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Abstract: The prediction of protein structural classes is beneﬁcial to understanding folding patterns, functions
and interactions of proteins. In this study, we proposed a feature selection-based method to accurately predict
protein structural classes. Three datasets with sequence identity lower than 25% were used to test the prediction
performance of the method. Through jackknife cross-validation, we have veriﬁed that the overall accuracies of
these three datasets are 92.1%, 89.7% and 84.0%, respectively. The proposed method is more eﬃcient and accurate
than other existing methods. The present study will oﬀer an excellent alternative to other methods for predicting
protein structural classes.
Key words: protein structural class, feature selection technique, support vector machine, tetrapeptide.

1 Introduction
The prediction of protein structure based on amino
acid sequences is one of the most important problems in
theoretical biology. Generally, the globular protein domains can be categorized into all-α, all-β, α+β and α/β
according to the types and arrangements of their secondary structural elements (Levitt and Chothia, 1976).
The knowledge of protein structural class can provide
valuable information to reduce the scope of conformational search during energy optimization.
Since the concept of protein structural class was proposed three decades ago, it has been used as an important attribute to characterize the overall folding type of
a protein or a domain. The prediction of protein structural classes has become one of the hotspots in bioinformatics and has attracted the attention from lots of
structural biologists and bioinformatics scholars (Lin et
al., 2012; Ding et al., 2012; Qin et al., 2012; Chen et
al., 2008, 2012; Dai et al., 2011; Liu et al., 2010, 2011;
Yang et al., 2009, 2010; Liu and Jia, 2010; Mizianty
and Kurgan, 2009; Li et al., 2009; Costantini and Facchiano, 2009; Kurgan et al., 2008a, b; Yu et al., 2007;
Lin and Li, 2007; Kurgan and Homaeian, 2006; Cai et
∗
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al., 2000; Bu et al., 1999; Zhou, 1998). A large number
of machine learning algorithms were developed for protein structural class prediction, such as: support vector
machine (SVM) (Lin et al., 2012; Ding et al., 2012;
Qin et al., 2012; Chen et al., 2012; Dai et al., 2011;
Liu et al., 2011), Fisher’s discriminant (FD) (Yang et
al., 2009, 2010), increment of diversity combined with
quadratic discriminant (IDQD) (Lin and Li, 2007), neural networks (NNs) (Cai et al., 2000), etc. For machinelearning-based methods, a key step is to transform protein sequences into feature vectors with ﬁxed length.
For the description of protein sequences, various feature extraction methods were proposed to discretely
describe protein sequences. Because the structure class
of a protein is closely related to its primary sequence,
the amino acid compositions (AAC) were selected as
the inputs of predictors (Bu et al., 1999; Zhou, 1998).
To catch the sequence-order information, the dipeptide
compositions were added into feature vectors (Lin and
Li, 2007). And polypeptide compositions were also used
to enhance the predictive power of predictors (Yu et al.,
2007). It is well known that the physicochemical properties of 20 amino acids can inﬂuence the fold mode of
proteins. Hence, the pseudo amino acid compositions
(PseAAC) were developed to describe not only amino
acid composition, but also the long-distance interaction
of physicochemical properties among residues (Qin et
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al., 2012; Chen et al., 2012).
Although these features have achieved encouraging
results for high-identity (≤40% identity) datasets, most
of them were not applicable for the datasets with low
identity (≤25% identity). To overcome this limitation, some informative parameters were proposed for
the low-identity datasets. Since the PSI-BLAST program can ﬁnd distant relatives of a protein and is much
more sensitive in picking up distant evolutionary relationships, position-speciﬁc score matrix (PSSM) extracted from the PSI-BLAST proﬁle were proposed for
prediction (Liu et al., 2010, 2011). However, the predicted accuracy was only slightly improved. Because
the types and arrangements of secondary structural elements of four structural classes are diﬀerent (Levitt
and Chothia, 1976), the predicted secondary structural
features (PSSF) were used to improve prediction performance for low-similarity sequences (Ding et al., 2012;
Dai et al., 2011; Yang et al., 2010; Liu and Jia, 2010;
Mizianty and Kurgan, 2009; Kurgan et al., 2008a).
And the prediction results were dramatically improved.
However, the results are largely dependent on the results derived from secondary structure prediction. Furthermore, the accuracies are still far from satisfactory.
The way to extract representational parameters of proteins is the most important problem for protein structural class prediction.
As the structural unit of alpha helix, tetrapeptide
plays a crucial role in the formation of the regular
structure for the hydrogen bonds in the helix connecting the ith residue with the (i+4)th residue (Qi
et al., 2012). Rackovsky has estimated that 60-70%
of tetrapeptides encode speciﬁc structures (Rackovsky,
1993). These tetrapeptides can be regarded as the
protein folding code and has been applied in protein
secondary structure prediction through feature selection technique (Feng and Luo, 2008). Therefore, in
the paper, we introduced a novel method based on the
tetrapeptide signals selected by binomial distribution to
predict protein structural classes. To test the method
and facilitate the comparison with previous studies,
three benchmark datasets were selected to evaluate the
prediction performance of the method. The high prediction accuracy indicates that the tetrapeptide signals
are important in protein structural class prediction.

2 Materials and methods
2.1

Database

Three low-identity benchmark datasets are selected
to test the proposed method. The ﬁrst dataset is called
25PDB which contains 443 all-α proteins, 443 all-β proteins, 346 α/β proteins and 441 α + β proteins (Yang
et al., 2010; Kurgan and Homaeian, 2006). The second
dataset is called 640 which contains 138 all-α proteins,

154 all-β proteins, 177 α/β proteins and 171 α + β
proteins (Yang et al., 2010; Chen et al., 2008). The
sequence identity of the above two datasets is less than
25%. The third dataset is called ACS dataset which
contains 124 all1-α proteins, 112 all-β proteins and 163
mixed αβ proteins (Lin et al., 2012).
2.2

Tetrapeptide signals

By sliding the window of four residues with the step
of one residue along a protein sequence, we obtain
160 000 kinds of tetrapeptides and convert them into
the following vector:
F = [f1 , f2 , · · · , fi , · · · , f160000 ]T

(1)

where, symbol T denotes the transposition of the vector; fi is the frequency of the ith tetrapeptide and expressed as:
f i = ni /

160000
j=1

nj = ni /(L − 3)

(2)

where, ni and L denote the number of the ith tetrapeptide and the length of the protein, respectively.
The vector F is a high dimensional vector. The prediction of protein structural classes with high dimensional features will result in three problems. Firstly,
over-ﬁtting results in low generalization ability and
overestimation of prediction model. Secondly, information redundancy or noise results in poor prediction
accuracy and erroneous description of intrinsic properties. Thirdly, dimension disaster results in a handicap
for the computation or the increase in computational
time. The binomial distribution describes the outcome
of n independent trials in an experiment. Thus, we use
it to optimize feature set (Feng and Luo, 2008).
It is supposed that the ith tetrapeptide occurs nij
times in structural class j and Ni times in benchmark
dataset. If its occurrence in structural class j is a
stochastic event, the conﬁdence level of nij or more
times of the ith tetrapeptide occurrence in structural
class j (CLij ) can be calculated as follows:
CLij = 1 −

Ni

n=nij

Ni !
pn (1 − pj )Ni −n
n!(Ni − n)! j

(3)

where, pj is the prior probability of tetrapeptides of
structural class j in benchmark dataset and can be deﬁned as:
 160000
160000
pj =
nij
Ni
(4)
i=1

160000

i=1

160000

where, i=1 Ni and i=1 nij are the total occurrence times of all the tetrapeptides in the dataset and
structural class j, respectively.
As CLij tends to 1, the occurrence of the ith
tetrapeptide in structural class j for nij times should
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not be a random event. If there are m tetrapeptides
whose CLs are larger than a given cutoﬀ CLo , the frequencies of these tetrapeptides are selected as the optimized features and expressed as:
T

Fm = [f1 , f2 , · · · , fi , · · · , fm ]

(5)

If CLo is set to zero, all the 160 000 tetrapeptides
are selected. If CLo > 1, no tetrapeptide is selected.
According to this process, high-dimensional data can be
projected into low-dimensional space. The parameter
m or CLo may be selected through cross-validation.
2.3

The definition of tendency to secondary
structure

Based on the Chou-Fasman’s conformational parameters of secondary structure (Prevelige Jr and Fasman,
1989), the tendency of an arbitrary tetrapeptide j is
deﬁned as:
4
4
T endencyj =
fαij −
fβij
(6)
i=1

fαij

i=1

fβij

where,
and
are respectively the helix propensity and sheet propensity for the ith residue in the jth
tetrapeptide. The larger the T endencyj is, the easier
the helix formation with the jth tetrapeptide, and vice
versa.
2.4

Support vector machine

SVM is a popular and wonderful supervised machine
learning technique. The basic idea of SVM is to map the
data of samples into a high dimensional Hilbert space
and to seek a separating hyperplane in this space. Here,
the free software tool box LibSVM (Fan et al., 2005)
was adopted to implement SVM. The radial basis function (RBF) was selected as the kernel function. The
one-versus-one (OVO) strategy is used for multiclass
classiﬁcation. The regularization parameter C and kernel parameter γ were optimized through grid search
with cross-validation.
2.5

Performance evaluation

As a kind of statistical test method, the crossvalidation test has been widely applied in bioinformatics prediction. Since the jackknife cross-validation can
yield unique results and has been employed to estimate
the performance of other methods of protein structural
class prediction (Lin et al., 2012; Ding et al., 2012; Qin
et al., 2012; Chen et al., 2012; Dai et al., 2011; Liu et
al., 2011), we adopt it to evaluate the performance of
our method. The two parameters of sensitivity (Sn)
and overall accuracy (Oa) are used to describe the prediction accuracy of our method.
Snj = T Pj /(T Pj + F Nj )
N
T Pj /N
Oa =
j=1

(7)
(8)

where, T Pj and F Nj respectively denote true positives
and false positives of the jth structural class; N is the
number of samples.

3 Results and discussion
3.1

Accuracy

In general, the tetrapeptides with a high conﬁdence
level will give more reliable information for classiﬁcation. However, the number of these tetrapeptides is
too small to aﬀord enough information, leading to poor
prediction accuracy. In contrast, the tetrapeptide set
with low conﬁdence level contains too many components, which reduces the cluster-tolerant capacity and
lower the cross-validation accuracy. Therefore, it is necessary to adopt the optimized tetrapeptides to perform
prediction. Through adjusting the cutoﬀ of conﬁdence
level CLo from 1 to 0, we obtained a series of tetrapeptide sets. After inputting these feature sets into SVM
and examining their prediction accuracies, we picked
out the optimized feature sets with the highest accuracy. In order to reduce time and improve eﬃciency,
the CLo , the regularization parameter C and the kernel
parameter were optimized through the ﬁve-fold crossvalidation.
For the three benchmark datasets, 25PDB, 640 and
ACS datasets, the processes of feature selection are the
same, but the optimized conﬁdence levels CLo are different. When the optimized CLo s were set to 85.0%,
87.2% and 88.9%, the highest accuracies were obtained
for 25PDB, 640 datasets and ACS datasets, respectively. The results were recorded in Table 1. For comparison, the results of other existing methods were also
provided in Table 1. As shown in Table 1, our method
obtained the overall accuracies of 92.1%, 89.7% and
84.0% for 25PDB, 640 and ACS datasets, respectively.
Several studies indicated that it was diﬃcult to discriminate α/β class from α + β class (Ding et al., 2012;
Yang and Chen, 2010; Kurgan et al., 2008a). However,
the prediction accuracy of α/β class and α + β class
obtained by the proposed method is higher than 89%
(Table 1). These results are better than previous results, suggesting that the proposed method is superior
to other methods.
The representation of protein sequence is a key step
for protein structural class prediction. For high-identity
dataset, primary sequence information, such as amino
acid composition, dipeptide composition, physiochemical properties of amino acids and PSI-BLAST proﬁles,
can achieve high accuracy. However, for low-identity
datasets, these parameters are not available and the
predicted accuracies are generally less than 75% (Table
1). Thus, the predicted secondary structural feature derived from software PSIPRED (McGuﬃn et al., 2000)
is proposed to represent proteins in previous studies
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Table 1

Comparison of diﬀerent methods on two benchmark datasets
Sensitivity (%)

Dataset

Method
All-α

25PDB

640

ACS

All-β

α/β

Overall
α+β

accuracy (%)

WSVM (PseAAC) (Chen et al. 2012)

59.1

60.0

58.1

50.1

56.8

LR (physicochemical properties) (Kurgan and Homaeian 2006)

69.1

61.6

60.1

38.3

57.1

KNN (specific peptide frequencies) (Costantini and Facchiano 2009)

60.6

60.7

67.9

44.3

58.6

SVM (PseAAC+Over represented k-mers) (Qin et al. 2012)

83.3

50.8

59.8

44.4

59.6

linear LR (physicochemical properties) (Kurgan and Chen 2007)

77.4

66.4

61.3

45.4

62.7

FD (chaos game representation) (Yang et al. 2009)

64.3

65.0

65.0

61.7

64.0

SVM (PseAAC) (Li et al. 2009)

76.5

67.3

66.8

45.8

64.0

SVM (PSSM) (Liu et al. 2010)

83.3

78.1

76.3

54.4

72.9

SVM (PSSM) (Liu et al. 2011)

85.3

81.7

73.7

55.3

74.1

DT (PSSF)(Kurgan et al. 2008b)

90.7

80.1

68.8

64.1

76.4

SCPRED, SVM (PSSF) (Kurgan et al. 2008a)

92.6

80.1

74.0

71.0

79.7

MODAS, SVM (PSSF) (Mizianty and Kurgan 2009)

92.3

83.7

81.2

68.3

81.4

FD (PSSF) (Yang and Chen 2010)

92.8

83.3

85.8

70.1

82.9

SVM (PSSF) (Liu and Jia, 2010)

92.6

81.3

81.5

76.0

82.9
83.1

SVM (PSSF) (Dai et al. 2011)

90.1

84.7

79.5

77.6

SVM (PSSF) (Ding et al. 2012)

95.0

81.3

83.2

77.6

84.3

SVM (optimized tetrapeptides) (This paper)

97.5

90.5

89.3

90.2

92.1

SVM (PSSM) (Chen et al. 2008)

73.9

61.0

81.9

33.9

62.3

SCPRED, SVM (PSSF) (Kurgan et al. 2008a)

90.6

81.8

85.9

66.7

80.8

FD (PSSF) (Yang et al. 2010)

89.1

85.1

88.1

71.4

83.1

SVM (PSSF) (Ding et al. 2012)

94.9

76.6

89.3

74.3

83.4

SVM (PSSF) (Dai et al. 2011)

91.3

87.7

88.7

81.3

87.0

SVM (optimized tetrapeptides) (This paper)

94.2

78.6

93.2

92.4

89.7

SVM (Dipeptides + AAC) (Lin et al. 2012)

49.2

35.7

66.9

52.6

SVM (PseAAC) (Lin et al. 2012)

68.5

59.8

65.6

64.9

SVM (averaged chemical shift) (Lin et al. 2012)

92.7

77.7

91.4

88.0

SVM (optimized tetrapeptides) (This paper)

91.9

75.0

84.0

84.0

(Ding et al., 2012; Dai et al., 2011; Yang et al., 2010;
Liu and Jia, 2010; Mizianty and Kurgan, 2009). The
results demonstrated that this feature did improve the
performance of predictive models and that the accuracies were usually higher than 80% (Ding et al., 2012;
Dai et al., 2011; Yang et al., 2010; Liu and Jia, 2010;
Mizianty and Kurgan, 2009). However, the accuracy of
PSIPRED is only about 80%. If the secondary structure of a protein chain is not correctly predicted, it will
lead to the incorrect prediction of the structural class
of this protein. Thus, without other information, the
models based on the secondary structural information
can not achieve higher accuracies. Moreover, 60%-70%
of tetrapeptides encode the speciﬁc secondary structure
(Rackovsky, 1993). Therefore, we directly extracted
tetrapeptide information from primary sequence to represent protein samples. In this way, we can avoid potential misleading information from secondary structure
prediction programs. And our results demonstrated

that the proposed feature was a powerful feature for
protein structural class prediction.
Because the occurrence frequency of a tetrapeptide
in random sequence is very low (1/160 000), particular tetrapeptides within a protein may contribute to
the particular functional role of the protein, other than
the result of random selection. Tripeptides could be
used in prediction. However, tripeptides appear about
20 times more than tetrapeptides. Hence, they would
bring more noise into prediction. For example, the optimized tripeptides produced by the binomial distribution can only achieve the overall accuracies of 69.4%
for 25PDB dataset and 81.7% for 640 dataset. These
results further suggest that the tetrapeptides are suitable for the protein structural class prediction. Shaﬁullah and Al-Mamun (Shaﬁullah and Al-Mamun, 2010)
have also used tetrapeptides to predict protein structural classes. However, they didn’t give a strict statistical analysis to optimize tetrapeptides. Moreover, they
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didn’t demonstrate the performance of their method by
comparing with other published methods. Finally, they
didn’t provide any analysis to explain why the tetrapeptides were selected.
3.2

Tendency to secondary structure

It is also indicated that the selected tetrapeptides
play important roles in the protein structural class prediction. Thus, we calculated the tendencies of forming α helix or β sheet for all the over represented
tetrapeptides in diﬀerent structural classes according to
the Chou-Fasman’s conformational parameters (Kurgan and Chen, 2007). The tendency of an arbitrary
tetrapeptide is deﬁned as the diﬀerence between the
sum of helix propensities and the sum of sheet propensities of four residues in the tetrapeptide. The averaged
tendencies for diﬀerent classes were recorded in Table 2.
The selected tetrapeptides in all-α class have the maximum averaged tendency and the selected tetrapeptides
in all-β class have the minimum one. The tendency of
tetrapeptides to form alpha helices is meaningful and
the reason is the ith to (i-4)th hydrogen bonds connections. The beta-structural form can also be recognized
as longer polypeptides (the phi and psi of an isolated
amino acid or a dipeptide can not be classiﬁed as an
orderly form) (Meus et al., 2006). This is the reason
why the tetrapeptide is selected as the unit for protein
structural class prediction. In fact, to determine the
evolutionary relationship between proteins, the protein
structural domains can be classiﬁed at lower levels such
as fold, superfamily, family and domain levels based
on similarities of their structures and amino acid sequences. Thus, the feature selection method proposed
in this paper can also be used for classifying protein
structures at lower levels in the hierarchy.
Table 2

The averaged tendencies for selected
tetrapeptides in diﬀerent structural
classes

dataset

All-α

All-β

α/β

α+β

25PDB

0.4133

−0.1488

0.1201

0.1414

640

0.4687

−0.1077

0.2247

ACS

0.7330

−0.0492

0.1492
0.5354

4 Conclusion
In this paper, we developed a novel method based
on selected tetrapeptides to predict protein structural
classes. The statistical signiﬁcance of each tetrapeptide was given by the binomial distribution. Based
on the statistical signiﬁcance, the feature set was optimized. High prediction accuracy obtained in the two
benchmark datasets with low identity indicates that the
method is superior to other existing methods for pro-

tein structural classiﬁcation. By calculating tendencies
of forming α helix or β sheet for all the over represented tetrapeptides, we provided the reason why the
tetrapeptide was selected as the unit for protein structural class prediction.
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