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Introduction

The structural class knowledge of a given protein can pro-
vide a useful bit of information about its overall structure, 
which has played an extremely important role in under-
standing protein function. Since Levitt and Chothia (1976) 
proposed the concept of protein structural class, known 
protein structures are classified into four categories: all-α, 
all-β, α/β, and α + β. Experimental approaches to deter-
mine the structure information of a protein, including 
X-ray Diffraction and Nuclear Magnetic Resonance, are 
costly and time-consuming, and thus are not capable of 
completely meeting researchers’ demands (Li et al. 2014). 
Therefore, fast computational approaches are brought to 
tackle this issue.

During the past three decades, a variety of methods 
have been proposed to predict the structural class of pro-
tein. These methods generally comprise two steps: (1) 
protein sequence feature extraction; (2) the selection 
of classification algorithm. For the former step, many 
sequence features have been used to represent protein 
sequences, including amino acid composition (AAC) 
(Nakashima et al. 1986; Chou 1999), pseudo amino acid 
composition (PseAA) (Chou 2001; Lin and Li 2007), 
polypeptide composition (Luo et  al. 2002), functional 
domain composition (Chou and Cai 2004), amino acid 
sequence reverse encoding (Deschavanne and Tuffery 
2008; Mizianty and Kurgan 2009), PSI-BLAST pro-
file (Chen et  al. 2008; Liu et  al. 2010, 2012), and pre-
dicted secondary structure information (Kurgan et  al. 
2008b; Yang et  al. 2010). Recently, several integrated 
feature extraction methods have been developed to fur-
ther improve the prediction performance (Dehzangi et al. 
2014; Li et  al. 2014). For instance, by fusing multi-
source information from PSI-BLAST profile, PROFEAT, 
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and Gene Ontology annotation, PSSP-RFE method (Li 
et  al. 2014) shows significant enhancements in predic-
tion accuracies compared with other existing meth-
ods especially for low-similarity datasets. For the lat-
ter step, several machine learning algorithms have been 
used to accomplish the protein structural class predic-
tion, such as neural network (Cai and Zhou 2000), sup-
port vector machine (SVM) (Cai and Zhou 2000; Cai 
et al. 2001, 2002; Chen et al. 2006a; Anand et al. 2008; 
Li et  al. 2008; Liu et  al. 2010; Yang et  al. 2010), fuzzy 
clustering (Shen et  al. 2005), Bayesian-based learners 
(Wang and Yuan 2000), logistic regression (Kurgan and 
Homaeian 2006; Kedarisetti et  al. 2006b), rough sets 
(Cao et al. 2006), and information discrepancy (Jin et al. 
2003; Kedarisetti et  al. 2006b; Kurgan and Homaeian 
2006). Besides, some complex classification models have 
also been applied, such as ensembles (Kedarisetti et  al. 
2006a), bagging (Dong et al. 2006), and boosting (Feng 
et al. 2005). Among these classification algorithms, SVM 
is the most widespread application and demonstrates 
quite promising results (Chen et al. 2006a; Kurgan et al. 
2008b; Liu et al. 2012).

In the literature, Paliwal et al. (2014) have used tri-gram 
features for protein fold recognition. They have computed 
the tri-gram features directly from position-specific scor-
ing matrix (PSSM) generated by PSI-BLAST program 
(Altschul et  al. 1997). Since there are 20 amino acids of 
interest, there will be 20 × 20 × 20 = 8,000 combinations 
of tri-grams, giving an 8,000 dimensional feature vector 
for a given protein sequence. However, the dimensional-
ity of the tri-gram feature vector is quite large, which may 
include some irrelevant and redundant features. Thus, 
computing all tri-gram features from PSSM as the feature 
vector is not an effective way of capturing the information.

In the present work, we aim to combine tri-gram fea-
tures and a feature selection method to improve the predic-
tion accuracy of protein structural class. At first, we use tri-
gram features of PSSM to represent each protein sequence. 
Then, instead of computing all tri-gram features from 
PSSM (Paliwal et al. 2014), we do a feature selection step 
with support vector machine-recursive feature elimination 
(SVM-RFE). Feature selection can identify and remove 
as much irrelevant and redundant information as possible. 
Therefore, reduced features are input to an SVM to per-
form the prediction, and more useful information would 
be retrieved. According to the results of jackknife cross-
validation tests on six widely used benchmark datasets, the 
current method presents satisfying prediction accuracies 
in comparison with existing methods. The datasets used in 
this study and the source code for implementing the algo-
rithm are freely available to the academic community at 
http://xxxy.shou.edu.cn/bioinform/Trigram-PSSM-RFE/
index.html.

Materials and methods

Protein datasets

To explore the impact of sequence similarity on the per-
formance of the current method, we adopt two groups of 
datasets. One group is the high-similarity datasets, namely 
Z277 and Z498, which were originally generated by Zhou 
(1998) and were used in many previous studies (Zhou 
1998; Chou 2005; Cao et al. 2006; Liu et al. 2012). They 
contain 277 and 498 protein domains, respectively. Another 
group comprises four low-similarity datasets, 1189 (Wang 
and Yuan 2000), 25PDB (Kurgan and Homaeian 2006), 
D640 (Chen et al. 2008), and D1185 (Xia et al. 2012). In 
these four datasets, pair-wise sequence identities are less 
than 40, 25, 25, and 40 %, respectively. The detailed infor-
mation about the six datasets is listed in Table 1.

Tri‑gram feature extraction

In this section, we extract tri-gram features from PSSM to 
represent protein sequences. The extracted features combine 
neighborhood information of amino acids and evolutionary 
information from PSSM, which are quite effective for protein 
structural class prediction. The PSSM is a log-odd matrix of 
size L × 20, where L is the length of the primary sequence. 
The element at ith row and jth column is denoted by pi,j which 
indicates the relative probability of jth amino acid at the ith 
location of the protein sequence during biological evolution 
processes. The PSSM elements are mapped to the range of (0, 
1) by the following standard sigmoid function:

where x is the original PSSM value.
The probability of amino acids triplet which consists of 

uth, vth, and wth amino acids in order is calculated as follows:

f (x) =
1

1 + e−x
,

Tu,v,w =

L−2
∑

i=1

pi,upi+1,vpi+2,w,

Table 1   The compositions of six datasets adopted in this study

Dataset Number of proteins

All-α All-β α/β α + β Overall

Z277 70 61 81 65 277

Z498 107 126 136 129 498

1189 223 294 334 241 1092

25PDB 443 443 346 441 1673

D640 138 154 177 171 640

D1185 251 258 199 477 1185

http://xxxy.shou.edu.cn/bioinform/Trigram-PSSM-RFE/index.html
http://xxxy.shou.edu.cn/bioinform/Trigram-PSSM-RFE/index.html
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where 1 ≤ u ≤ 20, 1 ≤ v ≤ 20, and 1 ≤ w ≤ 20.
This equation generates 8,000 frequencies of occur-

rences Tu,v,w. We define the matrix T as the tri-gram occur-
rence matrix and 8,000 elements can be formulated as 
follows:

where ′ is a transpose of the descriptor vector.
These 8,000 elements of three-dimensional matrix 

[Tu,v,w] which correspond to the probabilities of PSSM-
based tri-grams are employed to represent the given pro-
tein sequence. However, there may have some uncorre-
lated and superfluous information among the extracted 
features, which can affect the speed and performance 
of prediction. Hence, a feature selection method is 
necessary.

Feature selection by SVM‑RFE

Feature selection is the key preprocessing step dealing with 
dimensionality reduction for pattern recognition. In classi-
fication, it is used to find an optimal subset of considered 
features so that the overall accuracy is increased while the 
data size is reduced. Since the proposed protein sequence 
representation contains a huge number of features, SVM-
RFE is utilized to reduce the dimensionality and computa-
tion complexity in this study, which was initially proposed 
for cancer classification (Guyon et al. 2002). Firstly, all the 
feature vectors of proteins for each dataset would be used 
to construct a feature matrix, where each row represents a 
sample and each column represents a feature. Then, SVM-
RFE algorithm is implemented by training an SVM with 
a linear kernel to get a ranked list of all features. Finally, 
top K features with the most relevant ranks are selected to 
represent a protein.

Support vector machine

In this study, we employ SVM (Vapnik 1995) as a classi-
fier. SVM is considered to be the state-of-the-art machine 
learning and pattern classification algorithm. Compared to 
other machine learning methods, SVM has the advantages 
of high performance, absence of local minima, and the 
speed ability to deal with multidimensional datasets with 
complex relationships among the data elements. Here, 
the publicly available LIBSVM software (Chang and Lin 
2011) is used to perform the SVM classifier. Although 
LIBSVM provides a choice of in-built kernels, such as 
linear, polynomial, and radial basis function, linear ker-
nel is employed in our experiments because of its sim-
ple operation and good performance without parameters 
optimization.

F = (T1,1,1, T1,1,2, . . . , T1,1,20, T1,2,1, . . . ,

T1,20,20, T2,1,1, . . . , T2,1,20, . . . , T2,20,20, . . . , T20,20,20)
′
,

Performance measures

In statistical prediction, independent dataset test, sub-sampling 
test, and jackknife test are the most common methods for eval-
uating the prediction performance. Of these three methods, the 
jackknife test is considered the most rigorous and objective 
(Chou and Zhang 1995). Hence, we adopt the jackknife test 
to validate the predictor. In the jackknife test, each of protein 
in the dataset is in turn singled out as a tested protein, and the 
predictor is trained by the remaining proteins. In the present 
study, three standard performance measures are used to evalu-
ate the prediction accuracy, i.e., accuracy, overall accuracy, 
and Matthew’s Correlation Coefficient (MCC) (Matthews 
1975). They are defined by the following formulas:

where TPj, TNj, FPj, FNj, and 
∣

∣Cj

∣

∣ are the number of true 
positives, true negatives, false positives, false negatives, 
and proteins in the structural class Cj, respectively.

Results and discussion

Effect of top K features

In this study, we apply SVM-RFE to get a rank list of 8000 
tri-gram features according to their contributions to protein 
structural class prediction and compute overall accura-
cies for top K features using tenfold cross-validation tests, 
where K =  10, 20, 30, …, 600. The results are shown in 
Fig. 1. From Fig. 1, we find that overall accuracies at top 
80 features are the highest for both Z277 and Z498 data-
sets. The total accuracy of the 25PDB dataset achieves a 
maximum value when K increases to 500. In addition, 
favorable accuracies are also obtained at this point for the 
1189, D640, and D1185 datasets. To make the proposed 
descriptor become a uniform representation, a 500-dimen-
sional feature set is constructed and used to perform the 
protein structural class prediction in the rest of this study.

Prediction accuracies of our method on six working 
datasets

Six widely used datasets are adopted to estimate the per-
formance of our method by the jackknife test, including 

Accuracyj =
TPj

TPj + FNj

=
TPj
∣

∣Cj

∣

∣

Overall accuracy =

∑

j TPj
∑

j

∣

∣Cj

∣

∣

MCCj =
TPj × TNj − FPj × FNj

√

(

TPj + FPj

)(

TPj + FNj

)(

TNj + FPj

)(

TNj + FNj

)

,
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high-similarity datasets Z277 and Z498, and low-simi-
larity datasets 1189, 25PDB, D640, and D1185. In this 
section, we select the accuracy, MCC of each class and 
overall accuracy as performance measures that are sum-
marized in Table 2. The overall accuracies of our method 
are 97.1, 98.6, 92.5, 93.5, 94.2, and 95.9 % for these six 
datasets, respectively. It is observed that the prediction 
performances of high-similarity datasets are better (with 
accuracies higher than 96 %, and MCC values not lower 
than 0.95 for all classes) than those of low-similarity data-
sets. This implies that protein sequence similarity within 
the training and testing datasets has a significant impact 
on the prediction performance of protein structural class. 
In addition, for low-similarity datasets, the accuracies for 
predicting α/β and α + β classes are relatively low when 
compared with the other classes. The reason of low predic-
tion accuracy may be its non-negligible overlap with the 
other classes.

Comparison with other prediction methods

To demonstrate the effectiveness of the proposed method, 
we compare it with some previous methods based on the 
same datasets. The results of other methods are obtained 
directly from the original papers (Tables 3, 4, 5, 6, 7, 8).

For two high-similarity datasets, Z277 and Z498, 
our method reaches the overall accuracies of 97.1 and 
98.6  % (Tables  3, 4), which are higher than those of the 
other methods except for the PSSP-RFE method (Li et al. 
2014). It should be pointed out that PSSP-RFE addition-
ally extracts physicochemical features and Gene Ontol-
ogy annotation features as its input and may be unable to 
predict the structural class for a few proteins due to a lack 
of their Gene Ontology numbers. However, our method 
also obtains satisfactory prediction accuracies when only 
tri-gram features extracted from PSSM are employed. In 
addition, it is worth noted that the other methods based on 
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Fig. 1   This graph shows how different top K features affect the overall accuracies

Table 2   Prediction 
performances on six datasets  
by our method

Dataset Accuracy (%) MCC

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

Z277 98.6 96.7 96.3 96.9 97.1 0.97 0.95 0.95 0.98

Z498 98.1 100 97.1 99.2 98.6 0.98 0.98 0.97 0.99

1189 94.6 94.2 92.5 88.4 92.5 0.89 0.91 0.91 0.88

25PDB 97.1 93.9 89.9 92.3 93.5 0.93 0.92 0.90 0.90

D640 93.5 97.4 93.2 93.0 94.2 0.90 0.95 0.91 0.93

D1185 96.0 96.1 92.0 97.3 95.9 0.94 0.96 0.91 0.94
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PSSM features, IB1 (Chen et al. 2008), and AAC-PSSM-
AC (Liu et al. 2012), also get the high prediction accura-
cies. This indicates that PSI-BLAST profile indeed con-
tains quite important information for protein structural 
class prediction.

For low-similarity datasets, our method also attains better 
prediction results compared to most of the existing methods. 
For the 1189 dataset (Table 5), only two methods provide 
the overall accuracies over 90 %. One is our method, and 
the other is PSSP-RFE method (Li et al. 2014). In addition, 
PSSM-SPINE-S (Dehzangi et  al. 2014) method achieves 
the third best results. It is noteworthy that PSSM-SPINE-S 
method combines PSSM features with predicted secondary 
structure features to improve the performance. Comparison 
with PSSM-SPINE-S method reveals that predicted second-
ary structure information provides an important complemen-
tary role for predicting protein structural class. As shown in 
Table  6, results on the 25PDB dataset are mainly consist-
ent with those on the 1189 dataset. Our method, together 
with the PSSP-RFE method, performs better than the other 

Table 3   Comparison of 
different methods by the 
jackknife test for the Z277 
dataset

Method Prediction accuracy (%)

All-α All-β α/β α + β Overall

Rough sets (Cao et al. 2006) 77.1 77.0 93.8 66.2 79.4

Information-theoretical approach (Zheng et al. 2010) 87.1 80.3 93.8 67.7 83.0

LogitBoost (Feng et al. 2005) 81.4 88.5 92.6 72.3 84.1

IGA-SVM (Li et al. 2008) 84.3 88.5 92.6 70.7 84.5

CWT-PCA-SVM (Li et al. 2009) 85.7 90.2 87.7 80.1 85.9

IB1 (Chen et al. 2008) 89.7 88.1 92.2 80.0 87.7

SVM fusion (Chen et al. 2006b) 85.7 90.2 93.8 80.0 87.7

AAC-PSSM-AC (Liu et al. 2012) 88.6 95.1 97.5 81.5 91.0

PSSP-RFE (Li et al. 2014) 100 98.3 100 100 99.6

Our method 98.6 96.7 96.3 96.9 97.1

Table 4   Comparison of 
different methods by the 
jackknife test for the Z498 
dataset

Method Prediction accuracy (%)

All-α All-β α/β α + β Overall

Rough sets (Cao et al. 2006) 87.9 91.3 97.1 86.0 90.8

SVM fusion (Chen et al. 2006b) 99.1 96.0 80.9 91.5 91.4

Information-theoretical approach (Zheng et al. 2010) 95.3 93.7 97.8 88.3 93.8

IGA-SVM (Li et al. 2008) 96.3 93.6 97.8 89.2 94.2

LogitBoost (Feng et al. 2005) 92.6 96.0 97.1 93.0 94.8

CWT-PCA-SVM (Li et al. 2009) 94.4 96.8 97.0 92.3 95.2

IB1 (Chen et al. 2008) 95.0 95.8 97.8 94.2 95.7

AAC-PSSM-AC (Liu et al. 2012) 94.4 96.8 97.8 93.8 95.8

PSSP-RFE (Li et al. 2014) 100 99.2 100 100 99.8

Our method 98.1 100 97.1 99.2 98.6

Table 5   Performance comparison of different methods on the 1189 
dataset

a  The result is evaluated using tenfold cross-validation test

Method Prediction accuracy (%)

All-α All-β α/β α + β Overall

AADP-PSSM (Liu et al. 2010) 69.1 83.7 85.6 35.7 70.7

AAC-PSSM-AC (Liu et al.  
2012)

80.7 86.4 81.4 45.2 74.6

Comb_11,10,6a (Dehzangi  
et al. 2013)

80.2 83.6 85.4 44.6 74.8

SCPRED (Kurgan et al. 2008a) 89.1 86.7 89.6 53.8 80.6

LCC-PSSM (Ding et al. 2014) 89.2 88.8 85.6 58.5 81.2

RKS-PPSC (Yang et al. 2010) 89.2 86.7 82.6 65.6 81.3

MODAS (Mizianty and Kurgan 
2009)

92.3 87.1 87.9 65.4 83.5

PSSM-SPINE-S (Dehzangi  
et al. 2014)

98.2 91.5 83.8 72.2 86.3

PSSP-RFE (Li et al. 2014) 94.9 96.8 96.6 97.1 96.4

Our method 94.6 94.2 92.5 88.4 92.5
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methods, with an overall accuracy of 93.5 %. In detail, our 
method shows the best performances for the all-α and α + β 
classes in comparison with the other methods. The accura-
cies of the all-β and α/β classes are slightly lower than those 
of PSSM-SPINE-S and PSSP-RFE, but still higher than 
those of the other methods. Besides, good performances 
are also obtained on the other two low-similarity datasets 
D640 and D1185 (Tables  7, 8). Especially for the D1185 

dataset, our method shows greater improvements compared 
with MLR model (Xia et al. 2012) and PSSP-RFE method. 
In summary, the above comparison results suggest that our 
method is very promising and could provide a cost-alterna-
tive to predict protein structural class. Moreover, the predic-
tion performance may be further improved by integrating 
features from physicochemical property, Gene Ontology, 
and predicted secondary structure in the future.

Conclusions

As a key step in recognition of three-dimensional structure 
of a protein, protein structural class prediction becomes an 
important and challenging task. In this study, we have intro-
duced a tri-gram feature extraction technique and a recursive 
feature selection scheme based on linear kernel SVM in order 
to select the optimal features for predicting protein structural 
class. A total of 8,000 features are extracted to represent a pro-
tein by computing tri-gram probabilities of PSSM, which inte-
grate neighborhood information and evolutionary informa-
tion. SVM-RFE is then used to rank these feature vectors and 
select optimal features. Finally, SVM classifier is applied for 
predicting protein structural class based on selected features. 
Jackknife cross-validation tests on six working datasets show 
that our method is superior or comparable to other existing 
methods in identifying protein structural class. Comparison 
results suggest that the proposed method could serve as a very 
useful tool for prediction of protein structural class. A web 
server which provides the source code for implementing the 
algorithm and the datasets used in our work is freely available 
at http://xxxy.shou.edu.cn/bioinform/Trigram-PSSM-RFE/ 
index.html. In addition, we shall make efforts in our future 
work to provide the online prediction service.
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