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Abstract

Predicting subcellular localization of human proteins is a challenging problem, especially when unknown query proteins do not have
significant homology to proteins of known subcellular locations and when more locations need to be covered. To tackle the challenge,
protein samples are expressed by hybridizing the gene ontology (GO) database and amphiphilic pseudo amino acid composition
(PseAA). Based on such a representation frame, a novel ensemble classifier, called “Hum-PLoc”, was developed by fusing many basic
individual classifiers through a voting system. The ““engine” of these basic classifiers was operated by the KNN (K-nearest neighbor) rule.
As a demonstration, tests were performed with the ensemble classifier for human proteins among the following 12 locations: (1) centriole;
(2) cytoplasm; (3) cytoskeleton; (4) endoplasmic reticulum; (5) extracell; (6) Golgi apparatus; (7) lysosome; (8) microsome; (9) mitochon-
drion; (10) nucleus; (11) peroxisome; (12) plasma membrane. To get rid of redundancy and homology bias, none of the proteins inves-
tigated here had >25% sequence identity to any other in a same subcellular location. The overall success rates thus obtained via the
jackknife cross-validation test and independent dataset test were 81.1% and 85.0%, respectively, which are more than 50% higher than
those obtained by the other existing methods on the same stringent datasets. Furthermore, an incisive and compelling analysis was given
to elucidate that the overwhelmingly high success rate obtained by the new predictor is by no means due to a trivial utilization of the GO
annotations. This is because, for those proteins with “subcellular location unknown” annotation in Swiss-Prot database, most (more
than 99%) of their corresponding GO numbers in GO database are also annotated with “cellular component unknown”. The informa-
tion and clues for predicting subcellular locations of proteins are actually buried into a series of tedious GO numbers, just like they are
buried into a pile of complicated amino acid sequences although with a different manner and “depth”. To dig out the knowledge about
their locations, a sophisticated operation engine is needed. And the current predictor is one of these kinds, and has proved to be a very
powerful one. The Hum-PLoc classifier is available as a web-server at http://202.120.37.186/bioinf/hum.
© 2006 Elsevier Inc. All rights reserved.
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The function of a protein is closely linked to its cellular
attributes, such as where it is located in a cell and how it is
associated with the lipid bilayer [1,2]. One of the funda-
mental goals in cell biology and proteomics is to identify
the functions of proteins in the context of compartments
that organize them in the cellular environment. Determina-
tion of protein subcellular location purely using experimen-
tal approaches is both time-consuming and expensive.
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Particularly, the number of new protein sequences yielded
by the high-throughput sequencing technology in the post-
genomic era has increased explosively. For instance, in
1986 Swiss-Prot [3] contained only 3939 protein sequence
entries, but now the number has jumped to 222,289 accord-
ing to the version 50.0 of UniProtKB/Swiss-Prot Release
as of 30-May-2006, meaning that the number of protein
sequences now is more than 56 times of that in 1986. Fac-
ing such an avalanche of new protein sequences, it is both
challenging and indispensable to develop an automated
method for fast and accurately annotating the subcellular
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attributes of uncharacterized proteins. The knowledge thus
obtained can help us timely utilize these newly found pro-
tein sequences for both basic research and drug discovery
[4,5].

Although the similarity search-based tools such as
BLAST can be used to help annotate the subcellular loca-
tion of an uncharacterized protein, this approach fails
when the query protein does not have significant homology
to proteins of known localization. Thus, various different
approaches for predicting protein subcellular location have
been proposed [6-15]. However, all these prediction meth-
ods were established basically based on a single classifier
derived from a single learning process regardless of
whether the operation was engineered with the simple geo-
metric rule, or neural network, or covariant discriminant
algorithm, or SVM (support vector machine). Obviously,
the prediction quality would be considerably limited by
using only one single classifier to deal with piled-up compli-
cated protein sequences with extreme variation in both
sequence order and length.

Also, the datasets constructed to train the existing pre-
dictors cover very limited cellular locations. For instance,
the datasets constructed by Nakashima and Nishikawa
[8] only cover two locations, those by Garg et al. [15] four
locations, and those by Cedano et al. [9] five locations.
Although the datasets constructed by the authors in [14]
extended to cover more locations, these datasets were con-
structed with a very tolerant criterion that allowed inclu-
sion of those proteins with sequence identity up to 80%
in a same subcellular location group. To avoid homology
bias, a much stricter criterion should be adopted for con-
structing the working datasets.

Besides, for the practical application in drug discovery,
it is more important and urgent to timely annotate the sub-
cellular location of human proteins. However, very few of
the aforementioned methods were established specialized
for predicting the subcellular location of human proteins.
Although the method developed recently by Garg et al.
[15] was specifically for human proteins, its coverage was
within only four subcellular locations, i.e., cytoplasm,
mitochondria, nuclear, and plasma membrane. If a user
wishes to use it to predict a protein located outside these
four sites, such as endoplasmic reticulum and Golgi appa-
ratus, the predictor will fail to work, or the results thus
obtained will not make any sense. Moreover, the cutoff
or threshold set by these authors to remove homologous
sequences was 90%, meaning that the benchmark dataset
thus constructed would contain those proteins with
sequence identity up to 90%. Obviously, such a cutoff crite-
rion is not stringent enough because proteins with 40-90%
sequence identity are usually deemed quite homologous to
each other [4,16].

To extend the scope of practical application and
reduce the homology bias, new working datasets were
constructed. The new datasets cover 12 subcellular loca-
tions with a 25% sequence identity cutoff; i.e., none of
proteins has >25% sequence identity to any other within

a same subcellular location group. As is well known, the
more the subcellular locations covered, the lower the
odds are in getting a correct prediction. Also, the more
stringent the benchmark dataset in excluding homolo-
gous sequences, the harder it becomes to get a high
success rate for cross-validation test.

To overcome the difficulties from these two aspects, the
samples of proteins were formulated by hybridizing the
information derived from the gene ontology [17] and
amphiphilic pseudo amino acid composition [18]. Based
on the hybridization representation, a novel ensemble clas-
sifier was formed by fusing many individual basic classifiers
through a voting system. Such an approach has significant-
ly empowered us in predicting human protein subcellular
location.

Materials

Protein sequences were collected from the Swiss-Prot database [3]
release 49.3 released on 21-March-2006 at http://www.ebi.ac.uk/
swissprot/ according to the annotation information in the CC (comment
or notes) and ID (identification) fields. In order to collect as much
desired information as possible, but meanwhile ensuring a high-quality
for the working datasets, the data were screened strictly according to
the following criteria. (1) Only those sequences annotated with
“human” in the ID field were collected because the current study was
focused on human proteins only. (2) Because a same subcellular loca-
tion (--SUBCELLULAR LOCATION) in the CC field might be
annotated with different terms, the keywords listed in Table 1 were used
to search against the categorization of subcellular locations. (3)
Sequences annotated with ambiguous or uncertain terms, such as
“potential”, “probable”, “probably”, “maybe”, or “by similarity”, were
excluded. (4) Sequences annotated by two or more locations were not
included because of lack of the uniqueness. (5) Sequences annotated
with “fragment” were excluded; also, sequences with less than 50 amino
acid residues were removed because they might just be fragments. (6)
To avoid any homology bias, a redundancy cutoff was operated by a
culling program [19] to winnow those sequences which have >25%
sequence identity to any other in a same subcellular location. (7) Those
subcellular locations (subsets) which contain less than eight protein
sequences were left out because of lacking statistical significance.

After strictly following the above procedures, we finally obtained
2041 human protein sequences, which are distributed among the fol-
lowing 12 subcellular locations (Fig. 1): 25 proteins in centriole, 377 in
cytoplasm, 14 in cytoskeleton, 35 in endoplasmic reticulum, 301 in
extracell, 42 in Golgi apparatus, 40 in lysosome, 8 in microsome, 228 in
mitochondrion, 580 in nucleus, 23 in peroxisome, and 368 in plasma
membrane (Table 2). Thus, we have a dataset S° which is a union of
the following 12 subsets; i.e.,

S =8'usiusiu---sY, (1)

On the basis of dataset S°, two working datasets, i.e., a learning (training)
dataset S” and an independent testing dataset ST, were constructed. In or-
der to fully use the data in S° and meanwhile guarantee that S and ST be
completely independent of each other, the following condition was
imposed:

StUST=5"and S NST =0 (2)

ELIY3

where U, N, and () represent the symbols for ““‘union”, “intersection”, and
“empty set” in the set theory, respectively. To avoid the situation that the
numbers of proteins in some subsets of the learning dataset S© might over-
whelm those of the others, the following ““bracket percentage distribution”
criterion was used to randomly assign the protein samples to the corre-
sponding subsets of S™ and ST


http://www.ebi.ac.uk/swissprot/
http://www.ebi.ac.uk/swissprot/

152 K.-C. Chou, H.-B. Shen | Biochemical and Biophysical Research Communications 347 (2006) 150-157

Table 1

Keywords used to search the Swiss-Prot database for known human proteins’ subcellular locations

Subcellular location

Keywords

Centriole
Cytoplasm
Cytoskeleton
Endoplasmic reticulum
Extracell

Golgi apparatus
Lysosome
Microsome
Mitochondrion
Nucleus
Peroxisome
Plasma membrane

Golgi

Centriole; centrosome; centromer

Cytoplasm; cytoplasmic

Cytoskeleton; cytoskeletal; filament; microtubule
Endoplasmic reticulum

Extracell; extracellular; secreted

Lysosome; lysosomal

Microsome; microsomal

Mitochondrion; mitochondria; mitochondrial

Nucleus; nuclear

Peroxisome; peroxisomal; microsome; glyoxysomal; glycosomal

Plasma membrane; integral membrane; multi-pass membrane; single-pass membrane

Microsome

Extracell Mitochondria

Plasma membrane
Centriole

Golgi
apparatus
Endoplasmic
reticulum
Cytoplasm
Cytoskeleton
Lysosome

Peroxisome

Fig. 1. Schematic illustration to show the 12 subcellular locations of
human proteins: (1) centriole; (2) cytoplasm; (3) cytoskeleton; (4)
endoplasmic reticulum; (5) extracell; (6) Golgi apparatus; (7) lysosome;
(8) microsome; (9) mitochondrion; (10) nucleus; (11) peroxisome; (12)
plasma membrane.

Table 2
Breakdown of the human protein sequences obtained by following steps
(1)~(7) in Materials

Numerical code Subcellular location Number of protein sequences

1 Centriole 25

2 Cytoplasm 377

3 Cytoskeleton 14

4 Endoplasmic reticulum 35

5 Extracellular 301

6 Golgi apparatus 42

7 Lysosome 40

8 Microsome 8

9 Mitochondrion 228

10 Nucleus 580
11 Peroxisome 23
12 Plasma membrane 368
Total 2041

Table 3
Number of proteins® in each of the 12 subcellular locations for the learning
and testing datasets randomly generated according to Eq. (3)

Subcellular location Learning dataset S~  Testing dataset ST

(1) Centriole 20 5
(2) Cytoplasm 155 222
(3) Cytoskeleton 12 2
(4) Endoplasmic reticulum 28 7
(5) Extracell 140 161
(6) Golgi apparatus 33 9
(7) Lysosome 32 8
(8) Microsome 7 1
(9) Mitochondrion 125 103
(10) Nucleus 196 384
(11) Peroxisome 18 5
(12) Plasma membrane 153 215
Total 919 1122

# The accession numbers and sequences for the proteins for each of the
subsets in the learning and testing datasets are given in the Online
Supplementary Materials A and B, respectively. None of the proteins has
>25% sequence identity to any other in the same subset (subcellular
location) for either within the learning dataset and testing dataset, or
between the two.

nb =100 + INT{(n - 100) x 02}, if n? > 100
L — INT{x x 0.8}, if 20 < % < 100
i {nf > 08}, ! i (i=1,2,...12)
nf‘ = INT{n? X 0.9}7 if 8 < n? <20
nt =n? —nt
(3)

where 10, n", andn] are the numbers of protein samples in the ith subset of
the original dataset S°, learning dataset S™, and testing dataset ST, respec-
tively, and the symbol INT is the “integer truncation operator’” meaning
to take the integer part for the number in the brackets right after it. The
numbers of proteins thus obtained for the 12 subcellular locations in the
learning dataset S™ and testing dataset ST are given in Table 3. The acces-
sion numbers and sequences for the corresponding proteins in the learning
and testing datasets are given in the Online Supplementary Materials A
and B, respectively.

Methods

The key to formulate a powerful algorithm for predicting the protein
subcellular location is to grasp the core features of proteins that are
intrinsically related to their localization in a cell. But the problem is how
do we find the core features from piled-up complicated protein sequences?
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To realize this, the source of gene ontology consortium [17] may be a
useful tool. The rationale is as follows. The gene ontology, or GO, is a
controlled vocabulary used to describe the biology of a gene product in
any organism. The GO database was established based on the following
three species-independent principles: molecular function, biological pro-
cess, and cellular component.

However, how to effectively use the GO database to improve the
prediction quality for protein subcellular location is by no means a trivial
problem because, for those proteins with “subcellular location unknown”
annotation in Swiss-Prot database, most of their corresponding GO
numbers in GO database are also annotated with “cellular component
unknown”, as will be further elaborated later. Actually, the information
for predicting subcellular locations of proteins are ““buried” into a series of
tedious GO numbers, just like they are “buried” into a pile of complicated
amino acid sequences, although the way and the “depth” they are “bur-
ied” are quite different. Therefore, the key is how to use these complicated
and tedious data to derive the desired results. The following approach was
developed for such a goal.

Mapping UniProtKB/Swiss-Prot protein entries [20] to the GO data-
base, one can get a list of data called “gene_association.goa_uniprot”,
where each UniProtKB/Swiss-Port protein entry corresponds to one or
several GO numbers. In this study, such a data file was directly down-
loaded from  ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/UNIPROT/
(released on 04-March-2006). The relationships between the UniProtKB/
Swiss-Port protein entries and the GO numbers may be one-to-many,
“reflecting the biological reality that a particular protein may function in
several processes, contain domains that carry out diverse molecular
functions, and participate in multiple alternative interactions with other
proteins, organelles or locations in the cell” [17]. For example, the Uni-
ProtKB/Swiss-Prot protein entry ‘“P01040” corresponds to three GO
numbers, i.e., “G0:0004866”°, “G0:0004869”°, and “G0:0005622”’. On the
other hand, because the current GO database is not complete yet, some
protein entries (such as “Q66GS9”, “094986”, and “Q8WXD?2”) have no
corresponding GO numbers, i.e., no mapping records at all in the GO
database, and hence are not included in gene_association.goa_uniprot.

The GO numbers do not increase successively and orderly. For easier
handling, some reorganization and compression procedure was taken to
renumber them. The GO database obtained through such a treatment is
called GO_compress database, whose dimensions were reduced to 9918
from 51,912 in the original GO database. Each of the 9918 entities in the
GO_compress database served as a base to define a protein sample.
Unfortunately, the current GO numbers failed to completely cover the
proteins concerned, i.e., some proteins might not belong to any of the GO
numbers. Although the problem would gradually become trivial or no
longer exist with the continuous developing of GO database, to cope with
such a problem right now, a hybridization approach was introduced by
fusing the GO representation and the amphiphilic pseudo amino acid
composition (PseAA) representation [18], as formulated below.

1. Search a protein sample in the GO_compress database, if there is a hit
corresponding to the ith GO_compress number, then the ith compo-
nent of the protein in the 9918-D (dimensional) GO_compress space
is assigned 1; otherwise, 0. Thus, the protein can be formulated as:

P=[p ¢ - ¢ Poons]" @
where T is the transpose operator, and

hit found in GO_compress

1
= 5
¢ {0 otherwise ®)

2. If no hit (i.e., no record in the GO_compress database) is found at all,
then the protein should be defined in the (20 + 21) — D amphiphilic
PseAA space [18], as given below:

P= [l//l ‘//20 l//20+1 szz;_]Tv (6)

where Y/1,\5,. ..,y are associated with the amino acid composition
reflecting the occurrence frequencies of the 20 native amino acids in
the protein [21], and Y20+, - - ., Y2042, are the 24 correlation factors that

reflect its sequence-order pattern through the amphiphilic feature. The
protein representation as defined by Eq. (6) is called the “amphiphilic
pseudo amino acid composition” or PseAA, which has the same form
as the conventional amino acid composition but contains more compo-
nents and information. For reader’s convenience, a brief introduction
about the PseAA and the key equations for deriving its components
are provided in Online Supplementary C.

Suppose there are N proteins (Py,P,,...,Py) which have been
classified into 12 subsets (subcellular locations). Now, for a query
protein P, how can we identify which subset it belongs to? Below we
shall use the K-nearest neighbor (KNN) rule [22-24] to deal with this
problem. According to the KNN rule, the query protein should be
assigned to the subset represented by a majority of its K-nearest
neighbors. Owing to its good performance and simple-to-use feature,
the KNN rule, also named as “voting KNN rule”, is quite popular in
pattern recognition community. There are many different definitions to
measure the ‘“‘nearness” for the KNN classifier, such as Euclidean
distance [8], Hamming distance [25,26], and Mahalanobis distance
[27,28]. Here, we use the following equation to measure the nearness
between protein P and P;

P-P;

o P) = 1= oy @)

where P-P; is the dot product of the two vectors, and ||[P|| and ||P/| their
moduli, respectively. According to Eq. (7), when P=P; we have
o(P,P;) =0, indicating the ‘“‘distance” between these two proteins is 0
and hence they have perfect or 100% similarity.

In using the KNN rule, the predicted result will depend on the
selection of the parameter K, the number of the nearest neighbors to
the query protein P. If K= 1, the protein P will be predicted belonging
to the same subcellular location of the protein in the learning dataset
that has the shortest ““distance” to P as defined by Eq. (7). If there are
two and more proteins in the learning dataset (P, P»,...,Py) that have
exactly the same shortest distance to P, the query protein will be
randomly assigned to one of their subcellular locations although this
kind of tie case rarely happens. When K > 1, the subcellular location of
the query protein P will be determined by the majority of its K-nearest
neighbors through a vote. If there is a tie for the voting results, the
query protein will be randomly assigned to one of the locations asso-
ciated with the tie case. Generally speaking, the greater the K (the
number of the nearest neighbors considered), the less likely the tie case
occurs. In the current study, no tie case was observed when K > 5.

Because the predicted results by the KNN algorithm [22-24] depend on
the selection of parameter K, hereafter we shall use NN(KX) to represent the
symbol of KNN, implying that the predicted result is the function of K,
the number of the nearest neighbors counted in determining the query
protein P.

During the course of prediction, the following self-consistency
principle should be strictly followed. If a query protein could be defined
in the 9918-D GO_compress space (Eq. (4)), then the prediction should
be carried out based on those proteins in the training dataset that could
be defined in the same 9918-D space. If the query protein in the 9918-D
GO_compress space was a naught vector and hence must be defined
instead in the (20 + 21) — D space (Eq. (6)), then the prediction should
be conducted according to the principle that all the proteins in the
training dataset be defined in the same (20 +21) — D space as well.
Accordingly, the current hybridization predictor actually consists of two
subpredictors: (1) the NN(K) classifier that operates in the 9918-D
GO_compress space, and (2) the NN(K,20 + 2/) classifier that operates
in the (20+24) — D amphiphilic PseAA space. The former is the
function of K, the latter the function of both K and /. For a given
learning dataset, selection of different K and 4 would result in different
outcomes. To get the optimal success rate, one has to test the results by
using different numbers of K and A one by one. However, it is both
time-consuming and tedious to do so. To solve such a problem, the
following two fusion processes are introduced for the NN(K) and
NN(K,20 + 22) classifiers, respectively.
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One-dimensional fusion process. It is for generating an ensemble clas-
sifier by fusing many individual basic NN(K) classifiers each having a
different specified value of K, as formulated by

NN = NN(1)¥NN(2)V - - YNN(Q) )

where the symbol V denotes the fusing operator, and NN the ensemble

classifier formed by fusing NN(1),NN(2),.. ., and NN(€) according to the
flowchart of Fig. 2. Here Q@ = 10 because preliminary tests indicated that
the success rate obtained by the NN(K) classifier trained by the current
learning dataset was lower when K > 10.

The process of how the ensemble classifier N works is as follows.
Suppose the predicted classification results for the query protein P by the
10 individual classifiers in Eq. (8) are Cy, Cs,. .., Cyo, respectively; i.e.,

{C,Cs,...,Cro} €{851,5,,...,512} )

where € is a symbol in the set theory meaning “member of”’, and
S1,85,...,S1> represent the 12 subsets defined by the 12 subcellular loca-
tions studied here (Fig. 1), and the voting score for the protein P belonging
to the kth subset is defined by

NGO

10
YEO =S wA(C,S) (k=1,2,...,12) (10)
i=1

where w; is the weight and was set at 1 for simplicity, and the delta func-
tion in Eq. (10) is given by

1 if C; € S
0 otherwise

a(.50 = { (i
thus the query protein P is predicted belonging to the subset (subcellular
location) with which its score of Eq. (10) is the highest.

Two-dimensional fusion process. It is for generating an ensemble clas-
sifier by fusing many individual basic NN(K,20 + 24) classifiers each
having different specified values of K and 4. Owing to the similar reason as
mentioned above in setting the value of Q for Eq. (8), let us consider
K=1,2,...,10, and 1=0,1,2,...,18; i.e.,

{K} ={1,2,...,10}; {20 + 24} = {20,22,...,54, 56} (12)

Thus, the ensemble classifier obtained by the two-dimensional fusion pro-
cess can be formulated as
NNP* = NN(1,20)¥NN(1,22)¥ - - - YNN(10, 54)¥NN(10, 56) (13)

where the fusion operator V has the same meaning as that of Eq. (8), and
the fusion flowchart can also be illustrated by Fig. 2 but with
Q=10x 19 = 190, meaning a process by fusing 190 basic individual clas-
sifiers now.

The detailed process of how the ensemble classifier NN works is as
follows. Suppose the predicted classification results for the query protein P
by the 190 individual classifiers in Eq. (13) are

Ensemble output

T

’ Fusing outputs via weighted voting U

. Output 1 . Output 2 «esees . Output Q
Classifier Q I

’ Classifier 1 U ’ Classifier ZU ------

T—_ 1
T

Input

Fig. 2. Flowchart to show how the ensemble classifiers NNS© (Eq. (8))
and NN (Eq. (13)) are formed by fusing Q individual classifiers, where
Q=10 and 190 for the cases of NN° and NNP*, respectively.

Cio Cip -+ Cise
Coo Co;p -+ Case

€ {81,8,...,812} (14)
Ciox2 Cio2n - Cigss

where Sy,S5,...,S1> have the same meanings as in Eq. (9), i.e., represent
the 12 subsets defined by the 12 subcellular locations studied here
(Fig. 1), and the voting score for the protein P belonging to the kth subset
is defined by

10 18

7P =" Wi A(Cimpia, Si) (k=1,2,...,12) (15)
J=0

i=1
where w; 501, is the weight and was set at 1 for simplicity, the delta func-
tion in Eq. (15) is given by
1 if Cisony € Sk

AlCizotajs S) = {O otherwise

(16)

thus the query protein P is predicted belonging to the subset (subcellular
location) with which its score of Eq. (15) is the highest.

Results and discussion

The prediction process was operated according to the
following procedures: if a query protein was defined in
the 9918-D GO_compress space, then the ensemble classi-
fier NNY© (Eq. (8)) was used to predict its subcellular loca-
tion; otherwise, the ensemble classifier NN (Eq. (13)) was
used to predict its subcellular location. The prediction
quality was examined by two standard test methods in sta-
tistics: the jackknife test and the independent dataset test.

Jackknife test

In the jackknife test, each protein in the learning dataset
was singled out in turn as a “test protein’ and all the rule
parameters were calculated from the remaining N — 1 pro-
teins. In other words, the subcellular location of each protein
was predicted by the rules derived using all the other proteins
except the one that was being predicted. During the jackknif-
ing process, both the learning and testing datasets were
actually open, and a protein was in turn moving from one
to the other. The jackknife test result on the dataset of Online
Supplementary Materials A obtained by hybridizing the
ensemble classifiers NN°© (Eq. (8)) and NN (Eq. (13)) is
given in Table 4, where, for facilitating comparison, the cor-
responding results by various other methods are also listed.
It can be seen from Table 4 that the overall jackknife success
rate by the current ensemble hybridization classifier is more
than 50% higher than those by the other existing approaches.

Independent dataset test

In the independent dataset test, the rule parameters were
derived from the proteins only in the learning dataset S™
(Online Supplementary Materials A), and the prediction
was made for proteins in an independent testing dataset
ST (Online Supplementary Materials B). The predicted
results thus obtained are also given in Table 4, from which
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Table 4

Overall success rates for the 12 subcellular locations (Fig. 1) of human proteins by different classifiers and test methods

Classifier Input form Test method

Jackknife® Independent dataset®
Least Euclidean distance [8] Amino acid composition H1=30.1%  {5=29.5%
ProtLock [9] Amino acid composition élig =29.7% % =26.4%
SVM [14] Amino acid composition and amino acid pairs [14] % =30.5% 131% = 34.3%
SVM [15] Amino acid composition and dipeptide composition [15] g% =30.7% % =33.3%

745

Hybridization of ensemble classifiers
NNYO (Eq. (8)) and NNP* (Eq. (13))

Hybridization of GO (Eq. (4)) and amphiphilic PseAA (Eq. (6)) 8

=81.1% 24 = 85.0%

=

# Jackknife cross-validation test was performed for the 919 proteins in the Online Supplementary Materials A, where none of the proteins has >25%

sequence identity to any other in the same subcellular location.

® Prediction was performed for the 1122 independent proteins in the Online Supplementary Materials B; none of proteins in the Online Supplementary
Materials A and B has >25% sequence identity to any others in the same subcellular location.

we can see that the current ensemble hybridization classifier
outperformed the other methods by 51-58%.

It should be pointed out that the independent dataset
test performed here was just for a demonstration of practi-
cal application. Because the selection of independent data-
set often bears some sort of arbitrariness [29], the jackknife
test is deemed more objective than the independent dataset
test. In statistical prediction, three cross-validation
approaches have been often used in literatures, i.e., the
independent dataset test, sub-sampling test, and jackknife
test. Of these three, the jackknife test is deemed the most
rigorous and objective (see, e.g., a monograph [25] for
the mathematical principle and a review [29] for an com-
prehensive discussion about this). Actually, the jackknife
cross-validation has been recently used by more and more
investigators [11-13,30-33] in examining the power of var-
ious prediction methods. Therefore, the power of a predic-
tor should be measured by the success rate of jackknife test.

A question might be raised as asking why the SVM
methods originally reported in [14] and [15] could yield
an overall success rate higher than 70%, but here only
slightly higher than 30%? The reasons are as follows: (1)
The benchmark datasets originally used by these authors
contained many homologous sequences in a same subcellu-
lar location. For example, the dataset used in [15] con-
tained proteins with up to 90% sequence identity; and the
dataset in [14] up to 80% sequence identity. When predic-
tions were made by their methods on the current stringent
dataset in which none of protein has >25% sequence iden-
tity to any other in a same subcellular location, the success
rates would of course decrease significantly. (2) Not only
the original high success rate reported in [15] was derived
from a high homology dataset, but also the identification
was made among merely four subcellular locations, in con-
trast to 12 locations in the current stringent dataset. (3) The
success rates by these methods as reported in [14,15] were
obtained by the sub-sampling cross-validation test. When
tested by the jackknife cross-validation, their success rates
would naturally further diminish because, as mentioned
above, the jackknife cross-validation is more rigorous
and stringent.

Another question prone to ask is: Was the high success
rate obtained here due to a trivial utilization of the subcel-
lular component annotations in the GO database? The
answer is absolutely no. The reasons are as follows: (1)
Although GO database is constructed based on protein
function and cellular component, for those proteins with
“subcellular location unknown” annotation in Swiss-Prot
database, most (more than 99%) of their corresponding
GO numbers in GO database are also annotated with “cel-
lular component unknown” (see, e.g., the protein with
Accession Nos. 022892 and 000093 in Table 5). (2) Even
for those proteins whose subcellular locations are clearly
annotated in Swiss-Prot database, their corresponding
GO numbers in GO database are not always directly indi-
cating their corresponding subcellular locations. In some
cases they are actually annotated with “cellular component
unknown”. For example, for the protein with Accession
No. 043303 in Table 5, its subcellular location is annotated
with “centrosome” in Swiss-Prot database, but none of its
GO numbers indicates its subcellular location. Similar situ-
ations do occur for P19877, Q29593, and Q9UIV8 as well.
(3) More important, it should be emphasized that during
the cross-validation test for the current approach, only
the GO numbers of a query protein but not its GO anno-
tations were used, just like the case in testing all the previ-
ous predictors that only the sequence of a query protein
but not its Swiss-Prot annotation was used; otherwise,
the results obtained by the cross-validation test would
not represent any prediction power at all. (4) Finally, as
shown by a compelling statistical analysis given in
Table 6, the percentage (45.02%) of proteins with GO
annotations to indicate their subcellular components is
even less than the percentage (51.76%) of proteins with
known subcellular location annotation in the Swiss-Prot
database. Accordingly, the high success rate obtained by
the current predictor was by no means due to a trivial pre-
diction of subcellular location annotation for one database
(Swiss-Prot) from another (GO), as often misinterpreted by
some people. Also, it can be seen from Table 6 that there
are a huge number of proteins with given accession
numbers and the corresponding GO numbers, but their
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Table 5

Examples to show the subcellular location annotations for some proteins in the Swiss-Prot database and the annotations for the corresponding GO

numbers in the GO database

Swiss-Prot database

GO database

Accession No. Swiss-Prot annotation GO No. GO annotation

022892 No subcellular location annotated GO:0000004 Biological process unknown
GO:0005554 Molecular function unknown
GO:0008372 Cellular component unknown

000093 No subcellular location annotated GO0:0003993 Acid phosphatase activity
GO:0016158 3-Phytase activity
GO:0016787 Hydrolase activity

043303 Centriole GO0:0000004 Biological process unknown
GO:0005554 Molecular function unknown
GO:0008372 Cellular component unknown

P19877 Extracellular GO:0006935 Chemotaxis
GO:0008009 Chemokine activity
GO:0008083 Growth factor activity
GO:0008372 Cellular component unknown

Q29593 Cytoplasm GO0:0004801 Transaldolase activity
GO:0005975 Carbohydrate metabolism
GO:0006098 Pentose-phosphate shunt
GO:0008372 Cellular component unknown
GO:0016740 Transferase activity

QIUIV8 Cytoplasm GO:0004866 Endopeptidase inhibitor activity
GO0:0004867 Serine-type endopeptidase inhibitor activity
GO:0008372 Cellular component unknown
GO:0009411 Response to UV
GO0:0030162 Regulation of proteolysis

Table 6

Breakdown of the 212,425 protein sequence entries from Swiss-Prot database (version 49.3, released 21-March-2006) according to the nature of their

subcellular location annotation and their expression in GO

Item Description No. Percentage (%)
(1) Proteins with known subcellular locations annotated in Swiss-Prot database 109,944 é?gz‘z“s‘ =51.76
(2) Proteins with uncertain subcellular locations annotated in Swiss-Prot database, such as “potential” and “probable” 62,669 2612;46295 =29.50

3) Proteins that can be represented in the GO space (cf. Eq. (4))

(4) Proteins whose GO numbers are annotated with known subcellular components in the GO database

199,389 199389 _ 93 86

95,624 32 = 45.02

subcellular locations are still unknown. In view of this, the
significance of the novel and powerful ensemble classifier as
presented in this paper is self-evident.

Conclusion

With the avalanche of new protein sequences generated
in the postgenomic era, it is highly desirable to develop a
computational method for fast and reliably annotating
their subcellular locations because knowledge thus
obtained can provide useful clues for revealing their func-
tions and understanding how they interact with each other
in cellular networking, one of the fundamental goals in cell
biology and proteomics. However, predicting protein sub-
cellular location is a very challenging and complicated
problem, particularly for the cases where predictions are
made among more subcellular locations and unknown que-
ry proteins do not have significant homology to proteins of

known subcellular locations. That is why the human pro-
tein subcellular location predictor (“hslpred”) developed
recently [15] could only cover four locations (cytoplasm,
mitochondria, nuclear, and plasma membrane), and the
benchmark dataset contained proteins with sequence iden-
tity up to 90% in a same subset. The former would limit the
prediction power while the latter could not avoid homolo-
gy bias and overestimate the true success rate.

In this study, we constructed a more extensive and
meanwhile much more stringent dataset, which covers 12
subcellular locations and in which none of proteins has
>25% sequence identity to any others in a same subcellular
location. To improve the prediction quality, we adopted
the strategy of (1) representing protein samples by hybrid-
izing GO (Eq. (4)) and PseAA (Eq. (6)), and (2) introduc-
ing the ensemble classifier that was formed by fusing many
basic individual classifiers operated by the engine of the
KNN rule. Using GO to represent the sample of a protein
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could effectively grasp the core features that might be close-
ly correlated with the subcellular location, and hence
enhanced the prediction success rate. However, because
the GO database is not complete yet, some proteins might
not be meaningfully represented in the GO system. For
these proteins, the PseAA representation was used because
it could incorporate a considerable amount of sequence-
order effects and yield better predicted results than the
conventional amino acid composition representation.

Finally, the significance of the novel predictor can be
briefly and vividly expressed as follows. The information
and clues of the subcellular locations of proteins are buried
into a series of tedious GO numbers, just like they are bur-
ied into a pile of complicated amino acid sequences. To dig
out the knowledge about their locations, an operation
engine is needed. And the current predictor is one of these
kinds and has proved to be a very powerful one.

Appendix A. Supplementary data

Supplementary data associated with this article can be
found, in the online version, at doi:10.1016/j.bbrc.
2006.06.059.
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