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Summary. The subnuclear localization of nuclear protein is very impor-

tant for in-depth understanding of the construction and function of the

nucleus. Based on the amino acid and pseudo amino acid composition

(PseAA) as originally introduced by K. C. Chou can incorporate much

more information of a protein sequence than the classical amino acid

composition so as to significantly enhance the power of using a discrete

model to predict various attributes of a protein, an algorithm of increment

of diversity combined with the improved quadratic discriminant analysis is

proposed to predict the protein subnuclear location. The overall predictive

success rates and correlation coefficient are 75.4% and 0.629 for 504

single localization proteins in jackknife test, and 80.4% for an independent

set of 92 multi-localization proteins, respectively. For 406 single localiza-

tion nuclear proteins with �25% sequence identity, the results of jackknife

test show that the overall accuracy of prediction is 77.1%.

Keywords: Subnuclear localization – Increment of diversity – Quadratic

discriminant – Covariant discriminant function – Chou’s pseudo amino

acid composition

Introduction

The cell nucleus is a highly complex organelle that or-

ganizes the comprehensive assembly of genes and their

corresponding regulatory factors. It reflects the intricate

regulation of various biological activities. The nucleus

contains many proteins, and its biological functions are

closely relevant to the proteins therein. Although protein

complexes disperse throughout the entire organelle, it is

known that many nuclear proteins participating in life pro-

cesses tend to concentrate on subnuclear compartments

(Heidi et al., 2001; Joanna and Wendy, 1998). The con-

centration within specific subnuclear compartments is im-

portant for the construction and function of the nucleus.

The importance of this organization is revealed by the

mis-localization of nuclear proteins in human genetic dis-

ease (Marsh et al., 1998; Wilson et al., 2001), in cancers

(Koken et al., 1997; Phair and Misteli, 2000) and in virally

infected cells (Bell et al., 2000). The knowledge of protein

subcellular or subnuclear localization can provide valu-

able clues about its molecular function, as well as the

biological pathway in which it participates (Chou, 2000b,

2002; Chou et al., 2006; Cocco et al., 2004; Itoh et al.,

2005). Accordingly, the knowledge of protein subnuclear

localization is very important for in-depth understanding

of the biochemical process of the nucleus.

Advances in experimental technology have enabled the

large-scale identification of nuclear proteins. However, at

the same time, the sequencing of both the human and

mouse genomes has generated an enormous inventory

of primary sequences with unknown functions. The ava-

lanche of these protein sequences has called for develop-

ment of automated methods for fast identifying the loca-

lization of uncharacterized proteins in cell. Therefore,

accurately predicting protein subnuclear localization is

crucial for understanding genome regulation and func-

tions. Many of the existing methods were focused on the

prediction of protein subcellular localizations from primary

protein sequences (Bulashevska and Eils, 2006; Cai and

Chou, 2003; Cai et al., 2002; Chou and Cai, 2002; Chou

and Elrod, 1999; Chou and Shen, 2006a, b, c, d, 2007; Du

and Li, 2006; Feng, 2001, 2002; Gao et al., 2005a, b; Guo

et al., 2006a; Pan et al., 2003; Shen and Chou, 2007; Shen

et al., 2007; Xiao et al., 2006a; Zhou and Doctor, 2003).

However, the prediction of protein localization from pri-

mary protein sequences at subnuclear level is challeng-

ing compared with that at the subcellular level (Lei and



Dai, 2005; Shen and Chou, 2005). In order to extend the

prediction of protein subcellular location into a deeper

level, i.e., the subnuclear level, a novel approach is pro-

posed for predicting the subnuclear location of 370

nuclear proteins (Shen and Chou, 2005).

Recently, Lei and Dai assessed protein similarity with

gene ontology (GO) and then used new kernel functions

in a support vector machine (SVM) learning model for

classifying the 504 single-localization and the 92 multi-

localization nuclear proteins into their respective sub-

nuclear location based on their primary sequence. The

overall accuracy is elevated from 50.0 to 66.5% for sin-

gle-localization proteins in jackknife test; and from 65 to

65.2% for an independent set of multi-localization pro-

teins (Lei and Dai, 2005, 2006). In addition, an evolu-

tionary support vector machine (ESVM) is proposed to

predict subnuclear localization (Huang, 2007). The over-

all accuracy of prediction is 56.37% for the 504 proteins

in the same dataset.

In this article, an algorithm of increment of diversity

(ID) combined with improved quadratic discriminant anal-

ysis (IDQD) is introduced to predict the subnuclear loca-

tion of nuclear proteins by using of amino acid composi-

tions (AA) and pseudo amino acid compositions (PseAA).

Compared with AA, using PseAA can avoid complete-

ly lose the sequence-order information, as elaborated in

the original paper by Chou (2001). The concept of Chou’s

pseudo amino acid composition has stimulated a series of

studies to use such an approach to improve the prediction

quality in various areas (see, e.g., Chen et al., 2006a, b;

Chou and Cai, 2003; Du and Li, 2006; Guo et al., 2006b;

Lin and Li, 2007a, b; Mondal et al., 2006; Shen and Chou,

2005; Shi et al., 2007; Wang et al., 2005; Xiao et al., 2005b;

Zhang et al., 2006). The algorithm of increment of diver-

sity (ID) which was first introduced and employed in

biogeography is a kind of information description on state

space and a measure of whole uncertainly and total infor-

mation of a system (Laxton, 1978). In order to compare

the distribution of two species, one defines the increment

of diversity (ID) by the difference of the total diversity

measure of two systems and the diversity measure of the

mixed system. It can be proved that the higher the simi-

larity of two sources, the smaller the ID. So, the increment

of diversity and diversity coefficient of two sources are es-

sentially a measure of their similarity level. Therefore, the

ID algorithm and the IDQD model had, respectively, been

applied in the recognition of protein structural class (Li

and Lu, 2001; Lin and Li, 2007a), the exon-intron splice

site prediction (Zhang and Luo, 2003), the subcellular

location of an apoptosis protein (Chen and Li, 2007) and

conotoxin superfamily (Lin and Li, 2007b). By general-

izing the IDQD model from two-classes predictive prob-

lem to multi-classes prediction problem, an improved

IDQD is applied in the prediction of subnuclear location.

The performance of the new system proposed here was

compared with recent predicting method using a set of

proteins resided within 6 localizations collected from the

nuclear protein database (NPD) (Dellaire et al., 2003;

Lei and Dai, 2006). The predictive results of the jack-

knife test show significant improvement compared with

other methods.

Materials and methods

Datasets

In order to have sufficient number of proteins for training and testing, 504

single localization nuclear proteins with resided within 6 localizations

were constructed by Lei and Dai (2005, 2006). These nuclear proteins

derived from the nuclear protein database (NPD) (Dellaire et al., 2003) can

be classified into 6 localizations: PML BODY (38), nuclear lamina (55),

nuclear splicing speckles (56), chromatin (61), nucleoplasm (75) and

nucleolus (219). The sequence identity is analyzed by a culling program

(Wang and Dunbrack, 2003). Their sequence identity is less than 65%.

And the 92 multi-localization proteins are selected as an independent

testing set from same dataset (Lei and Dai, 2005, 2006).

In order to estimate the effectiveness of the new prediction method and

the effect of the sequence identity on predicting results, the 406 proteins

with sequence identity �25% are chosen by a culling program (Wang and

Dunbrack, 2003) from 504 single-localization proteins. These are 35 PML

BODY, 48 nuclear lamina, 44 nuclear splicing speckles, 44 chromatin, 62

nucleoplasm and 173 nucleolus.

Increment of diversity

In a state space of d dimension, the standard diversity measure for diver-

sity source X: fn1; n2; . . . ; ni; . . . ; ndg is defined as (Li and Lu, 2001):

DðXÞ ¼ Dðn1; n2; . . . ; ndÞ ¼ N logN �
Xd

i¼1

ni log ni ð1Þ

here N ¼ �d
i¼1ni, ni indicates the absolute frequency of the i-th state. If ni

equals zero, then ni log ni ¼ 0:

In general, for two sources of diversity in the same space of d dimen-

sion, X: fn1; n2; . . . ; ni; � � � ; ndg and S: fm1;m2; . . . ;mi; . . . ;mdg, the

increment of diversity is defined by

IDðS;XÞ ¼ DðSþ XÞ � DðSÞ � DðXÞ ð2Þ

where DðSþ XÞ is the measure of diversity of the mixed source

X þ S: fn1 þ m1; n2 þ m2; . . . ; ni þ mi; . . . ; nd þ mdg.

It is easily proved that the increment of diversity (Eq. (2)) is nonnega-

tive, and can be written as

IDðS;XÞ ¼ DðM;NÞ �
Xd

i¼1

Dðmi; niÞ ð3Þ

where M ¼ �d
i¼1mi, N ¼ �d

i¼1ni.

DðM;NÞ ¼ ðM þ NÞ log ðM þ NÞ �M logM � N logN

Dðmi; niÞ ¼ ðmi þ niÞ log ðmi þ niÞ � mi logmi � ni log ni
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According to the definition of increment of diversity (Eq. (3)), a diver-

sity coefficient DCðS;XÞ for measuring the similarity level of two sources

can be defined as

DCðS;XÞ ¼ IDðS;XÞ
DðM;NÞ ¼ 1 �

Xd

i¼1

Dðmi; niÞ
DðM;NÞ ð4Þ

So, the diversity coefficient of two sources is essentially a measure of their

similarity level.

In the same of state space, for an arbitrary protein sequence S to be

predicted, six increments of diversity IDðS;XxÞ (x¼B, L, S, C, P or N)

between the sequence S and the six standard measure of diversities in

training sets corresponding, respectively, to PML BODY (B), nuclear

lamina (L), nuclear splicing speckles (S), chromatin (C), nucleoplasm

(P) and nucleolus (N) protein sequences may be calculated by the follow-

ing formula:

IDðS;XxÞ ¼ DðSþ XxÞ � DðSÞ � DðXxÞ ðx ¼ B; L; S;C;P or NÞ ð5Þ

here DðSþ XxÞ, DðSÞ, DðXxÞ denote standard diversity measure of source:

Sþ Xx, S and Xx calculated by Eq. (1), respectively.

The six diversity coefficients DCðS;XxÞ can be calculated by using

Eq. (4). Then the protein S can be predicted to be the subnuclear location

for which the corresponding diversity coefficient has the minimum value,

and can be formulated as follows:

DCðS;XxÞ ¼ MinfDCðS;XBÞ;DCðS;XLÞ;DCðS;XSÞ;DCðS;XCÞ;
DCðS;XPÞ;DCðS;XNÞg ð6Þ

where x can be PML BODY, nuclear lamina, nuclear splicing speckles,

chromatin, nucleoplasm or nucleolus and the operator Min means taking

the minimum value among those in the parentheses as defined by Chou

(1995) and Chou and Zhang (1994), then the x in Eq. (6) will give the

protein location to which the predicted protein sequence S should belong.

Quadratic discriminant and covariant discriminant function

The covariant discriminant function can be used as quadratic discriminant

(QD) that was given by Chou (2000a, 2005), Chou and Elrod (1998), Chou

and Maggiora (1998), and Liu and Chou (1998):

QDx ¼ ðx� �xxxÞT��1
x ðx� �xxxÞ þ log j�xj ð7Þ

here �xxx and �x are the group mean and covariance matrix, respectively

(computed from the x training set), the symbol x is same to Eq. (5).

The recognition rule should be given by:

QDx ¼ MinfQDB;QDL;QDS;QDC ;QDP;QDNg ð8Þ

The meaning of symbol x and the operator Min is the same as Eq. (6).

Schemes of information parameters

The amino acid hydropathy compositions

The description of a protein sequence can be based on the n-peptide

composition coding, denoted by An. In the case of n¼ 1, the coding reduces

to the usual amino acid composition, which can be considered as the first-

order approximation to the complete protein sequence. For n¼ 2, the

coding gives the dipeptide composition. As n increases, the coding pro-

vides progressively more detailed sequential information. But at the same

time, such a coding scheme becomes not only impractical from a compu-

tational viewpoint but also undoable from a learning viewpoint. However,

it was demonstrated that in the definition of global protein structure, the

patterns of hydrophobic and hydrophilic residues have major significance.

To obtain the hydropathy characteristics, the amino acids are divided into

groups using their individual hydropathies according to the ranges of the

hydropathy scale. The three classifications of the amino acids were

derived from their individual hydropathies. In addition, proline, gly-

cine and cysteine are classified into single three groups because of their

unique backbone properties. The six groups of 20 amino acids are

shown in Table 1. So a protein sequence with 20 amino acids can be

represented by a sequence with 6 characters (L (strongly hydrophilic or

polar), B (strongly hydrophobic), W (weakly hydrophilic or weakly

hydrophobic), P (proline), G (glycine) and C (cysteine)) (Chen and Li,

2007). The n-peptide composition of the six characters along the

protein sequence can be selected as the information parameters of a

protein, denoted by Hn.

The local g-gap dipeptide composition in segmental fragments

Another generalized sequence composition is the g-gap dipeptide compo-

sitions, denoted by Dg, in which we compute the composition of the se-

quence of the form a(x)gb, where a and b denote two specific amino acid

types, and (x)g denotes g intervening amino acids of arbitrary type x. Note

that in the special case of g¼ 0, D0 is equivalent to the dipeptide composi-

tion A2. So the local g-gap dipeptide compositions on the N-terminal

region with m residues in segmental fragments of protein sequence are

chosen as inputting parameters of IDQD.

Results and discussion

Performance assessment and jackknife test

In order to evaluate the predictive capability and reliabil-

ity of the algorithm, the sensitivity (Sn), specificity (Sp)

and correlation coefficient (CC) are defined by

Sn ¼ TP=ðTPþ FNÞ;

Sp ¼ TP=ðTPþ FPÞ;

CC ¼ ðTP�TNÞ� ðFP�FNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðTPþFPÞ�ðTNþFNÞ�ðTPþFNÞ�ðTNþFPÞ

p

where TP denotes the numbers of the correctly recognized

positives, FN denotes the numbers of the positives recog-

nized as negatives, FP denotes the numbers of the nega-

tives recognized as positives, TN denotes the numbers of

correctly recognized negatives.

In statistical prediction, the following three cross-vali-

dation tests are often used to examine the power of a pre-

Table 1. Classification of amino acids

Classification Abbreviation Amino acids

Strongly hydrophilic or polar L R, D, E, N, Q, K, H

Strongly hydrophobic B L, I, V, A, M, F

Weakly hydrophilic or

weakly hydrophobic

W S, T, Y, W

Proline P P

Glycine G G

Cysteine C C
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dictor: independent dataset test, sub-sampling test and

jackknife test. Of these three, the jackknife test is thought

the most rigorous and objective one (see Chou and Zhang

(1995) for a comprehensive review in this regard), and

hence has been used by more and more investigators (Chou,

1995; Feng, 2001, 2002; Guo et al., 2006b; Liu et al.,

2005a, b; Luo et al., 2002; Sun and Huang, 2006; Wang

et al., 2005; Wen et al., 2007; Xiao et al., 2005a, b, 2006a,

b; Zhang et al., 2006; Zhou, 1998; Zhou and Assa-Munt,

2001) in examining the power of various prediction meth-

ods. During jackknifing, the subnuclear location of each

nuclear protein is identified by the rule parameters derived

using all the other nuclear proteins except the one that is

being identified.

Diversity coefficient (DC) prediction

In order to predict the subnuclear location of a protein, it

is very important to choose classifier and a set of rea-

sonable information parameters from protein sequence.

According to the concept of the Chou’s PseAA (Chou,

2001, 2005), the 1-peptide composition A1 of the 20 amino

acid compositions and the 2-peptide composition H2 of

the six characters along the protein sequence are first se-

lected as inputting parameters, which are defined in a 56-

D space, formulated as:

X56 ¼ ½x1 � � � xi � � � x56�T ð9Þ

where xi (i¼ 1, 2, . . ., 20) and xi (i¼ 21, 22, . . ., 56) are,

respectively, the absolute occurrence frequencies of the 20

native amino acids and 36 hydropathy dipeptides.

For an arbitrary protein sequence S to be predicted, based

on above two kinds of parameters (20 AA and 36 PseAA),

the six diversity coefficients DC values between sequence S

and six training sets (B, L, S, C, P and N) corresponding to

six subnuclear locations (PML BODY, nuclear lamina,

nuclear splicing speckles, chromatin, nucleoplasm and

nucleolus) can be calculated by using Eq. (4). Then the

subnuclear location of the protein S can be predicted by

Eq. (6). If two diversity coefficients (DC) have same mini-

mum value, then the test protein will be assigned as ‘‘unpre-

dicted’’. The unpredicted proteins will be passed on the

quadratic discriminant (QD) module.

Quadratic discriminant (QD) prediction

Based on the concept of the local g-gap dipeptide compo-

sitions Dg, the 1-gap dipeptide compositions D1 and the 2-

gap dipeptide compositions D2 on the N-terminal region

with m residues in protein sequence are selected as the

information parameters of a diversity source, which are

defined in 400-D space, the predictive results indicate that

when m¼ 25, sensitivity (Sn), specificity (Sp) and correla-

tion coefficient (CC) are higher.

X400 ¼ ½x1 � � � xi � � � x400�T and Y400 ¼ ½y1 � � � yi � � � y400�T

ð10Þ

where xi (i¼ 1, 2, . . ., 400) and yi (i¼ 1, 2, . . ., 400) are,

respectively, the absolute occurrence frequencies of the

D1 and D2.

For an arbitrary protein sequence S to be predicted,

based on above two kinds of parameters(400 PseAA),

twelve (2� 6¼ 12) ID values between sequence S and

six training sets (B, L, S, C, P or N) are calculated and

selected as inputting parameters of QD module.

Results and discussion

For 504 single localization proteins, 308 (238 true pre-

dictions and 70 false predictions) out of 504 single loca-

lization proteins were predicted by DC module in the

jackknife test, and the remaining 196 were passed on

to the QD module. The 196 proteins (142 true predic-

tions and 54 false predictions) are predicted by QD mod-

ule in the jackknife test. For the independent test set of

proteins with multi-localizations, 82 (67 true predictions

and 15 false predictions) out of 92 proteins were pre-

dicted by the DC module, and the remaining 10 proteins

were passed on to the QD module. The 10 proteins (7

true predictions and 3 false predictions) are predicted by

the QD module.

The overall accuracies (Sn) of prediction are 75.4% for

504 single localization proteins in the jackknife test; and

80.4% for an independent set of multi-localization pro-

teins (Table 2). The overall CC value is 0.629 for single-

localization proteins in jackknife test. For the purpose of

comparing the predictive capability of IDQD algorithm,

the predicted results of other predictive methods are

enumerated in Table 2 for the same dataset.

For 406 single localization proteins with sequence iden-

tity �25%, 255 (194 true predictions and 61 false predic-

tions) proteins were predicted by DC module in the jack-

knife test, and the remaining 151 were passed on to the

QD module. The 151 proteins (119 true predictions and

32 false predictions) are predicted by QD module in jack-

knife test. In addition, for an independent set of 92 multi-

localization proteins, the 89 (70 true predictions and 19

false predictions) proteins were predicted by the DC

module, and the remaining 3 were passed on to the QD

module. The 3 proteins (2 true predictions and 1 false
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prediction) are predicted by the QD module. The overall

accuracy (Sn) of prediction is 77.1% for 406 single loca-

lization proteins in the jackknife test; and 78.3% for an

independent set of multi-localization proteins (Table 3).

The results in Table 2 show that the overall jackknife

success rate obtained by the IDQD is about 8.9% higher

than two other algorithms for 504 single localization pro-

teins; and 15.2% higher than Lei’s SVM methods for an

independent set of 92 multi-localization proteins, respec-

tively. The result of prediction for 406 single localization

proteins with sequence identity �25% indicates that the

IDQD model is helpful for subnuclear location prediction

of proteins.

Using the increment of diversity as quadratic discrimi-

nant function parameters can reduce dimension of input-

ting vector, improve calculating efficiency and extract im-

portant classify information. It is also evidence that the

primary sequence contain important information deter-

mined protein advance structure. The local g-gap dipep-

tide compositions can reflect correlation of proximate pep-

tide and successfully enhance the prediction quality for

subnuclear location of protein.
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