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Abstract Many proteins are composed of two or more

subunits, each associated with different polypeptide chains.

The number and arrangement of subunits forming a protein

are referred to as quaternary structure. It has been known

for long that the functions of proteins are closely related to

their quaternary structure. In this paper the grey incidence

degree is introduced that can calculate the numerical

relation between various components, expressed the similar

or different degree between these components. We have

demonstrated that introduction of the grey incidence degree

can remarkably enhance the success rates in predicting the

protein quaternary structural class. It is anticipated that the

grey incidence degree can be also used to predict many

other protein attributes, such as subcellular localization,

membrane protein type, enzyme functional class, GPCR

type, protease type, among many others.
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Introduction

One key element in understanding the molecular machinery

of the cell is to understand the structure and function of each

protein encoded in the genome. Advancement of in vitro

techniques enables availability of primary structure infor-

mation of thousands of proteins. The three-dimensional

conformational state (tertiary/quaternary structure) of a

protein is dependent on the primary structure to a large

extent.

Actually, several proteins are a combination of two or

more individual polypeptide chains. The arrangement

according to which such subunits assemble is called the

protein quaternary structure. In the protein universe there

are many different classes of subunit construction, such as

monomer, dimmer, 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. Biological processes are often

influenced by the quaternary structure of proteins involved

therein. For example, some critical ligands only bind to

dimmers but not to monomers; some marvelous allosteric

transitions only occur in tetramers but not other oligomers;

and some ion channels are formed by tetramers, whereas

others are formed by pentamers; the sodium channel is

formed by a monomer (Chen et al. 2002) while the

potassium channel by a homo-tetramer (Doyle et al. 1998);

the M2 proton channel is formed by a homo-tetramer

(Schnell and Chou 2008) while hemoglobin by a hetero-

tetramer (Perutz 1964); the phospholamban is formed by

homo-pentamer (Oxenoid and Chou 2005; Oxenoid et al.

2007) while the gamma-aminobutyric acid type A

(GABAA) receptor (Chou 2004b; Tretter et al. 1997) and

a7 nicotinic acetylcholine receptor (Chou 2004a) by a

hetero-pentamer. Moreover, the quaternary structural type

is also very useful in screening the candidates of proteins

for their three-dimensional structure determination by the

X-ray cryptography technique.

Many lines of evidences have indicated that mathe-

matical/computational approaches, such as structural

bioinformatics (Chou 2004a, b, c, d, 2005a), molecular

docking (Chou et al. 2003; Gao et al. 2007; Li et al. 2007;
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Wang et al. 2008a; Zhang et al. 2006a, b; Zheng et al. 2007),

molecular packing (Chou et al. 1984, 1988), pharmaco-

phore modelling (Chou et al. 2006; Sirois et al. 2004), Mote

Carlo simulated annealing approach (Chou 1992), diffu-

sion-controlled reaction simulation (Chou and Zhou 1982),

graph/diagram approach (Andraos 2008; Chou 1981, 1989,

1990; Chou and Forsen 1980; Chou et al. 1979; Chou and

Liu 1981; Cornish-Bowden 1979; King and Altman 1956;

Kuzmic et al. 1992; Myers and Palmer 1985; Zhou and

Deng 1984), bio-macromolecular internal collective motion

simulation (Chou 1988), QSAR (Dea-Ayuela et al. 2008;

Du et al. 2005, 2008a, b; Gonzalez-Dı́az et al. 2006, 2008;

Prado-Prado et al. 2008), protein subcellular location pre-

diction (Chou and Shen 2006a, c, 2007a, d, 2008a; Xiao

et al. 2005), protein structural class prediction (Chou 1995,

2000; Chou and Cai 2004; Xiao et al. 2006, 2008a, c),

identification of membrane proteins and their types (Chou

and Shen 2007c), identification of enzymes and their

functional classes (Shen and Chou 2007a), identification of

GPCR and their types (Chou 2005b; Chou and Elrod 2002;

Gao and Wang 2006; Xiao et al. 2008b), identification of

proteases and their types (Chou and Shen 2008b), protein

cleavage site prediction (Chou 1993, 1996; Shen and Chou

2008a), and signal peptide prediction (Chou and Shen

2007e; Shen and Chou 2007e) can timely provide very

useful information and insights for both basic research and

drug design and hence are widely welcome by science

community. The present study is attempted to develop a

computational approach for predicting the quaternary

structural type of proteins based on their sequence infor-

mation alone in hope to provide a useful tool for further

stimulating the development of this area.

In fact, a number of computational methods have been

developed to predict protein quaternary structures. Garian

developed a method which used decision tree models and a

feature extraction approach (simple binning function) to

successfully predict homodimer and non-homodimer

(Garian 2001). Chou and Cai also investigated this topic

with a pseudo-amino acid (PseAA) composition, or

PseAAC, feature extraction method to predict monomer,

homodimer, homotrimer, homotetramer, homopentamer,

homohexamer and homooctamer (Chou and Cai 2003).

Zhang et al. (2003, 2006a, b) successfully predict homo-

dimers and non-homodomers, homodimer, homotrimer,

homotetramer, homohexamer with weighted auto-correla-

tion functions feature extraction approach. Carugo (2007)

provided a method that allowed one to predict if a chain

participated in hetero-oligomeric assemblies based on

amino acid composition.

Protein quaternary structural type prediction can be

mapped to a standard pattern classification problem.

Structural categories of proteins are considered as classes,

whereas, structural and functional units of proteins are

treated as patterns. The following two modes are often used

to express a protein: (1) the sequential mode, and (2) the

discrete mode. However, because protein sequences are

extremely complicated with much variation in both

sequence order and length, it is hardly to establish a fea-

sible predictor by using the sequential mode to represent

protein samples, as elaborated by Chou (Chou and Cai

2002). The simplest discrete mode is use the amino acid

composition of a protein to represent it (Xiao and Chou

2007).

Accuracy of different types of classifiers depends on

classification principle as well as characteristics of patterns.

For example, if the classes are linearly separable, then use

of minimum distance classifier may be a wise decision,

whereas, it is not useful if the classes are linearly non-

separable. In that case K-nearest neighbor classifier can

produce better results (Ghosh and Parai 2008). In K-nearest

neighbor classifier, the distances must be calculated

between the new protein and the other protein in data set.

Different distance measures can be used for this, e.g.,

Euclidian distance, city block distance, Mahalanobis dis-

tance, etc.

In 1982, Deng proposed a grey system theory to study

the uncertainty of a system (Deng 1982). According to this

theory, if the information of a system investigated is fully

known, it is called a ‘‘white system’’; if completely

unknown, a ‘‘black system’’; if partially known, a ‘‘grey

system’’. It was a new theory and method applicable to the

study of problems with unascertained and very few data

and/or poor information. Grey incidence degree is one of

the major components of the grey systems theory (Liu et al.

2005). The protein prediction is a grey system. The goal of

the present study was to explore the properties of grey

incidence degree in classifying protein quaternary struc-

tural type, using k-nearest sequence classification schemes.

From this study, it is found that the method based on grey

incidence degree performs better compared to the mini-

mum distance classifier.

Method

Protein sample representation by pseudo-amino acid

composition (PseAAC)

A protein sequence is generally constituted by 20 native

amino acids whose single character codes are: A, C, D, E,

F, G, H, I, K, L, M, N, P, Q, R, S, T, V, M, and Y.

Consider a protein chain of L amino acid residues: R1, R2,

R3, R4,…RL, where R1 represents the residue at the

sequence position 1, R2 at position 2, and so forth. We

can expressed it as a vector in a 20-D vector (Chou

1995); that is,
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P ¼ ½p1; p2; . . .; p20� ð1Þ

where p1 is the occurrence frequency of amino acid A in

the protein, p2 that of amino acid C, and so forth. However,

using the amino acid composition to represent a protein

sample as in Eq. 1 would lose all of its sequence-order

information. To avoid losing the sequence-order inform-

ation, a logic approach is to use the entire sequence to

represent the protein sample and apply the sequence

search-based tools such as BLAST (Altschul 1997;

Wootton and Federhen 1993) to perform prediction.

However, this kind of approach failed to work when the

query protein did not have significant homology to proteins

of known characteristics (Chou and Shen 2007d). In order

to avoid complete losing the sequence-order information

and also enable the prediction more effective for those

proteins that do not have significant homology to

characterized proteins, a feasible approach is to use the

pseudo-amino acid (PseAA) composition to represent the

protein sample. The PseAA composition (Chou 2001) was

originally proposed for predicting protein subcellular

localization and membrane protein type (Chou 2001);

while the amphiphilic PseAA composition (Chou 2005c)

proposed for predicting the enzyme functional

classification. The essence of PseAA composition is to

use a discrete model to represent a protein sample yet

without complete losing its sequence-order information.

According to its definition, the PseAA composition for a

given protein sample is expressed by a set of 20 ? k
discrete numbers, where the first 20 represent the 20

components of the classical amino acid composition while

the additional k numbers incorporate some of its sequence-

order information via various different kinds of coupling

modes. Ever since the concept of PseAA composition was

introduced, various PseAA composition approaches have

been stimulated to deal with different problems in proteins

and protein-related systems (see, e.g., Ding and Zhang

2008; Jiang et al. 2008; Li and Li 2008; Lin 2008; Lin et al.

2008; Zhang and Fang 2008; Zhang et al. 2008; Zhou et al.

2007). Owing to its wide usage, recently a very flexible

PseAA composition generator, called ‘‘PseAAC’’ (Shen

and Chou 2008b), was established at the website http://

chou.med.harvard.edu/bioinf/PseAA/, by which users can

generate 63 different kinds of PseAA composition. In the

current study, we also use the PseAA composition to

represent a protein sample. According to (Chou 2001), the

PseAA composition of a protein P is defined by a

(20 ? k)-D vector, as given by

P ¼ ½p1; p2; . . .; p20; p20þ1; . . .p20þk� ð2Þ

where the first 20 elements are the same as in Eq. 1, and

p20?j (j = 1,…,k) are the pseudo-amino acid components

that represent the jth rank sequence-order correlation

factors (see Fig. 1 of Ref. Chou 2001). Given the sequence

of a protein, the (20 ? k) elements in Eq. 2 can be easily

derived via Eqs. 4–7 of Chou (2001); they can also be

generated by using the web-server called ‘‘PseAAC’’ at

http://chou.med.harvard.edu/bioinf/PseAA/.

Nearest neighbor (NN) classifier

Although neural network based methods give higher

accuracy, they suffer form some draw-backs. Black-box

nature of neural networks makes it difficult to view how the

structures are actually predicted. Neural based methods

along with hidden Markov models perform well when

many homologies of query protein are available (Karplus

et al. 1998). This goes against generalization of prediction.

Nearest neighbor classifiers have been successfully for

predicting protein subcellular location and other attributes

(see, e.g., Chou and Shen 2006a, b, 2007a, b, c; Shen and

Chou 2007a, b, c, d, f).

Assume a system include N proteins which are classified

into M subsets (GPCRs main families),

S ¼ [
M

m¼1
Sm ¼ fP1; P2; . . .; PNg ð3Þ

where each subset Sm (m = 1, 2,…,M) is composed of

proteins with the same type and its size (the number of

proteins therein) is Nm. Obviously, N ¼
PM

m¼1

Nm: According

to Eq. 2, the ith (i = 1, 2,…,N) protein in the set S (see

Eq. 3) is formulated by

Pi ¼ ½pi
1; p

i
2; . . .; pi

20þk�; ð4Þ

Similarly, a target protein (query protein) should be

represented by

P? ¼ ½p?
1; p

?
2; . . .; p?

20þk�: ð5Þ

Now, for the target protein P?; how we identify which

family it belonged to? In our study we used the K-Nearest

neighbor rule to handle this problem. According to the NN

rule, the target protein should be assigned to the subset

containing the majority of its nearest neighbor. Owing to its

good performance and simple-to-use feature, the NN rule,

also named as ‘‘voting NN rule’’, is quite popular in pattern

recognition community. There are many different

definitions to measure the ‘‘nearness’’ for the NN

classifier, such as Euclidean distance, Hamming distance,

and Mahalanobis distance. The grey incidence degree

between the protein sequence’s can calculate the

numerical relation between various components,

expressed the similar or different degree between these

components. Therefore, we used the degree of grey

incidence to measure the nearness between the target

protein P? and the comparable protein Pi:

Protein grey incidence degree measure 743
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Grey incidence degree (GID)

Assume P ¼ P1; P2; . . .; PNf g are the set of compared ser-

ies, namely samples of protein sequence, and P? is the

target sequence. The grey relational coefficient is defined as

c p?
k; p

i
k

� �
¼ DMin þ nDMax

D?;i
k þ nDMax

ð6Þ

where

D?;i
k ¼ p?

k � pi
k

�
�

�
� ð7Þ

Dmax ¼ Max
8j

Max
8k

p?
k � pj

k

�
�

�
�;

ðj ¼ 1; 2; . . .;N; k ¼ 1; 2; . . .; 20þ kÞ ð8Þ

Dmin ¼ Min
8j

Min
8k

p?
k � pj

k

�
�

�
�;

ðj ¼ 1; 2; . . .;N; k ¼ 1; 2; . . .; 20þ kÞ ð9Þ

n ¼ distinguishing coefficient;2 0; 1½ � ð10Þ

where [ is symbol in the set theory meaning ‘‘member of’’

and the symbol V is a logical statement denote ‘‘for every’’.

The grey incidence degree is actually a weighting sum

of grey relational coefficient and can be derived from

C P?; Pið Þ ¼
X20þk

k¼1

wkcðp?
k; p

i
kÞ ð11Þ

The weighting factor, wk, must satisfy
P20þk

k¼1

wk ¼ 1.

Normally, if all the process parameters are of equal

weighting, the distinguishing coefficient n is 0.5 and the

grey incidence degree is performed in equal weighting

fashion, wk ¼ 1=ð20þ kÞ; ðk ¼ 1; 2; . . .20þ kÞ(Deng 1982;

Tsai et al. 2005), which is the value selected in the present

study.

The grey incidence degree, CðP?; PiÞ; stands for the level

of correlation between the target series P? and the com-

parable series Pi: Thus, if one of the comparable series

influences more on the target series than the others, the

corresponding value of grey incidence degree is larger than

those values of the other grades. It also indicates the degree

of influence on the target series exerted by the comparable

series. According to Eqs. 6–10, when P? � Pi; we have

CðP?; PiÞ ¼ 1; indicating that these two proteins have

perfect or 100% similarity.

Let’s assume sequences: P0 = [0.0173, 0.0006, 0.0037,

0.0099, 0.0068], P1 = [0.0395, 0.0093, 0.0031, 0.0099,

0.0142], P2 = [0.0068, 0.0185, 0.0191, 0.0074, 0.0056],

P3 = [0.0333, 0.0204, 0.0111, 0.0012, 0.0062], P4 =

[0.0150, 0.0137, 0.0136, 0.0156, 0.0138]. First, we com-

pute the Di ¼ xi � x0j j; D1 = [0.0222, 0.0087, 0.0006, 0.0,

0.0074], D2 = [0.0105, 0.0179, 0.0154, 0.0025, 0.0012],

D3 = [0.0160, 0.0198, 0.0074, 0.0087, 0.0006], D4 =

[0.0023, 0.0131, 0.0099, 0.0057, 0.0070]. So,

Dmax = 0.0222, Dmin = 0. Second, we calculate the ci,

c1 = [0.8333, 0.9273, 0.9946, 1.0000, 0.9375], c2 =

[0.9136, 0.8611, 0.8782, 0.9780, 0.9893], c3 = [0.8740,

0.8486, 0.9375, 0.9273, 0.9946], c4 = [0.9797, 0.8944,

0.9181, 0.9512, 0.9407]. Lastly, we get the grey incidence

degree: C(x0, x1) = 0.9386, C(x0, x2) = 0.9240, C(x0, x3) =

0.9164, C(x0, x4) = 0.9368.

The method that uses the grey incidence degree to

analysis a system is also called grey incidence analysis.

Results and discussion

The training dataset and independent dataset taken from

Chou and Cai (2003) are used to test the current method.

The training dataset consists of 3,174 protein sequences, of

which 382 are with annotation of monomer, 817 of dimer,

593 of trimer, 884 of tetramer, 54 of pentamer, 287 of

hexamer, and 157 of octamer. The independent dataset

consists of 332 protein sequences, of which 50 are with

annotation of monomer, 102 of dimer, 56 of trimer, 80 of

tetramer, 6 of pentamer, of 28 hexamer, and 10 of octamer.

In statistical prediction, the following three cross-vali-

dation methods are often used to examine a predictor for its

effectiveness in practical application: independent dataset

test, subsampling test, and jackknife test (Chou and Zhang

1995). However, as elucidated in (Chou and Shen 2008a)

and demonstrated by Eq. 50 of Chou and Shen (2007d),

among the three cross-validation methods, the jackknife

test is deemed the most objective that can always yield a

unique result for a given benchmark dataset, and hence has

been increasingly used and widely recognized by investi-

gators to examine the accuracy of various predictors (see,

e.g., Chou and Shen 2008b; Ding et al. 2007; Jiang et al.

2008; Jin et al. 2008; Kannan et al. 2008; Li and Li 2008;

Lin 2008; Lin et al. 2008; Niu et al. 2008; Shi et al. 2008;

Tian et al. 2008; Wang et al. 2008b; Wu and Yan 2008;

Xiao and Chou 2007; Zhang and Fang 2008; Zhang et al.

2008; Zhou 1998; Zhou and Assa-Munt 2001; Zhou and

Doctor 2003; Zhou et al. 2007).

During the jackknife test, each protein sample in the

dataset is singled out in turn as a ‘‘test sample’’ and all the

rule-parameters are determined from the remaining N - 1

samples. The success rates by jackknife test for the

aforementioned 3,174 proteins classified into sever qua-

ternary structural classes are given in Table 1, where for

facilitating comparison the corresponding rates obtained by

the CD (Covariant Discriminant) and Support Vector

Machine are also listed. It can be seen from Table 1 that

the overall success rate by the current approach is 87.3%,

which is remarkably higher than those by the other

approaches. It can be seen by comparing CD and GID that
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misallocation errors are remarkably reduced by GID

against CD, particularly for pentamer and octamer proteins.

The GID can manifest the similar degree of two sequences

and investigate a trend among given sequences. When

calculate the similar degree of two sequences, GID not

only take into account the relations of every corresponding

parameters but also Dmax and Dmin in all data set. It is why

GID can improve the overall prediction success rate under

the same data and pseudo-amino acid composition in pre-

dicting the protein quaternary structure type.

The performance of the prediction system can be

affected by k, the number of the sequence-order correlation

factors for pseudo-amino acid composition. The results

obtained using the jackknife test are shown in Fig. 1. Form

Fig. 1, it is clear that compared with the case of k = 1, the

overall success rates are significantly enhanced along with

increasing of k, indicating that long-range interaction is

very important in determining the protein quaternary

structure type. However, the overall success rate does not

always monotonously increase with k. The highest overall

success rate is 87.6 (k = 45).

To measure the performance of predictive methods,

there exist some standard statistical scoring techniques.

The most frequently used measures is Matthew’s correla-

tion coefficient (MCC) indexes. The definition of MCC is

given by

MCC ¼ ðTPÞðTNÞ � ðFPÞðFNÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
½TP + FP][TP + FN][TN + FP][TN + FN�

p

ð12Þ

where TP represents the true positive; TN, the true nega-

tive; FP, the false positive and FN, the false negative (Xiao
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Fig. 1 The relationship between the number of the sequence-order

correlation factors for pseudo amino acid composition and the

prediction accuracy in the jackknife test. Note that the highest

accuracy is achieved at k = 45
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et al. 2008a, b, c). The MCC indexes for the sever qua-

ternary structural classes obtained by the jackknife tests

with the GID predictor are 0.9223, 0.8633, 0.8610, 0.8359,

0.9117, 0.7234, 0.8040, respectively. It can be seen that the

results obtained by the current predictor not only possess

higher success rates but also are more stable than those by

the CD approach, indicating that the new approach is

indeed very powerful and promising.

Moreover, as a demonstration for practical application,

predictions were also performed for the 332 independent

proteins, based on the rule-parameters derived from the

training data set. The predicted results thus obtained are

summarized in Table 2, the overall success prediction rate

is 87.7%. This is 8% higher than the rate by the CD based

on the same pseudo-amino acid composition.

The functional domain composition has been used for

predicting protein quaternary structure type (Yu et al. 2006).

There is a limitation when prediction based on functional

domain composition, how to predict a sequence without

functional domain composition information. This paper

represents a new attempt to predict these proteins. It is a

complementary to functional domain composition method.

Conclusion

The grey system theory was developed to deal with those

systems for which only partial information is available, and

hence is particularly useful to deal with biological prob-

lems. It is demonstrated in this study that the overall

success rate in predicting protein quaternary structural

classes can be remarkably improved by using the GID. It

has not escaped our notice that the similar approach can be

also used to deal with many other complicated problems in

biology, such as predicting protein subcellular localization,

membrane protein type, enzyme functional class, GPCR

type, signal peptides, protease type, among many others.
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