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• A novel method is developed to predict protein structural classes.
• The protein samples were formulated by integrating various knowledge.
• An overall accuracy of 96.7% was obtained on a strict benchmark dataset.
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a b s t r a c t
Protein structural class could provide important clues for understanding protein fold, evolution and
function. However, it is still a challenging problem to accurately predict protein structural classes for
low-similarity sequences. This paper was devoted to develop a powerful method to predict protein
structural classes for low-similarity sequences. On the basis of a very objective and strict benchmark
dataset, we firstly extracted optimal tripeptide compositions (OTC) which was picked out by using
feature selection technique to formulate protein samples. And an overall accuracy of 91.1% was achieved
in jackknife cross-validation. Subsequently, we investigated the accuracies of three popular features:
position-specific scoring matrix (PSSM), predicted secondary structure information (PSSI) and the average
chemical shift (ACS) for comparison. Finally, to further improve the prediction performance, we examined
all combinations of the four kinds of features and achieved the maximum accuracy of 96.7% in jackknife
cross-validation by combining OTC with ACS, demonstrating that the model is efficient and powerful. Our
study will provide an important guide to extract valuable information from protein sequences.
© 2018 Published by Elsevier B.V.

1. Introduction
Protein structure plays an important role in understanding its
function. According to their chain fold topologies, protein domains
are generally categorized into four main structural classes: all-α ,
all-β , α/β and α + β proteins, which are shown in Fig. 1 [1]. Allα and all-β proteins are mainly composed of α -helices and β strands, respectively. α/β proteins mainly consisted of α -helices
and β -strands alternately with β -sheets almost built up from
parallel strands. α + β proteins are predominantly made up of α helices and β -strands separately with β -sheets almost formed by
anti-parallel strands. α/β and α + β proteins are always combined
as mixed αβ proteins because the two classes are different in the
aspect of the secondary structure connectivity, which is considered
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at a lower level describing topology [2]. The knowledge of protein
structural class can effectively increase the accuracy of secondary
structure and tertiary structure prediction [3,4], reduce the scope
of conformational searches during energy optimization [5] and
provide the important information about protein function [6–8].
In the past three decades, the prediction of protein structural classes has become one of the hotspots in bioinformatics
and has attracted the attention of many bioinformatics scholars
and structural biologists [9–35]. In the past ten years, many machine learning based algorithms have been used to build computational models for the prediction of protein structure classes,
such as support vector machine (SVM) [9–15], artificial neural
network (ANN) [16], covariant discriminant [17], Fisher’s discriminant (FD) [18], increment of diversity combined with quadratic
discriminant (IDQD) [19], Bayesian classifier [20,21], and so on.
A key point for machine learning methods is to extract fixedlength and valid features to formulate protein samples. Hence,
various sequence features have been applied to represent protein
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Fig. 1. A schematic illustration to show the four structural classes of proteins: (a) all-α (PDB ID: 1HQB), (b) all-β (PDB ID: 1S6N), (c) α/β (PDB ID: 1QXN) and (d) α + β (PDB
ID: 2GA5).

sequences, such as amino acid composition (AAC) [22–25], dipeptide and tripeptide compositions [19,26,27], pseudo amino acid
composition (PseAAC) [28], PSI-BLAST profile [29,30], predicted
secondary structure information (PSSI) [31–33], average chemical
shift (ACS) [11,34,35], and so on.
The prediction accuracy of these methods is strongly affected
by the sequence similarity of the training and testing datasets.
For example, the accuracy is more than 90% for high-similarity
sequences [35–37]. However, it is less than 85% for low-similarity
sequences. Therefore, many efforts have been made to improve
the prediction accuracy for low-similarity datasets by selecting
different sequence features and classification algorithms in recent
years [30,33,38]. However, the accuracy of the recent methods is
still far from satisfactory.
In our previous studies [11,39], ACS and optimal k-mer peptide
composition were successfully applied in protein structural class
prediction with low-similarity sequences. The aim of this study
is to develop a high accuracy model for the prediction of protein
structural class with low-similarity sequences.
The paper is organized as follows. A high quality benchmark
dataset was firstly built. And then the feature encoding schemes
that has been used in protein structural classes have been introduced. Subsequently, we examined the prediction performance of
different features including ACS, PSSM, OTC, PSSI, and their fusion.
Finally, a SVM based model was proposed and was utilized to
perform discrimination on a low-similarity (∼15%) protein benchmark dataset. High accuracy was obtained by using the jackknife
cross-validation.

2.2. Optimal tripeptide composition
To reflect the residue composition and their short correlation,
the tripeptide composition [43] was produced by sliding a window
of three residues with the step of one residue along a protein
sequence P, which can be described as:
P = [f1 , f2 , . . . , fi , . . . , f8000 ]T

where the symbol T denotes the transposition of the vector, fi
represents the frequency of the ith tripeptide and can be expressed
as:
f i = ni /

8000
∑

The proteins file with the chemical shift values of nuclei 13 CO ,
C¸ ,13 C˛ , 1 HN , 1 H¸ and 15 N were obtained from re-referenced protein chemical shift database (RefDB) [40]. Their structural class
types and sequences were obtained from Protein Data Bank (PDB)
[41]. In order to get a reliable and high quality benchmark dataset,
we excluded the proteins (1) whose structural class type were
not annotated in PDB, (2) whose sequence identity is less than
50 residues, (3) whose CSs of <35% residues are not provided.
Finally, PISCES program was utilized to remove the high similarity
sequences by using sequence identity cutoff of 25% [42]. Through
the rigorous filtration of the above steps, we finally obtained a lowsimilarity dataset which includes 124 all-α , 112 all-β , 163 mixed
αβ proteins. Among the 399 proteins, 395 proteins share less than
15% sequence identity, suggesting that the benchmark dataset is
very strict. Such reliable and rigorous dataset provide us a strict
and objective standard to evaluate the performances of various
prediction methods.
13

ni = ni /(L − 2)

(2)

i=1

where ni and L denote the number of the ith tripeptide and the
length of protein sequence, respectively.
However, an arbitrary tripeptide occurring in one type of protein structural classes is maybe a stochastic event. The tripeptide
is redundant information or noise, which will bring out overfitting,
overestimation and generation capability of the proposed model.
Therefore, we must pick out the optimal tripeptides. Based on
the statistical theory, the occurrence of a tripeptide in one type
of protein structural classes obeys the binomial distribution [14].
Accordingly, the confidence level (CL) of the tripeptide i occurring
in jth type can be calculated by
CLij = 1 −

Ni
∑
k=nij

2. Material and methods
2.1. Database

(1)

Ni !
k! (Ni − k)!

qkj 1 − qj

(

)Ni −k

(3)

where nij is the number of the ith tripeptide in the jth type of
protein. Ni is the number of the ith tripeptide in all protein samples.
qj is called the prior probability and can be calculated by
qj = mj /M

(4)

where mj is the number of tripeptide in the jth type of protein
and M is the total occurrence frequency of all tripeptides in the all
protein samples. Since there are three types of protein structural
classes in this study, each tripeptide has three CL values in the three
types. We selected the maximum CL as the tripeptide’s CL.
To find out the optimal tripeptides, the increment feature selection (IFS) [44,45] was used. At first, we ranked the 8000 tripeptides
in a descending order according to their CL values. Subsequently,
the first tripeptide with the largest CL value in the ranked feature
set was regarded as the first feature subset. Then, the second feature subset was formed by adding the tripeptide with the second
largest CL value into the first feature subset. This two-step process
was repeated until all 8000 tripeptides were added. Finally, SVM
was utilized to investigate the performances of the 8000 feature
subsets by use of 5-fold cross-validation test for finding the optimal
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feature subset which can produce the maximum accuracy. As a
result, we found that 1254 optimal tripeptides can produce the
best prediction performance. The protein sequence P was thus
formulated by optimal tripeptide composition (OTC) as follows.
POTC = [f1 , f2 , . . . , fi , . . . , f1254 ]T

(5)

2.3. Position-specific score matrix (PSSM)
To reflect the evolutionary information, we utilized each protein sequence as a seed to search homogenous sequences from
NCBI’s NR database using the PSI-BLAST program [46] with three
iterations and a cutoff E-value of 0.001. Then the PSSM was constructed through a multiple alignment of the highest scoring hits
in an initial BLAST search.
PSSM is a matrix of size L × 20, where L is the length of the
protein primary sequence and there are 20 amino acids. The (i, j)th
entry of the matrix represents the score of the residue in the ith
position of query sequence being mutated to residue type j during
the evolution process. In this work, the PSSM elements were scaled
to the range from 0 to 1 using the following sigmoid function
f (x) =

(6)

1 + e− x

p1,1
⎢p2,1

p1,2
p2,2

.

..
.

···
···
..
.

pL,1

pL,2

···

⎡

PPSSM = ⎢
⎣ ..

p1,20
p2,20 ⎥
pL,20

(7)

(j = 1, 2, . . . , 20)

(8)

where
pi,j

(j = 1, 2, . . . ., 20)

(9)

i=1

where pj is the composition of residue type j in PSSM and represents the average score of the amino acid residues in the protein P
being mutated to amino acid type j during the evolution process.
However, AAC-PSSM signals only represent the residue composition in protein P, and all the sequence-order information will
be lost. For reflecting the sequence-order information, the DPCPSSM [30] was proposed to describe protein samples as follows:
P = D1,1 , D1,2 , . . . , D1,20 , D2,1 , D2,2 , . . . , D2,20 , . . . ,

(

D20,1 , D20,2 , . . . , D20,20

)T

(10)

where
Di,j =

1
L−1

PPSSI = (p1 , p2 , . . . , p8 )T

(13)

where p1 and p2 represent the content of the secondary structure
α -helix and β -strand, respectively, and were formulated as:

{

p1 = nα /L

p2 = nβ /L

(14)

where nα and nβ are the numbers of residues belonging to α -helix
and β -strand in the protein with the length of L residues.
The p3 and p4 denote the content of the longest α -helix segment
and β -strand segment, respectively, and were formulated as::
p3 = nα−max /L

L−1
∑

pk,i × pk+1,j

(1 ≤ i, j ≤ 20)

(11)

k=1

where pi,j can be calculated by Eq. (7).
For including more information, AAC-PSSM and DPC-PSSM features are merged together into a 420-dimensional vector and can
be expressed as:
PPSSM = p1 , p2 , . . . , pL , D1,1 , D1,2 , . . . , D1,20 , D2,1 , D2,2 , . . . ,

)T

(15)

where nα−max and nβ−max are the residue numbers of the longest

α -helix segment and β -strand segment in the protein.

The p5 and p6 , respectively represent the ratios of average
lengths of α -helix and β -strand in the protein, and were formulated as:
p5 = nα /L

(16)

where nα and nβ are the average lengths of α -helix segment and
β -strand segment in the protein.
The p7 and p8 respectively represent composition moment vectors for α -helix and β -strand, which can reflect the information
about both composition and position of residues in the sequence
and are formulated as:

⎧
∑nα α
⎪
⎪
j=1 nj
⎪
⎨p7 =
L(L − 1)
∑nβ β
⎪
n
⎪
⎪
⎩p8 = j=1 j
L(L − 1)

(17)

where nα and nβ are the total number of residues belonging to α β
helix and β -strand, respectively. nαj and nj are the jth position of

α -helix and β -strand residue in the secondary structure sequence,
respectively.
Most of the types of features used in this study can now be
conveniently calculated and extracted using the state-of-the-art
iFeature toolkit specifically developed for feature extraction of
protein and peptide sequences [43].
2.5. Averaged chemical shift
The chemical shift (CS) is a measurement of nuclear magnetic
resonance (NMR) to measure the dependence of nuclear magnetic
energy levels on the electronic environment in a molecule. Some
works have demonstrated that the CS information is a powerful
indicator for protein structure prediction [11,48,49]. Here, we calculated averaged chemical shifts (ACSs) as follows.
ACSi =

M
∑

CSim /M

(18)

m=1

(

D2,20 , . . . , D20,1 , D20,2 , . . . , D20,20

p4 = nβ−max /L

p6 = nβ /L

.. ⎥
⎦
.

P = (p1 , p2 , . . . , pj , . . . , p20 )T

L

The protein secondary structure information is also important
feature for protein structural class prediction. In this study, we
used three secondary structure states namely: α -helix, β -strand
and coil to describe the structure of residues in protein sequence.
The software PSIPRED [47] were used to predict protein secondary
structure. Then, each sample will be formulated by a 8-dimensional
feature vector expressed as:

{

⎤

Then, an arbitrary protein P with L residues can be represented by
AAC-PSSM as follows:

L
1∑

2.4. Predicted protein secondary structure information

{

1

where x is the original PSSM value.
To make the PSSM descriptor become a size-uniform matrix, we
extracted amino acid composition (AAC) and dipeptide composition (DPC) from the PSSM. A protein sample was represented by
PPSSM .

pj =

789

(12)

here i = 1, 2, 3, 4, 5, 6 correspond to 13 CO , 13 Cα , 13 Cβ , 1 HN , 1 Hα
and 15 N, respectively. M denotes the total number of residues with
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Fig. 2. The general framework for selecting optimal model.

chemical shift values assigned for nucleus species i. CSim denotes
the chemical shift value of the i-th nucleus at the mth residue. Thus,
each sample can be described by a 6-dimensional feature vector
expressed as:

The four standard performance measures, including sensitivity
(Sn), specificity (Sp), overall accuracy (OA), and average prediction
accuracy (AA), were used to evaluate the performance and defined
as:

PACS = (ACS1 , ACS2 , . . . , ACS6 )T

Snj =

(19)

2.6. Support vector machine
SVM is a popular machine learning technique and has been applied in protein structural class prediction [50–52] and other bioinformatics fields [53–62]. The basic idea of SVM is to project data of
a sample into a high dimensional Hilbert space and to explore an
optimal separating hyperplane in this space. The implementation
of SVM was carried out by using the LibSVM package 3.22, which is
available at http://www.csie.ntu.edu.tw/~cjlin/libsvm/. Generally,
four kernel functions, namely linear function, polynomial function,
sigmoid function and radial basis function (RBF), can be used in
classification. Empirical studies have shown that RBF is superior
to other kernel functions. Hence, we choose the RBF to perform
prediction. 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 10-fold
cross validation in the LibSVM software [63]. All calculations were
implemented on Ubuntu 14.04LTS running on two servers with
TITAN X GPU and Intel Xeon(R) E5-2687 W v2 CPU.
2.7. Performance evaluation
In statistical prediction, three cross-validation methods are often used to examine a predictor for its effectiveness, including
independent dataset set, sub-sampling test, and jackknife test [64].
In the jackknife test, one sample was selected as test dataset
and the rest was regarded as training dataset. This process was
repeated until all samples were examined. Due to it can yield a
unique result, jackknife test has been widely used to study the
accuracy of various predictors [50,51,65–70]. Hence, we adopt it
to evaluate the performance of our method.

Spj =
OA =

TPj
TPj + FNj
TNj
TNj + FPj
n
∑
TPj
j=1

AA =

N

n
∑
Snj
j=1

n

(20)
(21)
(22)

(23)

where TPj , TNj , FPj , and FNj respectively denote true positives, true
negatives, false positives, false negatives of the jth structural class,
N and n represent the number of total samples and number of
structural classes, respectively.
We obtained the available and non-redundant features and
constructed the high accuracy of model. An intuitive picture to
describe the general framework is shown in Fig. 2.
3. Result and discussion
We firstly investigated the prediction performances of four
kinds of features namely OTC, PSSM, PSSI and ACS by using SVM.
For tripeptide composition optimized by binomial distribution, the
IFS technique was used to obtain the OTC which could produce
the maximum accuracy. The details of optimization process can
be referred to Section 2.2. The IFS curve was drawn in Fig. 3.
We noticed that when 1254 optimal tripeptides were used, the
maximum overall accuracy was obtained. As a result, the overall
accuracies are 91.0%, 70.7%, 89.2%, 86.7% for OTC, PSSM, PSSI and
ACS, respectively.
Subsequently, we examined the prediction accuracies of all
combinations of four features. Thus, a total of 11 experiments

X.-J. Zhu et al. / Knowledge-Based Systems 163 (2019) 787–793

791

Table 2
The prediction qualities of four best models.
Features

Structural class

Sn (%)

Sp (%)

OA (%)

AA (%)

OTC-PSSI

All-α
All-β

96.0
91.1
99.4

96.0
97.9
93.6

96.0

95.5

OTC-ACS

All-α
All-β

96.8
92.9
99.4

96.7
98.3
94.9

96.7

96.4

αβ

αβ
OTC-PSSM-ACS

All-α
All-β

96.8
90.2
98.8

95.3
97.9
93.6

95.7

95.3

OTC-PSSI-ACS

All-α
All-β

95.2
90.2
99.4

95.6
97.6
92.8

95.5

94.9

OTC-PSSM-PSSI-ACS

All-α
All-β

96.8
91.1
96.3

94.2
96.5
94.1

95.0

94.7

αβ

αβ

αβ

Fig. 3. A plot showing the IFS curve. When the top1254 tripeptides were used to
perform prediction, the overall success rate reaches a peak of 91.0%.

Table 3
The comparison of different method for predicting protein classes.

Table 1
The overall accuracies based on different feature sets.

Method

Feature

OA (%)

Feature

OA (%)

OTC
PSSM
PSSI
ACS
OTC-PSSM
OTC-PSSI
OTC-ACS
PSSM-PSSI

91.0
70.7
89.2
86.7
90.0
96.0
96.7
84.2

PSSM-ACS
PSSI-ACS
OTC-PSSM-PSSI
OTC-PSSM-ACS
OTC-PSSI-ACS
PSSM-PSSI-ACS
OTC-PSSM-PSSI-ACS

83.2
93.5
93.7
95.7
95.5
89.0
95.0

(C42 + C43 + C44 = 11) were performed for searching the optimal
feature combination. The results were recorded in Table 1.
It was found that five types of feature combinations (OTCPSSI, OTC-ACS, OTC-PSSM-ACS, OTC-PSSI-ACS, OTC-PSSM-PSSIACS) could yield the overall accuracies of >95%. Another three
feature combinations (OTC-PSSM, PSSI-ACS and OTC-PSSM-PSSI)
obtained the overall accuracies of >90%. It was noticed that the
accuracy by using all features (OTC-PSSM-PSSI-ACS) is not the best
one among all combinations. In contrast, the best prediction accuracies (96.7%) were obtained by using OTC-ACS. These results suggest that there is information redundancy or noise in the feature
combination. In fact, the performance of PSSM is the worst when
comparing with OTC, PSSI and ACS. Moreover, OTC, PSSI and ACS
could reflect the intrinsic properties of protein structural classes
in the aspect of residue composition and correlation, structure as
well as chemical characteristics. Thus, it is not surprising that the
OTC-PSSI and OTC-ACS based models are superior to other models.
This result suggests that the evolution information is not important
feature for protein structural classes.
For the five models with higher accuracies, we reported their
sensitivities, specificities and average accuracies in Table 2.
It is necessary to investigate whether our proposed method has
a better performance than other existing approaches. Thus, the
results of published methods for the same aim were all listed in
Table 3. It was found that the method proposed in this paper is
superior to other published methods. Optimal tetrapeptides and
optimal ACS could also achieve encouraging results. For all-α , the
sensitivity of our method is about 4.9%, 4.1% higher than that of
optimal tetrapeptides and optimal ACS. For all-β , the sensitivity
of our method is about 17.9%, 15.2%higher than that of optimal
tetrapeptides and optimal ACS. And for αβ class, our method can
produce the sensitivity of 99.4% which is about 15.4% and 8.0%
higher than that of optimal tetrapeptides and optimal ACS.
From Tables 1 to 3, one may notice that OTC is the best feature
for protein structural classes prediction. Some studies showed that

Dipeptides [11]
Dipeptides+AAC [11]
PseAAC [11]
Optimal tetrapeptides [39]
Optimal ACS [11]
OTC-ACS (This paper)

Sensitivity (%)

Overall accuracy (%)

All-α

All-β

αβ

46.8
49.2
68.5
91.9
92.7
96.8

33.9
35.7
59.8
75.0
77.7
92.9

65.6
66.9
65.6
84.0
91.4
99.4

50.9
52.6
64.9
84.0
88.0
96.7

the tripeptides can be utilized in discovering peptides and small
organic molecule mimics [71], predicting plausible structures for
oligopeptides as well as denovo protein design [72]. Thus, these
could be used to explain why OTC could produce the maximum
accuracy of 91.0%. PSSI is the second best feature for the prediction
because the protein structural classes correlate with the content of
protein secondary structure. ACS could describe the dependence of
nuclear magnetic energy levels on the electronic environment in a
molecule. Thus, it has also been recognized as powerful indicators
of macromolecular structure.
4. Conclusion
In this work, we investigated the accuracies of different features
(i.e., residue composition and correlation, evolution, secondary
structure and chemical environment) for identifying the protein
structure class for low similarity sequences. Since most of the
existing methods are all built by using SVM, for a fair comparison,
SVM is used in the current study to perform predictions. By a deal of
experiments, we found that the maximum accuracy was achieved
by combining optimal tripeptide composition with chemical shift
feature, indicating that evolution information is not a very important feature for protein structural class prediction. Comparative
results demonstrate that the proposed method outperforms the
previous published methods. Thus, the method can be used as
a reliable tool for the accurate prediction of protein structural
class for low-similarity sequences. Particularly, it has not escaped
our notice that some computational intelligence algorithms have
been developed in the past several years [73–104]. Therefore, we
will develop smart models by using the newest computational
intelligence algorithms to predict protein structure classes in our
future work.
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