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Proteins are generally classified into the following 12
subcellular locations: 1) chloroplast, 2) cytoplasm, 3) cy-
toskeleton, 4) endoplasmic reticulum, 5) extracellular, 6)
Golgi apparatus, 7) lysosome, 8) mitochondria, 9) nu-
cleus, 10) peroxisome, 11) plasma membrane, and 12)
vacuole. Because the function of a protein is closely
correlated with its subcellular location, with the rapid
increase in new protein sequences entering into data-
banks, it is vitally important for both basic research and
pharmaceutical industry to establish a high throughput
tool for predicting protein subcellular location. In this
paper, a new concept, the so-called “functional domain
composition” is introduced. Based on the novel concept,
the representation for a protein can be defined as a
vector in a high-dimensional space, where each of the
clustered functional domains derived from the protein
universe serves as a vector base. With such a novel rep-
resentation for a protein, the support vector machine
(SVM) algorithm is introduced for predicting protein
subcellular location. High success rates are obtained by
the self-consistency test, jackknife test, and independ-
ent dataset test, respectively. The current approach not
only can play an important complementary role to the
powerful covariant discriminant algorithm based on the
pseudo amino acid composition representation (Chou,
K. C. (2001) Proteins Struct. Funct. Genet. 43, 246-255;
Correction (2001) Proteins Struct. Funct. Genet. 44, 60),
but also may greatly stimulate the development of this
area.

According to the localization or compartment in a cell, pro-
teins are generally classified into the following 12 categories: 1)
chloroplast, 2) cytoplasm, 3) cytoskeleton, 4) endoplasmic re-
ticulum, 5) extracellular, 6) Golgi apparatus, 7) lysosome, 8)
mitochondria, 9) nucleus, 10) peroxisome, 11) plasma mem-
brane, and 12) vacuole. Given the sequence of a protein, how
can we predict which category or subcellular location it belongs
to? This is certainly a very important problem because the
subcellular location of a protein is closely correlated with its
biological function. Although the information about protein
subcellular location can be determined by conducting various
experiments, that is both time consuming and costly. Because
of the fact that the number of sequences entering into data-
banks has been rapidly increasing, e.g. in 1986 the total se-
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quence entries in SWISS-PROT (1) was only 3,939 while the
number was increased to 80,000 in 1999, the problem has
become an urgent challenge. Particularly, it is anticipated that
many more new protein sequences will be derived soon because
of the recent success of the human genome project, which has
provided an enormous amount of genomic information in the
form of 3 billion base pairs assembled into tens of thousands of
genes. Therefore, the challenge will become even more urgent
and critical. Actually, many efforts have been made trying to
develop some computational methods for quickly predicting the
subcellular locations of proteins (2-13). It is instructive to point
out that, of these algorithms, most are based on the amino acid
composition alone without including any sequence-order ef-
fects, and some (9, 12, 13) are based on the pseudo amino acid
composition that incorporated partial sequence-order effects.
To further improve the prediction quality, a logical and key
step would be to find an effective way to incorporate the se-
quence-order effects. The present study was initiated in an
attempt to explore a different approach to incorporate these
kinds of effects. The core of the new approach is based on a
novel concept, the so-called “functional domain composition,” as
will be further described below.

THEORY
The Functional Domain Composition Representation

To improve the quality of statistical prediction for protein subcellular
location, one of the most important steps is to give an effective repre-
sentation for a protein. This is indeed a crucial problem but meanwhile
a quite subtle one, which might lead us to face the dilemma discussed
below. According to common sense, an effective representation should
include as much information a protein has as possible. Compared with
the amino acid composition (14—16) and the pseudo amino acid compo-
sition (12), the entire protein sequence contains of course the most
complete information. Unfortunately, if using the entire sequence of a
protein as its representation to formulate the statistical prediction
algorithm, one would face the difficulty of dealing with almost an
infinity of sample patterns, as elaborated by Chou (12). Accordingly, to
formulate a feasible statistical prediction algorithm, a protein must be
expressed in terms of a set of discrete numbers. The earliest approach
(2-5) in this regard was to use the amino acid composition that consists
of 20 components representing the occurrence frequencies of the 20
native amino acids in a protein. However, if using the amino acid
composition as the representation for a protein, all the sequence-order
effects would be missed. Therefore we are actually confronted with the
dilemma that, if wishing to include the complete information, the pre-
diction would become unfeasible; if wishing to make the prediction
feasible, some important information must be ignored. In view of this,
can we find a compromise scenario, i.e. a new protein representation
that is constituted by a set of discrete numbers but that also contains as
much of the sequence-order effects as possible? The introduction of the
pseudo amino acid composition is a pioneer effort in this regard that has
no doubt made one important step forward for such a goal. The pseudo
amino acid composition consists of 20 + A discrete numbers, where the
first 20 numbers are the same as those in the amino acid composition
and the remaining numbers represent A different ranks of sequence-
correlation factors (12). In this paper, we would like to introduce a
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completely different set of discrete numbers; i.e. instead of using each of
the 20 amino acid components or each of the 20 + A pseudo amino acid
components as a vector base to define a protein, we shall use each of the
native functional domains as a vector base to define a protein.

By searching and clustering 139,765 annotated protein sequences,
Murvai et al. (17) have constructed a data base called SBASE-A that
contains 2005 sequences with well known structural and functional
domain types. With each of the 2005 functional domains as a vector-
base, a protein can be defined as a 2005-dimensional (D)* vector accord-
ing to the following procedures. 1) Use BLASTP to compare a protein
with each of the 2005 domain sequences in SBASE-A to find the high-
scoring segment pairs (HSPs) and the smallest sum probability (P). A
detailed description about this operation can be found in Altschul (18).
2) If the HSP score >> 75 and P < 0.8 in comparing the protein sequence
with the ith domain sequence, then the itk component of the protein in
the 2005-D space is assigned 1; otherwise, 0. 3) The protein can thus be
explicitly formulated as follows.

X= , (Eq. 1)

X2005

where
1, when HSP score>> 75 and P < 0.8
% =10, otherwise (Eq. 2)

Defined in this way, a protein corresponds to a 2005-D vector X with
each of the 2005 functional domain sequences as a base for the vector
space; i.e. rather than the 20-D space (15) of the amino acid composition
approach or the (20 + A)-D space of the pseudo amino acid composition
approach (12), a protein is represented in terms of the functional do-
main-composition. By using such a representation, not only some se-
quence-order effects but also some functional information is included.
In other words, the representation thus obtained for a protein would
bear some sequence-order mark as well as the structural and functional
type mark. Because the function of a protein is closely related to its
subcellular location, the prediction algorithm established based on the
new representation would naturally incorporate those factors that
might be directly correlated with the protein subcellular location.

Support Vector Machines

Support Vector Machines (SVMs) are kinds of learning machines
based on statistical learning theory. The most remarkable characteris-
tics of SVMs are the absence of local minima, the sparseness of the
solution, and the use of the kernel-induced feature spaces. The basic
idea of applying SVMs to pattern classification can be outlined as
follows. First, map the input vectors into a feature space (possible with
a higher dimension) either linearly or non-linearly, which is relevant to
the selection of the kernel function. Then, within the feature space, seek
an optimized linear division; i.e. construct a hyper-plane that can sep-
arate two classes (this can be extended to multi-classes) with the least
error and maximal margin. The SVMs training process always seeks a
global optimized solution and avoids over-fitting, so it has the ability to
deal with a large number of features. A complete description to the
theory of SVMs for pattern recognition is given in the book by Vapnik
(19). SVMs have been used to deal with protein fold recognition (20),
protein-protein interaction prediction (21), and protein secondary struc-
ture prediction (22).

In this paper, the Vapnik’s Support Vector Machine (23) was intro-
duced to predict protein subcellular location. Specifically, SVMlight,
which is an implementation (in C Language) of SVM for the problems of
pattern recognition, was used for computations. The optimization algo-
rithm used in SVMlight can be found in Joachims (24). The relevant
mathematical principles can be briefly formulated as follows.

Given a set of n samples, i.e. a series of input vectors

X, eN(k=1,...,N), (Eq. 3)

where X, can be regarded as the kth protein or vector defined in the
2005-D space according to the functional domain composition (see Eq.
1), and N" is a Euclidean space with = dimensions. Because the multi-

! The abbreviations used are: D, dimensional; HSP(s), high-scoring
segment pair(s); SVM(s), support vector machine(s).

Protein Subcellular Location Prediction

class identification problem can always be converted into a two-class
identification problem, without loss of the generality, the formulation
below is given for the two-class case only. Suppose the output derived
from the learning machine is expressed by y, e{+1,-1} (¢ =1, ..., N)
where the indexes —1 and +1 are used to stand for the two classes
concerned, respectively. The goal here is to construct one binary clas-
sifier or derive one decision function from the available samples that
has a small probability of misclassifying a future sample. Here both the
basic linear separable case and the most useful linear non-separable
case for most real life problems are taken into consideration.

The Linear Separable Case
In this case, there exists a separating hyper-plane whose function is
W X + b = 0, whose implication is shown in the following equation.

yW-X, +b)=1,(k=1,...,N) (Eq. 4)

By minimizing [W]|J® subject to the above constraint, the SVM approach
will find a unique separating hyper-plane. Here [W|? is the Euclidean
norm of W, which maximizes the distance between the hyper-plane or
the optimal separating hyper-plane (25) and the nearest data points of
each class. The classifier thus obtained is called the maximal margin
classifier. By introducing Lagrange multipliers «;, and using the Ka-
rush-Kuhn-Tucker conditions (26, 27) as well as the Wolfe dual theorem
of optimization theory (28), the SVM training procedure amounts to
solving the following convex quadratic programming problem

N LNy ow
Max: E 4=y 2 E aoyiyiX - X; (Eq. 5)
i=1 i=1 j=1
subject to the following two conditions.
a=0,0=1,2,...,N) (Eq. 6)
N
E a;y;=0 (Eq. 7
=1

The solution is a unique globally optimized result, which can be ex-
pressed with the following expansion.

N
W= Eyiaixi (Eq. 8)
i=1

Only if the corresponding «; > 0, are these X; called the Support
Vectors. Now suppose X is a query protein defined in the same 2005-D
space based on the functional domain composition (see Eq. 1). After the
SVM has been trained, the decision function for identifying which class
the query protein belongs to can be formulated as

N
fX) = sgn (O, yiaX-X; + b)

i=1

(Eq. 9)

where sgn() in the above equation is a sign function, which equals to +1
or —1 when its argument is =0 or <0, respectively.

The Linear Non-separable Case

For this case two important techniques are needed that are given
below.

The “Soft Margin” Technique—To allow for training errors, Cortes
and Vapnik (25) introduced the slack variables shown below.

$>0(G@=1,...,N), (Eq. 10)
The relaxed separation constraint is given below.
yW-X;+b)=1-¢,G@=1,... ,N) (Eq. 11)

The optimal separating hyper-plane can be found by minimizing

N

1

SIWIF + >l (Eq. 12)
i=1

where c is a regularization parameter used to decide a trade-off between
the training error and the margin.
The “Kernel Substitution” Technique—The SVM performs a nonlin-

1002 ‘2z Aeln uo salelqi pleAleH 1e 610°ogl-mmm wolj papeojumoq


http://www.jbc.org



http://www.jbc.org







