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Abstract: The prediction of non-classical secreted proteins is a significant problem for drug discovery and devel-
opment of disease diagnosis. The characteristic of non-classical secreted proteins is they are leaderless proteins
without signal peptides in N-terminal. This characteristic makes the prediction of non-classical proteins more
difficult and complicated than the classical secreted proteins. We identify a set of informative physicochemical
properties of amino acid indices cooperated with support vector machine (SVM) to find discrimination between
secreted and non-secreted proteins and to predict non-classical secreted proteins. When the sequence identity of
dataset was reduced to 25%, the prediction accuracy on training dataset is 85% which is much better than the
traditional sequence similarity-based BLAST or PSI-BLAST tool. The accuracy of independent test is 82%. The
most effective features of prediction revealed the fundamental differences of physicochemical properties between
secreted and non-secreted proteins. The interpretable and valuable information could be beneficial for drug dis-

covery or the development of new blood biochemical examinations.
Key words: amino acid index, non-classical secreted protein, SVM prediction.

1 Introduction

Secreted proteins such as cytokines, chemokines and
hormones are potential biomarkers for diagnosis or the
evaluation of therapeutic efficiency (Damas et al., 2001;
Bonin-Debs et al., 2004). They are easy to be de-
tected in body fluids such as serum and urine by non-
invasive ways. Discovery of novel human secreted pro-
teins provides possible targets for new drug develop-
ment and diagnostic technique. With the advances of
secretome and proteome researches (Grimmond et al.,
2003; Chevallet et al., 2007), the identification of novel
secreted proteins has made further progress, but the ex-
perimentally confirmed secreted proteins are still lim-
ited. Meanwhile, many bioinformatics tools have as-
sisted and accelerated the discovery of unidentified se-
creted proteins (Klee et al., 2006). After the human
genome has been decoded, the prediction tools have be-
came more valuable for their ability to extract informa-
tion from putative peptide sequences. Many prediction
tools were developed to find interest secreted proteins
as well (Chen et al., 2003; Bendtsen et al., 2005; Cui et
al., 2008; Arnold et al., 2009).
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Secreted proteins are secreted from cells into the ex-
tracellular space. The secretory process can be clas-
sified into two categories: classical and non-classical
pathways. In the classical pathway, proteins with signal
peptides are processed and transported to the outside of
the cells. The signal peptides are usually located in the
N-terminal of proteins. In eukaryotic cells, newly trans-
lated secreted proteins pass by endoplasmatic reticulum
(ER) and Golgi and form secretory vesicles to fuse with
the cell membrane (Klumperman, 2000).

In addition to the classical secretory pathway, there is
non-classical secretory pathway which is known as lead-
erless secretion (Nickel, 2003). Many cytokines were
proved to be secreted proteins but without signal pep-
tide in their N-terminal, such as FGF-1, FGF-2 and
IL-1 (Nickel, 2005). The detailed mechanism how the
leaderless proteins were transported was still not clear.
Recently, active caspase-1 was found to be a regulator
of non-classical secretion (Keller et al., 2008). With the
discovery of more and more non-classical secreted pro-
teins, the non-classical pathway seems to play an impor-
tant role in cell communications. So far, a few groups
have attempted to solve this issue and developed tools
for the prediction of non-classical proteins. SecretomeP
developed by Bendtsen et al. is the most well known
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tool specifically used for this purpose (Bendtsen et al.,
2004Db).

Many prediction tools used for subcellular localiza-
tion such as BaCello, MultiLoc, LOCtree, pTARGET,
WoLF PSORT and HSLpred have included the signal
peptide or the secreted proteins and regarded as a cate-
gory of localization (Emanuelsson et al., 2007; Klee and
Sosa, 2007). The prediction methods used by these
tools include neural network, support vector machine
(SVM), Hidden Markov Model (HMM) and k-nearest
neighbor (Bendtsen et al., 2004a and 2004b; Pierleoni
et al., 2006; Emanuelsson et al., 2007). Most of these
tools rely on the signal peptide to determine whether
the protein is secreted or not. Apparently, these tools
are not suitable for the prediction of leaderless secreted
proteins. Besides, the amount of identified non-classical
secreted proteins is not sufficient at present for utiliz-
ing machine learning approaches. The data sets used
for training would involve other secreted proteins with
signal peptides consequently.

We believe the existence of differences in the nature
of secreted proteins no matter they are with or with-
out signal peptides. Therefore, the data sets we chose
were combined with originally leaderless non-classical
secreted proteins and signal peptides eliminated classi-
cal secreted proteins. The informative physicochemical
properties of amino acids indices selected in this study
were used as features in designing SVM classifiers. An
efficient algorithm inheritable bi-objective genetic algo-
rithm (IBCGA) was used to select significant features
which could discriminate the two classes of proteins.
The feature sets selected by IBCGA were analyzed
carefully to reveal the fundamental differences existed
between secreted proteins and non-secreted proteins.
In conclusion, we proposed a novel prediction method
combining the informative physicochemical properties
of amino acid with SVM to solve the prediction prob-
lem of non-classical secreted proteins.

2 Methods

2.1 Data sets

The original datasets were downloaded from the
website of SecretomeP 1.0 (http://www.cbs.dtu.
dk/services/SecretomeP-1.0/datasets.php) (Bendtsen
et al., 2004a). There are 3321 positive and 3654 nega-
tive samples included in the original data sets. We ex-
clude the sequences with high percentage of similarity
to build a classifier which could identify novel secreted
proteins according to the physicochemical properties
but not the sequence similarity. The sequence identity
was reduced to 25% with the PISCES software accord-
ing to the author’s instructions (Wang and Dunbrack,
2003). There are 429 positive and 708 negative sam-
ples left after the process of reducing sequence identity.
The reduced data sets were further divided into five
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folds which four fifths were for SVM training and one
fifths for the independent test (Table 1). The primary
sequences of datasets were transformed into numerical
indices with AAindex described in the next section.

Table 1 Statistic of the data set

.. Identity . Independent
Initial (<25%) Training tost
Secreted 3321 429 343 86
Non-secreted 3654 708 567 141
total 6975 1137 910 227

2.2 Physicochemical properties

AAindex is a database developed by Kanehisa et al.
which collects numerical indices representing physic-
ochemical and biochemical properties of amino acids
(Kawashima et al., 2008). The 544 properties retrieved
from AAIndex 9.0 were reduced to 531 after removing
the features containing the value ‘NA’. The 531 prop-
erties from AAindex were used as initial features to
construct SVM classifier for the discrimination between
secreted proteins and non-secreted proteins. The orig-
inal sequences of the datasets were transformed to the
numerical indices according to the corresponding values
of amino acids of each feature.

The average values of each physicochemical property
form a feature vector of the protein sequence. After the
transformation of amino acids into numerical indices,
these values were normalized to the scale between -1
and 1 for SVM.

2.3 SVM

Support vector machine (SVM) is a commonly used
tool to solve the two-class classification problems. The
two classes of input datasets were considered as two sets
of vectors in the space. SVM constructs a hyperplane
which maximizes the margin of two data sets in the
high-dimensional space. The redial basis function is
used in this work to transform the feature space, defined
as follows:

K(xi,75) = exp(=yllzi — 2;]),7 >0 (1)

The kernel parameter v determines how the samples
are transformed into a high-dimensional search space.
The cost parameter C>0 of SVM adjusts the penalty
of total error. The kernel parameter v and the cost
parameter C' of SVM must be tuned to get the best
performance of the prediction. The SVM is obtained
from LIBSVM package version 2.81 (Chang and Lin,
2001).

2.4 Inheritable bi-objective genetic algorithm
(IBCGA)

In order to select a minimal number of informative
features while maximizing prediction accuracy, we used
a previously described inheritable bi-objective genetic
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algorithm to solve this problem (Tung and Ho, 2007).
IBCGA is an efficient algorithm consisted of an intel-
ligent genetic algorithm which uses orthogonal array
crossover to explore the search space efficiently. More-
over, the inheritable mechanism can preserve the fea-
tures that improve the prediction accuracy during the
searching process.

Both feature selection and parameters for tuning
SVM were encoded as binary genes for IBCGA. The
gene and chromosome are commonly-used terms of
genetic algorithm (GA), named GA-gene and GA-
chromosome for discrimination in this paper. The GA-
chromosome consists of n = 531 binary GA-genes bi
for selecting informative properties and two 4-bit GA-
genes for tuning the parameters C' and v of SVM. If
bi = 0, the i'" property is excluded from the SVM
classifier; otherwise, the i*" property is included. This
encoding method maps the 16 values of v and C into
{277,276,... 28}

The digitized and normalized protein sequences of
the training data sets were the input for SVM. The
fitness function of SVM is set as the overall accuracy of
5-fold cross validation. The feature selection algorithm
of IBCGA is described as follows:

Step 1) (Initialization) Randomly generate an initial
population of individuals.

Step 2) (Evaluation) Evaluate the fitness values of all
individuals using fitness function.

Step 3) (Selection) Select the winner from two ran-
domly selected individuals to form a mating pool.

Step 4) (Crossover) Select parents from the mating
pool to perform orthogonal array crossover on the se-
lected pairs of parents.

Step 5) (Mutation) Apply the swap mutation oper-
ator to the randomly selected individuals in the new
population. To prevent the best fitness value from de-
teriorating, mutation is not applied to the best individ-
ual.

Step 6) (Termination test) If the stopping condition
for obtaining the solution is satisfied, output the best
individual. Otherwise, go to Step 2). In this study, the
stopping condition is to perform 40 generations.

Step 7) (Inheritance) If r < 7enq, randomly change
one bit in the binary GA-genes for each individual from
0 to 1; increase the number r by one, and go to Step 2).
Otherwise, stop the algorithm.

In this study, the range of the size of candidate fea-
ture set selected by IBCGA is from 10 to 45. 30 in-
dependent runs of IBCGA were performed to obtain
a robust set of features that can reveal the differences
between the two classes of proteins.

2.5 Evaluation of performance

The performance of SVM classifiers was ac-
cessed with accuracy, Matthew’s correlation coefficient
(MCQC), sensitivity and specificity, calculated as the fol-
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lowing equation:

tp+1in
total

accuracy = (2)
tpxtn—fpx fn

MCC =
V (tp+ fn) x (tp+ fp) x (tn+ fp) x (tn+ fn)

L tp
Sensitivity = 4
4 tp+ fn )
t
Speci ficity = " (5)

tn+ fp

Where tp, tn, fp and fn are the number of true pos-
itive, true negative, false positive and false negative,
respectively.

2.6 Orthogonal experimental design

Statistic design of experiments is a process of plan-
ning experiments. Orthogonal experimental design
with orthogonal array and factor analysis is an efficient
method to analyze the effect of several factors simul-
taneously (Wu, 1978; Dey, 1985). The factors are the
parameters, which affect response variables, and a dis-
criminative value of a factor is regarded as a level of
the factor. A “complete factorial” experiment would
make measurements at each of all possible level com-
binations. However, the number of level combinations
is often so large that this is impractical, and a subset
of level combinations must be judiciously selected to be
used, resulting in a “fractional factorial” experiment.
Orthogonal experimental design utilizes properties of
fractional factorial experiments to efficiently determine
the best combination of factor levels to use in design
problems.

Orthogonal array is a fractional factorial array, which
assures a balanced comparison of levels of any factor.
Orthogonal array can reduce the number of level com-
binations for factor analysis. Each row of an orthogo-
nal array represents the levels of factors in each com-
bination, and each column represents a specific factor
that can be changed from each combination. The term
“main effect” of one factor designates the effect on re-
sponse variables that one can trace to a design param-
eter, which does not bother the estimation of the main
effect of another factor. After proper tabulation of ex-
perimental results, the summarized data are analyzed
using factor analysis to determine the relative level ef-
fects of factors.

Factor analysis can evaluate the effects of individual
factors on the evaluation function, rank the most ef-
fective factors, and determine the best level for each
factor such that the evaluation function is optimized.
Table 2 shows an illustrative example of orthogonal ex-
perimental design using a two-level orthogonal array
Ly (2M~1) with M rows and M — 1 columns. In this
example of M = 8, there are 7 factors where each corre-
sponds to a physicochemical property and its two levels
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Table 2 An illustration example of orthogonal array L8(27) and factor analysis
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; Factors
1 2 3 4
1 1 1 1 1
2 1 1 1 2
3 1 2 2 1
4 1 2 2 2
5 2 1 2 1
6 2 1 2 2
7 2 2 1 1
8 2 2 1 2
S; 93.8 108.8 101.3 111.3
S; 115.0 100.0 107.5 97.5
MED 21.3 8.8 6.3 13.8
Rank 4 6 7 5
Better level 2 1 2 1

correspond to exclusion and inclusion of the feature in
the proposed feature selection. Let f; denote a func-
tion value (prediction accuracy of 10-CV in this study)
of the combination ¢t. Define the main effect of factor j
with level k as Sj; where j =1,--- , M —1and k=1,
2:

Sjk:th'Ft7 t:]w"'7M7 (6)

Where F; = 1 if the level of factor j of combination
t is k; otherwise, F; = 0. Since the objective function
is to be maximized, the level 1 of factor j makes a
better contribution to the function than level 2 of factor
j does when Sj1 > Sj2. The main effect reveals the
individual effect of a factor. After the better one of two
levels of each factor is determined, a good combination
consisting of all factors with the better levels can be
easily reasoned (Ho et al., 2004).

The Rank in Table 2 shows the rank of the com-
bination ¢ in all 128 combinations. In this example,
the reasoned combination gets the best accuracy with
Rank 1. Notably, the reasoned combination is not guar-
anteed to be the best one in general cases. The most
effective factor j has the largest main effect difference
MED = |Sj1—532|. The 6th factor having the largest
main effect difference 36.3 is the most effective factor.
2.7 Prediction method

The system flowchart of the prediction method is
shown in Fig. 1. The selected m physicochemical prop-
erties and the associated parameter set of SVM by using
IBCGA are used to predict the test data set. The se-
lected physicochemical properties were analyzed to fur-
ther understand the special properties that are unique
for secreted proteins. The prediction system including
four parts described as follows:

1) Numeric Transformation: The sequences in the

Accuracy (%)

Rank
5 6 7 I
1 1 1 28.8 33/128
2 2 2 18.8 97/128
1 2 2 28.8 33/128
2 1 1 17.5 100/128
2 1 2 20.0 88/128
1 2 1 41.3 4/128
2 2 1 33.8 14/128
1 1 2 20.0 88/128
118.8 86.3 121.3
90.0 122.5 87.5
28.8 36.3 33.8
3 1 2
1 2 1 42.5 1/128

Training data set Test data set

Numeric indices Numeric indices
transform transform
531 531
physicochemical physicochemical
properties properties
IBCGA-SVM The feature set MED
with the highest | = | feature
score, my, analysis
my, Mg, =+, M30 Ranking

Calculate frequencies of selected physicochemical properties
scoring the feature sets my, mo, -, mag

Fig. 1 The system flowchart of the prediction method

training data set were transformed into 531-dimensional
vectors of numerical values using the AAlndex.

2) Feature selection: IBCGA is performed 30 inde-
pendent runs where each run the training data set is
used as the training data set of 5-CV. There are to-
tal 30 sets of m physicochemical properties for each of
independent data sets.

3) Scoring the feature sets: The frequencies F'(P;)
of the selected physicochemical properties in each fea-
ture set were added together and then divided by the
number of m to obtain the score S, for each solution.

Sr = (3 F(P))/m ™

4) Independent test: The set of selected physico-
chemical properties with a maximal value of S, was
used to calculate the performance of the prediction sys-
tem.
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5) Feature analysis: Each feature in the set of selected
physicochemical properties with a maximal value of .S,
was analyzed by MED analysis to clarify the impor-
tance of each feature.

Our method will automatically determine a set of
informative physicochemical properties and an SVM-
model for prediction of secreted proteins. The robust
and informative physicochemical properties were ex-
tracted from 30 independent runs of IBCGA to predict
the non-classical secreted proteins.

3 Results

3.1 Results of SVM training

The training data sets contain 343 positive and 567
negative samples. The sequence similarity of the train-
ing data set is smaller than 25%. We performed 30 in-
dependent runs of IBCGA to select robust feature set
which could improve the performance of SVM classifier
on discriminating the two classes of proteins. The av-
erage training accuracy of 30 IBCGA runs were 84.88%
and MCC was 0.67 (Table 3). The prediction accura-
cies for non-secreted protein and secreted protein were
90.16% and 76.17%, respectively.

Table 3 Results of the training and independent

test
Specificity Sensitivity Accuracy
(%) (%) ) MO
Training Dataset 90.16 76.16 84.88 0.67
Independent test 90.07 68.60 81.94 0.61

3.2 Analysis of the IBCGA selected feature
sets

We analyzed the 30 feature sets of independent

IBCGA experiments. IBCGA can select m features
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from 531 physicochemical properties. The result showed
that the number of m is between 13 and 43 (data not
shown). It is necessary to design a scoring strategy
to select the best set from 30 runs. We hypothesize
that if a feature is selected by IBCGA repeatedly, it
was considered more significant than other features for
the classification of the non-secreted and secreted pro-
teins. Based on this hypothesis, we developed an eval-
uating strategy to choose the best set of features from
the 30 sets of features. The frequency of features se-
lected among 30 runs of training experiments was used
as the score of each feature to calculate the score of
each set of features. The features with high score (>9)
are listed in Table 4.

The total score of each set was divided by the number
of features of each set to calculate the average score of
each set of features. The top 10 feature sets are listed
in Table 5. The highest average score S, was 6.7. The
feature set with the highest score contains 20 features
which are listed in Table 6.

Furthermore, the feature set with the highest average
score was used for the independent test. The result of
the independent test was showed in Table 3. The over-
all accuracy was 81.94%. The accuracies for the non-
secreted and secreted proteins were 90.07% and 68.60%
respectively and the MCC is 0.61.

3.3 Feature analysis

The contribution of each feature in the feature set
with the highest average score was evaluated with two
methods. First, each of 20 features was removed to eval-
uate the reduction of accuracy (Fig. 2). The decreased
accuracies were between 11.56% and 12.26%. Besides,
the main effect difference (MED) was also used to an-
alyze the importance of each feature (Fig. 3). The re-
duced accuracies were between 0.49% and 9.84%. The
difference between the results of the two methods is due
to the combination of features in different number.

Table 4 Results of IBCGA feature selection of 30 runs

Feature ID Times
420 19
202 17
192 12
221 12
196 11

55 10
403 10
13 9
23 9
89 9
189 9
273 9

Description

Normalized positional residue frequency at helix termini C” (Aurora-Rose, 1998)
AA composition of CYT of single-spanning proteins (Nakashima-Nishikawa, 1992)
Normalized composition of mt-proteins (Nakashima et al., 1990)

Optimized average non-bonded energy per atom (Oobatake et al., 1985)
Normalized composition from fungi and plant (Nakashima et al., 1990)
Normalized hydrophobicity scales for beta-proteins (Cid et al., 1992)
Normalized positional residue frequency at helix termini N4’(Aurora-Rose, 1998)
Retention coefficient in HFBA (Browne et al., 1982)

Free energy of solution in water, kcal/mole (Charton-Charton, 1982)

Negative charge (Fauchere et al., 1988)

AA composition of total proteins (Nakashima et al., 1990)

Weights for beta-sheet at the window position of -4 (Qian-Sejnowski, 1988)
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Table 5 Results of feature sets scoring 12.40¢
Run No. fle\IaOt.ufefs Score Score/No. P:j;llfz\gloo.f % 12.20
g 12.00
17 20 134 6.70 1 % 11.80
9 21 135 6.43 2 2
4 15 96 6.40 3 g 11.60
&
14 19 119 6.26 4 21140
23 20 120 6.00 5 11.90
2 22 129 5.86 6 ° 13 % 9910116619({9622%3724272%2%4935738(3103210'?20502
1 28 159 5.68 7 Foatire
18 26 146 5.62 8 Fig. 2 The significance of each feature selected in run 17
2 13 73 5.62 8 is analyzed by removing each feature orderly to ob-
30 30 161 5.37 10 serve the reduction of overall prediction accuracy
Table 6 Selected features of run 17
Feature ID Times Description
5 3 Conformational parameter of inner helix (Beghin-Dirkx, 1975)
13 9 Retention coefficient in HFBA (Browne et al., 1982)
89 9 Negative charge (Fauchere et al., 1988)
99 2 Alpha-helix indices for beta-proteins (Geisow-Roberts, 1980)
101 1 Beta-strand indices (Geisow-Roberts, 1980)
166 1 Frequency of occurrence in beta-bends (Lewis et al., 1971)
190 5 SD of AA composition of total proteins (Nakashima et al., 1990)
196 11 Normalized composition from fungi and plant (Nakashima et al., 1990)
221 12 Optimized average non-bonded energy per atom (Oobatake et al., 1985)
237 3 Normalized frequency of turn in alpha+beta class (Palau et al., 1981)
246 7 Surrounding hydrophobicity in turn (Ponnuswamy et al., 1980)
273 9 Weights for beta-sheet at the window position of -4 (Qian-Sejnowski, 1988)
328 4 Relative preference value at N4 (Richardson-Richardson, 1988)
349 7 Information measure for C-terminal turn (Robson-Suzuki, 1976)
357 8 Loss of Side chain hydropathy by helix formation (Roseman, 1988)
380 8 Bitterness (Venanzi, 1984)
403 10 Normalized positional residue frequency at helix termini N4’(Aurora-Rose, 1998)
407 2 Normalized positional residue frequency at helix termini Nc¢ (Aurora-Rose, 1998)
420 19 Normalized positional residue frequency at helix termini C” (Aurora-Rose, 1998)
502 4 Buriability (Zhou-Zhou, 2004)
12:0 4 Discussion
10.0
.ol The advantages of our method are twofold: 1) to pre-
a dict secreted proteins without high sequence similarity,
EG'O 2) to extract robust and informative physicochemical
4.0 properties from the two classes of proteins. Raghava
2.0t et al. have proved that the strikingly high prediction
00 accuracy achieved by BLAST or PSI-BLAST is due to

Fig. 3 The significance of each feature selected in run 17

5 89 101 190 221 246 328 357

Feature

is analyzed by MED analysis

403 420 the presence of enough similarity among proteins (Garg
13 99 166 196 237 273 349 380 407 502

and Raghava, 2008). Our algorithm greatly improved
the accuracy of SVM classifier when the sequence sim-
ilarity is smaller than 25%. This advantage of our
method is especially crucial for the prediction of non-
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classical secreted proteins which are relatively a small
fraction of proteome. When the sequence similarity
between undiscovered and discovered non-classical se-
creted proteins is smaller than 25%, the performance of
our method will greatly surpass that of other similarity-
based tools.

The extracted features from 30 independent IBCGA
runs are with strong robustness. Feature 420 and 202
were selected 19 and 17 times respectively. The discrim-
ination ability of only one feature is showed in Fig. 4.
Obviously, it is difficult to separate the two classes of
proteins according to one feature only. But, one small
set of features (m = 13) selected by our IBCGA can
achieved an accuracy of 82%.

25.01
Non-secreted
Secreted
20.0F
S
=150
[}
)
&
g
g 10.0
[a W
5.0F

0.0
1.0 08 06 04 02 00 —0.2-04-0.6-0.8—-1.0
Amino acid index

20.01
Non-secreted
Secreted
16.0
S
~ 12.0
[}
)
£
g
% 8.0r
A

=~
o

0.0
1.0 0.8 06 04 02 00 —0.2-0.4-0.6-0.8—1.0
Amino acid index

Fig. 4 The distribution of feature (a) 420 and (b) 202. The
value is normalized to 1 and —1

Some of the informative physicochemical properties
extracted by our algorithm are found to be important
in the process of protein secretion (Duong et al., 1996;
Tang and Bond, 1998). By the analysis of MED, the
feature 349 which describes the Information measure
for C-terminal turn is the most important. In contrast
to the role that N-terminal signal played in the classi-
cal secretory pathway, the C-terminal signal may play a
more important role in the non-classical secretory path-
way. The extracted properties are also relatively more
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interpretable for biologists. Some of these informative
features need to be investigated more detailedly.

IBCGA is an efficient algorithm to select informative
physicochemical properties for SVM classifier. With
the IBCGA-selected features, the prediction accuracy
of our method is better than the existing method. This
method can be also applied to other sequence-based
prediction problems.
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