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Knowledge of protein structural class can provide important information about its folding patterns. Many approaches
have been developed for the prediction of protein structural classes. However, the information used by these approaches
is primarily based on amino acid sequences. In this study, a novel method is presented to predict protein structural classes by use of chemical shift (CS) information derived from nuclear magnetic resonance spectra. Firstly, 399 non-homologue (about 15% identity) proteins were constructed to investigate the distribution of averaged CS values of six nuclei
(13CO, 13Cα, 13Cβ, 1HN, 1Hα and 15N) in three protein structural classes. Subsequently, support vector machine was proposed to predict three protein structural classes by using averaged CS information of six nuclei. Overall accuracy of
jackknife cross-validation achieves 87.0%. Finally, the feature selection technique is applied to exclude redundant information and ﬁnd out an optimized feature set. Results show that the overall accuracy increased to 88.0% by using the
averaged CSs of 13CO, 1Hα and 15N. The proposed approach outperformed other state-of-the-art methods in terms of
predictive accuracy in particular for low-similarity protein data. We expect that our proposed approach will be an excellent alternative to traditional methods for protein structural class prediction.
Keywords: protein structural class; averaged chemical shift; support vector machine

Introduction
The function of a protein is closely associated with its
three-dimensional structure (Chou & Zhang, 1992; Yang,
Peng, & Chen, 2010). Although the details of the threedimensional structures of proteins are extremely
complicated and irregular, their overall folding patterns
are surprisingly simple and regular (Chou & Maggiora,
1998; Feng, Cai, & Chou, 2005). Generally, the globular
protein domains can be categorized into all-α, all-β and
mixed αβ (including α/β and α + β) according to the
types and arrangements of their secondary structural elements (Eisenhaber, Frömmel, & Argos, 1996; Levitt &
Chothia, 1976; Orengo et al., 1997). All-α proteins are
predominantly composed of α-helices. Correspondingly,
all-β proteins are predominantly composed of β-strands.
The α/β class represents those proteins in which α-helices and β-strands are largely separated with parallel βstrands, while the α + β class represents those proteins in
which α-helices and β-strands are largely mixed with
antiparallel β-strands. The knowledge of protein structural class can improve the quality of secondary structure
prediction, reduce the scope of conformational searches
during energy optimization and provide important
information about protein function (Cid, Bunster, Canales, & Gazitua, 1992; Cohen & Kuntz, 1987; Zhang &
Chou, 1995; Zhang, Ding, & Chou, 2008).

In the past three decades, many efforts were made for
the prediction of protein structural class (Anand, Pugalenthi, & Suganthan, 2008; Cao et al., 2006; Chen, Chen,
Zou, & Cai, 2008; Chen, Kurgan, & Ruan, 2008; Chen
et al., 2009; Chen, Stach, Homaeian, & Kurgan, 2011;
Chou, 1999, 2005; Chou & Cai, 2004; Ding, Zhang, &
Chou, 2007; Du, Jiang, He, Li, & Chou, 2006; Gu &
Chen, 2009; Gupta, Mittal, & Singh, 2008; Jahandideh,
Abdolmaleki, Jahandideh, & Asadabadi, 2007a, 2007b;
Kedarisetti, Kurgan, & Dick, 2006; Liao, Liao, Lu, &
Cao, 2011; Liu, Zheng, & Wang, 2010a, 2010b; Metfessel,
Saurugger, Connelly, & Rich, 1993; Niu, Cai, Lu, Li, &
Chou, 2006; Zheng, Li, & Wang, 2010; Zhou, 1998; Zhou
& Assa-Munt, 2001). According to the suggestion that the
structure class of a protein correlates strongly with its primary sequence (Anand et al., 2008; Chou & Zhang, 1992;
Klein, 1986), the amino acid compositions (AAC) were
ﬁrstly selected as inputs in predictors (Cai, Liu, Xu, &
Chou, 2002; Cai, Liu, Xu, & Zhou, 2001; Chou, Liu,
Maggiora, & Zhang, 1998; Gu, Chen, & Ni, 2008; Klein
& Delisi, 1986; Zhang & Chou, 1992; Zhou, Xu, &
Zhang, 1992). However, using AAC to represent a protein
would completely lose the sequence-order information. In
view of this, the dipeptide and tripeptide compositions
were proposed to enhance the predictive power of predictors (Costantini & Facchiano, 2009; Lin & Li, 2007; Yu,
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Sun, Sang, Huang, & Zou, 2007). As it is well known, the
physicochemical properties of 20 amino acids are
the important factors in protein folding and can inﬂuence
the fold mode of proteins. Hence, the pseudo amino acid
composition (PseAAC) was developed to describe not
only the AACs, but also the long-distance interaction of
physicochemical properties between two residues (Cai
et al., 2002; Chen, Tian, Zou, Cai, & Mo, 2006; Chen,
Zhou, Tian, Zou, & Cai, 2006; Li, Zhou, Dai, & Zou,
2009; Luo, Feng, & Liu, 2002; Sahu & Panda, 2010;
Shen, Yang, & Chou, 2006; Xiao, Lin, & Chou, 2008;
Zhang & Ding, 2007). Although these features have been
very successful in the prediction of protein structural class
for high-similarity (P 40% identity) data-sets, they were
not effective any more for the data-sets with low-similarity
(6 25% identity) (Yang et al., 2010). To overcome this
limitation, the predicted secondary structure information
was used to improve predictive performances for low-similarity sequences (Kurgan & Chen, 2007; Kurgan, Cios, &
Chen, 2008; Kurgan, Zhang, Zhang, Shen, & Ruan, 2008;
Liu & Jia, 2010; Mizianty & Kurgan, 2009; Yang et al.,
2010; Zhang, Ding, & Wang, 2011). But, in fact, the features used in secondary structure prediction were usually
directly derived from the amino acid sequence. 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. These urge us to mine new
parameters for improving predictive performance.
Nuclear magnetic resonance (NMR) spectroscopy
plays a unique and important role in the investigation of
the structures and dynamics of proteins and other macromolecules due to its ability to provide site-speciﬁc information about protein motions over a large range of time
scales (Berjanskii & Wishart, 2005). In NMR, the chemical shift (CS) describes the dependence of nuclear magnetic energy levels on the electronic environment in a
molecule. CSs are well recognized as powerful indicators
of the types of protein structures (Baskaran, Brunner,
Munte, & Kalbitzer, 2010). Some works have studied
the relations between protein local structures and CSs,
and have proved that protein structures are strongly associated with CSs (Cavalli, Salvatella, Dobson, & Vendruscolo, 2007; Szilágyi, 1995; Wishart, 2010; Wishart et al.,
2008). Berjanskii and Wishart (2005, 2007) have used
secondary CSs to predict protein ﬂexibility. Moreau,
Valente, and Almeida (2006) have predicted the amount
of secondary structure of proteins based on CSs. Mielke
and Krishnan (2003, 2004, 2009) have presented a CSbased empirical approach to predict secondary structure
and structural class of proteins. Arai, Tochio, Kato, Kigawa, and Yamamura (2010) have predicted the protein
structural class based on 1H and 15N-HSQC spectra.
Some encouraging results were obtained. These results
suggested that the CS information can be regarded as
important parameters to predict protein structural classes.
In this study, we would like to introduce a powerful
approach based on support vector machine (SVM) to
predict protein structural class by using averaged chemi-

cal shift (ACS) information. A low-similarity (15%
identity) protein benchmark data-set was constructed for
testing the predictive performance of the proposed
method. The feature selection technique was used to ﬁnd
optimal feature set. Jackknife cross-validated results
show that the overall accuracy achieves 88.0% with an
average sensitivity of 87.3%, suggesting that our method
is a promising approach.

Materials and methods
Database
The CS values of nuclei 13CO, 13Cα, 13Cβ, 1HN, 1Hα and
15
N in proteins were extracted from re-referenced protein
chemical shift database (RefDB) (Zhang, Neal, & Wishart,
2003). We initially obtained 2162 re-referenced protein
CS ﬁles. The following steps were performed to construct
a reliable and high quality benchmark data-set. (i) Only
proteins in RefDB overlapping with the corresponded Protein Data Bank (PDB) ﬁle with sequence identity of 100%
were considered. (ii) Only proteins with the annotation of
structural class in PDB were considered. (iii) The proteins
with less than 50 amino acids were excluded because of
lacking enough sequence information for comparison. (iv)
The proteins with less than 65% of their residues assigned
CSs were excluded. (v) Only proteins with six nuclei
assigned CSs were considered. The ﬁrst three steps can
guarantee credible structural information of proteins, and
the last two steps can guarantee reliable and abundant CS
information. Finally, to avoid any homology bias, the
PISCES program (Wang & Dunbrack, 2003) was utilized
to remove the highly similarity sequences.
After strictly following the aforementioned procedures, we ﬁnally obtained a non-redundant benchmark
data-set including 124 all-α, 112 all- β and 163 mixed
αβ proteins. Among 399 proteins, 99% (395 sequences)
proteins have less than 15% sequence identity; and the
sequence identity of the remains ranges from 15 to 25%.
This reliable and rigorous data-set provides us a chance
to investigate the relations between the CSs and protein
structural classes. The benchmark data can also ensure
impartially and correct evaluations of the performance of
various methods. The protein sequences and ACS information can be freely downloaded from http://cobi.uestc.
edu.cn/people/hlin/tools/PSCPred/.
Averaged chemical shift
According to the deﬁnition proposed by Mielke and
Krishnan (2003), we calculated the ACSs of six nuclei
using following formula.
ACS(i) ¼

M
X

CS(i; m)=M

(1)

m¼1

here i = 13CO, 13Cα, 13Cβ, 1HN, 1Hα or 15N. M denotes
the total number of residues with CS values assigned for
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nucleus species i. CS(i, m) denotes the CS value of the
ith nucleus at the mth residue.
Statistical distribution
The Z-test is a rigorous statistical test for which the distribution of the test statistic under the null hypothesis
can be approximated by a normal distribution (Sprinthall,
2003). According to the central limit theorem, many test
statistics are approximately normally distributed for large
samples. Therefore, these statistical tests can be performed as approximate Z-tests if the sample size is not
too small (generally > 30 samples).
The difference of means between any two classes of
proteins is measured by Z-score which can be deﬁned by

Downloaded by [Hao Lin] at 06:12 18 April 2012

Z ¼ ½MeanACS
 MeanACS
=STD
i
j

(2)

where MeanACS
and MeanACS
denote the means of ACSs
i
j
of ith and jth structural class, respectively. STD means
standard deviation which can be calculated by:
STD ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
s21 =n1 þ s22 =n2
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Performance evaluation
In statistical prediction, independent data-set test, subsampling test and jackknife test (or called leave-one-out
cross-validation) can be used to examine a predictor for
its effectiveness in practical application (Chou & Shen,
2007; Chou & Zhang, 1995). The current study uses
jackknife test to examine the predictive accuracy. The
following three parameters: sensitivity (Sn), speciﬁcity
(Sp) and overall accuracy (Oa) are used to evaluate the
predictive performance of our approach.
Sn ¼ TP=(TP þ FN)

(4)

Sp ¼ TN=(TN þ FP)

(5)

Oa ¼ ½TP(a) þ TP(b) þ TP(ab)=N

(6)

here TP, FN, TN and FP denote true positives, false positives, true negatives and false positives, respectively. N
is total number of sequences.

(3)

here s1 and s2 denote standard deviations of samples 1
and 2, respectively. n1 and n2 are the numbers of samples 1 and 2, respectively.
Doing multiple two-sample tests would result in an
increased chance of committing type-I errors. The analysis of variance (ANOVA) (Sprinthall, 2003) can be used
for multi-group means analysis and provides a statistical
test of whether or not the means of several groups are
all equal. The statistical value, called F-value, is the ratio
of sample variance between means square between
groups (MSB) and mean square within a group (MSW).
The F-value will become larger as the MSB becomes
increasingly larger than the MSW. In the absence of
differences between groups, the F-value will be near 1.
Algorithm
SVM is a popular 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. In this study, we used free software tool box LibSVM (Fan, Chen, & Lin, 2005) to
implement SVM. Because radial basis function (RBF) usually outperforms linear function, polynomial function and
sigmoid function, we chose the RBF as the kernel function. The regularization parameter C and kernel parameter
γ were tuned to optimize the classiﬁcation performance
using grid search with jackknife cross-validation.
We also examined the predictive performance of
other algorithms such as RBFNetwork, J48, NaiveBayes,
Meta bagging and Random forest. The free software
Weka (Bouckaert et al., 2010) was used to implement
these algorithms.

Results and discussion
Statistical distribution of ACS values
Using the benchmark data-set, we analysed the statistical
distribution of ACS values of 13CO, 13Cα, 13Cβ, 1HN, 1Hα
or 15N in three protein structural classes (all α, all β and
mixed αβ). The chi-square test demonstrated that the
sampling distributions of six-nuclei ACSs obey normal
distribution. Thus, Z-test and ANOVA can be used in
statistical test. Figure S1 shows histograms and normal
distribution graphs of the six ACSs distributions in three
classes. As it can be seen from Figure S1, the mean
13
CO and 13Cα ACS values of all α are 177.02 and
57.89 ppm, which are dramatically larger than that of all
β (175.21 and 56.32 ppm). On the contrary, the mean
ACSs of 13Cβ, 1HN, 1Hα and 15N of all α are smaller
than those of all β. Because mixed αβ class includes
both helices and strands, the mean ACSs of six nuclei
are somewhere between the corresponding values of all
α and the corresponding values of all β.
For investigating whether the distributions of ACSs
of the three protein structural classes are independent of
one another, the independent group Z-test was designed
to compare the mean of ACSs between arbitrary two
protein structural classes. And the ANOVA was used for
multi-group means analysis. Table 1 records the Z-scores
and F-values of six nuclei. These results quantitatively
conﬁrm the trends suggested by the mean values of the
data-sets. We observed that the Z-scores and F-values of
13
CO, 1Hα and 1HN are larger than those of 13Cα, 15N
and 13Cβ, suggesting that the ACS information of 13CO,
1
Hα and 1HN are more suitable than that of 13Cα, 15N
and 13Cβ for distinguishing the three classes of proteins.
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CO, 1Hα and 15N ACSs. Here, we noticed that the combination of 13CO, 1Hα and 1HN ACSs achieves the same
accuracy (85.5%) by the combination of 13CO and 1Hα.
That is to say 1HN ACSs does not provide any information to the combination of 13CO and 1Hα for the prediction. Except for 15N ACS, other nuclei ACSs even
reduce predictive performance of predictor by combining
with 13CO and 1Hα. These demonstrate that the predictive accuracy is inﬂuenced by redundant information.
Besides, although the accuracy of 1HN ACS is higher
than that of 15N ACS, the combination of 13CO, 1Hα and
15
N ACSs can obtain better performance than the combination of 13CO, 1Hα and 1HN ACSs. This demonstrates
again that the statistical results can only inﬂuence, but
not determine predictive performance.
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Prediction of protein structural class using ACS
Results in Table 1 show that all p-values are < 103, suggesting that the ACS values of six nuclei are capable of
predicting three protein structural classes. Therefore, we
examined the accuracy of six nuclei by using SVM algorithm. The overall accuracies are 84.0, 81.2, 76.9, 66.3,
61.9 and 51.9% for 13CO, 1Hα, 1HN, 13Cα, 15N and 13Cβ,
respectively. We noticed that the F-value of 1Hα ACS
(575.1) is larger than that of 13CO ACS (565.9), which
implies that 1Hα ACS should achieve higher predicted
accuracy. However, the predicted successful rate of 1Hα
ACS (81.2%) is lower than that of 13CO ACS (84.0%).
Thus, we may draw a conclusion that the statistical results
can only inﬂuence, but not determine predictive results.
In general, the more parameters the predictor uses,
the higher accuracy it will achieve. Therefore, by inputting the ACSs of six nuclei simultaneously into SVM,
we achieved an overall accuracy of 87.0% with the average sensitivity of 86.6% (Table 2). This result is better
than that of single nucleus. However, some works have
demonstrated that information redundancy can reduce the
predictive successful rate (Anand et al., 2008; Costantini
& Facchiano, 2009; Du et al., 2006; Gu et al., 2008;
Sahu & Panda, 2010). For the purpose of improving predictive performance and eliminating redundant information, we examined all combinations of six-nuclei ACSs.
Total of 63 experiments (C61 þ C62 þ C63 þ C64 þ C65 þ
C66 ¼ 63) are performed for searching the optimized feature set and obtaining the maximum accuracy. All results
are recorded in Table SI. Results show that the maximum overall accuracy of 88.0% is achieved with the
average sensitivity of 87.3% by using the combination of

Comparison with other approach
Some approaches have been developed for predicting protein structural classes. However, due to differences in data
and experimental protocol, it is difﬁcult to compare our
results with other published results. Here, we performed
two comparisons: one is to compare the performance of
ACSs with other sequence parameters by using SVM, and
the other is to compare the performance of SVM with
other algorithms using the same ACS information.
Firstly, we evaluated the accuracies of three kinds of
primary sequence parameters. Twenty AAC and 400
dipeptide compositions (DC) are traditional parameters
which can reﬂect not only the composition of protein
sequence, but also the order between two amino acids,
and have been widely used for protein prediction. The
PseAAC is a kind of popular parameter which is able to

Table 1. The statistical test using Z-test and ANOVA for ACSs of six nuclei.
Z-scores
Sign of nuclei
13

CO
Cα
13
Cβ
1
HN
1
Hα
15
N
13

All α vs. mixed αβ
19.9
12.9
5.9
15.5
23.2
12.8

Mixed αβ vs. all β

(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)

17.1
8.4
6.4
13.2
13.6
6.4

All α vs. all β

(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)

31.5
18.5
11.0
25.9
32.9
16.7

ANOVA F-values

(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)

565.9
195.9
63.7
349.2
575.1
150.3

(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)
(p < 0.001)

Table 2. The results of different parameters using SVM.
All α
Parameters
400 Dipeptides
400 Dipeptides + 20 AAs
PseAAC
ACSs of 13CO
ACSs of six nuclei
13
CO, 1Hα and 15N ACSs

All β

Mixed αβ

Sn

Sp

Sn

Sp

Sn

Sp

0.468
0.492
0.685
0.847
0.927
0.927

0.836
0.844
0.865
0.971
0.975
0.986

0.339
0.357
0.598
0.804
0.786
0.777

0.909
0.906
0.854
0.941
0.955
0.965

0.656
0.669
0.656
0.859
0.883
0.914

0.470
0.496
0.742
0.835
0.864
0.856

Average

Average

Sn

Sp

0.488
0.506
0.647
0.836
0.866
0.873

0.739
0.748
0.820
0.915
0.931
0.936

Oa
0.509
0.526
0.649
0.840
0.870
0.880
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Table 3. The results of different algorithms using optimized three-nuclei ACSs.
All α
Parameters
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SVM
RBFnetwork
J48
NaiveBayes
Meta bagging
Random forest

All β

Mixed αβ

Sn

Sp

Sn

Sp

Sn

Sp

0.927
0.944
0.919
0.935
0.903
0.919

0.986
0.975
0.971
0.956
0.967
0.964

0.777
0.768
0.813
0.804
0.795
0.777

0.965
0.962
0.948
0.955
0.948
0.916

0.914
0.890
0.859
0.847
0.853
0.791

0.856
0.860
0.869
0.873
0.852
0.852

harbour some sort of sequence order or pattern information. Table 2 records the accuracies of DC, DC combined with AAC and PseAAC. Results show that
PseAAC achieves an overall accuracy of 64.9% with an
average sensitivity of 64.7% which are superior to
another two sequence parameters, but dramatically lower
than that of ACSs. These results suggest that the ACS is
an outstanding parameter for protein structure prediction.
Subsequently, by use of optimized ACSs, we tested
the performances of RBFNetwork, J48, NaiveBayes,
Meta bagging and Random forest by using Weka software. Table 3 shows that all algorithms achieve >80%
accuracies which proves again that ACS is a kind of
excellent parameter for the prediction of protein structural classes. Among the six algorithms, SVM yields the
best outcomes. Therefore, we proposed using SVM to
perform protein structural class prediction.
On the basis of classiﬁcation by SCOP database
(Andreeva et al., 2008), most works have focused on
predicting four classes of protein structural classes: all α,
all β, α + β and α/β. The latter two classes are different
in the aspect of the secondary structure connectivity,
which is considered at a lower level describing topology
(Orengo et al., 1997). Thus, we studied and predicted
three major classes: all α, all β, mixed αβ according to
the classiﬁcation deﬁned by CATH database (Orengo
et al., 1997). Another important reason is that the number of α/β class (10 proteins in benchmark data-set) is
too few to have statistical signiﬁcance. In the future
work, we shall collect sufﬁcient α/β proteins to investigate the difference of ACSs between α + β and α/β.
Conclusion
In summary, we have described a promising approach
that is capable of rapidly and accurately predicting protein structural classes by using CS information. By the
analysis of the distributions of six-nuclei ACSs in three
protein structural classes, we found that six-nuclei ACSs
are all signiﬁcantly different among three classes. By
using ACSs as parameters, a precise model was proposed. This model can be applicable to proteins of any
size for which 1H, 13C and 15N CSs are available. We
believed the ACS-based approach will provide novel

Average

Average

Sn

Sp

0.873
0.867
0.864
0.862
0.852
0.827

0.936
0.932
0.929
0.928
0.922
0.911

Oa
0.880
0.872
0.865
0.862
0.850
0.829

information for investigating the topology of protein
structure.
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