain the position speciﬁc
scoring matrix (log-odds values) and further input it to neural network
for prediction (Jones, 1999). Chou and Shen proposed the pseudoposition speciﬁc scoring matrix (PsePSSM) and developed a new
web-server for predicting protein subnuclear localization, Nuc-PLoc
(Chou and Shen, 2007; Shen and Chou, 2007). Chen et al. extracted
evolutionary information using PSI-BLAST proﬁle-based collocation
of AA pairs, and achieved 61–96% accuracy on the six datasets using
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support vector machine (Chen et al., 2008). Liu et al. calculated amino
acid composition and dipeptide composition from PSI-BLAST proﬁles,
in which the average scores of the amino acid residues in the protein
being mutated to another amino acid type were calculated as AACPSSM features, and the traditional DPC of PSSM was explored as DPCPSSM (Liu et al., 2010). Recently, Liu et al. measured the average
correlation between two residues separated by a g distance in a column
of position speciﬁc scoring matrix and applied it to predict protein
structural class (Liu et al., 2012). Ding et al. extracted the long-range
correlation information and linear correlation information from the
PSSM (Ding et al., 2014).
Although promising results have been achieved using above
methods, but prediction accuracy is limited especially for lowsimilarity datasets (Kedarisetti et al., 2006; Kurgan and Homaeian,
2006). Recently, several features associated with predicted secondary structures have been proposed (Chou and Cai, 2004; Altschul
et al., 1997; Stormo et al., 1982; Jones, 1999; Shen and Chou, 2007;
Chen et al., 2008; Liu et al., 2010; Liu et al., 2012; Ding et al., 2014;
Kurgan and Homaeian, 2006; Kurgan et al., 2008; Zheng and
Kurgan, 2008; Mizianty and Kurgan, 2009; Liu and Jia, 2010; Zhang
et al., 2011; Hobohm and Sander, 1994; Zhang et al., 2013). First
of all, the popular ones are widely used content of predicted secondary structural elements (contentSE), normalized count of segments
(NCount), length of the longest segment (MaxSeg), normalized
length of the longest segment (NMaxSeg), average length of the
segment (AvgSeg), and normalized average length of the segment
(NAvgSeg) (Kurgan et al., 2008). Zheng and Kurgan studied 3PATTERN of the predicted secondary structures and used them to predict
protein β-turns (Zheng and Kurgan, 2008). MODAS exploring both
secondary structural information and evolutionary proﬁles is also a
widely used predication method (Mizianty and Kurgan, 2009).
Recently, Liu and Jia (2010), Zhang et al. (2011) and (Zhang et al.
(2013) studied the distribution of helices and strands among four structural classes. For example, Zhang et al. calculated transition probabilities
of helices and strands to numerically characterize their alterations along
secondary structure sequences.
With the help of the above features, prediction accuracy was
improved over 80% for several low-similarity benchmark datasets,
but several critical problems still exist in their development. First,
some PSSM-based methods focus on composition and average
correlation between two residues in a column of the PSSM, and
therefore to sometimes are unaware of their global structural correlation among the different columns. Second, the available structural
features are associated with the structural elements' contents and
combinations, but their position distributions along proteins are
rarely used.
With the above problems in mind, we presented a scheme to predict
the protein structural classes using the reduced PSSM (RedPSSM) structural properties and position-based secondary structural features.
We ﬁrst explored a potential way to simplify PSSM structure while
reserving its maximal information. With the help of auto covariance
transformation, we studied global structural properties of the RedPSSM
and discussed the inﬂuence of its parameters. Based on our previous
study (Dai et al., 2013), we combined the position-based structural
features with the RedPSSM to predict protein structural classes using a
multi-class support vector machine (SVM) (Vapnik, 2000). Through
a comprehensive comparison and discussion, some novel valuable
guidelines for the use of the RedPSSM structural properties and
position-based secondary structural features were obtained.
The remainder of this paper was organized as follows. Section 2
presented used benchmark datasets, extraction features of reduced
PSSM (RedPSSM) structural properties and position-based secondary
structural features, and prediction method. Section 3 summarized the
key results of the proposed method, performance comparison with
the competing predictions and discussion of parameters in RedPSSM
structural properties.

2. Materials and methods
2.1. Datasets
This paper selected four widely used low similarity benchmark
datasets that facilitate the comparison with the available methods
(Kurgan and Homaeian, 2006; Kurgan et al., 2008; Zheng and Kurgan,
2008; Mizianty and Kurgan, 2009; Liu and Jia, 2010; Zhang et al.,
2011; Zhang et al., 2013; Dai et al., 2013; Vapnik, 2000; Kurgan and
Chen, 2007). The ﬁrst dataset is 25PDB with 25% sequence identity
originally published in (Kurgan and Homaeian, 2006). It contains 1673
proteins and domains downloaded from PDB and scanned with high
resolution. The secondary dataset is 640 with 25% sequence identity. It
consists of 640 proteins with classiﬁcation labels retrieved from SCOP
database (Kurgan and Homaeian, 2006). The third dataset is FC699,
in which there are 858 sequences sharing low 40% identity. The last
dataset is referred to as 1189 with 40% sequence identity. It consists
of 1092 3-D structural data of proteins downloaded from RCSB
protein data bank with PDB IDs listed in this paper (Chen et al., 2008).
Table 1 provides more detailed information on these low similarity
benchmark datasets.
2.2. RedPSSM structural properties
2.2.1. Position speciﬁc scoring matrix
Position speciﬁc scoring matrix is a commonly-used evolutionary
proﬁle in protein study. For a protein sequence s with length L, its
PSSM can be represented as the following equation
2
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6 P 2→1
6
6 ⋮
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6 P i→1
6
4 ⋮
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⋮
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⋮
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⋮
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⋮
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7
⋮
⋮ 5
⋯ P L→20

ð1Þ

where i → j describes i-th amino acid residue of the protein sequence s
being mutated to amino acid type j in the biology evolution process,
Pi → j is the score of this mutation and L is the length of the sequence
s, and the numerical codes 1, 2, 3 … 20 denote the single character of
ordered 20 native amino acid types in the above equation.
High PSSM-scores of some proteins often indicate some possible
biological evolutionary relationships between these sequences and
their family (Jones, 1999; Shen and Chou, 2007; Chen et al., 2008;
Liu et al., 2010; Liu et al., 2012; Ding et al., 2014). Here, we used PSIBLAST program (h = 0.001 and j = 3) to search and align homogeneous
sequences from SWISS-PROT database (published: May-20-2013
with 540,052 sequences). PSI BLAST will return a PSSM with
20-dimensional vector whose values are conserved mutation scores
for 20 amino acids. And the PSSM elements were then scaled to the
range from 0 to 1 with the help of the following sigmoid function:
f ðxÞ ¼

1
:
1 þ e−x

ð2Þ

2.2.2. Reduced amino acids
Position speciﬁc scoring matrix reﬂects conserved mutation scores
among 20 amino acids. It is well known that 20 amino acids are subtly
Table 1
The number of proteins belonging to different structural classes in the datasets.
Dataset

All-α

All-β

α/β

α+β

Total

25PDB
640
FC699
1189

443
138
130
223

443
154
269
294

346
177
377
334

441
171
82
241

1673
640
858
1092
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different from each other, but some of them have similar basic
structures and functions. So the structure of PSSM can be simpliﬁed
by clustering 20 amino acids.
Here, we used BLOSUM62 to cluster amino acids based on reasonable simpliﬁcation of protein sequences (Li et al., 2003). Let Xi represents the ith group, we deﬁned the jth amino acid in the ith group as
Xi(j). With the help of BLOSUM62, we deﬁned similarity score of Xi(j)
in the reduced sequence Seqs to the kth amino acid Rk in the ith group
in the parent sequence Seq0 is
SðX i ð jÞ; Rk Þ ¼ BlosumðX i ð jÞ; Rk Þ;

ð3Þ

where Blosum(Xi(j), Rk) is the substitution value for exchange of residue
Xi(j) with residue Rk. Then, the total similarity score of the simpliﬁed
sequence Seqs to the Seq0 can be calculated as the sum of the scores
over all groups:
2
3
gs ðiÞ gX
N
0 ði Þ
X
X
4
S¼
mi ðkÞSðX i ð jÞ; Rk Þ5=g s ðiÞ;
i¼1

ð4Þ

j¼1 k¼1

where g0(i) and gs(i) denote the size of the ith group in Seq0 and Seqs,
mi(k) is the number of the residue Rk in Seq0, and N is the number
of groups. Clearly, S is a measure of the reservation of the information
on the parent sequence. Given a group size N, we went through all
amino acids' groups and calculated their similarity scores between the
parent sequence Seq0 and reduced sequence Seqs. We ﬁnally chose the
reduced alphabets with the highest similarity score. All kinds of reduced
alphabets for 20 amino acids were listed in Table 2. In this paper, we
selected 13 reduced amino acids to simplify the structure of PSSM,
and more discussions can be found in Section 3.3.
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where ∑Seq0 and ∑Seqr are ﬁnite alphabets of 20 amino acids and
reduced amino acids. According to the PSSM and reduced amino acids,
[RedPSSM]ij could be calculated as follows
½RedPSSMi j ¼

gX
s ð jÞ

P i→ j =g s ð jÞ;

ð6Þ

j¼1

where gs(j) denotes the size of the reduced group consisting the
reduced amino acid j, and 1≤ j ≤j∑seqr j.
Auto covariance transformation as a powerful statistical tool has
been used in the prediction of protein structural classes (Liu et al.,
2012). Liu et al. measured average correlation between two residues
separated by a distance of g along the sequence S, calculated by
AC j;g ðSÞ ¼

L−g


1 X
ðP −P j Þ P i; jþg −P j :
L−g i¼1 i; j

ð7Þ

ACj,g(S) describes reaction information between two residues
separated by a distance of g in the same column. But it still focuses
mostly on the local information in the same column, and therefore to
sometimes is unaware of the useful global discriminatory information
embedded in different columns. With this problem in mind, we
measured the global correlation between two different columns by,
RAC g ðh; jÞ ¼


L−g 
½RedPSSMi;h þ ½RedPSSMiþg; j 
1 X

½
RedPSSM

−
i;h

L−g i¼1 
2



½RedPSSMi;h þ ½RedPSSMiþg; j 

½RedPSSMiþg;h −

2

X
1
½RedPSSMi;h −½RedPSSMiþg;h :
4ðL−g Þ i¼1
L−g

¼

2

ð8Þ
2.2.3. Structural properties of RedPSSM
With the help of the reduced amino acids, we transformed a position
speciﬁc scoring matrix into a simple one (RedPSSM) and extracted its
structural features. For a given protein sequence s with length L, we
obtained its PSSM with the help of the PSI BLAST. We deﬁned it as a
function M: [0, L − 1] × ∑ → ℜ, where L is the length of M, and ∑ is
a ﬁnite alphabet. Usually, PSSM is represented by a L × |∑| matrix.
With the help of the reduced amino acids listed in Table 2, the PSSM
of the parent sequence Seq0 could be transformed into the RedPSSM of
the reduced sequence Seqs,
½0; L  ∑Seq0 →½0; L  ∑Seq r ;

ð5Þ

Table 2
Clustering of amino acids by the maximal score for different levels of reduction.
Group
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

CMFILVWY
AGTSNQDEHRKP
CMFILVWY
AGTSP
NQDEHRK
CMFWY
ILV
AGTS
NQDEHRKP
WFYH
MILV
CATSP
G NQDERK
WFYH
MILV
CATS
P G NQDERK
WFYH
MILV
CATS
P G NQDE
RK
WFYH
MILV
CA
NTS
P G
DE
QRK
WFYH
MI
LV
CA
NTS
P G
DE
QRK
WFY
ML
IV
CA
TS
NH
P G
DE
ERK
WFY
ML
IV
CA
TS
NH
P G D
QE
RK
WFY
ML
IV
C A
TS
NH
P G D
QE
RK
WFY
ML
IV
C A T S
NH
P G D
QE
RK
WFY
ML
IV
C A T S
NH
P G D
QE
R K
WFY
ML
IV
C A T S N H P G D
QE
R K
W
FY
ML
IV
C A T S N H P G D
QE
R K
W
FY
ML
IV
C A T S N H P G D Q E R K
W
FY
M L
IV
C A T S N H P G D Q E R K
W F Y M L
IV
C A T S N H P G D Q E R K
W F Y M L I V C A T S N H P G D Q E R K

From the above equation, it is obvious that RACg contains both local
correlation information between two residues in the same column and
the global correlations among different columns. This paper calculated
169 RACg to describe RedPSSM structural properties instead of widely
used 400 ACj,g(S), which allows prediction method to run with less
memory and is faster.
2.3. Position-based secondary structure features
Using protein evolutionary proﬁle achieves promising results in the
prediction of protein structural classes, but its accuracy is limited. The
research indicates that the contents and spatial arrangements of secondary structural elements are also signiﬁcant factors that inﬂuence
the proteins' intricate functions or structures. Consequently, various
secondary structural features have been proposed to improve protein
structural class prediction (Kurgan et al., 2008; Zheng and Kurgan,
2008; Mizianty and Kurgan, 2009; Liu and Jia, 2010; Zhang et al.,
2011; Hobohm and Sander, 1994; Zhang et al., 2013). But we should
note that these features mainly described the content distribution of
secondary structural elements, and therefore may ignore their position
distribution among protein secondary structures. For example, as for
the secondary structure CCEEEEECCCCCHHHHHHH, we can obtain
another secondary structure CCHHHHHHHEEEEECCCCC when moving
its last seven HHHHHHH to the third position. Take a closer look at the
above two secondary structures, we found that their elements' content
did not change. Therefore, the secondary structure elements' position
should be considered as another deciding factor when assigning the
protein structural classes (Dai et al., 2013).
We ﬁrst transformed a protein secondary structure into three position sequences according to the appearance of the given secondary
structural element δ. As for these position sequences, it is easy to
observe that if the interval distance Dis(δ) is equal to 1, they are from
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the same structure domain, otherwise they belong to two different
ones. So we further analyzed the distribution of interval distances
between two continuing structural elements.
Given Dis(δ) and a positive integer n, p(Dis(δ) = n) is the probability that Dis(δ) takes the value n. When collecting all pairs
(Dis(δ) = n, P(Dis(δ) = n)), we obtained the probability distribution
of the Dis(δ) of the given secondary structure. We then calculated
numerical characteristics semi-mean Semi − E (k) (δ) and semivariance Semi − D(k)(δ) deﬁned by:
Semi−EðkÞ ðδÞ ¼

Semi−DðkÞ ðδÞ ¼

k
X

jackknife test to evaluate the performance of the proposed method
and introduced sensitivity (Sens), speciﬁcity (Spec) and Matthew's
correlation coefﬁcient (MCC) as standard performance measures as
well as the accuracy for each class and overall accuracy. These standard
performance measures are deﬁned as follows:
TP j
Accuracy j ¼   ;
C j 

ð13Þ
X

DisðδÞ  P ðDisðδÞÞ;

ð9Þ

Overall accuracy ¼

DisðδÞ¼1

k
X

2
ðDisðδÞÞ  P ðDisðδÞÞ−4
2

DisðδÞ¼1

k
X

32
DisðδÞ  P ðDisðδÞÞ5 :

ð10Þ

TP j X  
C j ;
j

ð14Þ

Sens ¼

TP
;
TP þ FN

ð15Þ

Spec ¼

TN
;
FP þ TN

ð16Þ

DisðδÞ¼1

We have analyzed the inﬂuence of parameter k, and found that k = 5
shows similar performance to k = max(Dis(δ)) (Dai et al., 2013). Therefore, this paper deﬁned the position-based secondary structural feature
as the ratio of the standard Semi − D(5) to Semi − E(5)
Semi−Eð5Þ ðδÞ
PSSF ðδÞ ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ :
Semi−Dð5Þ ðδÞ

j

ð11Þ

PSSF(δ) reﬂects variability of the position distribution for the element δ in relation to the mean of its population. Here, we calculated
PSSF(C), PSSF(E) and PSSF(H) as position-based secondary structure
features to predict protein structural classes.

TP  TN−FP  FN
MCC ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ;
ðTP þ FP ÞðTP þ FNÞðTN þ FP ÞðTN þ FNÞ

ð17Þ

where TPj is the number of true positives, FP is the number of false
positives, TN is the number of true negatives, FN is the number of
false negatives, and |Cj| is the number of proteins in each structural
class Cj (all-α, all-β, α/β and α + β classes).
3. Results and discussion
3.1. Performance of proposed prediction method

2.4. Classiﬁcation algorithm
Support vector machine (SVM) is a well-known large margin classiﬁer based on statistical learning theory, in which an optimal separating
hyper-plane is found to separate two classes. As for the binary SVM, its
decision function is
f ðxÞ ¼

N
X

α i yi K ðxi ; xÞ þ b;

ð12Þ

i¼1

where b is a constant, C is a cost parameter controlling the tradeoff between allowing training errors and forcing rigid margins,
yi ∈ {− 1, + 1}, x i is the support vector, 0 ≤ αi ≤ C, and K(x i , x) is
the kernel function. This paper adopted Vapnik's support vector
machine to predict protein structural classes. Because there are
more than two structural classes, we chose the multi-class SVM
using“one-against-others”strategy. Given a test protein with unknown class, we calculated the proposed feature vector and mapped
it into the feature space. SVM will then ﬁnd an optimized linear
division to solve this multi-class problem. Lastly, SVM will assign a
predicted label to the test protein. More detailed information on
prediction scheme can be found in Vapnik's book (Vapnik, 2000).
Here, we selected Gaussian kernel function of the SVM because of its
superiority for solving nonlinear problem (Cai et al., 2002; Yuan et al.,
2005). A simple grid search strategy was further used to select parameters C and gamma with the highest overall prediction. It was designed
based on 10-fold cross-validation for each dataset, and the values of C
and gamma were taken from 2−10 to 210.

Four benchmark datasets 25PDB, 640, FC699 and 1189 were
used with low sequence identity 25%, 25%, 40% and 40%, respectively.
A simple grid search strategy over C and gamma values was employed
based on 10-fold cross-validation for each dataset, where C and
gamma were allowed to take the values only between 2− 10 and 210.
Table 3 summarizes sensitivity (Sens), speciﬁcity (Spec) and Matthew's
correlation coefﬁcient (MCC) of the proposed method, and the accuracy
for class Cj and overall accuracy are shown in Table 4.
Table 3 shows that all-α class prediction achieves the best performance among four structural classes, its sensitivities, speciﬁcities and
Matthew's correlation coefﬁcient are higher than 93%. But lower prediction is associated with α + β class. From Table 4, we found that the
overall accuracies of the proposed method are above 87% for four
datasets. The overall accuracy of all-α class is signiﬁcantly higher than
other classes with accuracies over 93%, which is followed by that of
Table 3
Sensitivity (Sens), speciﬁcity (Spec) and Matthew's correlation coefﬁcient (MCC) of
proposed method on four datasets.
Dataset

Class

Sens (%)

Spec (%)

MCC (%)

25PDB

All-α
All-β
α/β
α+β
All-α
All-β
α/β
α+β
All-α
All-β
α/β
α+β
All-α
All-β
α/β
α+β

98.87
89.62
85.55
78.91
93.68
83.77
91.53
79.53
97.69
97.40
97.08
79.27
98.65
89.12
89.22
73.44

99.11
96.75
96.08
92.61
98.80
97.74
93.95
92.54
100.0
98.98
96.88
97.81
98.5
98.50
92.48
93.77

97.56
86.74
81.46
71.63
94.93
84.28
83.69
72.07
98.64
96.48
93.86
77.08
95.60
89.64
80.37
68.36

640

FC699

2.5. Performance evaluation
Sub-sampling test, independent dataset test and jackknife test
are three widely used cross-validation methods to evaluate classiﬁer's
capability. The jackknife test always yields a unique outcome, which
facilitates examining the quality of various predictors. Hence, we chose
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Table 4
Prediction accuracies (variances in the brackets) of the proposed method for four datasets and comparison with other reported results.
Dataset

25PDB

640

FC699

1189

Method

AADP-PSSM (Liu et al., 2010)
AAC-PSSM-AC (Liu et al., 2012)
SCPRED (Kurgan et al., 2008)
MODAS (Mizianty and Kurgan, 2009)
Zhang et al. 2011 (Liu and Jia, 2010)
RKS-PPSC (Yang et al., 2010)
Ding et al. (2012)
Xia et al. (2012)
Zhang et al. (2013)
Ding et al. (2014)
Zhang et al. (2014)
This paper
SCEC (Chen et al., 2008)
SCPRED (Kurgan et al., 2008)
RKS-PPSC (Yang et al., 2010)
Ding et al. (2014)
Zhang et al. (2014)
Kong et al. (2014)
This paper
SCPRED (Kurgan et al., 2008)
11 features (Liu and Jia, 2010)
Kong et al. (2014)
This paper
AADP-PSSM (Liu et al., 2010)
AAC-PSSM-AC (Liu et al., 2012)
SCPRED (Kurgan et al., 2008)
MODAS (Mizianty and Kurgan, 2009)
RKS-PPSC (Yang et al., 2010)
Zhang et al. (2013)
Ding et al. (2014)
Zhang et al. (2014)
Kong et al. (2014)
This paper

Prediction accuracy (%)
All-α

All-β

α/β

α+β

Overall

69.1
85.3
92.6
92.3
95.0
92.8
95.0
92.6
95.7
91.7
94.4
98.9
73.9
90.6
89.1
92.8
92.0
94.2
93.7
–
97.7
96.2
97.7
69.1
80.7
89.1
92.3
89.2
92.4
89.2
91.5
91.9
98.7

83.7
81.7
80.1
83.7
85.6
83.3
81.3
72.5
80.8
80.8
83.3
89.6
61.0
81.8
85.1
88.3
81.8
80.5
83.8
–
88.0
90.7
97.4
83.7
86.4
86.7
87.1
86.7
84.4
88.8
86.7
84.4
89.1

85.6
73.7
74.0
81.2
81.5
85.8
83.2
71.7
82.4
79.8
83.5
85.6
81.9
85.9
88.1
85.9
87.6
87.6
91.5
–
89.1
96.3
97.1
85.6
81.4
89.6
87.9
82.6
84.4
85.6
82.0
85.3
89.2

35.7
55.3
71.0
68.3
73.2
70.1
77.6
71.0
75.5
64.0
73.2
78.9
33.9
66.7
71.4
66.1
74.3
77.2
79.5
–
84.2
69.5
79.3
35.7
45.2
53.8
65.4
65.6
73.4
58.5
66.4
72.2
73.4

70.7
74.1
79.7
81.4
83.9
82.9
84.3
77.2
83.7
79.0
83.6
88.4 (0.08)
62.3
80.8
83.1
82.7
83.6
84.5
87.5 (0.07)
87.5
89.6
92.0
95.6 (0.04)
70.7
74.6
80.6
83.5
81.3
83.6
81.2
81.8
83.5
87.6 (0.07)

Bold values are the best prediction results in each experiments.

all-β and α/β classes. When going through all the results, it is not difﬁcult to note that the average overall accuracy of α + β class for four
datasets is 77.8%, which is 19.5% lower than that of all-α class. Both T
3 and 4 indicate that it is more difﬁcult to predict α + β class because
there is non-negligible overlap in this class.

3.2. Performance comparison with the competing predictions
This paper further compared the proposed method with the available competing methods. Here, the accuracy of each class and overall accuracy were chosen as evaluation indexes to evaluate all the prediction
methods, and their results were summarized in Table 4.
The proposed method was ﬁrst compared with AADP-PSSM (Liu
et al., 2010), AAC-PSSM-AC (Liu et al., 2012) and Ding's method (Ding
et al., 2014) based on the position speciﬁc scoring matrix. Among all
the experiments, the proposed method achieved the best performance,
with accuracy above 5.4–9.4% better than the next competing Ding's
method (Ding et al., 2014).
We further compared the proposed method with recently published
methods. In the 25PDB experiment, the competing methods consist of
SCPRED (Kurgan et al., 2008), MODAS (Mizianty and Kurgan, 2009),
Zhang et al. (2011), RKS-PPSC (Yang et al., 2010), Ding et al. (2012),
Xia et al. (2012), Zhang et al. (2013) and Zhang et al. (2014). Table 4
shows that the proposed method achieved the best performance with
an overall accuracy of 88.4%, which is 4.4% higher than Ding's method
(Ding et al., 2012). In the 640 dataset, we compared the proposed
method with SCEC (Chen et al., 2008), SCPRED (Kurgan et al., 2008),
RKS-PPSC (Yang et al., 2010), Zhang et al. (2014) and Kong et al.
(2014). Our method achieved an overall accuracy of 87.5%, which is
3–4% higher than the next-competing methods (Zhang et al., 2014;

Kong et al., 2014). As for FC699 experiment, the competing methods
include SCPRED (Kurgan et al., 2008), 11 features (Liu and Jia, 2010)
and Kong et al. (2014). The comparison indicates that the proposed
method signiﬁcantly outperforms the other methods with an overall
accuracy of 95.6%. In the 1189 dataset, the compared methods are
SCPRED (Kurgan et al., 2008), MODAS (Mizianty and Kurgan, 2009),
RKS-PPSC (Yang et al., 2010), Zhang et al. (2013), Zhang et al. (2014)
and Kong et al. (2014). From Table 4, we also found that the proposed
method achieved the best performance among all the competing
methods. It is the only prediction method with an overall accuracy
over 87%, with 4.1% higher than the next-competing methods (Kong
et al., 2014).
From Table 4, we also noted that the prediction accuracy of α/β class
has been improved. To be speciﬁc, the accuracies for α/β class are 78.9%,
79.5%, 79.3% and 73.4 for 25PDB, 1189, 640 and FC699 datasets respectively, which are 5.7%, 2.3%, 9.8% and 1.2% higher than the nextcompeting methods (Zhang et al., 2014; Kong et al., 2014). All in all,
the above comparison shows that the proposed method outperforms
the available PSSM-based and PSSM-free prediction methods, which indicates that the RedPSSM structural properties and position-based
structural features reﬂect some critical information related to protein
structural class. This understanding can be then used to develop more
powerful methods for protein structural class prediction.

3.3. Inﬂuence of parameters in RedPSSM structural properties
A feature of the proposed method is the structural properties of
RedPSSM, which describes globe correlation among different columns
and simpliﬁes PSSM structures with the reduced amino acids. However,
it should be noted that the RedPSSM structural properties are associated
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Fig. 1. Overall accuracies of all experiments with each combination of parameters. The number of reduced groupings for 20 amino acids (NRG) and g positions (GP) using the jackknife
cross-validation test for four datasets, and the color from blue to red denotes the overall accuracy from low to high.

with the number of reduced groups for 20 amino acids (NRG) and g
positions (GP). For a better understanding of these parameters, we
calculated the structural properties of RedPSSM with NRG from 2 to 20
(listed in Table 2) and GP from 1 to 20. All experiments were performed
with each combination of parameter values using the jackknife
cross-validation test, and overall accuracy was chosen to represent the
score in this prediction. Fig. 1 is the overall accuracies of all experiments
with each combination of parameter values using the jackknife crossvalidation test for four datasets, and the color from blue to red denotes
the overall accuracy from low to high.
As would be expected, the prediction accuracies with different
parameters NRG and GP show two clear trends. One is that overall

3'%



accuracy changes for 25PDB, D640, FC699 and 1189 are similar in
spite of their different performances, and the other is that overall
prediction accuracy increases as NRG increases, but it decreases as g
positions (GP) increase.
To further study NRG, twenty experiments were performed with
given GP = 2 and NRG from 2 to 20, and overall accuracy was represented in Fig. 2. Fig. 2 shows that there is a considerable increase of the overall accuracy which occurred with NRG from 2 to 13. When the NRG is
over 13, the overall accuracy remains steady. The overall accuracies
for datasets 25PDB, 1189, FC699 and 640 are 72.80%, 75.55%, 88.69%
and 68.59% respectively, and there is not a great deal of difference
compared with the best combination of parameters NRG and GP.
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Fig. 2. Overall accuracies of all experiments with GP = 1 and number of reduced groupings (NRG) from 2 to 20 using the jackknife cross-validation test for four datasets.
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Fig. 3. Overall accuracies of all experiments with NRG = 13 and g position (GP) from 1 to 20 using the jackknife cross-validation test for four datasets.

To optimize the parameter GP, we also performed 20 experiments
with given NRG = 13 and GP from 1 to 20 for each dataset, and the
results were shown in Fig. 3. From Fig. 3, it is apparent that the best
performance of prediction achieved as g positions (GP) is equal to 2.
Therefore, this paper selected NRG = 13 and GP = 2 to construct the
structural properties of the RedPSSMs.
The above analysis provides us a basic understanding of the
parameters in RedPSSM structural properties, from which novel
valuable guidelines for the use of RedPSSM structural properties
were obtained. It is interesting to note that g position (GP = 2) in
RedPSSM structural properties is not random, but closely related to
the deﬁnition of protein structural classes. As is known, proteins
can be classiﬁed into four structural classes dominated by different
α-helices and β-strands. The alpha helix is a right hand-coiled or
spiral conformation (helix) in which every backbone N–H group donates a hydrogen bond to the backbone C_O group of the amino acid
four residues earlier (i + 4 to i hydrogen bonding), and a beta strand
is a stretch of polypeptide chain typically 3 to 10 amino acids long
with backbone in an almost fully extended conformation. Therefore,
the average interval position in alpha helices and beta strands is also

close to 2. That is to say, the proposed RedPSSM structural properties
are consistent with the α-helices' and β-strands' conformation.

3.4. Comparison of accuracies between different classiﬁcation algorithms
Support vector machine (SVM) was employed as a classiﬁer in
this work. To compare different classiﬁers' performance, k-nearest
neighbor algorithm (K-NN) and back-propagation (BP) neural network were also adopted for protein structural class prediction.
Here, we used K-NN with K = 1 and BP-NN with 9 neurons in the
hidden layer, which were implemented in Matlab toolbox. All experiments were performed based on the reduced PSSM and positionbased secondary structural features using jackknife test, and the
overall classiﬁcation accuracies as well as the accuracies for each
structural class were listed in Fig. 4.
From Fig. 4, it is easy to note that the SVM classiﬁer achieved the
best performance among the three classiﬁers. Speciﬁcally, the average
overall prediction accuracy is 89.8% for 25PDB, 1189, 640 and FC699
datasets compared with 83.0% of the K-NN and 71.4% of the BP-NN.

SVM
KNN
BP-NN

Fig. 4. Performance comparison of different classiﬁcation algorithms on the four datasets.
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This result may indicate that the SVM is a more powerful classiﬁer for
protein structural class prediction.
4. Conclusion
Assignment protein structural class gives some useful information
on overall folding type study, especially for proteins with low sequence
similarity. This paper proposed a novel scheme to predict protein structural classes, which explores the structural properties of the RedPSSM
and position-based structural features. To do so, we ﬁrst reduced 20
amino acids into several groups with reserving maximal information
of proteins and used them to simplify the structure of the position speciﬁc scoring matrix. The experiment results indicate that the reduced
alphabets with size 13 simplify PSSM structures efﬁciently while reserving its maximal information. With the help of auto covariance transformation, we measured the global structural properties of RedPSSM
among different columns. For a better understanding of g positions,
the performance optimization of this parameter was performed and
the best performance of prediction was achieved with g positions 2.
Instead of focusing on content-based structural features, we combined
the reduced PSSM with our proposed position-based structural features
for protein structural class prediction. We also evaluated the proposed
method with four experiments and compared it with the available competing prediction methods. The results show that the proposed method
achieved the best performance among the evaluated methods, with
overall accuracy 3–5% higher than the existing best-performing method,
which indicates that the RedPSSM structural properties and positionbased structural features reﬂect some critical information related to
protein structural class. This understanding can be then used to develop
more powerful methods for protein structural class prediction.
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