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Abstract— The subcellular locations of proteins are important
functional annotations. An effective and reliable subcellular
localization method is necessary for proteomics research. This
paper introduces a new method—PairProSVM—to automatically
predict the subcellular locations of proteins. The profiles of all
protein sequences in the training set are constructed by PSI-
BLAST and the pairwise profile-alignment scores are used to
form feature vectors for training a support vector machine
(SVM) classifier. It was found that PairProSVM outperforms the
methods that are based on sequence alignment and amino-acid
compositions even if most of the homologous sequences have been
removed. PairProSVM was evaluated on Huang and Li’s and
Gardy et al.’s protein datasets. The overall accuracies on these
datasets reach 75.3% and 91.9%, respectively, which are higher
than or comparable to those obtained by sequence alignment and
composition-based methods.

Index Terms— Protein subcellular localization; sequence align-
ment; profile alignment; kernel methods; support vector ma-
chines.

I. INTRODUCTION

Subcellular locations of proteins have significant influence
on their functional characteristics, interaction partners, and
potential roles in the cellular machinery. Determination of
subcellular localization via experimental processes is often
time-consuming and laborious; therefore, a number of in-silico
subcellular localization methods have been proposed. These
methods can be generally divided into the following categories.

1) Sorting-Signal Based Methods. This group of methods
locates the proteins based on the existence of sorting
signals [1]. PSORT, proposed by Nakai in 1991 [2],
[3], is the earliest predictor that uses sorting signals.
Subsequent approaches use signal peptides, mitochon-
drial targeting peptides, and chloroplast transit peptides
[4]-[6]. More recently, Horton [7] proposes a sorting-
signal composition based method called WoLF PSORT
for subcellular localization. WoLF is essentially a feature
selector that selects features derived from PSORT, iP-
SORT, amino acid content, and sequence length. Horton
demonstrated that WoLF PSORT can be easily combined
with BLAST [8] for subcellular localization.

2) Composition-Based Methods. This category studies the
relationship between the subcellular locations and (a)
amino acid compositions [9]-[12], (b) amino-acid pair
compositions (dipeptide) [13]-[15], and (c) gapped
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amino-acid pair compositions [14]. The concept of
amino acid composition has been extended to pseudo
amino-acid compositions [16] from which information
relevant to subcellular locations is extracted through a
set of sequence-order-correlated factors and biochemical
properties.

3) Functional-Domain Based Method. This category looks
at the correlation between the function of a protein
and its subcellular location. Specifically, a protein is
represented as a point in a high-dimensional space in
which each basis is defined by one of the functional do-
mains obtained from functional domain database, gene
ontology database, or their combination [17].

4) Homology-Based Methods. This category is based on
the notion that homologous sequences are also likely to
have the same subcellular location. This property is first
studied by Nair and Rost in 2002 [18], and subsequently
a number of methods based on this property have been
proposed. For example, Proteome Analyst [19] uses the
presence or absence of the tokens from certain fields of
the homologous sequences in the SWISSPROT database
as a means to compute features for classification. In
Kim et al. [20], an unknown protein sequence is aligned
with every training sequences (with known subcellular
locations) to create a feature vector for classification.

5) Fusion-Based Methods. This group integrates signal
peptide information or whole sequence information with
other features. For example, Gardy et al. [21] developed
PSORT-B that integrates amino acid compositions, sim-
ilarity to proteins of known locations, signal peptides,
transmembrane alpha-helices, and motifs corresponding
to specific localizations. Bhasin and Raghava [22] and
Garg et al. [23] predicted subcellular locations by fus-
ing amino acid compositions, composition of physico-
chemical properties, dipeptide compositions, residue
couples, and PSI-BLAST search.

This paper applies pairwise profile alignment, which has
been used successfully in remote homology detection [24]—
[26], to predict protein subcellular locations. A profile is a
matrix in which elements in a column specify the frequency
of each amino acid appears in that sequence position. In
this work, the profile of a query sequence is generated by
PSI-BLAST [27]; the resulting profile is then aligned with
the profile of every training sequence to obtain a vector of
alignment scores; finally, linear SVMs are used to classify



the vector. Our experimental results demonstrate the advantage
of this vectorization scheme and the benefit of using profile
alignment as compared to sequence alignment. This paper
also serves to answer the following question: Can homology-
based methods outperform non-homology based methods in
subcellular localization? The results of this paper suggest that
the answer is yes.

The paper is organized as follows. Section II details the
procedures of sequence alignment and profile alignment. It
also outlines the vectorization process and the one-vs-rest
SVM classifier based on the alignment scores. In Section III,
experimental evaluations based on two protein datasets are
reported, and the performance between profile alignment,
sequence alignment, and composition-based methods are com-
pared. Finally, concluding remarks are drawn in Section IV.

II. KERNEL METHODS FOR SEQUENCE CLASSIFICATION
A. Sequence Alignment Kernels

Pairwise sequence alignment has been widely used for
computing the similarity between two DNA or two protein
sequences. It finds the best match between two sequences by
inserting some gaps into proper positions of the two sequences.
Denote

D={sW .. 80 . 80 . 51y

as a training set containing 7" sequences. Here, the i-th protein
sequence is denoted as

SO =8 &P 80 1<i<T
where S,(:) € A, which is the set of 20 amino acid sym-
bols, and n; is the length of S(¥. Using the BLOSUMG62
substitution matrix [28], a set of similarity scores &’ (Si(f), s ))
between position u of S(*) and position v of SU) can be ob-
tained.! Then, based on these scores and the Smith-Waterman
alignment algorithm [29] with affine gap extension [30], a
sequence alignment score p’(S(*), S)) can be obtained. Then,
borrowing the idea from Shpaer [31], we obtain the following

normalized alignment score:
P (S@), S(j))
In(n;) In(n;)’

where n; and n; are the length of the i-th and j-th sequences.
The normalization makes the alignment scores of unrelated
sequences less dependent on the sequence length [31], thus
allowing us to compare the alignment scores arising from se-
quences of different lengths. To facilitate SVM classification,
we use a linear kernel of the form:

C/(S(i)’g(j)) - 1)

5(1 S(J) ZC S() S(t) (S(j)7S(t)). )

Note that this kernel maps the variable-length sequence S(*)
to a vector of alignment scores

¢ = [¢'(sD, 5 ¢'(S®, ST,

Hereafter, symbols with a prime mark (') denote functions or variables
associated with sequence alignment.

By aligning S with each of the sequences in the training
set. A kernel inner product between S() and SU) can then
be naturally obtained as (¢’ ¢’)). This leads to a class of
algorithms referred to as SVM-pairwise adopted by [20], [32].

The sensitivity of detecting subtle homogenous segments
can be improved by replacing pairwise sequence alignment
with pairwise profile alignment. In the next subsection, we
will use the similarity scores of pairwise profile alignment to
generate kernel matrices for SVM classification.

B. Profile Alignment Kernels

Following [33], here we use a protein sequence (called
query sequence) as a seed to search and align homogenous
sequences from SWISSPROT 46.0 [34] using the PSI-BLAST
program [27] with parameters h and j set to 0.001 and
3, respectively. The homolog information pertaining to the
aligned sequences can be represented by two matrices (pro-
file): position-specific scoring matrix (PSSM) and position-
specific frequency matrix (PSFM). Both PSSM and PSFM
have 20 rows and L columns, where L is the number of
amino acids in the query sequence. Each column of a PSSM
represents the log-likelihood of the residue substitutions at the
corresponding positions in the query sequence. The (4, j)-th
entry of the matrix represents the chance of the amino acid
in the j-th position of the query sequence being mutated to
amino acid type ¢ during the evolution process. The PSFM
contains the weighted observation frequencies of each position
of the aligned sequences. Specifically, the (¢, 7)-th entry of
PSFM represents the possibility of having amino acid type
in position j of the query sequence.

Let us denote the operation of PSI-BLAST search given the
query sequence S of length n; as

o = ¢(SW): 8O — (PO, QW}, 3)

where P() and Q) are the PSSM and PSFM of S,
respectively. Using the profile alignment algorithm specified
in the appendix, we obtain the profile alignment scores
p(d(S™), $(S))). Then, similar to sequence alignment, the
following normalized alignment scores are obtained:

p(9(SD), $(89))
In(n;) In(n;)

A linear kernel based on the normalized scores (Eq. 4) is then
constructed for training SVM classifiers:

SCRNEDE

“4)

K((S%), 6(59))) Zc (6D, 6M)¢(9),0M). (%)

t=1

C. Multi-Classification using SVM

The multi-class problem can be solved by the one-vs-rest
approach. Specifically, for a C-class problem (here C' is the
number of subcellular locations) C' independent SVM clas-
sifiers are constructed. During prediction, given an unknown
protein sequence S, the output of the c-th SVM is computed



as:
Jo(8) =27 veateaK(@(SD),6(8) + b (6)

where S, is a set composed of the indexes of the support
vectors, y.; € {—1,+1} is the label of the i-th training
sequence, and o ; is the i-th Lagrange multiplier of the c-
th SVM. The predicted class of .S is given by

y(S) :argm(?xfc(S), c=1,...,C.
In the following, we refer y(S) with kernel K (4(S™), ¢(S9))
to as pairwise profile alignment SVM (or simply Pair-
ProSVM), and y(S) with kernel K’'(S(*),S) to as pairwise
sequence alignment SVM (PairSeqSVM).

The Spider Toolbox® was used to implement the SVM
classifiers.

III. EXPERIMENTS AND RESULTS
A. Data Sets

Two datasets were used to evaluate the performance of the
proposed method. The first one is introduced by Haung and
Li [15]. This dataset was created by selecting all eukaryotic
proteins with annotated subcellular locations from SWIS-
SPROT 41.0 and by setting the identity cut-off to 50%. The
dataset comprises 3572 proteins (622 cytoplasm, 1188 nuclear,
424 mitochondria, 915 extracellular, 26 golgi apparatus, 225
chloroplast, 45 endoplasmic reticulum, 7 cytoskeleton, 29
vacuole, 47 peroxisome, and 44 lysosome). The second dataset
was prepared by Gardy et al. [21] in 2003. It contains 1443
Gram-negative bacterial sequences extracted from SWISS-
PROT release 40.29.

B. Performance Metric

Five-fold cross validation was used to evaluate the perfor-
mance of PairProSVM and PairSeqSVM. The performance
measures include overall prediction accuracy (OA), accuracy
for each subcellular location (Acc), and Matthew’s corre-
lation coefficient (MCC) [35]. Matthew’s correlation coeffi-
cient (MCC) [35] can overcome the shortcoming of accuracy
on unbalanced data. For example, a classifier predicting all
samples as positive cannot be regarded as a good classifier
unless it can also predict negative samples accurately. In this
case, the accuracy and MCC of the positive class are 100%
and 0, respectively. Therefore, MCC is a better measure for
unbalanced classification.

Denote M € RE*C as the confusion matrix of the pre-
diction result, where C' is the number of classes. Then M ;
(1 <i4,7 < C) represents the number of proteins that actually
belong to class ¢ but are predicted as class j. We further denote

C C
De = Mc,w dc = Z Z M'L’,j,

i=1,i7c j=1,j#c
C C
Te = Z Mi,c; Sc = Z Mc,jy (7)
i=1,i#c j=Lj#c
2For sequence alignment, the kernel function becomes K’(S() S) in

Eq. 2.
3http://www.kyb.tuebingen.mpg.de/bs/people/spider/

where ¢ (1 < ¢ < () is the index of a particular class. For
class ¢, p. is the number of true positives, g, is the number of
true negatives, 7. is the number of false positives, and s, is
the number of false negatives. Based on the notations above,
the overall accuracy (OA), the accuracy of class ¢ (Acc.),
the Matthew’s Correlation Coefficient of class ¢ (MCC,),
the overall MCC (OMCC) and the weighted average MCC
(WAMCC) are defined respectively as:

c
MC C
OA = —02‘2210 : )
Ei:l Zj:1 M;;
MC C
ACCC = 07’ (9)
j=1 M.
1\/[(:(:C _ DPclc — TeSc (10)
\/(pc + Sc)(pc + TC)(CIC + SC)(QC + TC)
oMCC = —— PI-7% (11)
VB +3)B+7)(G+3)(q+7)
c Dot s
WAMCC = < SMCC 12
; N . (12)

C ~ C ~ C
where N = 3Ty (pe+50)s = Yemabes 4 = Yooy dos
F=> o Tcand § =3 ", s

C. Results on Eukaryotic Proteins

The performance of Fuzzy K-NN [15], SubLoc [12],
PairSeqSVM (K'), and PairProSVM (K) on Huang and
Li’s dataset are shown in Table I. The results of
SubLoc were obtained by submitting the sequences of
the first four classes in the dataset to the SubLoc
server (http://www.bioinfo.tsinghua.edu.cn/SubLoc/). Because
SubLoc can only classify Cytoplasm, Nuclear, Mitochondria,
and Extracellular, only the results corresponding to the first
four classes are reported. The overall accuracy of PairProSVM
and PairSeqSVM reaches 75.3% and 71.8%, which are sig-
nificantly higher than that of Fuzzy K-NN and SubLoc. In
addition, the overall accuracy of PairProSVM is 3.5% higher
than that of PairSeqSVM. PairProSVM and PairSeqSVM
outperform Fuzzy K-NN in 8 out of 11 subcellular locations.
However, they perform poorly on golgi apparatus, cytoskele-
ton, and vacuole. This is mainly due to the lack of data in
these three classes in the dataset (26, 7, and 29 sequences
only). PairProSVM also outperforms SubLoc in three out of
four classes, leading to a significant higher overall accuracy.

D. Results on Prokaryotic Proteins

Note that the profile-based method, motivated by the ad-
vantage of using remote homology, is meant for eukaryotic
(as opposed to prokaryotic) protein classification. To verify
this point, we also performed experiments on a prokaryotic
dataset created by Gardy et al. [21]. The results of SubLoc
[12], PSORT-B 1.0 [21], PA [19], PSLpred [36], CELLO
[37], PairSeqSVM, and PairProSVM on this dataset are shown
in Table II. Again, the results of SubLoc were obtained by
presenting the sequences of the dataset to SubLoc’s webserver.



TABLE I
COMPARISON OF Fuzzy K-NN, SUBLOC, PAIRSEQSVM, AND PAIRPROSVM ON HUANG AND LI’S DATASET AT 50% AND 15% SEQUENCE IDENTITIES.
ACC: ACCURACY; MCC: MATTHEW’S CORRELATION COEFFICIENT. FOR SUBLOC, THE OVERALL ACCURACY IS BASED ON THE FIRST FOUR CLASSES.

50% Sequence Identity

15% Sequence Identity

Subcellular Number of Fuzzy K-NN SubLoc PairSeqSVM (K') PairProSVM (K) Number of PairProSVM (K)
Location Sequences Acc MCC  Acc Acc MCC Acc MCC Sequences  Acc MCC
Cytoplasm 622 354% 031 60.8% 49.5% 0.45 51.1%  0.49 255 341%  0.28
Nuclear 1188 71.5% 0.58 78.7% 93.1% 0.71 90.3%  0.75 478 88.5%  0.65
Mitochondria 424 36.6% 030 64.4% 53.3% 0.56 66.5% 0.64 194 49.0% 0.47
Extracellular 915 81.6% 0.54 53.8% 87.4% 0.78 89.7%  0.84 365 87.1%  0.77
Golgi Apparatus 26 15.4% 0.27 - 3.8% 0.11 15.4%  0.29 15 133%  0.20
Chloroplast 225 324% 0.36 - 35.6% 0.50 59.6%  0.62 86 326%  0.40
End. Reticulum 45 11.1% 0.22 - 26.7% 0.43 44.4% 0.47 22 9.1% 0.15
Cytoskeleton 7 28.6% 0.44 - 0.0% 0.00 0.0% 0.00 2 0.0% 0.00
Vacuole 29 6.9 % 0.16 - 0.0% 0.00 0.0% 0.01 12 16.7%  0.25
Peroxisome 47 149% 0.27 - 42.6% 0.58 46.8%  0.51 19 31.6%  0.34
Lysosome 44 20.5% 0.31 - 22.7% 0.32 36.4% 0.37 22 36.4% 0.38
Overall 3572 58.1% - 66.0% 71.8% 0.70 75.3% 0.73 1470 66.1% 0.63
Weighted Average - - 0.46 - - 0.63 - 0.68 - - 0.56

The results suggest that the performance of PairProSVM is s ‘ ‘

comparable to that of PA and PSLpred and is significantly o PairseqsvM

better than that of PSORT-B and SubLoc. Also note that —#— PairProsvM

the performance difference between PairSeqSVM and Pair-

ProSVM is only 1%, confirming that remote homology seems <

to be more helpful for classifying eukaryotic proteins, where <

over 3% difference was achieved. §

E. Results on Redundancy-Removed Datasets g o

Huang and Li’s dataset covers 11 location sites, allowing ©

sequence identity up to 50%. To mitigate homology bias,

we constructed a series of redundancy-removed datasets by

eliminating the most similar sequences. Specifically, any pairs 6] ‘ ‘ ‘ ‘ ‘ ‘

of sequences in a redundancy-removed dataset should not have 15 20 % 30 35 40 45 50

an identity higher than A\, where A\ is a filtering threshold. Filtering Threshold (%)

The NCBI Blastclust program was used to implement the

filtering process (blastclust -L 0 -S \). Different A, from 15%  Fig. 1. The relationship between the filtering threshold A and the overall

to 45% with intervals of 5% for Huang and Li’s dataset, were
tested. Note that the number of proteins in each subcellular
location becomes smaller when the threshold decreases. The
numbers of proteins in each subcellular location at 50% and
15% sequence identities are shown in Table I.

Figure 1 shows the overall accuracy of PairProSVM (K)
and PairSeqSVM (K’) in the redundancy-removed datasets
with different values of A (A = 50% means that the original
dataset was used). The result shows that the accuracy of both
method decreases when the sequences become less similar
to each other. However, the rate of performance degradation
is more dramatic in PairSeqSVM than in PairProSVM. In
particular, when the filtering threshold drops from 50% to
15%, the accuracy of PairProSVM drops from 75.3% to 66.1%
(a 12% reduction), whereas the accuracy of PairSeqSVM drops

accuracy of PairSeqSVM and PairProSVM. on Huang and Li’s datasets.

from 71.8% to 60.6% (a 16% reduction). This suggests that
PairProSVM is less sensitive to the similarity among the
training sequences than PairSeqSVM.

F. Computational Complexity

The computation in PairProSVM can be divided into three
phases: (1) profile generation, (2) profile alignment, and (3)
SVM training and classification. Among the three phases,
the alignment process is the most computationally intensive,
which amounts to 94% of the total computation time. We
note that PairProSVM is more computationally intensive than
PairSeqSVM. In particular, the profile alignment time is about



TABLE 11
ACCURACIES OF SUBLOC, PSORT-B, PROTEOME ANALYST (PA), PSLPRED, CELLO, PAIRSEQSVM (K'), AND PAIRPROSVM (K) IN THE GRADY ET
AL.’S DATASET.

Subcellular Location No. of Seq. PSORT-B SubLoc CELLO PA PSLpred PairSeqSVM (K’) PairProSVM (K)

Cytoplasm 248 69.4%  97.6% 90.7% 853% 90.7% 97.2% 93.2%

Inner Membrane 268 78.7% - 88.4% 90.6% 90.3% 93.7% 92.9%

Periplasmic 244 75.6%  83.2% 86.9% 86.0% 90.6% 79.1% 87.7%

Outer Membrane 352 90.3% - 94.6% 94.7% 95.2% 95.7% 96.0%

Extracellular 190 70.0%  67.5% 78.9% 88.0% 86.8% 83.7% 86.8%

Overall Accuracy - 748% 84.1% 889% 89.5% 91.2% 90.7% 91.9%
three times that of the sequence alignment time. PairProSVM APPENDIX

also requires extra computation time to produce the profiles
using PSI-BLAST, which amounts to about 4% of the total
computation time.

In the training phase, each entry of the kernel matrix (both
K’ and K) requires O(n;n;) computation time, where n; and
n; are the length of the i-th and j-th sequences in the training
set, respectively. Therefore, the computational complexity of
the whole kernel matrix is O(>_,; >, nin;) = O(L?), where
L is the sum of the length of all training sequences. In the
prediction phase, an unknown sequence (profile) of n residues
needs to be aligned with all training sequences (profiles)
to produce a feature vector for SVM classification, which
requires O(_;nn;) = O(nL) operations. Assuming there
are V' support vectors in the SVM, the overall complexity in
the prediction phase is O(nL + VT'), where T is the number
of training sequences.

While alignment-based methods are more computationally
intensive than composition-based methods, we strongly believe
that accuracy is by far much more important than speed in
subcellular localization, because the latter can be easily solved
by the rapid improvement in CPU performance. Moreover,
recent advances in feature selection methods for pairwise
scoring matrices [38] can also help alleviate this computation
limitation.

IV. CONCLUSIONS

This paper applies SVMs with profile alignment kernels to
predict proteins’ subcellular locations. Profiles are calculated
by searching the SWISSPROT database using PSI-BLAST.
Then the scores of sequence and profile alignment are com-
puted, which in turn are used to construct the kernels of
an SVM classifier. Evaluations on eukaryotic and prokary-
otic datasets show that profile-based methods are superior
to sequence-alignment based methods and composition-based
methods. This paper also addresses a concern about homology-
based methods raised by [39]: Proteins with high sequence
homology do not necessarily share the same localization.
Results of this paper, however, show that if rich localization
information can be extracted from homologous sequences
(such as profiles), homology-based methods can outperform
non-homology based methods significantly.

The kernel matrices used by PairProSVM and other
supplementary materials can be found in
http://www.eie.polyu.edu.hk/~mwmak/BSIG/PairProSVM.htm

Let us denote the operation of PSI-BLAST search given the
query sequence S() of length n; as

¢ = ¢(SW) . §O — (PO Q)Y (13)
where
PO = [pi’,p{’,...,pl]
Q" [, a8”,....q]

are t(he PSSN{ )and PSFM of S, respectively. The elements

in py,’ and q,’ can be expressed as:
pr(j) = [pg})lvpi)Qv""pS)QO}Tv 1<u<n7a
Qg) = [Q£)17Q£)277(]1(,)20] 9 1§U§nz

Let us assume that we need to align the profiles of two
se?uences _S( and SU). Define %)artral matrices P{) =
pi] and QY = [q7 ... q""] corresponding to S
and SU)| respectively. Deﬁne an (nZ +1) x (n; + 1) matrix
M whose (u,v)-th element M (u,v) for u = 1,...,n; and
v = 1,...,n; represents the score of an optimal proﬁle
alignment between P ) and Qv and between P(7 and Q
grven that the ali nment ends with p&) aligned to q(J ) and
E, aligned to q . The scoring function introduced by [25]

can be adopted to compute the similarity score between pq(J),

a'?, p?, and q¥ as follows:
N 20
-3 (e +Al).
h=1

Define an n; x n; matrix I whose (u,v)-th element rep-
resents the score of an optimal alignment, given that the
alignment ends with p(l) or qq(l) aligned to a gap. Similarly,
define an n; x n; matrix J whose (u, v)-th element represents
the score of an optimal alignment given that the alignment
ends with p,(J 7 or qq(f ) aligned to a gap.

With the above definitions, the profile alignment algorithm
is specified as follows [29]:

1) Initialize the accumulative score matrix M:

M(O, 0) =0
M(ua 0) = —Yopen — (U - 1)gext
M(O» 'U) = —Yopen — ('U - 1)gext

where v = 1,...,n;, v = 1,...,n;, and gopen and
Jext are two user-defined parameters representing the gap



opening penalty and gap extension penalty, respectively.
2) Calculate M (u,v) recursively as follows:
0
M(u—1,v—1) 4 i)
Ifu—1,v—1)+ 6§f,’5)
Ju—1,v—-1)+ 55}7’3)

M (u,v) = max

where

0
I(u, U) = max M(u - 17U) - gopen
I(u—1,v) = gext

0
J(u,v) =max ¢ M(u,v — 1) — gopen
J(u,v = 1) = gext

3) Obtain the profile alignment score of S() and SU) as
follows:

p(d(SW), 6(57)) =
max{M(ﬁm@), I(’llhf)j)a J(aiyﬁj)}‘

where (4;, ;) is the position in M corresponding to the
maximum alignment score, i.e.,

(ﬂivﬁj) =

arg 1§u§£l;a1X§v§nJ{M(u’ v), I(u,v), J(u,v)}.

In this work, the open gap (gopen) and extension gap penalties
(gext) were set to 11 and 1, respectively.
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