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Abstract Computational prediction of protein structural
class based solely on sequence data remains a challenging
problem in protein science. Existing methods differ in the
protein sequence representation models and prediction
engines adopted. In this study, a powerful feature extrac-
tion method, which combines position-specific score
matrix (PSSM) with auto covariance (AC) transformation,
is introduced. Thus, a sample protein is represented by a
series of discrete components, which could partially
incorporate the long-range sequence order information and
evolutionary information reflected from the PSI-BLAST
profile. To verify the performance of our method, jackknife
cross-validation tests are performed on four widely used
benchmark datasets. Comparison of our results with
existing methods shows that our method provides the state-
of-the-art performance for structural class prediction.
A Web server that implements the proposed method is
freely available at http://202.194.133.5/xinxi/AAC_PSSM_
AC/index.htm.
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Introduction

Knowledge of structural class information of a given pro-
tein plays an important role in the prediction of secondary
structure, tertiary structure and function analysis from the
amino acid sequence (Anand et al. 2008). Based on the
visual inspection of polypeptide chain topologies in a
dataset of 31 globular proteins, Levitt and Chothia (1976)
first introduced the concept of structural class and catego-
rized the protein domains of known structure into four
structural classes: all-a, all-f, o/ff and « + . Nowadays,
the most frequently used classification of protein structural
classes can be found in the structural classification of
proteins (SCOP) database (Murzin et al. 1995), which
further divides proteins into 11 structural classes. But
currently, the four major structural classes, which cover
almost 90% of all SCOP entries, are still commonly
adopted by many researchers.

In the first decade of the twenty-first century, prediction
of protein structural class from primary sequence data
became a hot topic in current bioinformatics, and a great
number of statistical learning algorithms were developed.
These algorithms include neural network (Cai and Zhou
2000), support vector machine (SVM) (Cai et al. 2001;
Chen et al. 2006a; Li et al. 2008; Qiu et al. 2009), fuzzy
k-nearest neighbor (Zhang et al. 2008, Zheng et al. 2010),
fuzzy clustering (Shen et al. 2005), Bayesian classification
(Wang and Yuan 2000), logistic regression (Kurgan
and Chen 2007; Kurgan and Homaeian 2006), rough
sets (Cao et al. 2006) and classifier fusion techniques
(Cai et al. 2006; Chen et al. 2006b, 2009; Feng et al. 2005;
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Kedarisetti et al. 2006). Among them, SVM is the most
popular and the best-performing classifier for this task
(Kurgan et al. 2008a). In SVM-based predictive methods,
an essential step is to transform protein sequences into
fixed-length feature vectors as SVM cannot be directly
applied to amino acid sequences with different lengths.
Several frequently used sequence representations include
amino acid composition (AAC) (Chou 1999; Nakashima
et al. 1986; Zhou 1998), pseudo amino acid composition
(Chou 2001; Li et al. 2009; Xiao et al. 2008; Zhang and
Ding 2007), polypeptide composition (Costantini and
Facchiano 2009; Luo et al. 2002; Sun and Huang 2006),
functional domain composition (Chou and Cai 2004), amino
acid sequence reverse encoding (Yang et al. 2009), etc.
Recently, Kurgan et al. proposed to extract features from the
predicted secondary structure and PSI-BLAST profile rather
than directly from the amino acid sequence itself and
reported that a higher prediction accuracy could be conse-
quently achieved (Chen et al. 2008; Kurgan et al. 2008a, b;
Mizianty and Kurgan 2009). Motivated by their work, some
researchers further improved the prediction accuracy based
solely on the predicted secondary structure information (Liu
and Jia 2010; Yang et al. 2010). On the other hand, in our
previous study (Liu et al. 2010), we extracted AAC and
dipeptide composition from the PSI-BLAST profile and also
obtained favorable prediction accuracy when the predicted
secondary structure was not utilized.

In this study, we try to extract other more informative
data solely from the PSI-BLAST profile to further improve
the prediction accuracy. First, the position-specific score
matrix (PSSM) generated by PSI-BLAST program
(Altschul et al. 1997) is transformed into a fixed-length
feature vector by auto covariance (AC) transformation.
Then, these resulting vectors are input to an SVM classifier
to perform the prediction. Jackknife cross-validation tests
on four working datasets show that the current method
presents satisfying prediction accuracies in comparison
with existing methods. A Web server that implements the
proposed method is freely available at http://202.194.
133.5/xinxi/AAC_PSSM_AC/index.htm.

Materials and methods
Datasets

Two widely studied datasets constructed by Zhou (1998)
are used to demonstrate the performance of the proposed
method. The first dataset contains 277 domains and the
second consists of 498 domains (denoted as Z277 and
7498, respectively). Although two datasets have small size
and high similarity, they were used extensively in previous
prediction studies. To investigate the effect of sequence
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Table 1 The compositions of four datasets adopted in this study

Dataset All-o All-f ol o+ p Total
7277 70 61 81 65 277
7498 107 126 136 129 498
1189 223 294 334 241 1,092
25PDB 443 443 346 441 1,673

similarity on the performance of our method, we also
studied two larger and low-similarity datasets: 71/89 (Wang
and Yuan 2000) and 25PDB (Kedarisetti et al. 2006;
Kurgan and Homaeian 2006), which include 1,092 and
1,673 protein domains with sequence similarity lower than
40 and 25%, respectively. More details about the four
datasets are listed in Table 1.

Protein sequence representation

The representation of a protein sequence by a fixed-length
feature vector is one of the primary tasks for most protein
classification techniques. In this section, we propose a
simple and powerful sequence representation model by
combining PSSM and AC transformation.

To extract the evolutionary information, the profile of
each protein sequence is generated by running PSI-BLAST
program against the NCBI’s non-redundant (NR) (ftp://
ftp.ncbi.nih.gov/blast/db/nr) database with parameters /2 and
j set to 0.001 and 3, respectively. The (i, j)th entry of the
resulting matrix represents the score of the amino acid in
the ith position of the query sequence being mutated to
amino acid type j during the evolution process.

For convenience, let us denote

PSSM = (Py, P, ..., Py)

as the PSSM of the query sequence S, where

Pj: (pljap2.j7"'7pL-j)T (J: 1321'“720)7

L is the length of the query sequence S, and T is the
transpose operator.

To make the PSSM descriptor become a uniform rep-
resentation, we introduce two different approaches, deno-
ted by PSSM-AAC and PSSM-AC, respectively. In the
PSSM-AAC model, we represent the query sequence S by

AAC(S) = (P1,Ps,..., Po)',

where

_ 1<&

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

P; is the composition of amino acid type j in the PSSM
and represents the average score of the amino acid residues
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in the protein S being mutated to amino acid type j during
the evolution process.

In the PSSM-AC model, the AC transformation is
applied to each column of PSSM. As a powerful statistical
tool for analyzing sequences of vectors developed by Wold
et al. (1993), the AC transformation has been widely
applied to the field of bioinformatics (Dong et al. 2009;
Guo et al. 2006, 2008; Wu et al. 2010). Here, the AC
variable measures the average correlation between two
residues separated by a distance of g along the sequence S,
which can be calculated by

1 _ _

ACie(S) = 7=, 2 (i = i) X (Pives — )
i=1
(G =1.2,...20).

So, the number of AC variables is 20*G, where G is the
maximum of g (g = 1, 2,..., G).

Through the above analysis, we know that in the PSSM-
AAC model, AAC(S) can only describe the amino acid com-
position in the PSSM of the query sequence S. So if
AAC(S) was used to represent the protein sample, all the
sequence-order information would be lost. On the contrary, in
the PSSM-AC model, the sequence-order effect can be par-
tially reflected. In view of this, to incorporate evolutionary
information and sequence-order information, we propose a
hybrid representation model (AAC-PSSM-AC) by fusing
PSSM-AAC and PSSM-AC. As aresult, each protein sequence
is characterized by a (20 + 20*G)-dimensional vector.

Support vector machine

SVM, introduced by Vapnik (1995), is a machine learning
technique based on statistical learning theory. As SVM is a
popular algorithm and widely applied in the biological
sequence analysis, it is not described in this study. More
details about SVM can be found in some machine learning
publications (Cortes and Vapnik 1995; Vapnik 1998). In
our work, the publicly available LIBSVM software (Chang
and Lin 2001) is used to implement the SVM classifier. The
software toolbox can be freely downloaded from http://
www.csie.ntu.edu.tw/ ~ cjlin/libsvm. Here, radial basis
function is chosen as the kernel function. Two parameters,
the regularization parameter C and the kernel width
parameter y are optimized based on tenfold cross-valida-
tion using a grid search strategy in the LIBSVM software.
The final classifier uses C = 2.0 and y = 0.0078.

Results and discussion

To evaluate the present method comprehensively, we first
check the effect of the parameter G on the performance of

the AAC-PSSM-AC model, then three sequence represen-
tation models proposed in this study are discussed, and
finally we compare the AAC-PSSM-AC model with
existing methods. All experiments are performed using the
jackknife cross-validation test and report the overall
accuracy, as well as the accuracy for each structural class.

Effect of the parameter G

Theoretically speaking, the maximum value of parameter
G is the length of the shortest sequence in the dataset minus
one, which is 30 for the Z277 dataset and 9 for the 1189
dataset. So the value of G can be 1, 2, ..., or 30 for the
Z277 dataset. However, preliminary test results indicated
that when G > 10, the corresponding accuracy dropped
down (data not shown). To simplify the problem, we also
focus on the optimal region of G = 1, 2, ..., and 9. Here,
the overall accuracies for different values of G on the Z277
and /189 datasets are shown in Fig. 1. As can be seen from
the figure, the optimal value of G for the Z277 dataset is 6,
corresponding to a peak with an overall accuracy of 91.0%.
For the 1189 dataset, the accuracy first increases to a
maximum value at G = 3, then does not vary significantly
with the increase of G, and finally achieves the best value
of 754% at G =7. To make the proposed descriptor
become a uniform representation, the value of G is set to 6
in the rest of this study.

Prediction performance of three sequence
representation models

In this section, we evaluate the performance of three
sequence representation models proposed in this study,
i.e., PSSM-AAC, PSSM-AC and AAC-PSSM-AC. All
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Fig. 1 This graph shows how different values of G affect the overall
accuracies of AAC-PSSM-AC model on the Z277 and 1189 datasets
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Table 2 Comparison of PSSM-AAC, PSSM-AC and AAC-PSSM-
AC models

Dataset Model Prediction accuracy (%)
All-a  All-p o/f  a+ f Overall
7277 PSSM-AAC 843 869 90.1 754 84.5
PSSM-AC 914 91.8 975 785 90.3
AAC-PSSM-AC 88.6 951 975 815 91.0
1189 PSSM-AAC 76.2 803 799 328 68.9
PSSM-AC 798 87.1 793 444 73.8
AAC-PSSM-AC 80.7 864 814 452 74.6

experiments were performed on the Z277 and 1189 datasets
and the results are shown in Table 2.

Referring to Table 2, the overall accuracy of the PSSM-
AC model is 90.3% on the Z277 dataset, which is 5.8%
higher than that of the PSSM-AAC model and slightly

lower than that of the AAC-PSSM-AC model. This well
proves the importance of the local sequence-order effects
and suggests that the sequence-order effects can be quite
effectively reflected by the AC transformation. For the
1189 dataset, AAC-PSSM-AC model also achieves the best
overall accuracy of 74.6%, which is 5.7 and 0.8% higher
than that of the PSSM-AAC and PSSM-AC models. It is
revealed that the incorporation of evolutionary information
and sequence-order information do help to improve the
prediction of protein structural class.

Performance comparison with existing methods

The proposed AAC-PSSM-AC model is first tested on
the Z277 and Z498 datasets and compared with other
recently reported prediction methods on the same data-
sets. The results of the jackknife tests are shown in
Tables 3 and 4.

Table 3 Comparison of

different methods by the Method Prediction accuracy (%)

jackknife test for the Z277 All-a All-p alp a4+ p Overall

dataset
Neural network (Cai and Zhou 2000) 68.6 85.2 86.4 56.9 74.7
Component coupled (Zhou 1998) 84.3 82.0 81.5 67.7 79.1
SVM (Cai et al. 2001) 74.3 82.0 87.7 72.3 79.4
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) 814 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 88.6 95.1 97.5 81.5 91.0

;??;:e:t rizt?gg:?)oyntﬁfe Method Prediction accuracy (%)

jackknife test for the Z498 All-a All-p ol B o+ p Overall

dataset
Neural network (Cai and Zhou 2000) 86.0 96.0 88.2 86.0 89.2
Component coupled (Zhou 1998) 93.5 88.9 90.4 84.5 89.2
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
SVM (Cai et al. 2001) 88.8 95.2 96.3 91.5 93.2
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) 944 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 94.4 96.8 97.8 93.8 95.8
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Table 5 Performance comparison of different methods on the //89 dataset
Method Prediction accuracy (%)

All-a All-p ol o+ p Overall
Bayes classifier (Wang and Yuan 2000) 54.8 57.1 75.2 22.2 53.8
Logistic regression (Kurgan and Homaeian 2006) 57.0 62.9 64.7 253 53.9
SVM* (Anand et al. 2008) - - - - 54.7
FKNN classifier (Zhang et al. 2008) 48.9 59.5 81.7 26.6 56.9
StackingC ensemble (Kedarisetti et al. 2006) - - - - 58.9
WSVM (Qiu et al. 2009) - - - - 59.2
Specific tri-peptides (Costantini and Facchiano 2009) - - - - 59.9
IB1 (Chen et al. 2008) 65.3 67.7 79.9 40.7 64.7
AAD-CGR (Yang et al. 2009) 62.3 67.7 66.5 63.1 65.2
SVM (Chen et al. 2008) 75.8 75.2 82.6 31.8 67.6
AADP-PSSM (Liu et al. 2010) 69.1 83.7 85.6 35.7 70.7
SCPRED (Kurgan et al. 2008a) 89.1 86.7 89.6 53.8 80.6
RKS-PPSC (Yang et al. 2010) 89.2 86.7 82.6 65.6 81.3
MODAS (Mizianty and Kurgan 2009) 923 87.1 87.9 65.4 83.5
AAC-PSSM-AC 80.7 86.4 81.4 45.2 74.6
* The result is evaluated using five runs of tenfold cross-validation test
Table 6 Performance comparison of different methods on the 25PDB dataset
Method Prediction accuracy (%)

All-a All-f ol o+ f Overall
Logistic regression (Kurgan and Homaeian 2006) 69.1 61.6 60.1 383 57.1
Specific tri-peptides (Costantini and Facchiano 2009) 60.6 60.7 67.9 443 58.6
StackingC ensemble (Kedarisetti et al. 2006) - - - - 59.9
LLSC-PRED (Kurgan and Chen 2007) 75.2 67.5 62.1 44.0 62.2
SVM (Kurgan and Chen 2007) 774 66.4 61.3 454 62.7
AAD-CGR (Yang et al. 2009) 64.3 65.0 65.0 61.7 64.0
CWT-PCA-SVM (Li et al. 2009) 76.5 67.3 66.8 45.8 64.0
AADP-PSSM (Liu et al. 2010) 83.3 78.1 76.3 54.4 72.9
SCPRED (Kurgan et al. 2008a) 92.6 80.1 74.0 71.0 79.7
MODAS (Mizianty and Kurgan 2009) 923 83.7 81.2 68.3 81.4
RKS-PPSC (Yang et al. 2010) 92.8 83.3 85.8 70.1 82.9
SVM (Liu and Jia 2010) 92.6 81.3 81.5 76.0 82.9
AAC-PSSM-AC 85.3 81.7 73.7 553 74.1

For the Z277 dataset, the overall accuracy of the current
approach is 91.0%, which is higher than those of the
methods listed in Table 3 (from 3.3 to 16.3%). In addition,
our method achieves the best performances among the four
structural classes except for the all-o class. Meanwhile, our
method also performs better than some complex classifiers
such as LogitBoost (Feng et al. 2005) and SVM fusion
(Chen et al. 2006b). As shown in Table 4, our method also
achieves the best performance among these methods on the
7498 dataset, with the overall accuracy of 95.8%. It is
worth noting that IB1 (Chen et al. 2008) algorithm, which
also extracts sequence features from the PSI-BLAST

profile to represent the query protein, shows a comparable
accuracy to the present method. This demonstrates that the
PSI-BLAST profile provides a better source of information
for the prediction of protein structural class.

As reported by some researchers, protein sequence
similarity within the training and testing datasets has a
significant effect on the prediction performance of protein
structural class, i.e., accuracy will be overestimated when
using high-similarity datasets. Thus, to test our method
strictly and facilitate the comparison, two low-similarity
datasets are also studied separately. The results by jack-
knife tests are listed in Tables 5 and 6.
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Referring to Table 5, for the /789 dataset, our method
gets an overall accuracy of 74.6%, which is higher than
those of the other methods (from 3.9 to 20.8%) except for
SCPRED, RKS-PPSC and MODAS. The three methods,
which additionally use predicted secondary structure
information as their input, provide the overall accuracy of
over 80%. This demonstrates that the predicted secondary
structure provides a better source of information for the
prediction of protein structural class. However, our method
also obtains favorable prediction accuracy when the pre-
dicted secondary structure is not utilized. As shown in
Table 6, results on the 25PDB dataset are consistent with
the results on the /789 dataset. Our method, together with
the SCPRED, MODAS, RKS-PPSC and SVM (Liu and Jia
2010) methods, performs better than other methods, with
an overall accuracy of 74.1%. SVM (Liu and Jia 2010)
method also uses additional input information, such as the
predicted secondary structure. In detail, for the o + f§ class,
the accuracy of AAD-CGR (Yang et al. 2009) algorithm is
a little better than ours. However, for three other classes,
our prediction accuracies are superior to the other methods.
In summary, our method shows substantial improvements
for the two low-similarity datasets. This indicates that our
method is very promising and may at least play an
important complementary role to existing methods.

Conclusions

In this study, we applied SVM and PSSM to predict protein
structural class. By incorporating evolutionary information
and sequence order effects, a powerful hybrid representa-
tion model (AAC-PSSM-AC) is proposed to convert the
PSSMs into fixed-length feature vectors, which are input to
SVM to perform the prediction. Jackknife cross-validation
tests are performed on four working datasets to evaluate the
performance of our method. According to the experimental
results, our method substantially outperforms most of the
existing methods and may provide a cost-alternative to
predict protein structural class.
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