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Abstract The number and arrangement of subunits that
form a protein are referred to as quaternary structure.
Knowing the quaternary structure of an uncharacterized
protein provides clues to finding its biological function
and interaction process with other molecules in a biological
system. With the explosion of protein sequences generated
in the Post-Genomic Age, it is vital to develop an automated
method to deal with such a challenge. To explore this prob-
lem, we adopted an approach based on the pseudo position-
specific score matrix (Pse-PSSM) descriptor, proposed by
Chou and Shen, representing a protein sample. The Pse-
PSSM descriptor is advantageous in that it can combine
the evolution information and sequence-correlated informa-
tion. However, incorporating all these effects into a
descriptor may cause ‘high dimension disaster’. To over-
come such a problem, the fusion approach was adopted
by Chou and Shen. A completely different approach, linear
dimensionality reduction algorithm principal component
analysis (PCA) is introduced to extract key features from
the high-dimensional Pse-PSSM space. The obtained
dimension-reduced descriptor vector is a compact repre-
sentation of the original high dimensional vector. The jack-
knife test results indicate that the dimensionality reduction
approach is efficient in coping with complicated problems in
biological systems, such as predicting the quaternary struc-
ture of proteins.

Keywords principal component analysis (PCA), qua-

ternary structure of protein, pseudo position-specific

score matrix (Pse-PSSM), dimension reduction method

1 Introduction

Proteins are at the center of the action in biological pro-

cesses, and their function can only be understood based on

the structure of their constituent polypeptide chains.

Thus, protein structure plays a key role in cell biology,

biochemistry and molecular biology. The structural hier-

archy of proteins is defined at four levels: primary, sec-

ondary, tertiary, and quaternary.

Primary structure is defined by the amino acid

sequence. Secondary structure is the local spatial arrange-

ment of a polypeptide’s backbone, without regard for the
conformations of its side-chains. Tertiary structure refers

to the three-dimensional structure of an entire polypep-

tide. The concept of quaternary structure was first put

forward by Bernal in 1958 [1]. It refers to the non-covalent

interaction of protein subunits to form oligomers.

Oligomeric proteins are very common in nature. They

can be divided further into two classes: homo-oligomers

and hetero-oligomers. The former are composed of iden-
tical subunits while the latter are composed of non-iden-

tical subunits. The present study focuses on the homo-

oligomers.

Oligomeric structure can also vary through arrange-

ment of subunits. Thus, in the protein universe, there

are many different classes of subunit construction, such

as monomer, dimer, trimer, tetramer, and so forth

(Fig. 1). Single subunit or polypeptide chain is called

a monomer, two subunits a dimer, three a trimer, four
a tetramer, etc. The Oligomeric proteins have more

advantages than the monomers in terms of functional

evolution of biomacromolecules [2]. It is easier for

multi-subunit proteins to repair their defects by simply

replacing the flawed subunit. Moreover, in many bio-

logical processes the quaternary structure is an interest-

ing field in bioinformatics.

It is generally accepted that the amino acid sequence of
most proteins contains all the information needed to fold

the protein into its correct three-dimensional structure

[4,5]. The quaternary structure of proteins, which is the

association of tertiary structure subunits, depends on the

existence of complementary ‘patches’ on their surfaces [6].

Therefore, the patches that are buried in the interfaces

formed by the subunits play a vital role in both tertiary

and quaternary structures. This suggests the possibility of
predicting the quaternary structure from primary

sequences [6].
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Given a polypeptide chain, will it form a dimer, trimer

or any other oligomer, or exist only as a monomer? Efforts

have been made in developing computational tools to pre-

dict protein quaternary structure based on its sequence. In

a pioneering study, Chou and Elrod [3] introduced the

covariant discriminant algorithm to predict the quater-

nary structure of proteins based on the pseudo amino acid

(PseAA) composition [7]. By using the PseAA composi-

tion, a protein sequence can be expressed by a discrete

model yet without completely losing its sequence-order

information. A web-server called PseAAC [8] was estab-

lished at http://www.csbio.sjtu.edu.cn/bioinf/PseAAC/ or

http://chou.med.harvard.edu/bioinf/PseAAC/, by which

users can generate various kinds of PseAA composition

as desired.

Recently, a new discrete descriptor for a protein

sequence, called the pseudo position-specific score matrix

(Pse-PSSM) [9], is proposed by incorporating its evolution

and sequence-order information. However, the Pse-PSSM

descriptor would correspond to a very high dimensional

vector if all possible coupling ranks were incorporated

into one descriptor. This may cause many problems in

statistical prediction, such as the ‘dimension disaster’,

over-fitting and redundancy. To overcome such a dif-

ficulty, the approach by fusing many descriptors of differ-

ent coupling ranks into one classifier, i.e., the so-called

ensemble classifier, was utilized by Chou and Shen [9].

The present study was initiated in an attempt to pro-

pose a different approach, i.e., the principal component

analysis (PCA), to extract the essential features from the

vector space to avoid the high-dimensional difficulty. The

result thus obtained is quite encouraging, indicating that

the PCA approach can also be effectively used to deal with

other complicated biological systems.

2 Materials and methods

2.1 Dataset

Protein sequences were collected from the Swiss-Prot

database at http://www.ebi.ac.uk/swissprot/ (version

55.0 released on 26-February-2008). To collect as much

desired information as possible and meanwhile ensure

high-quality for the benchmark dataset, the data were

screened strictly according to the following criteria and

order:

1) Sequences annotated with ‘fragment’ were excluded.

Also, sequences with less than 50 amino acid residues were

excluded because they might just be fragments.

2) Sequences annotated with ambiguous or uncertain

terms, such as ‘potential’, ‘probable’, ‘probably’,

‘maybe’, or ‘by similarity’, were removed from further

consideration.

Fig. 1 Schematic drawing to illustrate that different polypeptide chains may form various oligomers. Note: Reproduced from Chou
[3] with permission
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3) For the sequences kept after the above screening

procedures and all that have clear experimental annota-

tions, those annotated with ‘subunit’ were extracted.

4) Eight different quaternary structures were found. To

reduce homology bias, a redundancy cutoff was operated

by the PISCES [10] program to select sequences that have

. 60% sequence identity to any other in the same quater-

nary structure type. Finally, we obtained a dataset contain-

ing 3726 sequences, of which 1073 are monomers, 1681 are

homodimers, 224 are homotrimers, 549 are homotetramers,

17 are homopentamers, 115 are homohexamers, 46 are

homooctamers, and 21 are homododecamers.

2.2 Pseudo position-specific score matrix descriptor

Given a query protein sequence P, to predict its quater-

nary structure type, the first important thing we need to

do is use a proper descriptor to represent it. The descriptor

not only contains as much information of the sequence as

possible, but also can be handled by powerful prediction

algorithms. The Pse-PSSM descriptor recently introduced

by Chou and Shen [9] is a good one in this regard. Below,

let us give a brief introduction about the Pse-PSSM

descriptor. According to Ref. [9], a protein sequence con-

taining L amino acids can be represented by a 40-D

(dimensional) vector, i.e.,

Pj
Pse-PSSM~ �E1

�E2 � � � �E20 Gj
1

Gj
2 � � � Gj

20

h iT
,

j~0, 1, 2, or L{1, ð1Þ

where T is the transpose operator, and

�Ej ¼
1

L

XL
i¼1

Ei?j ; j ¼ 1; 2; . . . ; 20; ð2Þ

where L is the number of amino acids in the protein, Ei?j

represents the score of the amino acid residue in the ith

position of the protein sequence that is being changed to

amino acid type j during the evolution process. Here, the

numerical codes 1, 2,…, 20 are used to denote the 20

native amino acid types according to the alphabetical

order of their single character codes. The PSSM scores

of Ei?j in Eq. (2) were generated using PSI-BLAST [11]

to search the Swiss-Prot database through three iterations

with 0.001 as the E-value cut-off for multiple sequence

alignment against the sequence of the protein concerned,

followed by a standardization procedure given below:

Ei?j~

E0i?j{
1

20

P20
k~1

E0i?kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

20

P20
u~1

E0i?u{
1

20

P20
k~1

E0i?k

� �2
s ,

i~1,2, . . . ,L, j~1,2, . . . ,20, ð3Þ

where E0i?j represents the original scores directly created

by PSI-BLAST and are generally positive or negative inte-

gers. The standardized scores will have a zero mean value

over the 20 amino acids and will remain unchanged if it

goes through the same conversion procedure again. The
positive score means that the corresponding mutation

occurs more frequently in the alignment than expected

by chance, while the negative one means just the opposite.

The components Gj
1, G

j
2, . . . ,G

j
20 in Eq. (1) are given by

Gj
j ~

1

L{j

XL{j

i~1

Ei?j{E(izj)?j

h i2
,

j~1,2, . . . ,20, jvL, ð4Þ

meaning that G1
j is the correlation factor by coupling the

most contiguous PSSM scores along the protein chain for

the amino acid type j, that G2
j is obtained by coupling the

second-most contiguous PSSM scores, etc. Because the

length of the shortest protein sequence in our dataset is

L5 50, the value allowed for j in Eqs. (1) and (4) must be

smaller than 50; when j5 0,Gj
j becomes a naught element

and Eq. (1) is degenerated to a 20-D vector. Thus, accord-

ing to the Pse-PSSM descriptor, as shown in Eq. (1), a
protein can be represented by one 20-D vector (j5 0)

and 49 different 40-D vectors, each of which corresponds

to a different j (1,2,…,49). To avoid the over-fitting prob-

lem and reduce the cluster-tolerance capacity [12], instead

of combining the 50 individual vectors (j5 0,1,2,…,49)

into one (20 + 406 49)5 1980-D vector, Chou and Shen

[9] introduced an ensemble classifier by fusing the results

obtained based on each of the individual vector descrip-
tors through a voting system.

Below, we will introduce a different approach to cope

with the problem caused by the high dimensional

descriptor.

2.3 PCA algorithm

Since the Pse-PSSM descriptor is high-dimensional, the

operations on this representation are computationally

expensive. Therefore, subspace learning (dimensionality

reduction) to detect reduced intrinsic dimensionality in

the high-dimensional feature space is necessary for pre-

dicting the quaternary structure of proteins.

The PCA is one of the most popular linear subspace

methods that can extract useful features with low compu-

tational complexity [13–17]. It is based on computation of

low-dimensional representation of a high-dimensional

dataset that maximizes the total scatter, which is optimal

in reconstruction, as depicted below.

Given a dataset of X~~x1,~x2, . . . ,~xN½ � in an m-dimen-

sional real space Rm, where~xi, i~1,2, . . . ,N, belongs to C

classes denoted as [W1, W2,…,WC]. The objective of the

PCA is to find a transformation matrix A to map X into
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Y in a new d-dimensional real spaceRd (where d,m), i.e.,

Y~ATX , ð5Þ

where Y~~y1,~y2, . . . ,~yN½ � and ~yi, i~1,2, . . . ,N, are corre-

sponding vectors in the new space. To obtain an optimized

transformation matrix A, we need to maximize the follow-

ing objective function:

Aopt~ argmax
A

XN
i~1

yi
!{ y

!��� ���2

~ argmax
A

XN
i~1

AT xi
!{ x

!� ���� ���2

~ argmax
A

XN
i~1

tr AT xi
!{ x

!� �
xi
!{ x

!� �T

A

� �

~ argmax
A

tr ATSTA
	 


, ð6Þ

where y
!
~(1=N)

P
y!i, x

!
~(1=N)

P
x!i and ST is the

total scatter matrix with ST~
PN
i~1

xi
!{ x

!� �
xi
!{ x

!� �T

.

The optimal transformation matrix of the PCA is the set

of m-dimensional eigenvectors of ST corresponding to the

d largest eigenvalues.

3 Results and discussion

In statistical prediction, the sub-sampling test and the

jackknife test are two cross-validation methods often used

for examining the accuracy of a predictor. However, as

demonstrated by Eq. (50) in a recent comprehensive

review [18], the sub-sampling (e.g., 5-fold cross-valida-

tion) test cannot avoid arbitrariness even for a simple

benchmark dataset. Accordingly, the jackknife test has

been widely adopted by investigators [19–24] to test the

power of predictors. Therefore, we also used the jackknife

test to examine the performance of the PCA in predicting

the quaternary structure of proteins.

As discussed before, according to the Pse-PSSM

descriptor (Eq. (1)), a protein can be represented by a

combination of one 20-D vector P0
Pse-PSSM and 49 differ-

ent 40-D vectors Pj
Pse-PSSM, j~1,2, . . . ,49. However, of

the 49 different 40-D vectors, the first 20 components in

Pj
Pse-PSSM and the 20 components in P0

Pse-PSSM are actu-

ally the same as the 20 components in Eq. (2).

Accordingly, in merging the 50 vectors into one as

denoted by PPse-PSSM, the 20 components only need to

be used once. Thus, PPse-PSSM is actually corresponding

to a 206 505 1000-D vector.

By using the PCA algorithm formulated in Sect. 2 to

extract the most important features from the 1000-D vec-

tor of PPse-PSSM, as denoted by P
1
Pse-PSSM. Figure 2 shows

the relations between the number of the principal compo-

nents and data variance for the dataset consisting of 8

quaternary structures of proteins. As can be seen from

Fig. 2, the higher the kept variance is, the higher the

dimension of P
1
Pse-PSSM will be. To preserve energy and

at the same time extract the most important features,

95% of the total data variance is applied in the PCA,

which yields the 128-D P
1
Pse-PSSM. Subsequently, the K-

nearest neighbor (KNN) algorithm [25–27] was used to

predict the quaternary structure types based on the 128-

D vector descriptor.

The detailed jackknife success rate for each of the 8

quaternary structures by using 128-D P
1
Pse-PSSM and

1000-D PPse-PSSM as the protein descriptors are shown

in Table 1. It can be observed that the success rates by

using the PCA features extraction algorithm are higher

than those without using the PCA algorithm. It is impor-

tant to point out that in most cases the performance of the

KNN algorithm depends on the selection of the number of

the nearest neighbors k and it is found that k5 1 gives the

best prediction accuracy in this study.

4 Conclusions

To classify complicated biological systems, the high-

dimensional vectors problem has to be resolved. The

PCA algorithm is adopted to extract key information

from the high-dimensional space and reduce the original

high-dimensional vector to a lower-dimensional one. The

PCA is used to effectively find important information

from the high dimensional data space. Its application to

quaternary structures of proteins prediction just demon-

strates its advantages. Also, the PCA approach can be

used to deal with other complicated biological systems.

Fig. 2 Relation between principal components and data
variance for 8 quaternary structures of proteins
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P
1
Pse�PSSM to represent protein samples

quaternary

structures of

proteins

original Pse-PSSM

1000-D descriptor

PPse-PSSM/%

dimension-reduced

128-D descriptor

P
1
Pse-PSSM/%

monomer 664

1073
~61:88

602

1073
~56:1

homodimer 1104

1681
~65:68

1122

1681
~66:75

homotrimer 96

224
~42:86

132

224
~58:93

homotetramer 264

549
~48:09

329

549
~59:93

homopentamer 3

17
~17:65

4

17
~23:53

homohexamer 24

115
~20:87

44

115
~38:26

homooctamer 17

46
~36:96

24

46
~52:17

homododecamer 11

21
~52:38

11

21
~52:38

overall 2183

3726
~58:59

2268

3726
~60:87
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