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Abstract In the protein universe, many proteins are
composed of two or more polypeptide chains, generally
referred to as subunits, which associate through noncova-
lent interactions and, occasionally, disulfide bonds to form
protein quaternary structures. It has long been known that
the functions of proteins are closely related to their qua-
ternary structures; some examples include enzymes,
hemoglobin, DNA polymerase, and ion channels. How-
ever, it is extremely labor-expensive and even impossible
to quickly determine the structures of hundreds of thou-
sands of protein sequences solely from experiments. Since
the number of protein sequences entering databanks is
increasing rapidly, it is highly desirable to develop com-
putational methods for classifying the quaternary structures
of proteins from their primary sequences. Since the concept
of Chou’s pseudo amino acid composition (PseAAC) was
introduced, a variety of approaches, such as residue con-
servation scores, von Neumann entropy, multiscale energy,
autocorrelation function, moment descriptors, and cellular
automata, have been utilized to formulate the PseAAC for
predicting different attributes of proteins. Here, in a
different approach, a sequence-segmented PseAAC is
introduced to represent protein samples. Meanwhile, mul-
ticlass SVM classifier modules were adopted to classify
protein quaternary structures. As a demonstration, the
dataset constructed by Chou and Cai [(2003) Proteins
53:282-289] was adopted as a benchmark dataset. The
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overall jackknife success rates thus obtained were 88.2—
89.1%, indicating that the new approach is quite promising
for predicting protein quaternary structure.
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Introduction

The “protein quaternary structure” refers to the number of
polypeptide chains (subunits) involved in forming a protein
and the spatial arrangement of its subunits. The concept of
quaternary structure is derived from the fact that many
proteins are composed of two or more subunits that asso-
ciate through noncovalent interactions and, in some cases,
disulfide bonds to form oligomers. In the protein universe
there are many different classes of subunit construction,
such as monomer, dimer, trimer, tetramer, and so forth. The
oligomers may be homo-oligomers or hetero-oligomers;
the former consist of identical polypeptide chains, whereas
the latter are nonidentical. Such complexes are involved in
various biological processes, including metabolism, signal
transduction and chromosome replicating, etc., and play
very important roles in protein functions (Terry and Richard
1998). Some examples include enzymes, hemoglobin, DNA
polymerase, and ion channels. The oligomeric proteins have
more advantages than the monomers from a functional
evolution point of view, and contribute significantly to
evolutionary stability in that changes in the quaternary
structure can occur through each individual chain or
through their reorientation relative to each other (Klotz
et al. 1975; Einstein and Schachman 1989; Price 1994).
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Recent research into the utilization of computational
methods to determine quaternary structures appears to be
heading in three main directions. One direction is the study of
domain—-domain docking or the type of interaction in the
protein complexes (Kim and Ison 2005; Chen and Zhou
2005; Zhu et al. 2006). In this approach, the docking or
interaction type is examined based on the protein structures
deposited in the PDB. The methodology involves general-
izing the association mechanisms of multiple proteins in the
complexes to the quaternary structures in general. It has been
observed that the overall prediction success rate across a
genome-wide study is poor. However, the performance can
be improved significantly if only those proteins that have
informative (or related) proteins in the training set are con-
sidered. The second direction seeks out geometric
regularities and constraints to reduce the huge search spaces
of quaternary structures (Inbar et al. 2005; Chen and Skol-
nick 2007; Liu et al. 2007a). The third direction involves the
classification of quaternary attributes: given a protein pri-
mary sequence, determining whether it takes a tertiary
structure of a single chain or a quaternary structure with other
proteins (Garian 2001; Zhang et al. 2003, 2006a; Chou and
Cai 2003; Yu et al. 2006). This is important, because the
functions of proteins are closely related to their quaternary
attributes. For example, some critical ligands only bind to
dimers (Chou 2004a, 2004b) but not to monomers; some
marvelous allosteric transitions only occur in tetramers
(Chou 1988, 1989, 2004c; Doyle et al. 1998), not other
oligomers; and some ion channels are formed by dimers
(Call et al. 2006) or tetramers (Schnell and Chou 2008),
whereas others are formed by pentamers (Chou 2004d,
2004¢; Oxenoid and Chou 2005). The association of subunits
depends upon the existence of complementary “patches” on
their surface structures.

This suggests that primary sequences contain quaternary
structure information (Garian 2001; Zhang et al. 2003,
2006a; Chou and Cai 2003; Yu et al. 2006). Therefore, we
can develop an automated method to predict protein qua-
ternary structure from protein primary sequences. To
explore this problem, Garian (2001) developed a method
which used decision-tree models and a feature extraction
approach (simple binning function) to successfully predict
homodimers and nonhomodimers. Chou and Cai (2003)
also researched this question using a pseudo-amino acid
composition (PseAAC) feature extraction method to pre-
dict monomers, homodimers, homotrimers, homotetramers,
homopentamers, homohexamers and homooctamers. In our
previous work, we successfully predicted homodimers and
nonhomodimers, homodimers, homotrimers, homotetra-
mers and homohexamers using a weighted autocorrelation
function feature extraction approach (Zhang et al. 2003;
2006a). In this paper, we try to develop another approach,
the sequence-segmented PseAAC method, to predict
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monomers (1EM), homodimers (2EM), homotrimers
(3EM), homotetramers (4EM), homopentamers (SEM),
homohexamers (6EM) and homooctamers (8EM).

Materials and methods
Datasets

The training data used here was constructed by Chou and
Cai (2003), and it consists of 3,174 protein sequences, of
which 382 are classified monomers, 817 homodimers, 593
homotrimers, 884 homotetramers, 54 homopentamers, 287
homohexamers, and 157 homooctamers. They each contain
more than 50 sequences.

Dataset construction was governed by the following
criteria:

Clearness: the collected samples were only those
protein sequences that had their
quaternary attributes marked

Nonredundancy: if several proteins had high sequence
similarity, only one was kept in order to
avoid redundancy

Statistical subsets were dropped from further

significance: consideration if they contained too few

entries to be of statistical significance

Methods of representing the protein sequence

Without loss of generality, we assume that there are N
protein sequences in the dataset. Let L* be the length of the
kth sequence p* and o; be the ith element of 20 natural
amino acids represented by the letters A, C, D, E, F, G, H,
LK L MNP QR,ST,V, W, and Y, respectively.

Sequence-segmented amino acid composition

Suppose the kth protein sequence p* is segmented into M
segmentations of the same length, and the amino acid
composition (AAC) of each segment is calculated. There-
fore, the protein sequence p* can be represented using the
following formula:

k k k
Cl,l e Cl,m o Cl,M
k _ k k k
AACS® = Ciq Cim Cim , 0
k k k
€01 7 Coom oM ),
k=1,...,N

where M is the Ttotal number of segments,
LS -vclﬁom} is the AAC of the mth segment

of p¥, and ¢k, is definéd as
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Cgm:M.tlﬁm/Lk, m=1,...M,i=1,...,20 (2)

where tffm is the count of «; that appears in the mth segment
of the protein sequence p*.

Conveniently, the feature set based on this sequence-
segmented amino acid composition approach can be
denoted AACS,,.

Sequence-segmented pseudo amino acid composition

Note that the use of the amino acid composition to repre-
sent a protein segment as described in the above section
would result in the loss of all of its sequence-order infor-
mation. To avoid losing the sequence-order information, a
logical approach is to use the entire sequence to represent
the protein segment. However, this kind of approach fails
to work when the query protein does not have significant
homology to proteins with known characteristics (Chou
and Shen 2007). In order to avoid the complete loss of
sequence-order information and also enable more effective
prediction for those proteins that do not have significant
homology to characterized proteins, a feasible approach is
to use the pseudo amino acid composition (PseAAC) to
represent the protein sample. The PseAAC (Chou 2001)
was originally proposed for predicting protein subcellular
localization and membrane protein type (Chou 2001),
while the amphiphilic PseAAC (Chou 2005) was proposed
for predicting the enzyme functional classification. The
essence of PseAAC is to use a discrete model to represent a
protein sample without complete losing its sequence-order
information. According to its definition, the Pse AAC for a
given protein sample is expressed by a set of 20 + 1 dis-
crete numbers, where the first 20 represent the 20
components of the classical amino acid composition while
the additional A numbers incorporate some of its sequence-
order information via various different kinds of coupling
modes. Ever since the concept of PseAAC was introduced,
various PseAAC approaches have been proposed to deal
with different problems in proteins and protein-related
systems (Chen et al. 2006a, 2006b; Chen and Li 2007a,
2007b; Diao et al. 2008; Du and Li 2006; Fang et al. 2008;
Gao et al. 2005; Kurgan et al. 2007; Li and Li 2008; Lin
and Li 2007a, 2007b; Liu et al. 2005; Mondal et al. 2006;
Mundra et al. 2007; Nanni and Lumini 2008a, 2008b; Pu
et al. 2007; Shi et al. 2007a; Shi et al. 2007b; Wang et al.
2004; Xiao et al. 2006; Zhang et al. 2006a, 2006b, 2007a;
Zhang and Ding 2007; Zhou et al. 2007a, 2007b). Owing to
its wide usage, a very flexible PseAA composition gener-
ator called “PseAAC” (Shen and Chou 2008) was recently
established at the website http://chou.med.harvard.edu/
bioinf/PseAA/, which users can use to generate 63 differ-
ent kinds of PseAAC. Here, we shall use a different

approach to formulate the PseAAC, the so-called sequence-
segmented PseAAC.

The sequence-segmented PseAAC method can be
described as follows. First, the kth protein sequence p* is
segmented into M same-length segmentations. Second, the
PseAAC of each segment is calculated using the PseAAC
method. Then, the protein sequence p* is characterized as
the following matrix:

k k k
C],l “ee Cl,m cen cl,M
k k
Ci1 Cim Cim
k k k
c c c
kK 20,1 20,m 20,M
PseAAS" = ok o ,
1,1 Lm 1M (3)
k k k
HjJ Hj«,m 9j7M
k k k
0/1,1 Gi,m Q/LM
k=1,2,.. ,N
m=12...M
k k Kook k e 1T
where | sy Gy -+ Cog s 01 s - - .Hj_’m, oo, s the

PseAAC feature vector of the mth segment of p*. The first
20 elements represent the AAC, and the following 4 ele-
ments represent the PseAAC, which can be calculated
using different PseAAC approaches.

Sequence-segmented moment descriptor PseAAC  Accor-
ding to our previous moment descriptor approach (Shi et al.
2006), the 4 elements (A = 40) can be calculated by the

following formula:
k

‘m

2 Sl (1<j<20)
[ I=1
S L, . 2 )
LL{ZFZI S]Ef*ZO)J = 90—2()),)11 s (21 SJ < 40)
1=1,2,...,LF
(4)
where ij, is the length of the mth subsequence of protein

sequence p*, and sj’-‘,is the position indicator of natural

amino acid «; of the subsequence p’,j1, which is defined as

1 if amino acid «; appears at position
s [ in the sub sequence p¥,
i 0 if amino acid o; does not appear at position

: k
[ in the sub sequence p,,
For convenience, the feature set based on this sequence-

segmented moment descriptor PseAAC approach can be
denoted MDS,,..
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Sequence-segmented multiscale energy PseAAC of the
amino acid evolutionary conservation scores According
to our previous work (Shi and Zhang et al. 2007a; Zhang
et al. 2007a, 2007b), the residue conservation scores are
calculated with the von Neumann entropy, and then the
protein sequence of letters can be translated into a con-
servation score sequence. The numerical sequence can be
segmented into M same-length segmentations. Using the
Symlet wavelet basis function (Pittner and Kamarthi 1999),
the A elements of mth subsequence pfn can be calculated by
the following formulae:

&, -1

1 2 .
0 = i =\ 5 ()] 1<i<i-1 ()
‘i,m  w=0
k. -1
1 (A=1).m 2
0=l 0= | o @] ©)

(A-1),m  ®=0

where (4 — 1) is the coarsest scale of decomposition, d]km
is the root mean square energy of the wavelet detail coef-
ficients at the corresponding jth scale, a’{/ﬁil) is the root
mean square energy of the wavelet approximation coeffi-
cients at the scale (4 — 1), Q .18 the number of the wavelet
detail coefficients, Q(i 1)m 1s the number of the wavelet
approximation coefficients, u; k (w)is the wth detail coef-
ficient at the corresponding jth scale, and v 1) (w) is the
owth approximation coefficient at the scale (4 — 1). In
general, for the mth protein subsequence with length L’fn,
(2 — 1) equals INT(log, m)

For convenience, the feature set based on this sequence-
segmented Pse AAC approach can be denoted MSES,,..

Sequence-segmented autocorrelation function PseAAC
According to Chou’s approach (Chou and Cai 2003), the 1
elements can be calculated by the following formulae:

Lt —j
1 n
k . )
o= Sy J=12,.0 (7)
Ly —ii5
2
1J+j A Z R1+J (Rl)] (8)

Here Lﬁ1 is the length of the mth subsequence of p*, D, (R) is
the gth function of the amino acid R, and A is the total
number of functions considered. In this current study, three
different functions (A = 3) are used to reflect the charac-
ters of an amino acid: ®(R;) refers to the hydrophobicity
of amino acid R;, taken from Tanford (1962), ®,(R;) refers
to the hydrophilicity of amino acid R;, taken from Hopp
and Woods (Hopp and Woods 1981), and ®3(R;) is the
side-chain mass of R;, which can be obtained from any
biochemistry textbook.
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For convenience, the feature set based on this sequence-
segmented PseAAC approach can be denoted ACFS,,,.

Multiclass support vector machine

A support vector machine (SVM) is a learning machine
based on statistical learning theory (Vapnik 1998). Due to
its powerful discrimination, it has been successfully
applied in medicine, bioinformatics, computational biol-
ogy, etc. SVM was originally designed for binary
classification, whereas the prediction of protein quaternary
structures is a multiclass prediction problem. We can
decompose the multiple classes into a series of binary
classes, and construct multi-binary-class SVM classifiers to
solve such a problem. Normally, the “one-versus-one
(OVO)” or “one-versus-all” approach is employed for a
multi-class SVM classifier (Hsu and Lin 2002). In this
current study, the “OVO” approach was used. This method
involves constructing an individual binary SVM classifier
for each pair of classes. Hence, if there are # classes, a total
of n(n — 1)/2 classifiers will be constructed. Unseen test
instance prediction follows the voting strategy. Predictions
are made with each binary classifier and a label is assigned
to the class with the maximum number of votes. When a tie
occurs (i.e., the two classes have identical votes), class
label assignment is made on the basis of the largest index.

All of the computations were performed using the
LIBSVM standard package, which can be freely down-
loaded from http://www.csie.ntu.edu.tw/ ~ cjlin/libsvm/ for
academic research (Hsu and Lin 2002). The various user-
defined parameters, e.g., the radial basis kernel function
(RBF) parameter y and the regularization parameter C,
were optimized on the training dataset.

Assessment of the prediction system

In statistical prediction, the following three cross-valida-
tion methods are often used to examine a predictor for its
effectiveness in practical applications: independent dataset
test, subsampling test, and jackknife test (Chou and Zhang
1995; Zhou 1998). However, as elucidated by Chou and
Shen (2008) and demonstrated in Chou and Shen (2007),
among the three cross-validation methods, the jackknife
test is deemed to be the most objective method that will
always yield a unique result for a give benchmark dataset,
and hence it has recently been used by many investigators
to examine the accuracies of various predictors (Chen et al.
2007; Diao et al. 2008; Ding et al. 2007; Fang et al. 2008;
Gao et al. 2005; Guo et al. 2006; Li and Li 2008; Liu et al.
2007b; Nanni and Lumini 2008a, 2008b; Niu et al. 2006;
Shen and Chou 2007; Shen et al. 2007; Shi et al. 2007a,
2007b; Sun and Huang 2006; Tan et al. 2007; Wang et al.
2005; Wen et al. 2007; Xiao et al. 2005, 2006; Zhang et al.
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2006a, 2007a; Zhang and Ding 2007; Zhou and Assa-Munt
2001; Zhou and Cai 2006; Zhou and Doctor 2003; Zhou
et al. 2007a, 2007b). During the process of jackknife
analysis, the datasets are actually open, and a protein will
move from one to another. The total prediction accuracy
(Q) and the prediction accuracy for each class of protein
quaternary structure (Q,) calculated when assessing the the
prediction system are given by:

0= p(n) / N (9)

Qy = p(n)/obs(n) (10)

Here, N is the total number of sequences, obs(#) is the
number of sequences observed in the n class protein qua-
ternary structure, and p(xn) is the number of correctly
predicted sequences of the #u class protein quaternary
structure.

Results and discussion

Results from different sequence-segmented PseAAC
methods

Different feature vector sets (e.g., AACS,,, MDS,,, MSES,,
and ACFS,,) were employed as input feature vectors for
RBF SVM. The performance of each trained module was
evaluated with a jackknife cross-validation test. The clas-
sification performances of the different sequence-
segmented PseAAC methods with the “OVO” approach
are summarized in Table 1, which shows that the overall
success rates of AACS,, MDSs, MSES; and ACFSs are
87.59, 89.07, 88.28 and 88.15%, respectively, which are
3.19, 2.21, 1.95 and 2.58% higher than those from their
corresponding nonsegmentation methods; that is, AACS;,

Table 1 The results (in percentages) from using different segmented
PseAA methods with RBF SVM and the OVO approach in jackknife
tests

AACS,, MSES,, ACFS,,

m=1 m=4 m=1 m=5 m=1 m=3 m=1 m=5

1IEM 89.01
2EM 89.60
3EM 81.28
4EM 89.14
SEM 75.93
6EM 62.37
8EM 74.52
Q% 84.40

89.27
91.55
83.98
92.65
74.07
73.52
78.34
87.59

87.96
92.41
86.00
93.78
79.63
78.05
82.80
89.07

88.22
91.80
83.14
90.84
75.39
71.43
77.71
86.33

90.05
91.31
84.82
92.99
71.78
76.66
79.62
88.28

84.82
92.78
81.96
91.06
68.52
65.16
75.80
85.57

89.27
92.29
84.65
92.87
79.63
73.52
80.25
88.15

MDS,, MSES, and ACFS,. The feature vector sets MDS,,,,
MSES,, and ACFS,, extracted from the current sequence-
segmented PseAAC methods involve some information
about long-distance interactions between residues, MSES,,
also involves protein evolutionary conservation informa-
tion, and ACFS,, also involves the physicochemical
properties of the residues. The results indicate that the
segmentation (that is, the subsequence) may be related to
the protein function domain, and that it contains more
protein quaternary structure information.

Performance of the prediction system influenced
by the number of segments

The performance of the prediction system can be affected
by m, the segmentations of a protein sequence. The results
obtained using the fivefold cross-validation test (SCV) are
shown in Fig. 1. From Fig. 1, it is clear that compared with
the case of m = 1, the overall success rates are significantly
enhanced by segmenting the protein sequence into m seg-
mentations. However, the overall success rate does not
always monotonously increase with m. Actually, different
datasets may have different optimal values for m that yield
the highest overall success rate. For example, the optimal m
values for the feature sets of AACS,,, MDS,,,, MSES,,, and
ACFS,, are 4, 5, 3 and 5, respectively, and their corre-
sponding overall success rates are 86.11, 87.72, 86.7 and
86.39%, respectively.

Comparison with Chou’s results

The corresponding comparison with Chou’s method (Chou
and Cai 2003) is shown in Table 2. Our prediction per-
formance is superior to that of Chou’s method. The results

88.0 7
87.5

87.0

86.5 / v . o
86.0 o

o\° \/V
>
Q ]
tg 85.5 ' /
S 85.0 i —=—AACS,
A —e—MDS
84.5 m
] MSES
84.0 —v—ACFS,
83.5
83.0 1 T T T T T T T T T T T T 1
1 2 3 4 5 6 7 8
number of segments

Fig. 1 The relationship between the number of segments (x-axis) and
the prediction accuracy (y-axis) in the 5CV test. Prediction is
performed using the RBF kernel function support vector machine
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Table 2 Comparison with Chou’s method (Chou and Cai 2003)

1IEM 2EM 3EM 4EM 5EM 6EM 8EM Q%

Chou’s 809 857 779 854 1.9 627 541 785
results

MDSs 87.96 92.41 86.00 93.78 79.63 78.05 82.80 89.07

MSES; 90.05 91.31 84.82 92.99 77.78 76.66 79.62 88.28

ACFS; 89.27 92.29 84.65 92.87 79.63 73.52 80.25 88.15

show that the current sequence-segmented Pse AAC meth-
ods can successfully predict protein quaternary structures.
It may also be very applicable to similar prediction tasks.

Conclusion

In the current study, a novel approach involving a
sequence-segmented PseAAC was introduced in order to
predict protein quaternary structures. The rates of correct
identification suggest that the subsequences of an oligo-
meric protein do contain more information about its
quaternary structure. Feature vectors based on the
sequence-segmented Pse AAC approach appear to capture
essential information about the compositions and hydro-
phobicities of residues in the surface patches buried in the
interfaces of associated subunits. The results also indicate
that the current sequence-segmented PseAAC approach is
quite promising and may at least provide a complimentary
approach to existing methods.
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