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Abstract

In this paper, based on the approach by combining the ‘‘functional domain composition’’ [K.C. Chou, Y.D. Cai, J. Biol. Chem.

277 (2002) 45765] and the pseudo-amino acid composition [K.C. Chou, Proteins Struct. Funct. Genet. 43 (2001) 246; Correction

Proteins Struct. Funct. Genet. 2044 (2001) 2060], the Nearest Neighbour Algorithm (NNA) was developed for predicting the protein

subcellular location. Very high success rates were observed, suggesting that such a hybrid approach may become a useful high-

throughput tool in the area of bioinformatics and proteomics.

� 2003 Elsevier Science (USA). All rights reserved.
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Given the sequence of a protein, how to predict which

subcellular location it belongs to? Owing to the fact that

the localization of a protein in a cell is closely correlated

with its biological function, and that the number of se-
quences entering into databanks has been rapidly in-

creasing, the importance of the problem has become

self-evident. Particularly, it is anticipated that many

more new protein sequences will be derived soon be-

cause of the recent success of the human genome project,

which has provided an enormous amount of genomic

information in the form of three billion base pairs, as-

sembled into tens of thousands of genes. Therefore, the
challenge to address such a problem will become even

more urgent and critical in the very near future. Actu-

ally, many efforts have been made trying to develop

some computational methods for quickly predicting the

subcellular locations of proteins [1–14]. Of these meth-

ods, some [1,2] are based on the N-terminal sorting

signals. Their merit is with a clear biological implication

[15]. However, as pointed out by Reinhardt and Hub-

bard [5], ‘‘In large genome analysis projects gene are

usually automatically assigned and these assignments
are often unreliable for the 50-regions’’ ‘‘This can lead to

leader sequences being missing or only partially in-

cluded, thereby causing problems for prediction algo-

rithms depending on them.’’ Therefore, most of the

existing algorithms were based on the information de-

rived from entire protein sequences rather than their

signal peptides alone. However, because of the difficulty

due to the extreme variance in sequence order and
length, the majority of these algorithms are actually

based on the amino acid composition of an entire pro-

tein chain. According to the classical definition, the

amino acid composition consists of 20 components,

representing the occurrence frequency of each of the 20

native amino acids in a given protein, and hence a

protein is represented by a 20D (dimensional) vector

[16,17]. Obviously, if using the classical amino acid
composition alone to represent a protein, all the se-

quence-order and sequence-length effects would be

missed out and the prediction method underlain with
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such a basis must bear a considerable intrinsic limita-
tion. It is in only a few recent papers [10,11] that efforts

to take into account the sequence-order effects were

initiated through a novel concept, the so-called pseudo-

amino acid composition [11]. It should be pointed out,

however, that the pseudo-amino acid composition can

make allowance for incorporating the partial or quasi-

sequence order effects [10] only, but not the complete

sequence-order effects. Therefore, the pseudo-amino
acid composition may still miss some information which

might be directly related to the function of a protein.

Meanwhile, a completely different approach, the so-

called functional domain composition [13], was pro-

posed that incorporated the information of various

functional types. The introduction of the functional

domain composition represents an important progress

in directly relating the localization of proteins with their
function. However, owing to the fact that the current

functional domain database [18] is far from complete

yet, some proteins cannot be properly defined in terms

of the functional domain composition, leading to some

setback in practical application. In view of this, here a

strategy is developed to represent a protein by combin-

ing the functional domain composition and pseudo-

amino acid composition. The combination makes
allowance for bringing out the best in each other. With

that approach, the Nearest Neighbour Algorithm [19,20]

was applied to predict the subcellular location of pro-

teins and high success rates were observed.

Combination of functional domain composition and pseu-

do-amino acid composition

The original concept of the functional domain com-

position and the detailed procedure of how to use it to

represent a protein were given in a pioneer paper [13],

where the functional domain composition was defined in

the SBASE-A database [18]. The SBASE-A database

consists of 2005 functional domains and hence the

functional domain composition thus defined corre-
sponds to a 2005D (dimensional) vector. In this paper,

the InterPro database, i.e., the integrated domain and

motif database [21], was used to define the functional

domain composition of a protein. InterPro release 5.2

(September 2002) contains 5875 entries. With each of

the 5875 functional domains as a vector-base, a protein

can be defined as a 5875D vector, as illustrated by the

following procedures.
(1) Use the program IPRSCAN [21] to search Inter-

Pro database for a given protein, if there is a hit (e.g.,

IPR000307, meaning the protein contains a sequence

very similar to that of the 307th domain of the InterPro

database), then the 307th component of the protein in

the 5875D functional domain space is assigned 1;

otherwise, 0.

(2) The protein can thus be explicitly formulated as

X ¼

x1
x2
..
.

xi
..
.

x5875

2
66666664

3
77777775
; ð1Þ

where

xi ¼
1 hit;
0 otherwise:

�
ð2Þ

Thus, a protein is corresponding to a 5875D vector by

using each of the 5875 functional domain sequences as a

base. In other words, rather than the 20D space [17] in

terms of the amino acid composition, or the ð20þ kÞD
space of the pseudo-amino acid composition [11], or the
2002D space of the functional domain composition [13]

based SBASE-A database [18], a protein is now defined

in a 5875D space.

Because not all the proteins could get hits within

InterPro database [21], for those proteins with which no

hit was found, the pseudo-amino acid composition [11]

was adopted to represent them, as given blow:

X ¼

p1
p2
..
.

p20
p20þ1

..

.

p20þk

2
66666666664

3
77777777775
; ð3Þ

where p1; p2; . . . ; p20 represent the 20 components of the

classical amino acid composition, while p20þ1 is the first-

tier sequence correlation factor, p20þ2 the second-tier

sequence correlation factor, and so forth. For the cur-

rent study, we took k ¼ 20, i.e., the dimension of the

pseudo-amino acid composition considered is 40. Given

a protein, the 40 pseudo-amino acid components (cf. Eq.
(3)) can be easily derived by following the procedures as

described in a previous publication [11].

The Nearest Neighbour Algorithm

The Nearest Neighbour (NN) Algorithm [19,20] tries

to classify the new patterns into their class membership
by comparing the features of the unknown new patterns

with the features of the patterns which have already

been classified. It is particularly useful in the situations

when the distributions of the patterns and the categories

of the patterns are unknown. The approach will weigh

heavily the evidence derived from the nearby patterns. It

is attractive because it is simple to implement and has a

low probability of error.
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Suppose there are N proteins ðX1;X2; . . . ;XN Þ which
have been classified into categories 1; 2; . . . ; l. Now, for

a query protein X, how can we predict which category it

belongs to? According to the nearest neighbour princi-

ple, the prediction can be formulated as follows. First,

let us define a generalized distance between X and Xi

ði ¼ 1; 2; . . . ;NÞ given by

DðX;XiÞ ¼ 1� X � Xi

kXkkXik
ði ¼ 1; 2; . . . ;NÞ; ð4Þ

where X � Xi is the dot product of vectors X and Xi, and

kXk and kXik their modulus, respectively. Obviously,

when X 	 Xi, we have DðX;XiÞ ¼ 0: Generally speak-

ing, the generalized distance is within the range of 0 and
1; i.e., 06DðX;XiÞ6 1.

Accordingly, the NN algorithm can be expressed as

follows. If the generalized distance between X and

Xk ðk ¼ 1; 2; . . . ; or NÞ is the smallest; i.e.

DðX;XkÞ ¼ Min DðX;X1Þ;DðX;X2Þ; . . . ;DðX;XN Þf g;
ð5Þ

then the query protein X is predicted as belonging to the

same category as of Xk. If there is a tie, the query protein
is not uniquely determined, but cases like that rarely

occur.

Since a query protein may or may not get a hit in

searching the InterPro database [21], it is important to

realize that if a query protein has no hit found during

the prediction process (cf. Eq. (2)), then the query pro-

tein, as well as all the proteins in the training dataset,

should be defined by the 40D pseudo-amino acid com-
position as given by Eq. (3); if a query protein can be

defined in the 5875D functional domain composition,

then prediction should be carried out based on those

proteins in the training set that can be defined in the

same 5875D space as well. Accordingly, the current NN

predictor actually consists of two sub predictors: (1) the

NN-5875D predictor that operates in the 5875D func-

tional domain composition space and (2) the NN-40D
predictor that operates in the ð20þ kÞD pseudo-amino

acid composition with k ¼ 20.

Results and discussion

To show the power of the hybridization approach,

the datasets constructed by Reinhardt and Hubbard [5]
were used for demonstration. The reason we used the

datasets constructed by other investigators rather than

ours is to make the showcase more compelling and ob-

jective because they are available to public and have

been used by a number of investigators [6,22–26] to test

different prediction methods. The datasets consist of two

parts: the prokaryotic set and the eukaryotic set. The

former contains 997 prokaryotic protein sequences, of
which 688 are cytoplasmic, 107 extracellular, and 202

periplasmic; the latter contains 2427 eukaryotic protein
sequences, of which 684 are cytoplasmic, 325 extracel-

lular, 321 mitochondrial, and 1097 nuclear. For a fast

test of the power of a prediction algorithm, one can use

such simple datasets including only three and four lo-

calizations, but for practical application, we would like

to recommend using datasets covering more localization

such as the one constructed by Chou and Elrod [7].

The computations were carried out on a Silicon
Graphics IRIS Indigo workstation (Elan 4000). By

searching the InterPro database for the 997 proteins in

the prokaryotic set, 913 proteins got hits and 84 did not.

And for the 2427 proteins in the eukaryotic set, 2239 got

hits but 188 not. The results of these hits clearly indicate

the need to combine the functional domain composition

approach with the pseudo-amino acid composition ap-

proach. Otherwise, 84 proteins in the prokaryotic set
and 188 proteins in the eukaryotic set would have no

definition in the functional domain composition, leading

to a failure of identifying their subcellular localization.

On the other hand, in addition to the advantage of in-

corporating some sequence-order effects, the pseudo-

amino acid composition can always be used to define a

protein no matter whether it gets hits or not in searching

the IntrPro database. In view of this, a combination of
the two approaches according to the following flowchart

will optimize their synergy in operation: if a query

protein got a hit by search InterPro database, then the

NN-5875D predictor was used to predict its subcellular

location; otherwise, the NN-40D predictor was used for

the prediction.

Like most of previous investigators [6,22–26] in using

the same datasets to demonstrate their methods, the
examination was conducted by the re-substitution test

and jackknife test, as reported below.

Re-substitution test

The so-called re-substitution test is an examination

for the self-consistency of a prediction method. When

the re-substitution test is performed for the current

study, the subcellular location of each protein in the

dataset is in turn identified using the rule parameters

derived from the same dataset, the so-called training

dataset. The results thus obtained are summarized in

Table 1, from which we can see that the overall success
rates for the 997 proteins in the prokaryotic set and the

2427 proteins in the eukaryotic set are both 100%,

indicating a perfect self-consistency of the current pre-

dictor. However, during the process of the re-substitu-

tion test, the predictor derived from the training dataset

includes the information of the query protein later

plugged back in the test. This will certainly underesti-

mate the error and enhance the success rate because the
same proteins are used to train the predictor and to test

themselves. Accordingly, the success rate thus obtained
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represents an optimistic estimation [7,17,27,28]. Never-

theless, the re-substitution test is absolutely necessary

because it reflects the self-consistency of an identifica-

tion method, especially for its algorithm part. An iden-

tification algorithm certainly cannot be deemed as a
good one if its self-consistency is poor. In other words,

the re-substitution test is necessary but not sufficient for

evaluating an identification method. As a complement, a

cross-validation examination is needed.

Jackknife test

As is well known, in statistical prediction the single

independent dataset test, sub-sampling test, and jack-
knife test are the three methods often used for cross-

validation. Of these three, the jackknife test is deemed as

the most effective and objective one; see, e.g., Chou and

Zhang [29] for a comprehensive discussion about this,

and Mardia et al. [30] for the mathematical principle.

During jackknifing, each protein in the dataset is in turn

singled out as a tested protein and all the rule-parame-

ters are calculated based on the remaining proteins. In
other words, the subcellular location of each protein is

identified by the rule parameters derived using all the

other proteins except the one which is being identified.

During the process of jackknifing both the training da-

taset and testing dataset are actually open, and a protein

will in turn move from one to the other. The overall

success rates thus obtained for the prokaryotic set and

those for the eukaryotic set are also given in Table 1.
Meanwhile, for facilitating comparison, the corre-

sponding rates reported by the previous investigators

are listed in the same table as well. As shown in Table 1,

the overall success rates obtained by the current meth-

ods have been remarkably improved. For example, none

of the jackknife rates reported by the previous investi-

gators for the eukaryotic set have ever exceeded 80%,

but the rate by the current method has exceeded 90%, a
significant enhancement.

Moreover, although the current nearest neighbour

algorithm took longer time to perform prediction than

the algorithms based on pure analytical mathematics,

such as the covariant discriminant algorithm [7] and the

augmented covariant discriminant algorithm [10], it was

computationally much more efficient than the neural

networks [12] and support vector machines [23] because

no convergence requirement was involved during com-
putation. For example, it took about 5 h CPU time by a

Silicon Graphics IRIS Indigo workstation (Elan 4000)

to complete the jackknife test for the 2427 proteins of

the eukaryotic set. Therefore, the computation speed

would not be an issue for the nearest neighbour algo-

rithm if the computer can be used to handle the algo-

rithms of neural networks or support vector machines.

Conclusion

The pseudo-amino acid composition approach [11]
and the functional domain composition approach [31]

are two completely different approaches developed for

improving the prediction quality of protein subcellular

location. They are both quite powerful, but each has its

own limitation. The present study has demonstrated

that a combination of the two different approaches can

make them complement each other, and that the intro-

duction of the nearest neighbour algorithm can make
allowance for bringing out the best in each other and

making each shining more brilliantly in the other�s
company. This is the essence why the success rates

predicted by the current method are superior to those by

many other methods for the same datasets as reported

by previous investigators. It has not escaped our notice

that such a hybrid approach can also be used to improve

the prediction quality for other protein attributes [32],
such as G-protein-coupled receptor types [33,34] and

enzyme family classes [35].
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Table 1

Overall success rates reported by investigators using different prediction methods for the prokaryotic and eukaryotic datasets,a respectively

Investigators Prokaryotic setb Eukaryotic setc

Re-substitution (%) Jackknife (%) Re-substitution (%) Jackknife (%)

Chou and Elrod [6] 90.4 86.5 N/A N/A

Yuan [22] N/A 89.1 N/A 73.0

Cai and Chou [23] 96.1 84.4 95.6 70.6

Feng [24] 93.5 89.2 N/A N/A

Feng and Zhang [25] 97.7 90.4 N/A N/A

Hua and Sun [26] N/A 91.4 N/A 79.4

Authors of this paper 100 89.3 100 90.4

a The datasets used here were constructed by Reinhardt and Hubbard [5].
b Contains 997 protein sequences, of which 688 are cytoplasmic, 107 extracellular, and 202 periplasmic.
c Contains 2427 protein sequences, of which 684 are cytoplasmic, 325 extracellular, 321 mitochondrial, and 1097 nuclear.
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