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Alternative splicing (AS) increases protein diversity by generating multiple transcript isoforms from a sin-
gle gene in higher eukaryotes. Up to 48% of plant genes exhibit alternative splicing, which has proven to
be involved in some important plant functions such as the stress response. A hybrid feature extraction
approach which combing the position weight matrix (PWM) with the increment of diversity (ID) was pro-
posed to represent the base conservative level (BCL) near splice sites and the similarity level of two data-
sets, respectively. Using the extracted features, the support vector machine (SVM) was applied to classify
alternative and constitutive splice sites. By the proposed algorithm, 80.8% of donor sites and 85.4% of
acceptor sites were correctly classified. It is anticipated that the novel computational method is promis-
ing for the identification of AS sites in plants.

© 2013 Elsevier Inc. All rights reserved.

1. Introduction

In higher eukaryotes, Alternative splicing (AS) creates multiple
mRNA transcripts from a single gene by differential selection of
splice sites, which is considered to be a major source of proteome
diversity and plays a crucial role in the generation of biological
complexity [1-3]. Abundant researches have been reported on AS
in animals, while the study in plants is still at an early stage. Evi-
dence from global analyses of AS in plants suggests that AS is fre-
quently associated with specific tissue types or environmental
conditions such as abiotic stress [5]. AS is involved in some impor-
tant plant functions, including the stress response, which may im-
pact domestication and trait selection [4]. Additionally, the latest
research shows that AS phenomenon affects up to 48% intron-con-
taining genes in the flowering plants [1]. This percentage is signif-
icantly higher than previous estimates [4]. However, the majority
of plant AS sites has not been functionally characterized. Therefore,
there is an urgent need to design an accurate and fast computa-
tional method to identify the alternative splicing sites in plants.

As the volume of expressed sequence tags (ESTs) increases,
some large-scale studies have employed ESTs to detect AS [6-8].
Although ESTs are useful for studying AS, methods based on them
are still far from being accurate due to many problems inherent in
ESTs, such as low sequence quality, coverage limitations, RT-PCR
bias artifacts and EST fragmentation [9].

Specifically designed microarrays have also been used for the
identification of alternative splice variants [10-12]. In [12], support
vector machine (SVM) was employed as classifier to deal with the data
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acquired from tiling array platforms. Those methods suffer from sev-
eral limitations. For example, high economic cost makes it difficult
to acquire large data sets in a microarray experiment, and also the
accuracy of microarray analysis depends on the consistency of the
hybridization data [13]. In addition, high noise levels and limited
probe coverage are also problematic [12]. Thus, the quality of
microarray-derived results is variable [13].

Several non-EST-based computational approaches have been
proposed to predict AS in humans and animals, and fruitful results
have been achieved. However, the development an refinement of
computational tools to accurately predict AS are still needed. Com-
pared with studies in animals, few studies are about the signifi-
cance of functional AS in plants at the protein level. Also the
complexity and the universality of AS may have been dramatically
underestimated. The cis-elements that regulate AS in plants are
especially poorly characterized [4]. As a result, it is an urgent prob-
lem to develop an accurate algorithm to identify the alternative
splicing sites in plants.

In this paper, a computational method is proposed to identify
the alternative splice sites in plants based only on genome se-
quences. Combing position weight matrix (PWM) with increment
of diversity (ID), a new hybrid feature extraction approach named
PHI (position weight matrix hybridized with increment of diver-
sity) is proposed. The PWM is used to represent the base conserva-
tive level near splice sites, and the ID is used to quantitatively
describe the similarity of two datasets. Then support vector ma-
chine, a nonlinear machine learning algorithm, was adopted to
classify alternative and constitutive splice sites. In Fig. 1, we pres-
ent an example of the classifying hyperplane of SVM in the PHI-
axis 3D space. Based on PHI and SVM, 80.8% of donor sites and
85.4% of acceptor sites were correctly classified as alternative or
constitutive, respectively. Herein, we verify the suggested
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Fig. 1. The SVM classifying hyperplane of the 3’ training data. Pink points are the 3’ alternative sites and yellow ones are the 3’ constitutive sites. All the 80 points are
randomly selected from the 3’ training data. In the 3D space, SF, ID1, and ID2 were represented by the yellow, blue, and white axis, respectively. (a) and (b) are images from
two different perspectives. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

computational method and report on its identification accuracy
using the model organism Arabidopsis thaliana.

2. Materials and methods
2.1. Datasets

The A. thaliana alternative splice sites were extracted from the
AltExtron database at http://www.ebi.ac.uk/asd/index.html [14-
16]. All of the sequences from —70 to +70 bp distant from the alter-
native splice sites obey the GT-AG rule. A total of 589 alternative 5’
splice sites and 589 alternative 3’ splice sites were collected. Con-
stitutive splice sites were also downloaded from the AltExtron
database, restricted to those sites whose flanking exons and in-
trons do not show any AS possibilities. A total of 589 constitutive
5’ splice sites and 589 constitutive 3’ splice sites were randomly
chosen. In the step of feature extraction, all splicing sites were ran-
domly divided into four independent groups which comprise of the
5’ training, 5’ testing, 3’ training and 3’ testing sets.

2.2. Support vector machine (SVM)

The support vector machine (SVM) is a supervised machine
learning algorithm based on the statistical learning theory [25].
SVM is usually used to solve classification and regression problems
and has been successfully applied to bioinformatics investigations,
such as the identification of plant promoters [17] and the identifi-
cation of alternative splice sites in humans [18]. The basic thought
of SVM is to map the original data into a high-dimensional feature
space through a nonlinear mapping function and then to construct
a hyperplane as the discriminative surface between the positive
and negative data. In this study, the software LIBSVM [19] was em-
ployed to fulfill the task. The software was obtained from http://
www.csie.ntu.edu.tw/~cjlin/libsvm/.

2.3. Feature extraction

PWMs have been widely used to depict sequence patterns in
computational molecular biology and regulatory genomics [22].
These sequence patterns can be formulated as maximum likeli-
hood problems [20]. To describe the base conservative level near
splice sites, 3-mer frequencies were selected as parameters for
PWM. By aligning the flanking sequences of alternative donor

(acceptor) sites in the training sets, the position probability matrix
was defined as the following:

Py = fip/N, (1)

where b designates any of the four nucleotides: A, C, G, and T. N is
the total number of aligned sequences in the 5’/3’ training set. f;, re-
fers to the absolute frequency of observing nucleotide b in ith posi-
tion of the N aligned sequences.

PWM was defined as:

W,‘b = ]H(Pib/Pgb). (2)

In Eq. (2), Pgp is the random probability and is equal to 0.25%,
and W;, is PWM value for nucleotide b in ith position. For a se-
quence with length n, the PWM scoring function (SF) is repre-
sented as:

n
SF= W, 3)
P

which represents the strength of the splice site. The site is increas-
ingly likely to be a genuine alternative splice site if it has a larger
value of SF.

Based on the theory of the measure of diversity (MD), the ID is a
measure of the total uncertainty and information in a system, by
which the similarity level of two datasets can be quantitatively
described.

In a d-dimensional discrete state space X, the standard diversity
measure for diversity source X : {ny,ny,...,ng} is defined as [21]:

d
D(X) =D(m,ny,...,ng) =NInN —

n;Inn;, (4)

i=1

where n; is the absolute frequency of the it" state, N = Z}j:ln,-.
For the diversity of two sources X:{ni,ny,..,ng} and
Y : {my,my,...my}, ID is defined as:

IDX,Y) = DX +Y) — D(X) — D(Y), (5)

where D(X+Y) is the measure of diversity of the mixed source
X+Y:{n +mq,ny+my,..,ng +my}t.The more similar are the two
datasets, the smaller score is the ID.
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Fig. 2. Flow chart of the plant AS identification method.

2.4. Performance assessment

Four standard measures (sensitivity, specificity, total accuracy
and the Matthew’s correlation coefficient) were adopted to evalu-
ate the predictive capability and reliability of our method. True po-
sitive (TP) and false negative (FN) are the numbers of positive data
(alternative splice sites) that are predicted to be positive and neg-
ative, respectively. Analogously, true negative (TN) and false posi-
tive (FP) were used to denote the numbers of negative data
(constitutive splice sites) that are predicted to be negative and po-
sitive, respectively.

The sensitivity (S,), specificity (Sp), total accuracy (TA) and the
Matthew’s correlation coefficient (MCC) are defined as the
following:

Table 2
Performance of the plant AS identification method on the testing set.
S4(%) Sp(%) TA(%) mcc
Donor site 79.2 82.3 80.8 0.616
Acceptor site 833 87.4 85.5 0.708
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Fig. 3. The receiver operating characteristics (ROC) curves of PHI and other
methods. The performance of the PHI method was compared to methods in [12,26]
and ANOVA. The yellow curve and the gray curve are the prediction results of
acceptor and donor AS sites by our method, respectively. Red, light blue and dark
blue are the performance of the methods proposed in [12], [26] and ANOVA. (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

MCC — TP x TN — FN x FP 7 ©
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A flow chart of the proposed method is shown in Fig. 2.

3. Results

In this study, three parameters were extracted by PHI for the
SVM classifier.

The 3-mer nucleotide frequencies at the —70 to +70 sites were
selected as the PWM parameters for both the 5’ splice sites and 3’

S, = P ’ (6) splice sites. We used the 5'(3’) splice site PWM to calculate the SF
TP + FN score of each 5/(3') splice site sequence in the training set and then
set the SF score as the first characteristic parameter for SVM.
Sy = WT——IXFI” (7) For each sequence, one side of the splice site is exon sequence,
and the other side is the intron sequence. Intron sequences have
different 3-mer compositions from exons [23,24]. Therefore, 3-
TP + TN .
A= ——i—F——5, (8) mer absolute frequencies of —70 to —1 and +1 to +70 sequence
TP+ IN+FN +FP fractions were selected as the diversity sources to describe
Table 1
The parameters of SVM.
Parameter  Source of information SF or ID
P, 3-mer frequencies at —70 to +70 sites SF of §* (based on the PWM of alternative donor (acceptor) sites in 5/(3’) training set)
P, 3-mer absolute frequencies in the region from —70 nt to —1 nt ID between S and alternative donor (acceptor) sites in 5/(3’) training set
P3 3-mer absolute frequencies in the region from +1 nt to +70 nt ID between S and alternative donor (acceptor) sites in 5/(3’) training set

@ S indicates the given splice site sequence.
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differences in the sequence compositions. Consequently, two
diversity sources were established based on the 5’ and 3’ training
sets, and the value of the ID was calculated between the data in
the training set and the corresponding discrete source. The IDs of
authentic and false AS sites are the other two characteristic param-
eters for SVM. All calculated values were selected as the parame-
ters for SVM as shown in Table 1. Finally, the three-dimensional
vectors were used as inputs to train the SVM classifier. Then a clas-
sifying hyperplane was generated to identify the AS sites in testing
set. In Fig. 1 and 40 alternative and 40 constitutive splice sites were
randomly selected from the 3’ training set to demonstrate how
SVM classify the sites based on the three parameters chosen by
PHIL

The identification of alternative splice sites was performed on
the testing set. For a given splice site, SF and IDs were calculated
to establish the feature vector. They were then input to the SVM
classifier to discriminate AS from constitutive splice sites. The re-
sult is shown in Table 2. The receiver operating characteristics
(ROC) curves of PHI and the methods in [12,26] as well as ANOVA
are shown in Fig. 3. Two widely used ANOVA-based methods are
MIDAS and MADS [27]. Here we choose the first one which can
be obtained at the following website:

http://www.affymetrix.com/support/technical/whitepapers/
exon_alt_transcript_analy-sis_whitepaper.pdf.

4. Discussion

In this paper, we have presented a method for identifying alter-
native splice sites in plants using only genomic sequences. Based
on the features we extracted as the PWM and IDs, we developed
an SVM-based algorithm that can predict alternative splice sites
in plant mRNA, and the program was tested with known splice
sites. Using this model, we achieved 82.3% sensitivity and 79.2%
specificity for donor sites and 87.4% sensitivity and 83.3% specific-
ity for acceptor sites.

Xia et al. [18] used support vector machine to identify the hu-
man alternative splice sites and correctly identified approximately
70%+ of the AS sites. Our results reached a higher level of accuracy
(although not within a direct comparison) even though plant AS
signals are less conserved than those of humans.

The algorithm discussed in this work is highly accurate and easy
to apply for other plants. It will be useful in genome annotation for
predicting the boundaries between introns and exons, and re-
searches using this tool can elucidate the AS mechanism in plants.
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